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Resumen

Este resumen ofrece una visién general de los principales campos explorados en
esta tesis doctoral, presentando la motivacion que impulsa esta investigacion, asi
como sus metas y objetivos. Ademas, se destacan las contribuciones mas relevan-
tes de la tesis en su ambito de estudio. Finalmente, se resumen los principales
hallazgos, se analizan sus implicaciones y limitaciones, y se proponen lineas de
investigacién futura basadas en los resultados obtenidos.

Introduccion

El avance de la biologia molecular y la disponibilidad creciente de datos trans-
criptémicos han generado nuevas oportunidades para comprender los mecanis-
mos subyacentes a la regulacion génica [1]. La capacidad para modelar con pre-
cisién las interacciones entre genes no solo permite avanzar en el conocimiento
bioldgico, sino que también facilita el desarrollo de nuevas estrategias diagnos-
ticas y terapéuticas en el ambito biomédico [2, 3} 4, 5]. No obstante, el analisis
e interpretacion de estos datos sigue presentando importantes desafios debido
a su complejidad, su alta dimensionalidad y la presencia de ruido experimental
6,7, 8.

En respuesta a estos retos, ha emergido un ecosistema muy diverso de meto-
dologias computacionales disefiadas para abordar tareas como la inferencia de
redes de regulacion génica [9, (10, /11]] o la deteccion de patrones de coexpresion
[12, |13} 14]. Este abanico de enfoques, que incluye desde modelos estadisticos
hasta técnicas avanzadas de inteligencia artificial, ha propiciado una intensa ac-
tividad investigadora en el campo, reflejo del interés por construir herramientas
mas precisas, eficientes y aplicables a distintos contextos biolégicos.

Esta tesis propone un marco metodoldgico basado en el desarrollo de algorit-
mos hibridos guiados por el contexto, con una percepcién holistica del problema
que permita mejorar la precisién y la aplicabilidad de las soluciones generadas. A
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través de una combinacion de técnicas de computaciéon evolutiva, estrategias de
consenso, funciones objetivo especificas y herramientas de evaluacidn, se persi-
gue avanzar hacia soluciones mas robustas e interpretables en el analisis compu-
tacional de la expresién génica.

Motivacion

Tal como se ha expuesto en la introduccién, el andlisis de expresién génica ha
propiciado el desarrollo de un amplio espectro de metodologias computacio-
nales, tanto en la tarea de inferir redes de regulacion génica (en inglés, Gene
Regulatory Networks, en adelante GRNs) como en la identificacion de patrones
de coexpresion. Estas metodologias abordan los problemas desde enfoques muy
diversos, lo que pone de manifiesto la vitalidad del campo, pero también evi-
dencia la necesidad de un andlisis critico sobre cémo integrar eficazmente sus
contribuciones y superar los retos aun no resueltos.

Entre los problemas mas comunes se encuentra la elevada disparidad de re-
sultados que ofrecen las diferentes técnicas [15]]. Esta variabilidad ademas pro-
voca que algunas propuestas obtengan un rendimiento sobresaliente en ciertos
escenarios, pero que se degraden notablemente en otros, dificultando la selec-
cion metodolégica y comprometiendo la generalizacion de los resultados [16].
Ademds, muchas de estas técnicas se centran exclusivamente en la optimizacién
de criterios matematicos o estadisticos, sin tener en cuenta informacién proce-
dente del dominio biolégico [17]]. La ausencia de una guia basada en el contexto
puede limitar la relevancia funcional de las soluciones y dificultar su interpreta-
cion experimental.

A estas carencias comunes se suman limitaciones particulares asociadas a
cada tarea. En el caso de la inferencia de GRNSs, la sensibilidad al ruido presente
en los datos puede dar lugar a relaciones espurias o a la omisién de conexiones
relevantes [|18]. Por otro lado, en el andlisis de coexpresidn, las restricciones
impuestas por las codificaciones internas de muchos algoritmos dificultan una
visién global del problema, lo que ha producido una desconexién directa entre
la solucién algoritmica y la solucidn real del problema [19]].

Ante esta situacion, se hace necesario replantear el disefio de los métodos
computacionales desde una perspectiva mas integradora y contextualizada, que
permita combinar el potencial técnico de las distintas aproximaciones con el co-
nocimiento acumulado en el dominio bioldgico. En base a ello, esta tesis doctoral
se sustenta en la siguiente hipodtesis:
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La incorporacidén explicita de conocimiento biolégico del dominio en algo-
ritmos de computacién evolutiva (mediante el disefio de objetivos bioldgi-
camente fundamentados, el uso de informacion previa y la consideracion
de las preferencias del experto), combinada con una percepcion holistica
del problema y el consenso de enfoques metodolégicos complementarios,
permite una optimizacién multiobjetivo guiada por el contexto en la infe-
rencia de redes de regulacidn génica y el biclustering, que mejora la preci-
sidn, la robustez y la coherencia biolégica de las soluciones generadas.

Objetivos

El objetivo principal de esta tesis es el disefio y desarrollo de algoritmos hibridos
guiados por el contexto cuya percepcion holistica aporte calidad y precision en
diversos problemas bioinformaticos. Este objetivo se divide en varios objetivos
especificos de la siguiente manera:

Objetivo 1: Disefio de una estrategia de consensuado guiada por el con-
texto bioldgico de los datos cuya percepcion holistica aporte precision a la
inferencia de GRNs

1.1: Definir el conjunto de técnicas pertinente formado por propuestas
bien consolidadas en el estado del arte actual y facilitar su ejecucion
mediante el desarrollo de un orquestador centralizado.

1.2: Seleccién del enfoque computacional més adecuado para la estrategia
de consensuado, considerando diversas opciones dentro del ambito
de la inteligencia artificial.

1.3: Analisis del contexto bioldgico de los datos para identificar caracteris-
ticas relevantes que orienten el disefio.

1.4: Implementacién modular y desacoplada del codigo, priorizando la re-
utilizacion y la durabilidad mediante el aislamiento de dependencias
que faciliten su mantenimiento y adaptacion futura.

Objetivo 2: Construccidon de un benchmark académico extenso para la vali-
dacidn técnica de los métodos desarrollados.

2.1: Recopilacién de redes de cardcter académico con una amplia diversi-
dad en tamafo, origen y naturaleza para garantizar la cobertura de
distintos dominios de especializacién.



2.2: Generacién de datos sintéticos mediante el uso de distintos simula-
dores conocidos que permitan evaluar de manera sistematica el com-
portamiento y la robustez de los métodos desarrollados.

2.3: Implementacién de métricas de validacién para cuantificar la preci-
sién y calidad de los resultados obtenidos en los experimentos, asi
como el desarrollo de herramientas de visualizacién y comparacién
algoritmica.

Objetivo 3: Exploracion de la inyecciéon de conocimiento como medio para
reforzar la orientacion basada en el contexto.

3.1: Disefio de funciones de cobertura bioldgica que permitan integrar as-
pectos relacionados con la estructura, topologia y funcionalidad de
las redes.

3.2: Implementacion de funciones de busqueda local que utilicen informa-
cién previa conocida de las redes para guiar la optimizacién y mejorar
la calidad de las soluciones.

3.3: Desarrollo de mecanismos de interaccidon con expertos que permitan
la incorporacién activa de su conocimiento en el proceso de inferen-
cia.

Objetivo 4: Evaluacidon y mejora de la robustez y escalabilidad de las solu-
ciones propuestas.

4.1: Andlisis del impacto del tamafio de los datos en el rendimiento del
software desarrollado, considerando datasets de diferente magnitud
y complejidad.

4.2: Optimizacién del uso de recursos computacionales mediante estra-
tegias de paralelizacién y aprovechamiento de arquitecturas de alto
rendimiento.

4.3: Evaluacion de la estabilidad de los resultados obtenidos ante pertur-
baciones en los datos y en los pardmetros de los algoritmos.

Objetivo 5: Extrapolacion del enfoque holistico y el software desarrollado a
otros problemas bioinformaticos.

5.1: Evaluacidn de la aplicabilidad de la orientacion basada en el contexto
en otros problemas bioinformadticos de interés.

5.2: Identificacién de oportunidades para nutrir problemas afines con la
vision holistica obtenida, promoviendo la transferencia de conoci-
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miento y metodologias.

5.3: Adaptacion del software implementado para facilitar su reutilizacion
y extension en contextos similares dentro del ambito de la bioinfor-
matica.

Objetivo 6: Validacion de la aplicabilidad clinica del software desarrollado
empleando datos bioldgicos reales.

6.1: Identificacién de recursos que contengan datos de expresion génica
reales adecuados para evaluar la aplicabilidad del software.

6.2: Establecimiento de colaboraciones con investigadores del ambito bio-
médico para llevar a cabo estudios interdisciplinares que validen los
resultados obtenidos.

Asimismo, se establece como objetivo no funcional la publicacién de imple-
mentaciones de codigo abierto para todas las contribuciones derivadas de esta
tesis doctoral. Para ello, se seguirdn las mejores prdcticas en desarrollo de soft-
ware y se garantizard una documentacion detallada y de alta calidad para cada
proyecto. Este enfoque busca facilitar el acceso y la reutilizacién de estas herra-
mientas, tanto por la comunidad cientifica como por otros posibles usuarios.

Contribuciones cientificas

Las principales contribuciones de esta tesis doctoral estdn relacionadas con los
objetivos descritos en la seccion anterior de la siguiente manera:

* En el Capitulo[5|se presenta GENECI [20], la primera propuesta algoritmica
de esta tesis que establece un punto de partida inicial para abordar la infe-
rencia consenso de GRNs. Esta propuesta propone un orquestador simple
que permite ejecutar 12 técnicas de inferencia individuales (primera apro-
ximacién a Objetivo 1.1) y una estrategia de consenso sencilla basada en
un algoritmo genético mono-objetivo (primera propuesta de los Objetivos
1.2, 1.3y 1.4). Para su experimentacidn se han recolectado 28 redes proce-
dentes de diferentes ediciones de los retos DREAM [21] y las dos versiones
de la red de levadura de IRMA [22] (benchmark preliminar en Objetivo
2.1). Ademas, la calidad de los resultados ha sido cuantificada a través de
métricas de precision y verificada mediante representaciones graficas es-
taticas sencillas (primera aproximacién a Objetivo 2.3). Por ultimo, se ha
utilizado un conjunto de datos reales de expresién de pacientes de mela-
noma para validar la eficacia de la propuesta en entornos clinicos reales
(Objetivo 6.1).



* El Capitulo [6] explora los beneficios de atender a interacciones génicas
previamente conocidas a la estrategia anterior (Objetivo 3.2). Memetic
Inference [23] extiende el nticleo evolutivo de GENECI incorporando una
fase de busqueda local destinada a minimizar la distancia entre las redes
consenso y la pequefia muestra de interacciones etiquetadas. Los resul-
tados muestran una clara mejora significativa de precisién respecto a las
redes inferidas por la metodologia original.

* El Capitulo |7| presenta MO-GENECI [24]], una vision multi-objetivo del pro-
blema donde se refuerza la orientacién basada en el contexto contemplan-
do caracteristicas mas especificas de las redes biolégicas, como la topolo-
gia y patrones funcionales. Esta nueva visién se acompafia de un sélido
refinamiento de muchos de los objetivos preliminarmente abordados en la
propuesta inicial mono-objetivo: se mejora el orquestador integrando un
total de 26 técnicas de inferencia (Objetivo 1.1), se sustituye el algoritmo
genético inicial por un modelo evolutivo mas sofisticado que incluye opera-
dores de nuevo disefio adaptados al problema (Objetivos 1.2, 1.3 y 1.4),
se extiende el benchmark académico a un total de 106 redes de regulacion
génica empleando mas de 10 fuentes de datos distintas incluyendo varios
simuladores (Objetivos 2.1 y 2.2), se mejora el proceso y visualizaciéon
de comparacion entre diferentes propuestas metodolédgicas (Objetivo 2.3)
y se lleva a cabo un andlisis mds profundo de los datos de expresion de
pacientes de melanoma (Objetivo 6.1).

* El Capitulo|[8|propone un nuevo mecanismo destinado a la participaci6n del
experto del dominio en el sistema (Objetivo 3.3). Hasta ahora su papel se
reducia a la eleccién final del individuo en el frente aproximado de Pare-
to obtenido. No obstante, la informacién conocida por este experto pue-
de aportar también gran valor durante la optimizacién del consenso. Para
aprovechar esto, la selecciéon por preferencia implementada en PBEvoGen
permite acotar la buisqueda a regiones especificas que el experto considere
de alto interés bioldgico. Los resultados han demostrado no solo mejorar la
precision de las redes inferidas, sino sustituir convenientemente el esfuerzo
de exploracién por una mayor explotacion de la regién de interés permi-
tiendo obtener el mismo nivel de optimizacién que el algoritmo original
empleando la mitad de evaluaciones.

* El Capitulo [9 presenta BIO-INSIGHT [25], cuyo ntcleo algoritmico repre-
senta la propuesta definitiva de esta tesis para optimizar el consenso de un
amplio conjunto de técnicas individuales de inferencia de GRNs. Sus princi-
pales aportaciones son: la implementacidn de hasta 6 funciones de aptitud
contrapuestos que aseguran una completa cobertura bioldgica del proble-
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ma (Objetivo 3.1) y una refactorizaciéon exhaustiva destinada a mantener
la factibilidad computacional de la propuesta en redes de gran tamafio
(Objetivo 4). Su modelo asincrono paralelo permite una evaluacion simul-
tanea entre individuos de incluso distintas generaciones (refinamiento del
Objetivo 1) aprovechando al maximo todos los recursos computaciona-
les del entorno de ejecucién. Ademads, cabe mencionar que esta propuesta
ha sido validada en un entorno clinico real gracias a la colaboracion esta-
blecida con investigadoras de la Universidad de Valencia (Objetivo 6.2).
En concreto, BIO-INSIGHT se ha empleado para inferir las redes génicas
de pacientes de fibromialgia, encefalomielitis mialgica y otros con un co-
diagndstico de ambas. Los resultados han permitido descubrir interaccio-
nes génicas presentes en ciertas patologias que no se han detectado en las
muestras de control.

* El Capitulo [10| explora la extrapolacion del enfoque abordado en esta te-
sis al problema del biclustering aplicado sobre datos biomédicos. En este
capitulo se presenta MOEBA-BIO [26], un framework evolutivo de biclus-
tering que permite la autoconstruccion de algoritmos en base al dominio
biomédico de aplicacién. En particular, se presenta una nueva codificacién
de individuos de perspectiva global (Objetivo 5.2) que permite la auto-
determinacién del numero de biclusters como parte del aprendizaje y la
implementacion de objetivos directamente relacionados con el contexto
(Objetivo 5.1). Los resultados de MOEBA-BIO sobre datos simulados de-
muestran una clara reduccién de redundancia y un aumento significativo
de calidad respecto a la codificacion tradicional.

* El Capitulo constituye una de las contribuciones mds importantes de
esta tesis, al representar el punto culminante en el que confluyen de for-
ma integrada los avances desarrollados en las dos lineas de investigaciéon
principales: el biclustering sobre datos biomédicos y la inferencia de redes
de regulacién génica. Fruto de esta convergencia, se presenta un algorit-
mo evolutivo de biclustering desarrollado a partir de MOEBA-BIO, disefia-
do especificamente para la detecciéon de coexpresidon génica. La principal
funcion de aptitud de esta contribucidn reutiliza el software implementa-
do para la inferencia consenso de GRNs (Objetivo 5.3), permitiendo inte-
grar de manera efectiva la relacién entre las redes de regulacién génica y
la coexpresidn génica. Los biclusters generados por MOEBA-BIO-CoExp han
demostrado mejoras significativas en diversas métricas de precisién sobre
datos simulados en comparacion con otras metodologias de biclustering
del estado del arte. Ademads, en conjuntos de datos reales de expresion gé-
nica en levadura (Objetivo 6.1), estos biclusters han mostrado un mayor
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enriquecimiento funcional respecto a dichas metodologias, consolidando la
eficacia real del enfoque de direccion basado en el contexto.

En la Figura (1| se presenta una vision global de las contribuciones desarro-
lladas a lo largo de esta tesis, organizadas en torno a tres areas principales: la
inferencia de redes de regulacién génica, el biclustering aplicado a datos bio-
médicos y el disefio algoritmico. Las propuestas se ubican en las intersecciones
correspondientes de estas dreas, reflejando su caracter transversal y complemen-
tario.

La linea de investigacion centrada en la inferencia de GRNs parte de GENECI,
una primera aproximacion evolutiva al consenso de técnicas de inferencia, pu-
blicada en la revista Computers in Biology and Medicine (Q1) [20]. A partir de
esta propuesta surgen dos desarrollos: por un lado, Memetic Inference, como
una escision que incorpora una fase de buisqueda local basada en conocimiento
previo de interacciones génicas, y que fue presentada en el congreso internacio-
nal International Conference on Computational Science (ICCS) (IC) [23]; y por
otro, MO-GENECI, que continua la linea principal extendiendo el modelo hacia
un enfoque multiobjetivo que considera propiedades topoldgicas y bioldgicas de
las redes inferidas, también publicado en Computers in Biology and Medicine
(Q1) [24]. Desde MO-GENECI se ramifica PBEvoGen, una propuesta centrada en la
integracion de conocimiento experto mediante la seleccién guiada por preferen-
cias, actualmente en revision en la revista Computational Biology and Chemistry
(Q2), lo que establece un vinculo entre la optimizacién evolutiva y la interpre-
tacion humana. Finalmente, esta linea principal culmina en BIO-INSIGHT, que
generaliza el marco de MO-GENECI para incorporar multiples objetivos biol6gi-
camente informados y demostrar su aplicabilidad en contextos clinicos reales,
también difundido en Computers in Biology and Medicine (Q1) [25]. Una re-
capitulacion general de estas propuestas fue ademds presentada en el congreso
regional Jornadas Andaluzas de Bioinformatica (JABI) (RC).

En paralelo, MOEBA-BIO y MOEBA-BIO-CoExp abordan el problema del biclus-
tering sobre datos biomédicos desde una perspectiva evolutiva genérica, basada
en una codificacion completa de soluciones y mecanismos de autodeterminacion
del niimero de patrones y autoconfiguraciéon adaptativa. Ambas propuestas fue-
ron presentadas de forma conjunta en una publicacion en Computer Methods
and Programs in Biomedicine (Q1) [26], con el objetivo de validar la utilidad
del framework general (MOEBA-BIO) y demostrar su especializacién eficaz en
tareas de coexpresion génica (MOEBA-BIO-CoExp), incorporando para ello ob-
jetivos innovadores como la coherencia regulatoria.

En su conjunto, estas contribuciones representan un avance significativo en
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Figura 1: Representacion grafica de las contribuciones desarrolladas en esta tesis, or-
ganizadas en torno a tres areas principales: inferencia de redes de regulacién génica
(verde), biclustering aplicado a datos biomédicos (azul) y disefio algoritmico (rojo). Las
flechas de colores indican la vinculacion de cada trabajo con los conceptos metodoldgi-
cos o aplicados dentro de cada area, mientras que las flechas negras reflejan evolucién
directa o influencia entre propuestas. Las contribuciones se representan mediante recua-
dros grises ubicados en las intersecciones tematicas que abordan. En la esquina superior
izquierda de cada recuadro se especifica su tipo de difusiéon: Q1 y Q2 indican publica-
cién en revistas del primer o segundo cuartil en categorias de Ciencias Computacionales
y Biologia; IC sefiala difusion en congreso internacional; y RC, en congreso de ambito
regional.

ambas lineas de investigacion, tanto en la inferencia de redes de regulacién gé-
nica como en el biclustering evolutivo aplicado a datos biomédicos. Un avance
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que ha sido claramente respaldado por la comunidad cientifica internacional
mediante su difusién en revistas de alto impacto y congresos de referencia.

Conclusiones

Inferencia consensuada de redes de regulacion génica

A lo largo de esta tesis se ha abordado progresivamente el problema de la infe-
rencia por consenso de redes reguladoras de genes, superando las limitaciones
de los enfoques tradicionales. La propuesta inicial, GENECI, introducida en el
Capitulo |5} sent6 las bases de un marco evolutivo capaz de combinar multiples
técnicas mediante un sistema de votacién ponderada, sin depender de conoci-
miento previo. Sus evaluaciones en benchmarks estdndares y en datos clinicos
de melanoma demostraron una gran capacidad de generalizacién y una asigna-
ciéon inteligente de pesos, consoliddndola como un punto de partida robusto.

Sobre esta base, Memetic Inference, presentada en el Capitulo [}, incorpor6
por primera vez la busqueda local guiada con conocimiento experto, mejorando
significativamente los resultados incluso con un uso limitado de conocimiento
previo. Su capacidad para equilibrar la inclusién de informacién y evitar sesgos
reforzo su versatilidad, especialmente en redes de gran tamafio.

Posteriormente, MO-GENECI, del Capitulo |7, superé la necesidad de agru-
par multiples criterios en una unica funcién, empleando un enfoque evolutivo
multiobjetivo que permitié optimizar simultdneamente la coherencia entre téc-
nicas, la estructura topoldgica y los motivos regulatorios. Gracias a operadores
evolutivos especializados y una rigurosa validacion estadistica, mostré una su-
perioridad notable frente a 26 técnicas individuales en un amplio benchmark de
106 redes de todos los tamafios, y validé su aplicabilidad clinica redescubriendo
interacciones relevantes y hallando otras nuevas en datos reales de melanoma.

A continuacion, PBEvoGen, presentado en el Capitulo |8, aportd un mecanis-
mo de seleccidon basado en preferencias, otorgando a los expertos un papel activo
al guiar la evolucion mediante puntos de referencia en el espacio de soluciones.
Esto mejord considerablemente la precision de las redes inferidas, superando in-
cluso a MO-GENECI, y permitid reducir a la mitad el coste computacional en redes
grandes sin sacrificar la calidad de los resultados.

Finalmente, BIO-INSIGHT, detallado en el Capitulo[9] constituye la propues-
ta mds reciente y completa de esta tesis para la inferencia por consenso de redes
reguladoras de genes. Su desarrollo abordé un amplio conjunto de preguntas de
investigacion, consolidando una estrategia evolutiva que mejora la precision de
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los enfoques anteriores gracias a un marco analitico extenso y a una perspectiva
mas rica y coherente bioldgicamente. En primer lugar, BIO-INSIGHT demostro
que es posible guiar la inferencia hacia soluciones mas robustas e interpretables,
con estructuras y topologias acordes a patrones biolégicos conocidos, median-
te un espacio objetivo novedoso y fundamentado en compromisos bioldgicos. A
nivel algoritmico, se confirmd que la estrategia propuesta no se solapa con el
aprendizaje proporcionado por las técnicas individuales, sino que aporta cono-
cimiento complementario, reforzando asi el cardcter integral e innovador de la
propuesta. Ademas, el estudio de ablacién evidencié que la optimizacién conjun-
ta de los objetivos planteados genera redes de mayor calidad que aquellas obte-
nidas mediante la optimizacién individual de cada aspecto, justificando la natu-
raleza multifacética del modelo. Finalmente, la aplicabilidad de BIO-INSIGHT se
validé en un contexto clinico real, mediante su aplicacién a datos de expresiéon
génica de pacientes con fibromialgia, encefalomielitis mialgica y diagndsticos
conjuntos, donde se identificaron interacciones diferenciales especificas de ca-
da patologia, respaldadas por la literatura cientifica o evidencia experimental.
Estos hallazgos no solo refuerzan la robustez de la propuesta, sino que tam-
bién demuestran su utilidad como herramienta de apoyo para la comprensiéon
de enfermedades complejas sin biomarcadores validados, sentando las bases pa-
ra futuras aplicaciones biomédicas con impacto clinico.

Aplicacidn de biclustering a dominios biomédicos

Ademas de la linea principal de esta tesis sobre la inferencia consenso de redes
de regulacién génica, se ha explorado una linea complementaria centrada en el
biclustering para contextos biomédicos. Para ello, se presenté MOEBA-BIO en el
Capitulo un marco evolutivo flexible que introduce una representacion glo-
bal en la que cada individuo codifica una solucién completa, lo que permite eva-
luar conjuntamente todos los biclusters y superar la fragmentacion tipica de las
representaciones tradicionales. Gracias a esta representacién, se han propuesto
nuevos objetivos de evaluacién que aprovechan las relaciones entre biclusters y
valoran propiedades globales como la diferenciacién y la coherencia estructural,
ademas de permitir la autodeterminacion del niumero de biclusters.

En la fase inicial de validacion, MOEBA-BIO superd a las arquitecturas evoluti-
vas tradicionales con codificaciones parciales, obteniendo soluciones mas cohe-
rentes y mejor alineadas con la estructura latente de los datos. Ademas, se ha
demostrado la adaptabilidad del autoconfigurador de MOEBA-BIO a problemas
biomédicos especificos, como la deteccién de grupos de genes coexpresados, me-
diante la especializacién MOEBA-BIO-CoExp presentada en el Capitulo Esta
version incorpora un nuevo objetivo global basado en la coherencia regulatoria,
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lo que ha permitido obtener biclusters con alta coherencia funcional, validada
en datos simulados y reales.

La capacidad de autoconfiguracion, autodeterminacién del niumero de biclus-
ters y especializacién por dominio de este enfoque, abre nuevas posibilidades
para aplicar el biclustering evolutivo a problemas biomédicos complejos, propor-
cionando soluciones mas realistas, explicables y acordes al contexto.

Trabajos futuros

A partir de los resultados y metodologias desarrollados en esta tesis, se han
identificado varias lineas de investigacion futura para consolidar y ampliar su
aplicabilidad, tanto en la inferencia por consenso de redes génicas como en el
biclustering en dominios biomédicos.

Inferencia por consenso de redes génicas

En el area de inferencia por consenso de redes génicas, se proponen las siguientes
extensiones:

» Disefiar nuevas codificaciones para representar de forma mas rica y flexible
las interacciones génicas.

* Introducir un preprocesamiento basado en el agrupamiento estructural de
las redes, con estrategias de optimizacion hibridas.

* Desarrollar un autoconfigurador supervisado guiado por métricas de cali-
dad (AUROC y AUPR), para adaptar la parametrizacién del algoritmo a las
propiedades estructurales de la red.

* Ampliar PBEvoGen para que los expertos puedan guiar el proceso de opti-
mizacion de manera interactiva.

* Entrenar modelos de aprendizaje automatico para ayudar a seleccionar so-
luciones prometedoras del frente de Pareto.

* Integrar mecanismos de IA explicable que permitan rastrear cada enlace
regulador hasta los métodos que lo respaldan, facilitando la validacién bio-
légica y la deteccidn de sesgos o limitaciones en las técnicas.
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Biclustering para dominios biomédicos

En cuanto al biclustering para dominios biomédicos, se proponen estas direccio-
nes futuras:

* Aplicar el autoconfigurador MOEBA-BIO a nuevos problemas biomédicos,
como la deteccidn de patrones epigendémicos o de respuesta a farmacos.

* Desarrollar funciones objetivo para datos heterogéneos, incluyendo atribu-
tos numéricos, categdricos y ordinales.

* Explorar codificaciones alternativas que permitan solapamiento tanto en
filas como en columnas, mejorando la captura de patrones biolégicos com-
plejos.
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Chapter 1

Introduction

The advancement of molecular biology and the increasing availability of tran-
scriptomic data have created new opportunities to understand the underlying
mechanisms of gene regulation [1]]. The ability to accurately model interactions
between genes not only advances biological knowledge, but also facilitates the
development of new diagnostic and therapeutic strategies in the biomedical field
[2, 13, 4, 5]. Nevertheless, the analysis and interpretation of these data continue
to present significant challenges due to their complexity, high dimensionality,
and the presence of experimental noise [6, 7, 8.

In response to these challenges, a highly diverse ecosystem of computational
methodologies has emerged, designed to address tasks such as the inference of
gene regulatory networks [9, 10, [11] or the detection of co-expression patterns
[12, |13, [14]]. This range of approaches, which includes everything from statis-
tical models to advanced artificial intelligence techniques, has spurred intense
research activity in the field, reflecting the interest in developing more accurate,
efficient, and applicable tools for various biological contexts.

This PhD thesis proposes a methodological framework based on the devel-
opment of context-guided hybrid algorithms, with a holistic perception of the
problem that enables improved accuracy and applicability of the generated so-
lutions. Through a combination of evolutionary computation techniques, con-
sensus strategies, specific objective functions, and evaluation tools, the aim is to
advance toward more robust and interpretable solutions in the computational
analysis of gene expression.

19



20 1.1. MOTIVATION

1.1 Motivation

As noted in the introduction, gene expression analysis has led to the development
of a wide spectrum of computational methodologies for both inferring Gene Reg-
ulatory Networks (GRNs) and identifying co-expression patterns. These methods
approach the problems from very diverse perspectives, highlighting the field’s vi-
tality but also underscoring the need for a critical analysis of how to effectively
integrate their contributions and address the challenges that remain unresolved.

One of the most common issues is the high variability of results produced
by different techniques [15]]. This variability also causes some approaches to
achieve outstanding performance in certain scenarios but degrade significantly
in others, making methodological selection difficult and compromising the gen-
eralizability of the results [16]]. Moreover, many of these techniques focus exclu-
sively on the optimization of mathematical or statistical criteria, without taking
into account information from the biological domain [17]]. The absence of a
context-based guide can limit the functional relevance of the solutions and hin-
der their experimental interpretation.

In addition to these common shortcomings, there are specific limitations as-
sociated with each task. For GRN inference, sensitivity to noise present in data
can lead to spurious relationships or the omission of relevant connections [|18].
In co-expression analysis, the constraints imposed by internal encodings of many
algorithms hinder a global view of the problem, resulting in a direct disconnec-
tion between the algorithmic solution and the real solution to the problem [19].

In this situation, it is necessary to rethink the design of computational meth-
ods from a more integrative and contextualized perspective, enabling the com-
bination of the technical potential of the different approaches with the accumu-
lated knowledge in the biological domain. Based on this, the main hypothesis of
this thesis is as follows:

The explicit integration of domain-specific biological knowledge into evo-
lutionary computation algorithms (through the design of biologically
grounded objectives, the use of prior information, and the consideration of
expert preferences) combined with a holistic understanding of the problem
and the consensus of complementary methodological approaches, enables
context-guided multi-objective optimization in gene regulatory network
inference and biclustering, enhancing the accuracy, robustness, and bio-
logical coherence of the resulting solutions.
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1.2 Objectives

The main objective of this thesis is the design and development of context-guided
hybrid algorithms whose holistic perspective enhances the quality and accuracy
in various bioinformatics problems. This objective is divided into several specific
goals as follows:

Objective 1: Design of a consensus strategy guided by the biological con-
text of the data, whose holistic perception improves the accuracy of GRN
inference

1.1: Define a relevant set of techniques composed of well-established pro-
posals from the current state of the art and facilitate their execution
through the development of a centralized orchestrator.

1.2: Select the most suitable computational approach for the consensus
strategy, considering options within the field of artificial intelligence.

1.3: Analyze the biological context of the data to identify relevant features
that guide the design.

1.4: Implement modular code, prioritizing reusability and durability through
dependency isolation to ease future maintenance and adaptation.

Objective 2: Build an extensive academic benchmark for the technical vali-
dation of the developed methods

2.1: Collect academic networks with a wide diversity in size, origin, and
nature to ensure coverage of different domains of specialization.

2.2: Generate synthetic data using well-known simulators to systemati-
cally assess the behavior and robustness of the developed methods.

2.3: Implement validation metrics to quantify the accuracy and quality of
the experimental results, along with the development of visualization
and algorithm comparison tools.

Objective 3: Exploration of knowledge injection as a means to reinforce
context-based guidance

3.1: Design biological coverage functions that integrate aspects related to
the structure, topology, and functionality of the networks.

3.2: Implement local search functions that exploit prior network knowl-
edge to guide optimization and improve solution quality.
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3.3: Develop interaction mechanisms with experts to enable the active in-
corporation of their knowledge into the inference process.

Objective 4: Evaluation and improvement of the robustness and scalability
of the proposed solutions

4.1: Analyze the impact of dataset size on software performance, consid-
ering different magnitudes and complexities.

4.2: Optimize the use of computational resources through parallelization
strategies and the use of high-performance architectures.

4.3: Evaluate the stability of the obtained results in response to data per-
turbations and algorithm parameter variations.

Objective 5: Extrapolation of the holistic approach and the developed soft-
ware to other bioinformatics problems

5.1: Evaluate the applicability of context-based guidance in other relevant
bioinformatics problems.

5.2: Identify opportunities to enrich related problems with the holistic per-
spective obtained, promoting knowledge and methodology transfer.

5.3: Adapt the implemented software to facilitate its reuse and extension
in similar contexts within the field of bioinformatics.

Objective 6: Validation of the clinical applicability of the developed software
using real-world biological data

6.1: Identify resources containing real-world gene expression data suitable
for evaluating the applicability of the software.

6.2: Establish collaborations with researchers from the biomedical domain
to carry out interdisciplinary studies that validate the results obtained.

Additionally, a non-functional objective is set: the publication of open-source
implementations for all contributions derived from this doctoral thesis. To this
end, best practices in software development will be followed, and each project
will include detailed and high-quality documentation. This approach aims to
facilitate access and reuse of these tools by both the scientific community and
other potential users.
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1.3 Scientific contributions

The main contributions of this doctoral thesis are related to the objectives de-
scribed in the previous section as follows:

* Chapter [5| presents GENECI [20]], the first software package of this thesis
that establishes an initial starting point to address the consensus infer-
ence of GRNs. This proposal introduces a simple orchestrator that en-
ables the execution of 12 individual inference techniques (first approach
to Objective 1.1) and a straightforward consensus strategy based on a
single-objective genetic algorithm (first proposal for Objectives 1.2, 1.3
and 1.4). For its experimentation, 28 networks have been collected from
different editions of the DREAM challenges [21] and the two versions of
the yeast IRMA network [22]] (preliminary benchmark in Objective 2.1).
In addition, the quality of the results has been quantified through precision
metrics and verified using simple static graphical representations (first ap-
proach to Objective 2.3). Finally, a set of real-world gene expression data
from melanoma patients has been used to validate the effectiveness of the
proposal in real clinical settings (Objective 6.1).

* Chapter|[6]explores the benefits of incorporating previously known gene in-
teractions into the previous strategy (Objective 3.2). Memetic Inference
[23]] extends the evolutionary core of GENECI by incorporating a local search
phase aimed at minimizing the distance between the consensus networks
and the small sample of labeled interactions. The results show a significant
precision improvement compared to the original methodology.

* Chapter [7| presents MO-GENECI [24]], a multi-objective vision of the prob-
lem that reinforces the context-based guidance by considering more spe-
cific features of biological networks, such as topology and functional mo-
tifs. This perspective is accompanied by a solid refinement of many goals
from the initial single-objective proposal: the orchestrator is improved by
integrating a total of 26 inference techniques (Objective 1.1), the initial
genetic algorithm is replaced by a more sophisticated evolutionary model
that includes newly designed operators tailored to the problem (Objectives
1.2, 1.3 and 1.4), the academic benchmark is expanded to a total of 106
gene regulatory networks using more than 10 different data sources in-
cluding various simulators (Objectives 2.1 and 2.2), the process and visu-
alization of comparisons between different methodological proposals are
improved (Objective 2.3), and a deeper analysis of the expression data
from melanoma patients is carried out (Objective 6.1).
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¢ Chapter roposes a new mechanism aimed at involving the domain ex-
p prop g

pert in the system (Objective 3.3). Until now, their role was limited
to the final selection in the approximated Pareto front, but their knowl-
edge can also add value during consensus optimization. To leverage this,
the preference-based selection in PBEvoGen confines the search to regions
deemed of high biological interest by the expert. The results have shown
not only an improvement in the precision of the inferred networks but also
a convenient substitution of the exploration effort by increased exploita-
tion of the region of interest, enabling the same level of optimization as
the original algorithm while using only half of the evaluations.

Chapter [9] presents BIO-INSIGHT [25]], whose algorithmic core represents
the final proposal of this thesis for optimizing the consensus of a broad set
of individual GRN inference techniques. Its main contributions include: the
implementation of up to six opposing fitness functions that ensure compre-
hensive biological coverage of the problem (Objective 3.1) and an exhaus-
tive refactoring aimed at maintaining the computational feasibility of the
proposal on large-scale networks (Objective 4). Its asynchronous parallel
model allows simultaneous evaluation of individuals, even across different
generations (refinement of Objective 1), maximizing the use of all compu-
tational resources of the execution environment. Furthermore, it is worth
mentioning that this proposal has been validated in a real clinical setting
thanks to the collaboration established with researchers from the Univer-
sity of Valencia (Objective 6.2). Specifically, BIO-INSIGHT was used to in-
fer gene networks of patients with fibromyalgia, myalgic encephalomyeli-
tis, and co-diagnosis, uncovering interactions absent in control samples.

Chapter explores the extrapolation of the approach addressed in this
thesis to the problem of biclustering applied to biomedical data. In this
chapter, MOEBA-BIO is presented [26]], an evolutionary biclustering frame-
work for self-constructing algorithms tailored to the biomedical domain. In
particular, it introduces a new global perspective encoding of individuals
(Objective 5.2) that allows the number of biclusters to be self-determined
as part of the learning process and the implementation of objectives di-
rectly related to the context (Objective 5.1). The results of MOEBA-BIO
on simulated data show a clear reduction in redundancy and a significant
quality improvement compared to the traditional encoding.

Chapter[11]presents an evolutionary biclustering algorithm developed from
MOEBA-BIO, specifically designed for the detection of gene co-expression.
The main fitness function reuses the software for GRN consensus inference
(Objective 5.3), integrating the relationship between gene regulation and
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co-expression. Biclusters from MOEBA-BIO-CoExp [26] showed significant
precision gains on simulated data over other state-of-the-art methods. Fur-
thermore, in real-world gene expression datasets from yeast (Objective
6.1), these biclusters have shown higher functional enrichment compared
to those methodologies, consolidating the real-world effectiveness of the
context-based guidance approach.

1.3.1 Publications

The development of this PhD thesis has led to the publication of 4 scientific
articles in prestigious journals and 1 conference. Below is a detailed list of these
publications, including their quality and impact metrics.

* Adridn Segura-Ortiz, José Garcia-Nieto, José F Aldana-Montes, Ismael Navas-
Delgado. “GENECI: a novel evolutionary machine learning consensus-
based approach for the inference of gene regulatory networks”. In:
Computers in Biology and Medicine 155 (2023), p. 106653, DOI: https:
//doi.org/10.1016/j.compbiomed.2023.106653, Impact Factor: 7.0.

— Category of Computer Science, Interdisciplinary Applications (Q1, Rank:
19/170, Perc.: 89.1)

— Category of Biology (Q1, Rank: 7/109, Perc.: 94.0)
— Category of Engineering, Biomedical (Q1, Rank: 16/123, Perc.: 87.4)

— Category of Mathematical & Computational Biology (Q1, Rank: 2/66,
Perc.: 97.7)

* Adridn Segura-Ortiz, José Garcia-Nieto, José F Aldana-Montes, Ismael Navas-
Delgado. “Multi-objective context-guided consensus of a massive ar-
ray of techniques for the inference of Gene Regulatory Networks”. In:
Computers in Biology and Medicine 179 (2024), p. 108850, DOI: https:
//doi.org/10.1016/j.compbiomed.2024.108850, Impact Factor: 6.3.

— Category of Computer Science, Interdisciplinary Applications (Q1, Rank:
26/175, Perc.: 85.4)

— Category of Biology (Q1, Rank: 7/107, Perc.: 93.9)
— Category of Engineering, Biomedical (Q1, Rank: 22/124, Perc.: 82.7)

— Category of Mathematical & Computational Biology (Q1, Rank: 4/67,
Perc.: 94.8)


https://doi.org/10.1016/j.compbiomed.2023.106653
https://doi.org/10.1016/j.compbiomed.2023.106653
https://doi.org/10.1016/j.compbiomed.2024.108850
https://doi.org/10.1016/j.compbiomed.2024.108850
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* Adrian Segura-Ortiz, Adan José-Garcia, Laetitia Jourdan, José Garcia-Nieto.
“Exhaustive biclustering driven by self-learning evolutionary approach
for biomedical data”. In: Computer Methods and Programs in Biomedicine
2025, p. 108846, DOI: https://doi.org/10.1016/j.cmpb.2025.108846,
Impact Factor: 4.8.

— Category of Computer Science, Theory & Methods (Q1, Rank: 20/147,
Perc.: 86.7)

— Category of Medical Informatics (Q1, Rank: 11/48, Perc.: 78.1)
— Category of Engineering, Biomedical (Q2, Rank: 35/124, Perc.: 72.2)

— Category of Computer Science, Interdisciplinary Applications (Q2, Rank:
47/175, Perc.: 73.4)

Note: This work was carried out during a three-month predoctoral stay at
the University of Lille within the ORKAD group, resulting in a publication
that supports the international mention of this PhD thesis.

* Adridn Segura-Ortiz, Karen Giménez-Orenga, José Garcia-Nieto, Elisa Oltra,
José F. Aldana-Montes. “Multifaceted evolution focused on maximal ex-
ploitation of domain knowledge for the consensus inference of Gene
Regulatory Networks”. In: Computers in Biology and Medicine 196 (2025),
p. 110632, DOI: https://doi.org/10.1016/j.compbiomed.2025.110632,
Impact Factor: 6.3.

Category of Computer Science, Interdisciplinary Applications (Q1, Rank:
26/175, Perc.: 85.4)

Category of Biology (Q1, Rank: 7/107, Perc.: 93.9)

Category of Engineering, Biomedical (Q1, Rank: 22/124, Perc.: 82.7)

Category of Mathematical & Computational Biology (Q1, Rank: 4/67,
Perc.: 94.8)

* Adrian Segura-Ortiz, José Garcia-Nieto, José F Aldana-Montes. “Exploit-
ing medical-expert knowledge via a novel memetic algorithm for the
inference of gene regulatory networks”. In: International Conference
on Computational Science (ICCS). Springer, 2024, pp. 3-17, DOI: https:
//doi.org/10.1007/978-3-031-63772-8_1.

— Conference Quality (CORE2023): Rank Multiconference, Field of Re-
search: 4601 - Applied computing.


https://doi.org/10.1016/j.cmpb.2025.108846
https://doi.org/10.1016/j.compbiomed.2025.110632
https://doi.org/10.1007/978-3-031-63772-8_1
https://doi.org/10.1007/978-3-031-63772-8_1
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— Conference Quality (CORE2021): Rank A, Field of Research: 4601 -
Applied computing.

It is also worth noting that the proposal PBEvoGen is currently under review
in the journal Computational Biology and Chemistry. Moreover, all contributions
developed in this PhD thesis concerning GRNs inference were jointly presented
at the 2025 edition of the Jornadas Andaluzas de Bioinformdtica (JABI 2025),
providing a comprehensive overview of the research outcomes in this line.

In addition to the scientific recognition achieved through peer-reviewed pub-
lications, the impact and dissemination of the aforementioned research were ef-
fectively enhanced through press coverage and social media outreach. GENECI
was featured in a press release by Europa Presg’|, MO-GENECI was highlighted
in Diario Sur, MOEBA-BIO was published in Cadena Ser | and BIO-INSIGHT
was reported in Salud a Diario [ Social media played a crucial role in further
amplifying the research, with dissemination occurring through profiles aimed
at young researchers, such as biomedical influencer Nathaly’s account, where a
collaborative reel surpassed 35,000 views’| as well as through institutional chan-
nels like IBIMA's Instagram account| (5,000 views), the Instagram account of the
Ministry of University and Research of the Government of Andalusia [] (12,000
views) and ITIS UMA’s post on X (formerly Twitter)ﬂ

1.3.2 Software

In addition to its scientific contributions, this doctoral thesis emphasizes practi-
cal applicability by making all implementations and datasets publicly available
through multiple open-source repositories, thereby fostering reproducibility and
supporting their adoption by the scientific community. The associated projects
are publicly available under the MIT license and include:

"https://www.europapress.es/esandalucia/malaga/noticia-desarrollan-
algoritmo-util-comprension-procesos-celulares-implicados-distintas-
enfermedades-20240829115250.html

“https://www.diariosur.es/malaga-capital/investigadores-ibima-plataforma-
bionand-avanzan-comprension-enfermedad-20230819134019-nt.html

Shttps://cadenaser.com/andalucia/2025/07/09/moeba-bio-una-nueva-herramienta-
desarrollada-en-la-uma-para-descubrir-estructuras-ocultas—-en-datos-biomedicos-
ser-malaga/

“https://www.saludadiario.es/investigacion/un-sistema-inteligente-analiza-
los-genes-implicados-en-enfermedades-como-la-fatiga-cronica/

*https://www.instagram.com/reel/C_bri8BPcJc/?igsh=NHZoeTBpYzk1cHJIp

®https://www.instagram.com/reel/C_chjeWIvhw/?igsh=N3ZnMDV2b3Zkc2N4

"https://www.instagram.com/reel/DMhqCVoMptb/?igsh=bjdxZ2EzNDEOZmx3

Shttps://X.com/itis_uma/status/1830874768372810209?t=2842pV_66iDI7vqu747fQ


https://www.europapress.es/esandalucia/malaga/noticia-desarrollan-algoritmo-util-comprension-procesos-celulares-implicados-distintas-enfermedades-20240829115250.html
https://www.europapress.es/esandalucia/malaga/noticia-desarrollan-algoritmo-util-comprension-procesos-celulares-implicados-distintas-enfermedades-20240829115250.html
https://www.europapress.es/esandalucia/malaga/noticia-desarrollan-algoritmo-util-comprension-procesos-celulares-implicados-distintas-enfermedades-20240829115250.html
https://www.diariosur.es/malaga-capital/investigadores-ibima-plataforma-bionand-avanzan-comprension-enfermedad-20230819134019-nt.html
https://www.diariosur.es/malaga-capital/investigadores-ibima-plataforma-bionand-avanzan-comprension-enfermedad-20230819134019-nt.html
https://cadenaser.com/andalucia/2025/07/09/moeba-bio-una-nueva-herramienta-desarrollada-en-la-uma-para-descubrir-estructuras-ocultas-en-datos-biomedicos-ser-malaga/
https://cadenaser.com/andalucia/2025/07/09/moeba-bio-una-nueva-herramienta-desarrollada-en-la-uma-para-descubrir-estructuras-ocultas-en-datos-biomedicos-ser-malaga/
https://cadenaser.com/andalucia/2025/07/09/moeba-bio-una-nueva-herramienta-desarrollada-en-la-uma-para-descubrir-estructuras-ocultas-en-datos-biomedicos-ser-malaga/
https://www.saludadiario.es/investigacion/un-sistema-inteligente-analiza-los-genes-implicados-en-enfermedades-como-la-fatiga-cronica/
https://www.saludadiario.es/investigacion/un-sistema-inteligente-analiza-los-genes-implicados-en-enfermedades-como-la-fatiga-cronica/
https://www.instagram.com/reel/C_bri8BPcJc/?igsh=NHZoeTBpYzk1cHJp
https://www.instagram.com/reel/C_chjeWIvhw/?igsh=N3ZnMDV2b3Zkc2N4
https://www.instagram.com/reel/DMhqCVoMptb/?igsh=bjdxZ2EzNDE0Zmx3
https://x.com/itis_uma/status/1830874768372810209?t=Z842pV_66iDI7vsqQ747fQ
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* GENECI:
— Gitrepository: https://github.com/AdrianSeguraOrtiz/Single-GENECI
— PyPI: https://pypi.org/project/GENECI/1.0.2/

— Docker: 24 images at https://hub.docker.com/u/adriansegura99?
page=1&search=geneci (Tag 1.0.0).

* Memetic Inference:

— Git repository: https://github.com/AdrianSeguraOrtiz/Memetic-
GENECI

— PyPI: https://pypi.org/project/GENECI/1.5.2/

— Docker: 24 images at https://hub.docker.com/u/adriansegura99?
page=1&search=geneci (Tag 1.5.1).

MO-GENECI:
— Gitrepository: https://github.com/AdrianSeguralOrtiz/M0O-GENECI
— PyPI: https://pypi.org/project/GENECI/2.0.2/

— Docker: 38 images at https://hub.docker.com/u/adriansegura99?
page=1&search=geneci (Tag 2.0.0).

PBEvoGen:
— Git repository: https://github.com/AdrianSeguraOrtiz/PBEvoGen
— PyPI: https://pypi.org/project/GENECI/2.5.1/

— Docker: 38 images at https://hub.docker.com/u/adriansegura99?
page=1&search=geneci (Tag 2.5.1).

BIO-INSIGHT:
— Gitrepository: https://github.com/AdrianSeguraOrtiz/BI0-INSIGHT
— PyPI: https://pypi.org/project/GENECI/3.0.1/

— Docker: 38 images at https://hub.docker.com/u/adriansegura99?
page=1&search=geneci (Tag 3.0.0).

MOEBA-BIO:

— Gitrepository: https://github.com/AdrianSeguraOrtiz/MOEBA-BIO


https://github.com/AdrianSeguraOrtiz/Single-GENECI
https://pypi.org/project/GENECI/1.0.2/
https://hub.docker.com/u/adriansegura99?page=1&search=geneci
https://hub.docker.com/u/adriansegura99?page=1&search=geneci
https://github.com/AdrianSeguraOrtiz/Memetic-GENECI
https://github.com/AdrianSeguraOrtiz/Memetic-GENECI
https://pypi.org/project/GENECI/1.5.2/
https://hub.docker.com/u/adriansegura99?page=1&search=geneci
https://hub.docker.com/u/adriansegura99?page=1&search=geneci
https://github.com/AdrianSeguraOrtiz/MO-GENECI
https://pypi.org/project/GENECI/2.0.2/
https://hub.docker.com/u/adriansegura99?page=1&search=geneci
https://hub.docker.com/u/adriansegura99?page=1&search=geneci
https://github.com/AdrianSeguraOrtiz/PBEvoGen
https://pypi.org/project/GENECI/2.5.1/
https://hub.docker.com/u/adriansegura99?page=1&search=geneci
https://hub.docker.com/u/adriansegura99?page=1&search=geneci
https://github.com/AdrianSeguraOrtiz/BIO-INSIGHT
https://pypi.org/project/GENECI/3.0.1/
https://hub.docker.com/u/adriansegura99?page=1&search=geneci
https://hub.docker.com/u/adriansegura99?page=1&search=geneci
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO
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In addition, all the contributions related to consensus-based network infer-
ence (GENECI, Memetic Inference, MO-GENECI, PBEvoGen, and BIO-INSIGHT)
have been unified into a single Git repository that integrates all functionalities
into a cohesive framework, available at: https://github.com/AdrianSeguraOrtiz/
GENECI. This repository is fully mirrored in the corresponding Python package
hosted on PyPI, which has been progressively updated to include each of the de-
velopments and improvements introduced throughout the PhD thesis: https://
pypi.org/project/GENECI. The impact and adoption of the package are further
evidenced by its download statistics, accessible through the ClickPy dashboard
(https://clickpy.clickhouse.com/dashboard/geneci), which report over 15,000
downloads to date. These metrics confirm that the software developed in this
PhD thesis is not only accessible but also actively used, effectively fulfilling its
purpose as a reusable and reproducible scientific resource.

1.3.3 Global Overview

Figure [1| provides a global overview of the contributions developed through-
out this thesis, organized around three main areas: inference of gene regula-
tory networks, biclustering applied to biomedical data, and algorithm design.
The proposals are positioned at the intersections of these areas, reflecting their
transversal and complementary nature.

The research line focused on GRN inference begins with GENECI, an initial
evolutionary approach to the consensus of inference techniques, published in
the journal Computers in Biology and Medicine (Q1) [20]. From this work, two
developments emerge: on the one hand, Memetic Inference, a spin-off that in-
corporates a local search phase based on prior knowledge of gene interactions,
presented at the International Conference on Computational Science (ICCS) (IC)
[23]; and on the other hand, MO-GENECI, which continues the main line by ex-
tending the model to a multi-objective approach that considers both topological
and biological properties of the inferred networks, also published in Computers
in Biology and Medicine (Q1) [24]. From MO-GENECI, PBEvoGen branches out, a
proposal focused on integrating expert knowledge through preference-guided se-
lection, currently under review in the journal Computational Biology and Chem-
istry (Q2), establishing a link between evolutionary optimization and human
interpretability. Finally, this main line culminates in BIO-INSIGHT, which gen-
eralizes the MO-GENECI framework to incorporate multiple biologically informed
objectives and demonstrate its applicability in real-world clinical contexts, also
disseminated in Computers in Biology and Medicine (Q1) [25]]. A general re-
cap of these proposals was also presented at the regional conference Jornadas
Andaluzas de Bioinformatica (JABI) (RC).


https://github.com/AdrianSeguraOrtiz/GENECI
https://github.com/AdrianSeguraOrtiz/GENECI
https://pypi.org/project/GENECI
https://pypi.org/project/GENECI
https://clickpy.clickhouse.com/dashboard/geneci
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Figure 1.1: Graphical representation of the contributions developed in this thesis, or-
ganized around three main areas: inference of gene regulatory networks (green), bi-
clustering applied to biomedical data (blue), and algorithm design (red). The colored
arrows indicate the connection of each work with methodological or applied concepts
within each area, while the black arrows reflect direct evolution or influence between
proposals. The contributions are represented by gray boxes placed at the thematic inter-
sections they address. The top-left corner of each box specifies its type of dissemination:
Q1 and Q2 indicate publication in first- or second-quartile journals in the fields of Com-
puter Science and Biology; IC refers to dissemination at an international conference;
and RC, at a regional-level conference.

In parallel, MOEBA-BIO and MOEBA-BIO-CoExp address the problem of biclus-
tering on biomedical data from a generic evolutionary perspective, based on a
complete encoding of solutions and mechanisms for self-determination of the
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number of patterns and adaptive self-configuration. Both proposals were jointly
presented in a publication in Computer Methods and Programs in Biomedicine
(Q1) [26], aiming to validate the utility of the general framework (MOEBA-BIO)
and demonstrate its effective specialization in gene co-expression tasks (MOEBA-
BIO-CoExp), incorporating innovative objectives such as regulatory coherence.

Altogether, these contributions represent a significant advance in both re-
search lines, gene regulatory network inference and evolutionary biclustering
applied to biomedical data. An advance that has been clearly supported by the
international scientific community through its dissemination in high-impact jour-
nals and leading conferences.

1.4 Thesis organization

This thesis is structured in three main parts. Part I focuses on the contextu-
alization and consists of four main chapters: Chapter [1|is the current chapter,
in which a brief introduction, motivations, objectives, and the main scientific
and computational contributions of this thesis are developed; in Chapter 2} the
principles of all the concepts covered in the research are described, including
the fundamentals of gene expression, computational bases of optimization, and
fundamental methodologies for gene expression analysis; Chapter [3| presents
the current state-of-the-art and an exhaustive review of the available computa-
tional proposals to address the two main bioinformatics challenges covered in
this thesis, GRN inference and gene co-expression detection; finally, in Chapter
a compilation of all gene expression datasets, both synthetic and real, used
to validate the different methodological contributions of this thesis within the
biomedical context addressed is carried out.

Part II presents the methodology designed in this thesis to address the afore-
mentioned bioinformatics challenges. This leads to a subdivision into seven
chapters, each aimed at presenting a distinct computational contribution. This
involves Chapters [5] [6] and whose content has been previously
detailed in Section

Part III contains the final observations and is composed of two chapters. In
Chapter the main conclusions drawn from the work developed throughout
the thesis are presented, highlighting the scientific and computational contribu-
tions achieved. Finally, Chapter [13|outlines possible future research directions,
both in improving the proposed methodologies and in their application to new
biomedical scenarios and related computational problems.
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Chapter 2

Context and fundamentals

This chapter provides the necessary foundations to understand the biological and
computational context in which this thesis is framed. Firstly, it introduces the key
concepts related to gene expression and its regulatory mechanisms, addressing
both the formation of gene regulatory networks (GRNs) and the phenomenon of
co-expression.

Subsequently, it presents the fundamental principles of computational opti-
mization, with a special emphasis on evolutionary methods and multi-objective
optimization. Finally, it describes the main computational strategies employed
for the inference of GRNs and the detection of co-expression patterns through
biclustering, thus establishing the theoretical framework necessary for the sub-
sequent methodological development.

33
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2.1 Gene Expression and Regulatory Mechanisms

The study of gene expression and its regulatory mechanisms is fundamental to
understanding how cells control protein production and respond to various stim-
uli [27]. Gene expression does not occur in isolation; rather, it is regulated by
complex interactions between multiple genes and transcription factors, giving
rise to gene regulatory networks (GRNs) [28]. Moreover, genes that exhibit
similar expression patterns under certain conditions may be functionally related,
which has motivated the analysis of gene co-expression as a tool to identify func-
tional modules in expression data [29]. This section presents the fundamental
concepts of gene expression, GRNs, and co-expression, providing the necessary
context to subsequently understand the computational approaches used in their
study.

2.1.1 Fundamentals of Gene Expression

Gene expression is defined as the process by which the information contained
in DNA is used to build proteins or to generate non-coding RNA molecules with
other functionalities [[27]]. The expression of a gene can vary depending on the
cell type [30], environmental conditions [[31], and the stage of the cell cycle
[32], making it a dynamic and highly complex mechanism.

Gene expression encompasses the central dogma of molecular biology [33]].
Therefore, the first step in gene expression is the transcription process carried
out by RNA polymerase, an enzyme that copies the DNA sequence into a mes-
senger RNA (mRNA) molecule. This mRNA acts as an intermediary, transporting
the genetic information from the nucleus to the cytoplasm. In the cytoplasm,
the mRNA associates with ribosomes, where the translation process takes place.
During translation, the mRNA is read in codons, sequences of three nucleotides
that code for specific amino acids. Ribosomes facilitate the linking of these amino
acids in the sequence determined by the mRNA, with the help of transfer RNA
(tRNA), which carries the appropriate amino acids and incorporates them into
the growing polypeptide chain. This process results in the synthesis of functional
proteins, essential for the development and maintenance of the cell [34]].

The regulation of this process is complex and enables cells to control which
genes are activated or repressed at any given time. Although there are multiple
regulatory mechanisms, one of the most relevant is the action of gene prod-
ucts on other genes [35]]. Transcription factors, which are proteins encoded by
specific genes, can bind to regulatory DNA sequences such as promoters and
enhancers to activate or inhibit the transcription of other genes [36]. The fact
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Figure 2.1: Biological basis of a gene regulatory network. The left part shows the molec-
ular mechanisms that give rise to a gene regulatory network. Each gene (colored boxes)
is transcribed into a messenger RNA (mRNA) molecule, which is then translated into a
protein. Some of these proteins act as transcription factors (TFs), capable of binding to
specific DNA sequences to modulate (activate or repress) the expression of other genes.
The right part represents the resulting gene regulatory network, a computational ab-
straction where the nodes (G1-G4) correspond to genes and the directed edges indicate
regulatory relationships between them.

-

that more than 5% of our genes are predicted to encode transcription factors
underscores the importance of this family of proteins in biology [[37]. Never-
theless, it is worth mentioning that gene expression can also be influenced by
epigenetic modifications, which alter the accessibility of DNA without modifying
its sequence [|38]].

Precise control over the production of RNA molecules and proteins is fun-
damental for development, cellular differentiation, and organismal homeostasis
[27]. Alterations in this process can lead to pathologies such as cancer [|39, 40]
or other diseases [[41], highlighting the importance of its study in biomedicine
and biotechnology.

2.1.2 Gene Regulatory Networks (GRNs)

Gene regulatory networks (GRNs) [28] represent the set of functional interac-
tions through which certain genes regulate the expression of others (see Figure
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2.1). These networks enable the precise coordination of gene activity in funda-
mental processes such as development, cellular differentiation, and response to
environmental stimuli [42].

A GRN consists of three key elements: regulator genes, target genes, and
regulatory connections. A regulator gene (source) is one whose activity affects
the expression of another gene (target), establishing an influence relationship
within the network. The connections between them can be described through
three fundamental properties:

* Directionality: The interactions are directed, which means that a regulator
gene affects a target gene in a unidirectional relationship.

» Sign: The connections can be activating or repressing. An activator regu-
lator promotes the transcription of the target gene, while a repressor regu-
lator inhibits it.

* Intensity: The magnitude of regulation varies, reflecting the strength of
the regulator’s effect on its target gene. This intensity can depend on fac-
tors such as the concentration of the regulator, the binding affinity to the
promoter region, and the presence of additional cellular signals.

GRNs are commonly represented as directed graphs, where the nodes cor-
respond to genes and the edges indicate regulatory interactions [43]]. In these
graphs, the edges can carry additional labels to specify the sign (activation or
repression) or be weighted to reflect the intensity of the regulation. Structural
analysis of these networks has enabled the identification of topological features
[[44, 45] and regulatory motifs [46} 47]] that play a key role in the stability and
plasticity of gene expression [48].

Understanding GRNs is essential for unraveling the underlying molecular
mechanisms in numerous biological processes. Alterations in these networks can
lead to gene dysregulation, contributing to diseases such as cancer or metabolic
disorders [49]]. Thanks to advances in bioinformatics and network inference
methods, it is now possible to model these interactions from gene expression
data [9, 50, 11], providing key information for systems biology and personal-
ized medicine [3, |4].

2.1.3 Gene Co-Expression

Gene co-expression refers to the phenomenon in which two or more genes ex-
hibit similar expression patterns across different experimental conditions, tis-
sues, or cellular states [51]. Unlike direct regulation in a gene regulatory net-
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Figure 2.2: Conceptual representation of gene co-expression. On the left, the expression
profiles of different genes are shown, captured under various experimental conditions
or over time. When two or more genes exhibit similar patterns, such as a simultaneous
increase or decrease in their activity, they are considered co-expressed. On the right,
it is illustrated how these genes tend to be regulated by common factors, suggesting a
possible functional coordination within the biological system.

work (GRN), where one gene actively regulates the expression of another, co-
expression does not imply a causal relationship, but rather a correlation in the
transcriptional activity of the involved genes (see Figure [2.2)). This phenomenon
can reflect the action of a shared regulator, participation in the same biological
pathway, or a structural proximity within the chromatin [52].

The identification of functional modules from co-expression data has been
widely used in systems biology [53}/54]. Grouping genes with similar expression
profiles allows for the inference of functional relationships, the identification of
new biological pathways, and the prediction of unknown gene functions [55].
This approach is particularly useful in the study of complex diseases, where dis-
ruptions in the co-expression of certain genes may be associated with patholo-
gies [56]. Computational methods such as biclustering make it possible to detect
groups of co-expressed genes within specific subsets of conditions, providing a
more detailed view of the underlying biological processes [57,|58].
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2.2 Computational Foundations for Optimization

The formulation of problems as optimization tasks has proven to be an effective
strategy in a wide range of bioinformatics domains, from omics sciences to drug
design or disease diagnosis [59]. In these contexts, the goal is to find solutions
that maximize or minimize certain criteria, represented through objective func-
tions. This approach has led to the development of numerous computational
methods capable of addressing highly complex problems [60]], especially when
the solution space is large or presents constraints that are difficult to satisfy using
analytical techniques. This section introduces the fundamentals of optimization,
as well as the main methods used for its resolution, providing the necessary foun-
dation to understand evolutionary approaches and their application to inference
and analysis tasks in computational biology.

2.2.1 Fundamentals of Optimization

Optimization focuses on finding the global extreme (maximum or minimum) of
a function defined mathematically within a region of interest [61]]. Given a set
of feasible solutions S and an objective function f : S — R that assigns a scalar
value to each solution, the optimization problem consists of finding an element
x* € S that optimizes f(x).

In the case of minimization, this problem can be expressed as shown in Equa-

tion (2.1):
f@a") < f@), Vres, @2.1)

whereas the maximization counterpart is formulated in Equation (2.2)):

f(z*) > flz), YaeSs. (2.2)

The choice between the minimization or maximization formulation depends
on the improvement criterion adopted. Moreover, in many practical scenarios
the search for z* is subject to additional constraints, which can be expressed as
equality conditions g¢;(z) = 0 or inequality conditions h;(z) < 0. These con-
straints define a feasible subset S’ C S within which the optimal solution must
be found.

The nature of the search space S allows optimization problems to be classi-
fied into different categories. If S C R", it is a continuous optimization prob-
lem, where the variables can take any real value within the allowed domain. If
S C Z", the problem is an integer optimization problem, restricting solutions
to discrete values. A particular case occurs when S C {0, 1}", which defines a
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binary optimization problem, typical in selection and assignment decisions. Fi-
nally, in heterogeneous optimization, some variables are continuous and others
are discrete, combining both domains in the search for a solution.

Depending on the structure of f(z) and the imposed constraints, different
solution methods can be applied, ranging from analytical techniques based on
derivatives to numerical algorithms and heuristics designed to tackle problems
of great computational complexity [62]].

2.2.2 Computational Methods for Optimization

Optimization problems can be solved using different computational approaches,
which differ in their ability to guarantee optimality, their computational cost,
and their applicability to different types of problems [60]. In general terms, op-
timization methods can be classified into three main categories: exact methods,
heuristic methods, and metaheuristic methods.

Exact methods [|63]] guarantee the attainment of an optimal solution when
the problem is solvable within the imposed computational limits. These meth-
ods are based on well-defined mathematical principles and can be applied to
problems with known structures. Representative examples include:

* Linear programming [64]: Solves problems in which the objective func-
tion and constraints are linear. Algorithms such as the simplex method and
mixed-integer programming are widely used in this context.

* Dynamic programming [|65]: Decomposes the problem into smaller sub-
problems, solving them recursively and storing intermediate results to avoid
redundant calculations.

* Enumeration-based methods [66]]: Strategies such as branch and bound
systematically explore the solution space to identify the best possible alter-
native.

Despite their ability to find optimal solutions, exact methods can become com-
putationally expensive in large-scale problems, where the number of feasible
solutions grows exponentially.

Heuristic methods [[67]] seek approximate solutions within reduced computa-
tional times, without guaranteeing global optimality. Their goal is to find accept-
able solutions through simplified search strategies. Some common approaches
include:

* Greedy algorithms [68]: They build a solution iteratively by choosing, at
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each step, the locally optimal option without considering the global effect
of the decision.

* Local search [[69]: Modifies an initial solution iteratively by exploring
neighboring solutions to improve solution quality.

Heuristic methods are often effective in problems where exact methods are com-
putationally infeasible, although they do not always guarantee an optimal solu-
tion.

Metaheuristic methods [[70] extend the search capabilities of heuristics through
advanced strategies for exploration and exploitation of the solution space. These
methods are designed for complex optimization problems and are often inspired
by natural processes or physical models. Some of the most commonly used ap-
proaches include:

* Evolutionary algorithms [71]: Based on the theory of evolution, they
apply selection, recombination, and mutation operators on a population
of solutions to iteratively improve their quality. Examples include genetic
algorithms and differential evolution.

* Simulated annealing [72]]: Introduces probabilistic elements into local
search to avoid getting stuck in local optima, allowing transitions to worse
solutions with a certain probability that decreases over time.

* Particle swarm optimization [|73]]: Models the search for solutions as the
collective movement of particles in the search space, guided by global and
local information.

* Ant colony optimization [74]: Simulates the behavior of ants in the
search for optimal paths, using artificial pheromones to reinforce the best
solutions found.

Unlike simple heuristic methods, metaheuristics offer a better balance between
exploration and exploitation, enabling them to reach high-quality solutions in
complex problems with large search spaces.

Each of these approaches presents advantages and limitations depending on
the problem’s structure, the dimensionality of the search space, and the com-
putational requirements. The choice of the most suitable method depends on a
trade-off between solution accuracy and the computational feasibility of obtain-
ing it.
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Figure 2.3: Pareto front in a two-dimensional multi-objective optimization problem.
The figure exemplifies a case with two objectives to minimize, f;(z) and f2(x). The
green points represent non-dominated solutions that form the Pareto front: none of
them can be improved in one objective without worsening in the other. Conversely, the
blue solutions are dominated, as there are other solutions better in at least one objective
and no worse in the others.

2.2.3 Multi-Objective Optimization

In many optimization problems, the quality of a solution is not measured by a
single criterion but by multiple objectives that may be in conflict with each other.
In these cases, the goal is not to find a single optimal solution, but rather a set
of solutions that represent different trade-offs among the competing objectives.
This type of problem falls within the scope of multi-objective optimization [75],
a natural extension of the computational optimization methods previously dis-
cussed.

Formally, a multi-objective optimization problem can be defined as shown in
Equation (2.3):

min F(z) = (fi(z), fo(z), ..., fm(2)), (2.3)

€S

where F'(x) is a vector of m objective functions that must be minimized si-
multaneously within the search space S. Unlike single-objective optimization,
where there is a single optimal solution (or a small set of equivalent solutions),
in multi-objective optimization there is not always a single solution that opti-
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mizes all functions simultaneously. Instead, the concept of Pareto dominance is
defined [|76].

A solution z* € S is said to be Pareto-optimal if there is no other solution
x € S that dominates it. Formally, the dominance condition is expressed in

Equation (2.4):
filz) < fi(z®) Vie{l,...,m}, and atleast one inequality is strict, (2.4)

which means that z is at least as good as z* in all objectives and strictly better in
at least one.

The set of all Pareto-optimal solutions forms the Pareto front [75], which
represents the boundary of solutions that cannot be improved in one objective
without worsening at least another. The task in multi-objective optimization is
not to select a single solution but to approximate this front with well-distributed
solutions that offer different compromise alternatives (see Figure [2.3)).

Computational Methods

To address these types of problems, different solution methods have been de-
veloped, which can be grouped into three main approaches [77]: aggregation-
based methods, quality indicator-based methods, and Pareto dominance-based
methods.

Aggregation-based methods [77]] combine the objective functions into a sin-
gle scalar function using weights or constraints, transforming the problem into a
traditional single-objective optimization. However, this approach requires prior
knowledge of the relative importance of each objective, which may be unfeasi-
ble or unrealistic in scenarios where the objectives are in conflict or the expert’s
preference is unknown.

Quality indicator-based methods [78] use preference functions to directly
evaluate the contribution of each solution to the quality of the population set,
avoiding the explicit use of dominance relations or the need for predefined
weights. These approaches are particularly suitable for problems with a large
number of objectives, where most solutions tend to be mutually non-dominated.
A representative example is IBEA (Indicator-Based Evolutionary Algorithm)
[[781, which employs indicators such as the e-indicator or the hypervolume to
compare pairs of solutions and assign fitness values.

Finally, Pareto dominance-based methods [|75] use dominance relations to es-
tablish a partial order among solutions, prioritizing those that are not dominated
by any other in the population. Widely used examples include:
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* NSGA-II (Non-dominated Sorting Genetic Algorithm II) [79]] is an evo-
lutionary algorithm based on non-dominated sorting. It is characterized by
its elitist strategy, the preservation of diversity through crowding distance,
and an efficient classification of solutions into Pareto fronts, reducing com-
putational complexity compared to its predecessor.

* NSGA-III (Non-dominated Sorting Genetic Algorithm III) [|80] is an ex-
tension of NSGA-II designed to handle problems with a large number of
objectives. It introduces a reference point-based scheme, which allows for
better distribution of solutions along the Pareto front and facilitates explo-
ration in high-dimensional problems.

* MOEA/D (Multi-Objective Evolutionary Algorithm based on Decompo-
sition) [81] decomposes the multi-objective problem into multiple scalar
subproblems, optimizing each independently but with information exchange
between neighboring solutions. This strategy improves convergence and
stability in the search for the Pareto front.

* MOCell (Multi-Objective Cellular Genetic Algorithm) [[82] is an evolu-
tionary algorithm based on a cellular structure where solutions evolve on
a grid of defined neighbors. This approach improves the diversity of solu-
tions and favors the exploration of the search space, avoiding premature
convergence.

* SPEA2 (Strength Pareto Evolutionary Algorithm 2) [83]] improves upon
its predecessor through an advanced archiving mechanism and a dominance-
based fitness assignment strategy. These improvements allow for the preser-
vation of non-dominated solutions and maintain an adequate distribution
on the Pareto front.

These methods make it possible to efficiently explore the search space in
problems where no prior information is available about the relationship between
the objectives, facilitating the identification of multiple optimal solutions that
can be evaluated based on external criteria to the optimization process.

Quality Indicators

The evaluation of multi-objective optimization algorithms requires quality indi-
cators that measure convergence to the true Pareto front, diversity of solutions,
and coverage of the objective space:

* Epsilon (EP) [|84]: Measures how much an approximation set needs to be
translated in the objective space in order to weakly dominate a reference
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Pareto front. It captures the worst-case approximation error and is Pareto
compliant.

* Generational Distance (GD) [85]: Computes the average distance from
each solution in the approximation set to the nearest point in the refer-
ence Pareto front. It quantifies how close the obtained solutions are to the
optimal front, focusing on convergence.

* PISAHypervolume (HV) [86]: Calculates the volume of the objective space
dominated by the approximation set and bounded by a reference point. It
simultaneously reflects convergence and diversity, and is the only known
unary Pareto-compliant indicator.

* Inverted Generational Distance (IGD) [85]: Computes the average dis-
tance from each point in a reference Pareto front to the closest solution
in the approximation set. Unlike GD, it emphasizes both convergence and
diversity, as all regions of the Pareto front must be well represented.

e Inverted Generational Distance Plus (IGD+) [|87]: A modification of IGD
that considers Pareto dominance when computing distances, avoiding mis-
leading evaluations where dominated sets appear superior. IGD+ is weakly
Pareto compliant and more reliable than IGD for performance comparisons.

» Spread (SP) [79]: Evaluates the extent of distribution of solutions along
the Pareto front by measuring the range and uniformity of spacing. It com-
plements convergence indicators by quantifying diversity.

These indicators provide complementary perspectives and are widely adopted
in evolutionary multi-objective optimization, allowing a rigorous assessment of
algorithmic performance.

2.2.4 Evolutionary Ensemble Learning

Ensemble learning is a machine learning technique that combines multiple base
models with the goal of improving overall performance in classification, regres-
sion, or clustering tasks [88]]. Instead of relying on a single model, an ensemble
of models is trained and their predictions are aggregated using techniques such
as majority voting, weighted averaging, or rule-based combination. This strat-
egy often leads to more robust, generalizable, and accurate solutions, mitigating
overfitting and leveraging the diversity among models.

When evolutionary algorithms are integrated into this context, the result is
known as evolutionary ensemble learning, an approach that employs evolution-
ary processes to optimize different aspects of the ensemble, such as the selection
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Figure 2.4: General schematic of an evolutionary ensemble learning approach. Start-
ing from a dataset, multiple base models are trained and used as components to build
the individuals of the population. Each individual represents a specific combination of
models, combining them in different ways or even taking different configurations of the
same models. These individuals are evaluated based on their performance and undergo
an evolutionary process with selection, crossover, and mutation operators, which en-
ables the generation of new combinations and progressively improves the quality of the
ensemble.

of base models, weight assignment, generation of diversity, or combination of
predictions [89]. Instead of building the ensemble statically, evolutionary algo-
rithms allow the exploration of the space of possible model combinations, adapt-
ing the structure of the ensemble to the characteristics of the problem and the
available data (see Figure [2.4).

This integration is especially advantageous in complex problems, where in-
dividual models exhibit heterogeneous behaviors and their performance varies
significantly across different data subsets. In these contexts, there is no single
model that consistently offers high performance, and the diversity of available
approaches can be both an opportunity and a challenge. Choosing a specific
model becomes a non-trivial task, particularly when the specialization of the var-
ious models is unknown and does not allow for prior identification of which one
will be the most suitable for a given dataset. Evolutionary ensemble learning
delegates this responsibility to an evolutionary process that adaptively selects,
combines, and adjusts models, exploring multiple combinations and leveraging
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those that best fit the particularities of the problem.

2.3 Computational Methods for Gene Expression Anal-
ysis

This section describes the computational methods developed to address two fun-
damental tasks in gene expression analysis: the inference of gene regulatory
networks and the detection of co-expression patterns through biclustering. Both
approaches enable the modeling of different aspects of the functional organiza-
tion of the transcriptome based on expression data.

2.3.1 Inference of Gene Regulatory Networks

The inference of gene regulatory networks (GRNs) consists of reconstructing,
from gene expression data, a model that describes the regulatory interactions
between genes (see Section [[90]. Given a set of expression profiles mea-
sured under different conditions, tissues, or time points, the goal is to identify
which genes regulate the activity of others, and under which mechanisms or de-
pendencies these relationships manifest. This task enables the representation of
the dynamics of the gene system as a directed network, where the nodes corre-
spond to genes and the edges indicate regulatory interactions [43].

The inference process is based on the hypothesis that statistical dependen-
cies between profiles may reflect underlying functional relationships [91]. Con-
sequently, GRN inference is based on extracting dependency structures between
variables from high-dimensional numerical data. These data usually represent
the relative abundance of messenger RNA for each gene under different condi-
tions and are typically organized in matrices where the rows correspond to genes
and the columns to experimental conditions [92, 93].

Various computational approaches have been proposed for this task [17]],
among which three main approaches can be highlighted:

* Correlation-based methods: These methods infer regulatory relationships
by analyzing the degree of association between gene expression profiles,
using metrics such as Pearson correlation, Spearman correlation, or mu-
tual information [94, 95]. Their main advantage lies in their conceptual
simplicity and the low amount of data they require, which explains their
widespread adoption. However, as they rely on symmetric measures, they
tend to generate undirected networks and include indirect correlations,
which can reduce the model’s precision. To address this issue, strategies to
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eliminate redundant or indirect relationships are commonly applied before
building the final network [96].

* Model-based methods: This approach is based on defining a mathemati-
cal or probabilistic model that represents the dynamics of gene expression,
such as Bayesian networks or differential equations [97, 98]]. The parame-
ters of the model are then fitted to infer the underlying regulatory network.
The choice of model depends on the type of available data, and proper op-
timization is essential to obtain an accurate representation of gene inter-
actions. These methods can incorporate temporal information and capture
complex relationships between genes, although they often require more
data and computational resources.

* Machine learning-based methods: These methods reformulate the in-
ference of regulatory networks as a classification or regression problem
[9, 501, using feature selection techniques to identify the most relevant
regulatory genes for each target gene. Models are trained with the gene
expression data to estimate the importance of each potential relationship,
and then the network is built based on these scores. The choice of algo-
rithm depends on the specific requirements, such as network directionality
or computational complexity, and its accuracy depends both on the model
assumptions and the implementation details.

The inference of GRNs presents various challenges that hinder the reliable re-
construction of networks. One of the main problems is the detection of indirect
relationships, where two genes appear to be related due to a common regulator
not explicitly considered [96]. Another significant challenge is the experimen-
tal noise present in expression data, which can arise from biological variability,
measurement errors, or uncontrolled conditions, affecting the robustness of the
methods [[18]. Additionally, the high dimensionality typical of omics data, where
the number of genes far exceeds the number of experimental conditions, intro-
duces overfitting problems and necessitates the use of regularization or feature
selection techniques [99].

Beyond these data-inherent challenges, there are also limitations associated
with the inference tools themselves. On the one hand, the available methods of-
ten produce disparate results, making it difficult to validate the inferred networks
and raising concerns about their reliability [[15]. On the other hand, many tech-
niques have domains of specialization, offering high performance only on certain
datasets while their efficacy diminishes significantly on others [[16]. This sensi-
tivity is related to structural properties of the networks, such as their density,
modularity, or degree distribution, which are unknown a priori in real scenar-
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ios, complicating the initial choice of an appropriate method by the researcher.
Finally, it should be noted that a large proportion of existing approaches focus
on the mathematical optimization of the model, often neglecting the biological
characteristics inherent to this type of network [17].

Despite these limitations, advances in computational methods and the devel-
opment of robust ensemble-based approaches (see Section [2.2.4)) promise signif-
icant progress in gene network inference. This makes GRN inference an active
research field, in which experimental biological validation remains essential to
confirm the in silico predictions obtained.

2.3.2 Co-Expression Detection via Biclustering

The analysis of gene co-expression aims to identify sets of genes that exhibit
similar expression patterns under certain experimental conditions (see Section
[2.1.3). One of the most widely used techniques for this purpose is biclustering,
an extension of traditional clustering analysis that allows for the detection of
local coherences in gene expression data [57].

Unlike traditional clustering, which groups only rows (genes) or columns
(conditions) based on their global similarity, biclustering identifies subsets of
genes that are correlated only under a specific subset of conditions [[100, [101]].
In other words, each bicluster represents a submatrix of the dataset where the
included genes exhibit a coherent expression pattern limited to a particular sub-
set of columns. This approach enables the capture of relationships that would
not be detectable through classical clustering, especially when the correlations
are contextual or conditional.

A fundamental aspect in biclustering is the type of pattern that one aims
to identify [[102]. The ability of an algorithm to identify one type of pattern or
another depends on both the underlying mathematical model and the evaluation
metric used. Algorithms can be oriented to detect:

¢ Constant values: all elements of the bicluster have similar values.

* Constant values by row or by column: variation is allowed in one of the
two dimensions, while maintaining constancy in the other.

* Coherent values: coherence exists in both dimensions, according to mod-
els that are additive, multiplicative, or combined (additive-multiplicative).

* Coherent evolutions: these reflect shared trends (for example, genes that
are activated or deactivated in parallel), without requiring exact matching
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Figure 2.5: Examples of structural patterns detectable through biclustering. Each matrix
shows a different type of pattern that can appear in subsets of rows and columns within
a data matrix. From left to right: constant bicluster (all values are equal), constant rows
(each row has a constant value), constant columns (each column maintains its con-
stant value), additive coherence (values follow an additive pattern between rows and
columns), and multiplicative coherence (values vary following a proportional relation-
ship). These patterns reflect different types of relationships that biclustering algorithms
aim to identify in the data.

of expression levels. This more flexible approach makes it possible to cap-
ture relevant biological relationships even when the magnitudes differ, as
long as the relative trajectories are preserved.

Figure illustrates some of the main patterns that conventional biclustering
algorithms typically detect in data matrices.

Another key dimension in the design of biclustering algorithms is the struc-
ture of the biclusters with respect to the original matrix [57]. This can be ana-
lyzed from two main perspectives:

* QOverlap:

— No overlap: neither rows nor columns can belong to more than one
bicluster.

— Row overlap: a column can belong to only one bicluster, but rows
may overlap.

— Column overlap: a row can belong to only one bicluster, but columns
may overlap.

— Total overlap: both rows and columns can belong to multiple biclus-
ters.

¢ Coverage:

- Partial coverage: both rows and columns may remain outside any
bicluster.
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Figure 2.6: Possible combinations of coverage and overlap between biclusters. The fig-
ure shows the different scenarios that can arise in a biclustering solution according to
the degree of coverage (partial or total) and the presence or absence of overlap between
biclusters, whether in rows, columns, or both dimensions. These combinations deter-
mine the structural constraints that a biclustering algorithm may or may not allow, and
directly affect the complexity of the problem and the interpretation of the results.

— Row coverage: all rows must be covered, but some columns may
remain outside.

— Column coverage: all columns must be covered, but some rows may
remain outside.

— Total coverage: all rows and columns must be covered by at least one
bicluster.

Figure[2.6|illustrates the different structural configurations that biclusters can
adopt based on their coverage and the degree of overlap allowed.

Some algorithms control overlap explicitly through penalties, thresholds, or
selection mechanisms. Others allow free overlap or restrict it to a single dimen-
sion (for example, allowing overlap among conditions but not among genes).
The assumed or allowed structure directly influences the type of solutions an
algorithm can provide and must be considered when selecting the most suitable
biclustering strategy.
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From a computational standpoint, biclustering strategies can be organized
into two broad categories depending on whether the search is guided by an
explicit evaluation measure or not [57]:

* Evaluation measure-based algorithms: these methods use explicit objec-
tive functions that quantify the quality of the biclusters generated during
the search process. Since the problem is NP-complete [102], these func-
tions are usually optimized using heuristics or metaheuristics (see Section

2.2.2). The main subcategories are:

— Iterative greedy search: incrementally build biclusters by applying
locally optimal decisions. They use sequential coverage heuristics,
selection based on marginal gain, or improvements in metrics such as
variance or homogeneity. Although they do not guarantee optimality,
they usually provide fast results with low computational cost [[101,
103}, |104].

— Stochastic search: introduce random components into the iterative
process to escape local optima. These strategies combine determinis-
tic decisions with probabilistic moves, and may include perturbation
phases, acceptance of worse solutions, or controlled random restarts
[[105, 106, 107].

— Nature-inspired metaheuristics: simulate natural processes to effi-
ciently explore the solution space. They include evolutionary algo-
rithms, simulated annealing, particle swarm optimization, artificial
immune systems, among others. These methods are particularly well-
suited to finding multiple high-quality biclusters in complex and mul-
timodal search spaces [108,|109,(110].

— Clustering-based approaches: combine classical one-dimensional clus-
tering algorithms (genes or conditions) with complementary strate-
gies that allow the clustering to be extended to the second dimension.
In some cases, they rely on dimensionality reduction techniques fol-
lowed by hierarchical or partition-based clustering [[111, [112].

* Non-evaluation measure-based algorithms: in this group, the search for
biclusters is not guided by an explicit quality function. Instead, they use
probabilistic models, graphical representations, or algebraic transforma-
tions to define and extract relevant structures. The main strategies are:

— Probabilistic models: model the data as realizations of random vari-
ables with certain dependencies. Techniques such as Bayesian sam-
pling, generative models, or statistical inference are used to identify
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structured subsets in the data. These strategies allow the incorpora-
tion of prior knowledge, handling of uncertainty, and extensions to
contextual information [113, 114, 12].

— Graph-based approaches: represent the expression matrix as a bipar-
tite graph or multigraph, where the nodes are genes and conditions,
and the edges indicate relevant relationships. Biclusters are identified
as dense or heavy subgraphs according to some structural or statistical
criterion [|115}, /116, (117].

— Linear algebra and factorization: use techniques such as singular
value decomposition (SVD), non-negative matrix factorization (NMF),
or iterative methods to identify local structures in the expression ma-
trix. These approaches offer a geometric interpretation of biclustering
and enable the discovery of non-trivial patterns [118,(13,/119].

— Row and column reordering: reorganize the expression matrix through
optimal permutations that reveal coherent submatrices. Strategies in-
clude orderings based on probabilistic models or formulations of clas-
sical combinatorial problems such as the traveling salesman problem
(120} [121].

Each of these strategies presents advantages and limitations depending on
the type of patterns sought (constant, additive, multiplicative, evolutionary), the
permitted structure (overlap, exhaustiveness), and the computational require-
ments. The variety of existing approaches reflects the richness of the problem
and its relevance in the analysis of gene expression data.

However, biclustering also presents a number of inherent challenges. Firstly,
the search for coherent submatrices is a combinatorial problem that grows ex-
ponentially with the size of the data, making its exact resolution difficult [102].
Moreover, existing methods must contend with the presence of noise in the data
and high dimensionality, which complicates the identification of robust patterns
[122]. There is also a great diversity of coherence criteria, such as correlation,
profile similarity, or absolute constancy, which has led to a wide variety of algo-
rithms and complicates their comparison [19]. Finally, the biological validation
of the extracted biclusters requires establishing their functional relevance and
interpreting them in an experimental context, which usually involves the use of
external knowledge bases and functional annotation tools [[123].

Although many of these algorithms are specifically designed to work with
gene expression data, their foundations are primarily mathematical and statis-
tical, without explicitly incorporating biological domain knowledge [101]]. This
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disconnection can limit the ability of the methods to capture functionally rel-
evant patterns, thus complicating their biological interpretation and reducing
their applicability in real-world genomic analysis contexts. Additionally, most
algorithms do not converge to an optimal number of biclusters automatically,
instead delegating this decision to the researcher [124, |125} [113]], who must
define this parameter a priori or determine it from multiple runs, introducing an
additional degree of subjectivity and complexity into the analytical process.

Finally, it is worth emphasizing that biclustering constitutes a fundamental
tool in the exploratory analysis of transcriptomic data, offering a more nuanced
view of the functional organization of the transcriptome compared to global clus-
tering approaches.
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Chapter 3

State of the art

This chapter provides an in-depth review of the state of the art related to the
two fundamental methodological pillars of this thesis: gene regulatory network
inference and gene co-expression biclustering. Both problems have been exten-
sively addressed in the literature through a variety of approaches, which differ
in their theoretical foundations, objectives, and practical limitations. The aim of
this review is to identify the main research trends, critically compare their most
representative proposals, and delineate the methodological space in which this
thesis is positioned.

First, the different techniques used to infer gene regulatory networks from
expression data are analyzed, ranging from individual methods to consensus-
based approaches. Next, the strategies applied in co-expression biclustering are
explored, distinguishing between conventional methods and those based on evo-
lutionary algorithms, with particular attention to the encodings used and their
ability to represent complete solutions to the problem. This review not only
contextualizes the contribution of this thesis in relation to previous work, but
also highlights current gaps and opportunities for improvement that motivate its
development.
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3.1 Gene Regulatory Networks Inference

Multiple methodologies exist for inferring gene regulatory networks from ex-
pression data. As explained in Section this task has been approached from
very diverse perspectives, resulting in an ecosystem of techniques with different
foundations and assumptions [[17]. This methodological heterogeneity has led
to significant variability in the results obtained, making it difficult to validate
the inferred networks and creating uncertainty about which approach is most
appropriate in each scenario.

As a result of these limitations, and in the absence of a clear consensus on a
dominant technique, more robust proposals have emerged that integrate multi-
ple strategies. These consensus approaches aim to leverage the complementary
strengths of individual methods to improve the accuracy, stability, and reliability
of the resulting networks. This section reviews both the main individual tech-
niques and the methods that combine their predictions.

3.1.1 Individual techniques

Below are some of the main individual techniques used to infer gene regula-
tory networks from expression data. These methodologies tackle the problem
from various theoretical and computational perspectives, applying criteria such
as statistical dependency, mathematical modeling, or machine learning to iden-
tify regulatory relationships between genes:

* ARACNE (Algorithm for the Reconstruction of Accurate Cellular NEtworks)
[96]: It employs an information-theoretic approach for the reverse engi-
neering of transcriptional networks from microarray data. Initially, ARACNE
identifies candidate interactions by estimating the mutual information (MI)
between pairs of gene expression profiles, applying a statistical significance
threshold to retain only the strongest associations. Subsequently, the algo-
rithm applies the Data Processing Inequality (DPI) to remove most indirect
interactions. Specifically, for each triplet of genes where all pairwise MI
values exceed the threshold, ARACNE eliminates the edge with the small-
est MI value, assuming it represents an indirect interaction. This method is
designed to scale to the complexity of regulatory networks in mammalian
cells, with a computational complexity of O(N? + N2M?), where N is the
number of genes and M is the number of samples.

* BC3NET (Bagging C3NET) [126]: It is based on the bootstrap aggregation
(bagging) technique applied to the C3NET algorithm [127]]. The BC3NET
process involves generating an ensemble of independent bootstrap datasets
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from the original dataset. For each of these bootstrap datasets, a network
is inferred using the C3NET algorithm. These inferred networks are then
aggregated to form a weighted network, where edge weights represent the
frequency with which a connection between a pair of genes appears across
the ensemble of networks. Finally, statistical hypothesis testing is applied
to these edge weights to determine the significance of the connections,
thus eliminating the need for manually selecting a threshold. The com-
putational complexity of BC3NET is O(B|n?), where B is the number of
bootstraps and n is the number of genes. This ensemble approach aims to
reduce the variance of the estimates and address issues such as noise and
outliers in expression data.

* C3NET (Conservative Causal Core NETwork) [[127]: This algorithm is based
on the estimation of mutual information (MI) values combined with a max-
imization step to efficiently exploit causal structural information in the
data. The algorithm begins by removing non-significant connections be-
tween pairs of genes through statistical significance testing of the MI val-
ues. Then, for each gene, it identifies the connection to its neighbor with
the highest mutual information value. Finally, it constructs an adjacency
matrix where a connection is established if the maximum MI value for a
given gene corresponds to another gene. The computational complexity
of C3NET is O(n?), where n is the number of genes, making it one of the
fastest algorithms. The C3NET approach focuses on inferring the “conser-
vative causal core” of the network, that is, the strongest interactions, rather
than the full network.

* CLR (Context Likelihood or Relatedness network) [94]: This algorithm
infers transcriptional regulatory networks based on an extension of the rel-
evance network approach. Like relevance networks, CLR uses mutual in-
formation (MI) to quantify the similarity between gene expression profiles,
where a high MI suggests a potential regulatory interaction. The key inno-
vation of CLR lies in its adaptive background correction step. After comput-
ing the MI for all possible regulator—target gene pairs, CLR estimates the
statistical significance of each MI value within its network context. This is
achieved by comparing the MI of a specific pair to the distribution of MI
values for all other pairs involving the same regulator or the same target
gene. The most likely interactions are those whose MI values lie signifi-
cantly above these background distributions, allowing many spurious cor-
relations and indirect influences to be filtered out. The algorithm computes
a joint significance score based on the z-scores of the pairwise MI relative
to the marginal MI distributions for each individual gene.
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e CMI2NI (Conditional Mutual Inclusivity principle-based Network Inference)

[95]: This method uses the concept of conditional mutual inclusive infor-
mation (CMI2) to quantify causal associations between genes, aiming to
overcome the common issues of mutual information (MI) overestimation
and conditional mutual information (CMI) underestimation. CMI2 is de-
fined as the average Kullback-Leibler (KL) divergence [|128] between the
joint probability distribution of three variables (two genes and a condition-
ing variable) and the interventional probability distributions obtained by
removing the edge in each direction. For GRN inference, CMI2NI com-
bines CMI2 with the path-consistency (PC) algorithm to eliminate indirect
regulations from an initially complete graph. The algorithm starts by gen-
erating a fully connected graph and then recursively removes edges with
low initial MI values and subsequent low-order CMI2 values. CMI2 is effi-
ciently computed under the assumption of a Gaussian distribution for gene
expression data using covariance matrices.

GENIE3 (GEne Network Inference with Ensemble of trees) [9]]: This method
decomposes the prediction of a regulatory network among p genes into p
different regression problems. In each of these problems, the expression
pattern of one gene (the target gene) is predicted from the expression pat-
terns of all other genes (input genes), using tree-based ensemble methods
such as Random Forests (GENIE3_RF) or Extra-Trees (GENIE3_ET). The
importance of an input gene in predicting the expression pattern of the
target gene is taken as an indication of a potential regulatory link. These
potential regulatory links are then aggregated across all genes to produce
a ranking of interactions, from which the full network is reconstructed.
GENIE3 makes no assumptions about the nature of gene regulation, can
handle combinatorial and non-linear interactions, produces directed GRNs,
and is fast and scalable. Its computational complexity is on the order of
O(pT KN log N), where p is the number of genes, T is the number of trees,
N is the training sample size, and K is a main parameter of the tree-based
methods.

GRNBOOST2 (Gene Regulatory Network inference using gradient BOOST-
ing) [129]: This is an efficient algorithm for gene regulatory network
(GRN) inference that uses gradient boosting and builds upon the GENIE3
architecture. Like GENIE3, it belongs to the class of regression-based GRN
inference methods. For each gene in the dataset, a tree-based regression
model is trained to predict its expression profile using the expression val-
ues of a set of candidate transcription factors (TFs). Each model produces
a partial GRN with regulatory associations from the most predictive TFs
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toward the target gene. All regulatory associations are then aggregated
and ranked by importance to generate the final GRN output. GRNBoost2
employs a regularized stochastic variant of gradient boosting machines
(GBMs), equipped with a heuristic early stopping strategy based on out-
of-bag improvement estimates. This early stopping is triggered when the
average of the last n improvement values falls below zero. GRNBoost2 is
implemented within the Arboreto frameworK?, which leverages Dask [[130]]
for parallel computation, allowing the inference process to scale to large
datasets. The independence of the regression tasks for each target gene
makes the algorithm highly parallelizable. GRNBoost2 stands out for its
efficiency, using shallower decision trees and building significantly fewer
trees than GENIE3, thanks to the bias-reducing effect of gradient boosting
and the early stopping mechanism.

* GRNVBEM (Gene Regulatory Network inference using Variational Bayesian
Expectation-Maximization algorithm) [[131]]: This method performs gene
regulatory network (GRN) inference from time-series and pseudotime data
by employing a first-order autoregressive moving average model (AR1MA1)
to capture noisy gene expression dynamics. Computationally, the method
relies on a variational Bayesian expectation-maximization (VBEM) frame-
work to infer the GRN. Within this framework, the binary variables describ-
ing the network topology are treated as latent variables. VBEM optimizes
a free-form distribution over the latent variables and model parameters
to approximate the posterior distribution by maximizing a lower bound of
the marginal log-likelihood. To enable an analytical solution, GRNVBEM
adopts a conjugate model with Gaussian priors over the latent variables
and a scaled Inverse-Gamma distribution for the parameters. Due to the
complexity of computing the marginal likelihood, a fixed-point approxima-
tion for the variance scale is used, based on the MAP estimates of the latent
variables and the weights learned in previous VBEM iterations. The infer-
ence process involves the sequential application of learning rules to update
the posterior hyperparameters until a convergence criterion is met.

* INFERELATOR (regression and variable selection to identify transcriptional
influences on genes) [[10]: This method integrates genomic annotation
information and gene expression data, both from steady-state and time-
series conditions, to identify transcriptional influences on genes. Inferela-
tor uses regression and variable selection techniques, specifically L1 re-
gression (LASSO), to produce parsimonious and predictive models. As
a preprocessing step prior to network inference, the algorithm may em-

Available at https://arboreto.readthedocs.io/


https://arboreto.readthedocs.io/

60

3.1. GENE REGULATORY NETWORKS INFERENCE

ploy an integrated biclustering method called cMonkey to group genes and
conditions based on coherence in expression data, co-occurrence of cis-
regulatory motifs, and functional associations, with the aim of identifying
putatively co-regulated gene modules. Inferelator also models interactions
between transcription factors (TFs) and environmental factors by incorpo-
rating functions of the minimum of two variables into the regression design
matrix. The selection of the optimal model for each gene or bicluster is per-
formed using cross-validation (CV) to choose the L1 shrinkage parameter
that minimizes the prediction error.

JUMP3 (jump trees) [50]: Hybrid approach for the inference of gene reg-
ulatory networks (GRNs), combining a dynamic model of gene expression
with a non-parametric decision tree-based method to reconstruct the net-
work topology. Jump3 relies on a formal on/off model of gene expression,
where the transcription rate of a gene switches between two levels de-
pending on whether its promoter is active or inactive. For each target gene,
Jump3 learns a model in the form of an ensemble of decision trees, referred
to as jump trees, which predict the promoter state at any given time based
on the expression levels of potential regulators at that same moment. The
construction of each jump tree is performed greedily in a top-down man-
ner, partitioning the set of time points based on tests over the expression
levels of candidate regulators. Unlike standard decision trees, which split
data by minimizing the entropy of the output variable, jump trees split by
maximizing the likelihood of the gene expression observations, using the
marginal likelihood of the node’s dynamic model as the splitting criterion.
To prevent overfitting, Jump3 builds an ensemble of such jump trees using
an adaptation of the Extra-Trees procedure, which randomizes the test at
each decision node. Finally, an importance score is derived for each candi-
date regulator, quantifying its relevance for predicting the promoter state
of the target gene, based on the increase in likelihood produced by splits
in the trees where the regulator is involved.

KBOOST (kernel PCA regression and gradient boosting to reconstruct gene
regulatory networks) [[132]]: Method for fast and scalable inference of gene
regulatory networks (GRNs) that employs a combination of kernel princi-
pal component regression (KPCR), boosting, and Bayesian model averag-
ing (BMA). The algorithm takes gene expression data as input, optionally
including prior TF-target interactions, and for each gene builds a predictive
model based on the kernel principal components (KPCs) of the expression
of subsets of transcription factors (TFs), using an RBF kernel function to
capture nonlinear relationships. Through a gradient boosting process with
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greedy model selection, KBoost constructs an ensemble of KPC-based mod-
els by iteratively selecting the TFs with the highest posterior distributions
to predict gene expression and its residuals. Finally, the posterior probabil-
ities of the explored models are combined using BMA to estimate the GRN,
allowing the incorporation of prior knowledge as a Bayesian prior. KBoost
has shown competitive performance and significantly faster runtimes com-
pared to other GRN inference methods.

* LEAP (Lag-based Expression Association for Pseudotime-series) [133]: Al-
gorithmic technique designed to construct gene networks from single-cell
RNA sequencing (scRNA-Seq) data, taking into account potential time de-
lays. Unlike methods based on simultaneous correlation, LEAP uses the
estimated pseudotime of cells to order them along a temporal trajectory. It
then computes the maximum correlation between the expression of gene
pairs by considering different time windows with possible lags. This max-
imum correlation is used as a measure of co-expression strength, allow-
ing LEAP to capture directional and potentially regulatory relationships
between genes that might be overlooked by methods that only consider
simultaneous associations. The algorithm also includes a function to esti-
mate the false discovery rate (FDR) in order to assess the statistical signifi-
cance of the detected associations.

* LOC-PCA-CMI (Local Path Consistency Algorithm based on Conditional
Mutual Information) [134]: Method for inferring the structure of GRNs
that follows a divide-and-conquer strategy. Initially, the method identifies
overlapping local clusters of genes based on the top n highly co-expressed
edges, determined through Pearson correlation analysis with false discov-
ery rate (FDR) correction. Then, for each local cluster, the PCA-CMI al-
gorithm [[11] is applied to infer the structure of the local subnetwork by
repeatedly removing uncorrelated edges, from low- to high-order depen-
dencies. Finally, the global structure of the GRN is obtained by assembling
the inferred local network structures, averaging the edge weights. This
approach enables Loc-PCA-CMI to handle relatively large datasets while
benefiting from the accurate structure inference provided by PCA-CMI on
small gene subnetworks.

* MEOMI (Mixed Entropy Optimizing context-related likelihood Mutual In-
formation) [135]: Method for GRN construction based on the computation
of mutual information through the combination of James-Stein entropy
estimation [|136]] and Bayesian estimation with a Dirichlet prior distribu-
tion [[137]. A context-related likelihood algorithm (based on CLR [94])
is then applied to optimize the mutual information matrix, obtaining an
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initial network by eliminating indirect relationships. This network is it-
eratively refined by computing conditional inclusive mutual information
(CMI2), which considers the influence of multiple genes, and by applying
a path consistency algorithm with dynamic thresholds to progressively re-
move redundant edges. This process leads to a more accurate final GRN.
MEOMI aims to overcome the limitations of mutual information and condi-
tional mutual information in order to infer direct regulatory relationships
with greater accuracy.

MRNET (Minimum Redundancy NETworks) [138]]: Computational method
for inferring gene networks from microarray data, based on the maxi-
mum relevance/minimum redundancy (MRMR) principle, an information-
theoretic feature selection technique. MRNET extends this feature selection
principle to networks in order to infer dependency relationships between
genes. The MRNET strategy formulates the network inference problem as
a series of supervised gene selection procedures, where each gene plays
the role of a target output. For each target gene, the MRMR principle is
applied to select a set of genes that have high mutual information with
the target (maximum relevance) and are mutually minimally redundant.
For each gene pair Xi, Xj, MRMR returns two scores, and the score for the
pair is computed by taking the maximum of these two values. A connec-
tion between Xi and Xj is inferred if this score exceeds a given threshold.
MRNET has proven to be competitive with other information-theoretic in-
ference methods such as CLR and ARACNE in experiments using synthet-
ically generated microarray data. The computational complexity of MR-
NET lies between O(n?) and O(n?), depending on the number of features
selected at each step. It should be emphasized that, like other mutual
information-based methods, MRNET cannot determine the directionality
of interactions.

MRNETB (Minimum Redundancy NETworks using Backward elimination)
[[139]: This is an improved version of the MRNET network inference method.
The main enhancement of MRNETB lies in its variable selection strategy.
While MRNET uses forward selection to identify a set of maximally in-
dependent neighbors for each variable, MRNETB employs a backward se-
lection strategy followed by sequential replacement. This new neighbor
selection strategy is implemented with the same computational cost as for-
ward selection. MRNETB has shown significantly better performance than
MRNET, regardless of the mutual information estimation method used. In
comparative evaluations with other information-theoretic algorithms, such
as CLR and ARACNE, MRNETB performed comparably to CLR and signifi-
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cantly better than ARACNE.

* NARROMI (Noise And Redundancy reduction technology by combining Re-
cursive Optimization and Mutual Information) [[140]: Technique for GRN
inference that aims to improve accuracy by combining recursive optimiza-
tion based on ordinary differential equations (RO) with mutual informa-
tion (MI) from information theory. Initially, MI is used to detect and elim-
inate noisy regulations with low pairwise correlations. Then, the RO algo-
rithm is applied to progressively exclude redundant regulations originating
from indirect regulators, while also being capable of determining regu-
latory directions without prior knowledge of the regulators. Finally, the
regulatory strengths inferred by RO and the MI correlations are integrated
to account for both linear and nonlinear dependencies between regulators
and target genes.

* NONLINEARODES (NON-LINEAR Ordinary Differential EquationS) [98]:
Method for GRN inference based on a nonlinear ordinary differential equa-
tion (ODE) framework to model the dynamics of gene regulation. This
approach jointly leverages time-series and steady-state data to more accu-
rately capture the transcriptional and translational processes among genes.
The method decomposes the GRN inference problem into independent re-
gression tasks for each target gene, where a nonlinear function is learned
to describe the temporal evolution (or steady-state behavior) of that gene
as a function of its potential regulators. To determine the relevance of
candidate regulatory links, a scoring strategy based on gradient boosting
trees is employed, specifically using XGBoost [141]. Finally, all putative
regulatory interactions are ranked according to their importance scores to
reconstruct the GRN.

* PCA-CMI (Path Consistency Algorithm based on Conditional Mutual Infor-
mation) [11]: Algorithm that combines the Path Consistency Algorithm
(PCA) and Conditional Mutual Information (CMI) to evaluate the condi-
tional dependence between gene pairs, thereby enabling the detection of
nonlinear relationships that may be overlooked by linear correlation-based
methods. PCA-CMI starts with a complete graph in which all genes are
interconnected and iteratively removes edges that represent (conditional)
independence relationships, beginning with lower-order dependencies un-
til reaching a graph that represents the inferred network. This process,
based on the computation of CMI from the covariance matrices of gene
expression data under the assumption of a Gaussian distribution, allows
PCA-CMI to distinguish between direct or causal interactions and indirect
associations. The method has demonstrated superior performance com-
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pared to other approaches in evaluations using benchmark datasets such
as those from the DREAM challenge [142].

PCIT (Partial Correlation coefficient with Information Theory) [143]]: Al-
gorithm for gene network reconstruction that combines the concept of par-
tial correlation coefficient with information theory to identify significant
associations between genes. The method operates in two steps: first, it
computes the partial correlation coefficients for each triplet of genes; sec-
ond, it applies the Data Processing Inequality (DPI) theorem to determine
a local tolerance level (¢) based on the average ratio between the partial
correlation and the direct correlation. A connection between two genes is
considered significant if the magnitude of their direct correlation is greater
than the tolerance level multiplied by the magnitude of the partial correla-
tion with a third gene. This strategy allows PCIT to identify moderate yet
meaningful associations, being more sensitive than fixed-threshold meth-
ods when detecting interactions involving genes with low variability. It uses
data-driven local tolerance thresholds instead of arbitrary global cutoffs.

PIDC (Partial Information Decomposition and context) [144]: This algo-
rithm is designed to infer GRNs from single-cell transcriptomic data using
multivariate information measures. The method is based on partial in-
formation decomposition (PID) to explore statistical dependencies among
gene triplets. For each gene pair, PIDC computes the proportional unique
contribution (PUC) [|144], which represents the proportion of mutual in-
formation explained by unique information in the context of other genes.
Finally, similarly to the CLR algorithm [94], PIDC incorporates network
context by estimating an empirical probability distribution of PUC scores
for each gene, enabling the identification of the most significant interac-
tions per gene and overcoming the limitations of global thresholds.

PLSNET (PLS-based gene NETwork inference method) [[145]: Ensemble
approach that uses partial least squares (PLS) regression for feature selec-
tion. The method decomposes the GRN inference problem into individual
subproblems for each target gene, where the goal is to identify relevant
regulatory genes through PLS-based feature selection applied repeatedly
on random subsets of potential regulators. A statistical technique is then
used to refine the predictions, assigning greater weight to regulatory genes
that influence multiple target genes (“hub” genes).

PUC (Proportional Unique Contribution) [[144]: This is the core metric of
the PIDC algorithm [144]], although its raw value can be considered as an
independent GRN inference method. Its computation focuses on quantify-
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ing the average proportion of mutual information (MI) between two genes
(X and Y) that is explained by the unique information they share, consid-
ering the context of all other genes (Z) in the network. For each gene
pair X and Y, the ratio between the unique information they share condi-
tional on a third gene Z and their total mutual information is computed,
and this value is summed over all other genes Z in the network. A high
PUC score between two genes suggests a more direct or specific functional
relationship as opposed to a redundant one involving other genes. Results
on simulated data indicate that the proportion of mutual information ex-
plained by the unique contribution tends to be higher between connected
gene pairs.

* RSNET (Redundancy Silencing and Network Enhancement Technique) [[146]:
GRN inference method designed to address the challenge of distinguishing
direct from indirect interactions. The method initially uses mutual infor-
mation (MI) to define a search space of putative regulators and rank genes
based on their dependency. It then applies a constraint-based recursive op-
timization process, in which genes with high dependency are retained in
the model while redundant connections, including weak and indirect ones,
are iteratively removed.

* TIGRESS (Trustful Inference of Gene REgulation with Stability Selection)
[971: Method for GRN inference that formulates the problem as a sparse
regression task and employs the Least Angle Regression (LARS) feature
selection method combined with stability selection. TIGRESS stood out in
the DREAMS challenge [142], where it was ranked among the top methods
and recognized as the best linear regression-based approach. The method
introduces a novel scoring technique for stability selection, called the “area
score” (Sarea(t, g)), which computes the area under the selection frequency
curve of a transcription factor (TF) for a target gene (TG) up to L steps of
LARS, proving to be more robust and accurate than the original score. The
key parameters of TIGRESS include the number of runs R, the number of
LARS steps L, and the parameter « that controls the random re-weighting
of the expression data.

As mentioned in Section these inference techniques exhibit a clear dis-
parity in their results [[15], which affects their reliability and increases the un-
certainty for researchers when choosing an appropriate method for their dataset.
Moreover, the existence of specialization domains has been demonstrated, where
certain techniques show limited effectiveness on specific subsets of networks
[16], along with a strong emphasis on mathematical optimization that often
overlooks the inherent biological characteristics of these networks [17]. While
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mathematical rigor is essential, the hypothesis of this Thesis posits that integrat-
ing biological considerations into the consensus of these tools could significantly
enhance inference quality, making it more coherent and biologically plausible.

3.1.2 Consensus approaches

In order to address the disparity in the results of the techniques discussed in the
previous section and to improve the robustness of gene regulatory network infer-
ence, several consensus-based approaches have been proposed in the literature:

* AGRN (Accurate Gene Regulatory Network inference) [[147]: It employs
an ensemble learning approach that combines Random Forest Regressor
(RFR), Extra Tree Regressor (ETR), and Support Vector Regressor (SVR) to
infer gene regulatory networks. The consensus is based on assigning gene
importance scores, using SHAP values for RFR and ETR, and coefficients
with iterative subsampling for SVR. AGRN determines the influence of each
method on the final outcome through a grid search. This process involves
exhaustively evaluating AGRN’s performance on a benchmark dataset us-
ing multiple combinations of weights assigned to RFR, ETR, and SVR. For
each weight combination, both AUROC and AUPR are computed, and the
combination that yields the highest performance metrics is selected.

* EnGRaiN [148]]: Supervised ensemble learning methodology that con-
structs gene regulatory networks by combining predictions from multiple
inference methods. The consensus criterion is established by training a
machine learning model on a small training dataset containing edges with
known presence or absence. This model implicitly learns to weight the
predictions of the different methods, assigning greater importance to those
whose predictions align more closely with the ground truth during train-
ing. The role of the trained model is to predict the probability of existence
for each edge in the consensus network based on the scores provided by
the individual methods, thereby achieving an optimized combination of the
various predictions instead of relying on a simple average.

* EnsInfer [16]]: It addresses the problem of GRN inference through a non-
homogeneous ensemble approach. The consensus criterion in EnsInfer is
based on training a Naive Bayes classifier that combines the predictions
from multiple individual inference methods. Each individual technique
generates confidence scores for every possible regulatory edge. These scores
serve as input features for the Naive Bayes model, which learns to predict
whether a regulatory edge exists or not. To achieve the best results, En-
sInfer integrates the predictions from all individual techniques that pass a
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statistical normality test on the training data, specifically those whose out-
put distribution exhibits positive kurtosis. This process allows EnsInfer to
leverage the diversity of the underlying methods, weighting their contribu-
tions to produce a more robust and accurate consensus prediction of the
regulatory network.

* Fujii - Weighted Consensus Algorithm [149]: The weighted consensus
method proposed by Fujii et al. is a technique for inferring gene regulatory
networks that aggregates predictions from multiple individual inference
methods, assigning each a weight optimized through a linear program-
ming formulation. This optimization process is based on a training dataset
used to determine the reliability of each method. The core consensus crite-
rion consists of maximizing the number of correctly predicted edges whose
confidence score is at least € higher than that of incorrectly predicted edges
within the same training dataset.

* Peignier - Ensemble [150]: The methodology proposed by Peignier et
al. for gene regulatory network inference is based on ensemble learning,
where a genetic algorithm is used to explore the space of combinations of a
set of base GRN inference methods implemented in the GReNaDIne library
[151]. The goal of the genetic algorithm is to evolve a population of can-
didate ensembles (subsets of the base methods) in order to maximize their
fitness, defined as the AUROC score of the inferred GRN. Subsequently,
frequent itemset mining is applied to identify the subsets of base meth-
ods most frequently selected by the genetic algorithm to form the final
ensembles. The predictions of the base methods within each ensemble are
integrated using a z-score standardized score averaging scheme.

The main objective of all these consensus approaches is to leverage the com-
plementarity among different individual inference techniques in order to achieve
more robust and accurate results. Nevertheless, to justify the research gap ad-
dressed by this Thesis, it is important that each of these methodologies provides
answers to the following questions:

Q1 : Does the methodology integrate a sufficiently broad set of individual
techniques to benefit from their diversity and complementarity?

Q2 : Is the methodology designed to be configurable in the activation of indi-
vidual techniques and sufficiently adaptable to incorporate new inference
methods as existing approaches evolve?

Q3 : Isthe ensemble process conditioned by external references, such as known
interactions or gold standards, that may limit its applicability in real-world
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contexts where the underlying network is largely unknown?

Q4 : Does the methodology leverage contextual knowledge from the biological
domain to enrich and guide the inference process?

Q5 : Has the methodology been evaluated on a dataset that is sufficiently
broad and diverse to demonstrate that it overcomes the limiting specializa-
tion of individual inference techniques?

Table 3.1: Assessment of consensus methods based on five key questions

Question AGRN | EnGRaiN | EnsInfer | Fujii | Peignier
Q1: Methods used 3 12 11 9 17
Q2: Configurable No Partial Partial No No
Q3: Uses gold standard Yes Yes No Yes Yes
Q4: Contextual knowledge | No No No No No
Q5: Broad evaluation No No Yes No No

Table provides answers to each of these key questions for the different
consensus methodologies analyzed. Several relevant conclusions can be drawn
from this table. First, it is worth noting that only the approach proposed by
Peignier integrates a significant number and diversity of individual techniques,
reaching a total of 17 base methods. Second, none of the methodologies offers a
readily configurable architecture, as both EnGRaiN and EnsInfer would require
retraining their models in the event of incorporating new inference techniques.

Third, most of these strategies rely on ensemble criteria that aim to minimize
the error with respect to gold standards. This significantly limits their applicabil-
ity in real-world scenarios, where the underlying network to be inferred is largely
unknown. Moreover, this dependency introduces a considerable bias in the com-
parative experiments carried out in this Thesis. In fact, by optimizing directly
for metrics specifically designed to evaluate accuracy against those same exter-
nal references, these methods gain an unfair advantage over the methodologies
proposed here. The latter do not rely on gold standard networks during the in-
ference process, precisely because they are aimed at discovering real networks
with potential clinical applicability.

Furthermore, none of the evaluated strategies takes advantage of contextual
information from the biological domain, which represents a missed opportunity
to improve and guide gene inference towards more robust and biologically mean-
ingful solutions. Finally, it should be pointed out that the evaluation of these
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methodologies has been mostly limited to simulated datasets, generally originat-
ing from a single source such as the DREAM challenges [142], which prevents
ensuring the elimination of specialization domains of individual techniques.

Taken together, these results highlight the need to develop new consensus
methodologies that overcome current limitations. Instead of focusing on mini-
mizing error with respect to gold standards, which are not always available and
are not necessarily representative, these strategies should prioritize the identi-
fication of biologically plausible regulatory networks, guided by contextual do-
main knowledge. In addition, they should feature a flexible architecture that
allows adaptation to future advances in inference techniques, and be evaluated
on diverse datasets, both real and synthetic, to ensure their applicability in real-
world scenarios.

3.2 Co-expression Biclustering

The identification of groups of co-expressed genes is a common task in gene
expression data analysis, as it enables the discovery of functional structures un-
derlying complex biological processes. As explained in Section this task
has been approached from a wide variety of perspectives, giving rise to a broad
range of methods and approaches [[123]]. This diversity stems primarily from
the combination of different computational strategies, coherence criteria, spe-
cific patterns to be detected, and structural constraints related to overlap and
coverage in the resulting biclusters.

However, to clearly define the state of the art in this study, the analysis fo-
cuses on two main groups. On the one hand, well-established techniques are
considered, which are widely accepted in the specialized literature due to their
robustness and proven effectiveness under various experimental conditions. On
the other hand, the focus is placed on approaches closely related to the method
proposed in this thesis, specifically those algorithms that incorporate evolution-
ary optimization processes in the search for biclusters.

3.2.1 Conventional methods

The following is a list of conventional biclustering methods that have been ex-
tensively validated and referenced in the specialized literature:

* Bibit (Bit-Pattern Biclustering Algorithm) [[14]]: Although it is a biclustering
algorithm specifically designed for binary data, it has often been applied
to continuous data following normalization and binarization processes. Its
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operation is based on two main phases: encoding and search. In the encod-
ing phase, the input binary matrix is transformed into an integer-encoded
matrix by dividing each row into bit words and translating them into their
integer representation, which reduces the column dimensionality to opti-
mize the subsequent search phase. The search phase iterates over pairs of
seed rows, applying the Boolean AND operation to generate a bit pattern.
If this pattern is new and meets the minimum number of columns thresh-
old (mnc), an initial potential bicluster is created. Then, the remaining
rows are explored and added to the bicluster if their AND operation with
the pattern matches the original pattern. Finally, if the resulting bicluster
reaches the minimum number of rows (mnr), it is considered a valid bi-
cluster. BiBit stands out for its speed due to bit-level operations and its
robustness with respect to data density and size.

Bimax (Binary Inclusion-Maximal Biclustering Algorithm) [[124]: Self-described

as a simple and fast biclustering method, it is based on a binary data model
that assumes two levels of gene expression: no change (0) or change (1).
In this model, a bicluster is defined as a submatrix in which all elements
are 1, implying that a group of genes exhibits a compatible response across
a subset of conditions. The main goal of Bimax is to identify “inclusion-
maximal” biclusters, meaning those that are not fully contained within any
other bicluster. To achieve this, Bimax employs a divide-and-conquer strat-
egy, recursively partitioning the matrix and excluding regions containing
zeros to optimize the search. The recursion ends when a submatrix con-
sisting solely of ones is found, which represents a bicluster. Unlike other
algorithms, Bimax is capable of finding all optimal biclusters within its bi-
nary model. Despite the biological simplification of its data model, Bimax
has proven to produce biologically relevant results that are comparable to
those of more complex methods.

CCA (Cheng and Church’s Algorithm) [[101]]: Considered the first formal
biclustering approach applied to gene expression data analysis, CCA in-
troduced the concept of a bicluster as a submatrix in which genes and
conditions exhibit coherent behavior. Its main metric is the Mean Squared
Residue (MSR), which measures the deviation of each value from the means
of its row, its column, and the entire bicluster. The algorithm searches
for biclusters with an MSR below a threshold 4, using an iterative proce-
dure based on the removal and addition of nodes. Initially, the process
starts from the full matrix, and rows or columns that increase the MSR
are removed until a coherent bicluster is obtained. This is followed by
an expansion phase in which rows or columns are added if their inclusion
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does not raise the MSR. To discover multiple biclusters, the elements al-
ready identified are masked with random noise. Although its approach is
greedy and does not guarantee global optima, CCA laid the foundation for
modern biclustering and remains a key reference in exploratory analysis of
transcriptomic data.

* ISA (Iterative Signature Algorithm) [[13]: This is a biclustering technique
designed to identify transcription modules (TMs), understood as subsets
of co-regulated genes (Gm) and the experimental conditions (Cm) that in-
duce such co-regulation. The algorithm starts from an initial set of genes
or conditions and iteratively refines its composition until reaching a fixed
point that defines a TM. At each iteration, linear transformations are ap-
plied, followed by threshold functions (f;c and f;;) that filter genes and
conditions based on their relevance. To do this, ISA employs two normal-
ized expression matrices derived from the original matrix F: EG and EC.
The matrix £ G is obtained by normalizing each row of E (the expression
profile of a condition across genes) to have zero mean and unit norm, al-
lowing consistent comparison of conditions. Similarly, EC is constructed
by normalizing each column of E (the expression profile of a gene across
conditions), also with zero mean and unit length, to facilitate compari-
son among genes. These normalized matrices are not identical, and the
algorithm alternates between them to avoid biases during the iterative re-
finement. This process enables the identification of TMs in which genes
show similar expression under specific conditions, and vice versa. By vary-
ing the thresholds, ISA can discover modular structures at different reso-
lutions and detect overlapping modules, which is not possible with many
traditional biclustering methods.

* LAS (Large Average Submatrices) [[125]]: Statistically motivated bicluster-
ing procedure designed to identify large submatrices with significant av-
erage values within a real-valued data matrix. The algorithm operates in
an iterative and residual manner, using a significance score based on the
Bonferroni correction [152], which takes into account both the size of the
submatrix and its average value. This score is derived from a Gaussian null
model. The LAS search procedure iteratively updates the row and column
sets of a candidate submatrix in a greedy manner until reaching a local
maximum of the scoring function. The goal is to identify submatrices that
deviate significantly from the null model, and the scoring function serves
as a metric for comparing and ranking submatrices of varying sizes and
intensities.

* OPSM (Order-Preserving Submatrix) [[120]: It searches for local patterns
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in gene expression matrices, specifically submatrices defined by a subset of
genes (G) and a subset of experiments (T) in which the expression levels
of all genes in G induce the same linear ordering of the experiments in T.
This type of pattern can reveal co-regulated genes across sequential stages
of a biological process. Since finding OPSMs is an NP-hard problem, the
proposed algorithm is based on a probabilistic model in which an OPSM is
assumed to be hidden within a random matrix. The goal is to recover this
hidden submatrix through the iterative evaluation of partial models that
specify the smallest and largest elements in the ordering, extending them
until a complete model is obtained and evaluating its statistical significance
based on the number of supporting genes. The algorithm can discover mul-
tiple overlapping OPSMs and adapt to ordering conditions that are similar
but not identical, offering a tool to explore local patterns that may be ro-
bust to noise in expression data.

Plaid [[113]: It addresses gene expression data analysis by modeling ex-
pression levels as a combination of additive layers. Initially, a background
layer is established to represent general trends in the data. Additional lay-
ers are then added, each representing a bicluster, that is, a subset of genes
and samples exhibiting distinctive expression patterns not explained by the
background layer. The expression level of a gene in a sample is considered
the sum of effects, including a mean effect, gene- and sample-specific ef-
fects, and a particular effect from the bicluster to which they belong, de-
termined by binary membership parameters. This approach allows for the
identification of potentially overlapping biclusters by sequentially adding
layers to capture the underlying structure in the expression data.

Spectral [[118]]: It aims to simultaneously cluster genes and conditions in
gene expression data to identify distinctive “checkerboard” patterns, where
certain genes are significantly over- or underexpressed in specific subsets
of conditions. The method is based on the idea that such structures are re-
flected in the eigenvectors of the expression matrix, which can be obtained
through Singular Value Decomposition (SVD). To uncover these hidden
patterns, the algorithm incorporates normalization steps for the data ma-
trix, either independently or jointly across genes and conditions, in order to
emphasize existing biclusters by removing effects such as differences in ex-
perimental conditions or baseline gene expression levels. By analyzing the
structure of the resulting eigenvectors and their resemblance to step-like
vectors, the algorithm can identify subsets of genes with similar expres-
sion profiles across subsets of similar conditions, thereby discovering the
biclusters.
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* xXMOTIFs (Conserved Gene Expression Motifs) [[12]: It seeks subsets of
genes that exhibit conserved expression levels (within the same state or
value range) across a subset of samples. The algorithm employs a proba-
bilistic approach that randomly selects samples as seeds and discriminative
sets of samples to identify genes with conserved expression states between
the seed and the discriminative set. The goal is to find the largest biclusters,
that is, those with the highest number of conserved genes, and this process
is repeated iteratively to cover all classes present in the data. Identify-
ing these groups can be useful for distinguishing between different sample
classes and for discovering potential therapeutic targets.

The methodological diversity among these approaches is considerable, rang-
ing from greedy algorithms such as CCA, OPSM, and ISA, to divide-and-conquer
strategies like Bimax, exhaustive enumeration techniques like BiBit, and statis-
tically driven models such as Plaid and Spectral. However, none of these meth-
ods explicitly addresses the self-determination of the number of biclusters, nor
do they incorporate contextual information specific to the domain of gene ex-
pression. Instead, all of them base their objectives on mathematical coherence
functions, without leveraging the biological knowledge implicit in the data.

3.2.2 Methods based on evolutionary algorithms

Despite the methodological diversity previously mentioned for addressing the
biclustering problem, metaheuristics have gained increasing popularity due to
the NP-complete nature of the problem [[153] and the need to simultaneously
satisfy multiple objectives [[19, [154]. In particular, they have proven especially
applicable in the biomedical field for the analysis of gene co-expression [155,
156], where the high exploratory capacity of the solution space and the ability to
optimize multiple criteria are key strengths of this approach, leading to positive
results in this context.

Most metaheuristic-based proposals have employed encodings in which each
individual represents a single bicluster, specifying the rows and columns it com-
prises [19]. From the perspective of the biomedical domain and the incorpo-
ration of domain knowledge, this partial encoding of individuals presents two
main drawbacks:

* Partial representation of the solution: In current approaches, each in-
dividual represents only a fraction of a possible complete solution to the
problem, rather than a full solution. Traditionally, the global solution has
been defined as the approximate Pareto front generated by the algorithm
(see Figure for a better illustration). This formulation leads to two
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(a) For the partial representation an in-
dividual of the algorithm represents a
single bicluster. This means that the so-
lution of the real biclustering problem
is obtained from the union of the algo-
rithmic solutions of the front, leading
to redundancies, quality heterogeneity,
loss of overlap control and exclusion of
learning of the number of biclusters.

(b) In the complete representation, each
individual in the population represents a
possible real solution to the biclustering
problem. Therefore, in this case, there
is a direct equivalence between the al-
gorithmic and the real solution, which
allows a better injection of contextual
knowledge and overcomes the limita-
tions imposed by traditional encoding.

Figure 3.1: Interpretation of each coding of individuals in the approximate Pareto front
obtained by biclustering evolutionary algorithms.

additional drawbacks: on the one hand, it requires subjective postprocess-
ing to interpret the algorithm’s output, and on the other hand, the final
solution may include biclusters highly specialized in certain objectives that
are part of the front while neglecting others. As a result, it is possible to ob-
tain very large biclusters with poor internal coherence, or highly coherent
biclusters that are excessively small [157].

Lack of global perspective: The fitness evaluation of an individual is
based solely on the properties of the bicluster it represents, without con-
sidering key elements such as the global distribution of all biclusters, their
degree of differentiation, or the overall coverage of the data matrix. This
limitation is particularly restrictive in domain-specific problems, as it pre-
vents the design of deeper and more contextualized objectives that capture
biological domain-specific aspects of the data.

This motivated the development of new encodings that enable a more com-
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prehensive view of the problem, in which each individual represents a complete
set of biclusters. While these approaches aim to overcome the previously men-
tioned limitations, their effectiveness has been only partial.

Figure illustrates how the interpretation of the Pareto front varies de-
pending on the encoding used. On the left (Figure [3.1a), the case of partial
encoding is shown: each individual in the front contains a single bicluster, and
the final solution is obtained by combining multiple individuals. On the right
(Figure [3.1D)), the truly complete encoding is presented, where each individual
already represents a full solution to the problem.

Partial codification

To represent a single bicluster in a partial manner, the research community has
mainly relied on two types of encoding. On the one hand, works such as [[158,
155, ]159]] employ a binary representation, where the vector is divided into two
parts: the first indicates, using binary values, the rows that belong to the biclus-
ter, and the second does the same for the columns. On the other hand, studies
such as [160, 156, |161] use variable-length integer encodings, where the first
elements of the vector correspond to the indices of the rows, followed by the
indices of the columns that form the bicluster.

Regardless of this distinction, the remainder of the implementation in these
algorithmic proposals is quite similar. In fact, as pointed out in [19]], the analysis
of a wide range of methods has allowed this part of the state of the art to be
reduced to a well-defined set of fitness functions and genetic operators.

Regarding genetic operators, the most common crossover strategies include
one-point crossover, two-point crossover, and uniform crossover. However, more
specialized operators have also been proposed, such as the bicluster crossover
[162], which merges two parent biclusters and applies a discretization step to
generate coherent offspring. As for mutation, strategies range from random
modifications to more informed techniques inspired by the Cheng and Church
algorithm [[101]], such as removing nodes with high variance [163], as well as
correlation-based mutations that aim to improve the internal coherence of the
biclusters [162]].

Regarding objective functions, classical metrics are commonly used, such as
bicluster size (bSIZE), variance (VAR) [100], row variance (rVAR) [164], and
mean squared residue (MSR) [101]]. In addition, more advanced metrics have
been proposed to detect complex patterns: SMSR [165] for scaling patterns,
ACF [166] and ACV [|167] for assessing internal correlation, VE [168]] for pro-
portional patterns, and CVF [169]] for measuring relative dispersion.
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Some approaches combine multiple metrics into a single aggregated objec-
tive function in order to balance bicluster size, coherence, and diversity. How-
ever, the vast majority adopt a multi-objective approach, where different quality
criteria are optimized in parallel to better explore trade-offs between conflicting
objectives [19].

Nevertheless, it should be recalled that the partial encoding implemented in
these proposals entails the previously discussed limitations, as each individual
represents only a single bicluster. This restricts the design of global objectives
and hinders the integration of contextual knowledge about the complete solu-
tion. For this reason, new encoding strategies have emerged that attempt to
overcome these limitations by allowing each individual to directly represent a
complete solution to the problem.

Complete codification

In the literature, three main proposals stand out for using alternative encodings
that depart from the traditional approach by allowing multiple biclusters to be
represented within a single individual:

* BI-MOCK [170] adopts a representation in which interactions between
genes are encoded through both the value and the position of each element,
giving rise to gene groupings. This design leads to a variable number of
biclusters that emerges during the algorithm’s convergence process. Nev-
ertheless, all biclusters within an individual share the same set of columns,
which breaks the direct correspondence between an individual and a com-
plete solution to the problem. Consequently, it is not possible to incorpo-
rate either global or domain-specific objective functions. Only two classi-
cal objectives, applicable to individual biclusters, are used: Bicluster Size
(bSIZE) and Mean Squared Residue (MSR). The fitness of each individ-
ual is computed as the average of its biclusters’ scores, which means that
poorly performing biclusters are not penalized as long as other biclusters
achieve high scores that compensate for the overall average.

* PBD-SPEA2 [171]] also employs an encoding that supports the inclusion
of multiple biclusters within a single individual. However, the number
of biclusters must be predefined, making it an external parameter rather
than an emergent property of the learning process. Additionally, the final
solution is constructed through a stochastic post-processing phase in which
biclusters from different individuals are merged. As a result, the actual
solution does not correspond to any single individual in the population.

* BiClustSMEA [|172] is a hybrid approach that combines evolutionary com-
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Table 3.2: Comparison between the proposals with non-traditional encodings.

Issue Aspect BI-MOCK | PBD-SPEA2 | BiClustSMEA

Multiple biclusters Yes Yes Yes

. Variable number of biclusters Yes No Yes
Encoding . .

Self-learning of quantity Yes No No

Real equivalence No No Yes

Individual objectives Yes Yes Yes

. Global objectives No No No
Objectives . e .

Domain-specific objectives No No No

Penalising heterogeneity between biclusters No No No

Free search space design No No No

Applicability Self-configuration No No No

Open source No No No

putation with self-organizing maps. Its intricate encoding, which relies on
gene and condition centroids, enables each individual to represent multi-
ple biclusters. Although the number of biclusters is not explicitly defined by
the user, it is determined during execution through a random variable. This
number influences the structure of the representation but is not integrated
into the learning process of the evolutionary algorithm. Additionally, as
in BI-MOCK, the evaluation relies on individual objective functions whose
values are aggregated using the arithmetic mean.

As summarized in Table none of the proposals using non-traditional en-
codings succeed in satisfying all the desirable features for a complete and ef-
fective representation of the biclustering problem in biomedical contexts. While
all three approaches allow encoding multiple biclusters per individual, only BI-
MOCK and BiClustSMEA support a variable number of biclusters, and only BI-
MOCK incorporates this number into the algorithm’s learning process. However,
BI-MOCK loses the true equivalence between an individual and a full solution
by forcing all biclusters to share the same columns, which limits the model’s
flexibility.

Regarding optimization objectives, all the proposals rely exclusively on in-
dividual functions applied to each bicluster, aggregating their results through
arithmetic means. This prevents the incorporation of global functions that eval-
uate the solution as a whole, as well as the implementation of domain-specific
objectives such as regulatory coherence or biological differentiation between bi-
clusters. In addition, none of the proposals penalizes heterogeneity among bi-
clusters within the same individual, which can lead to unbalanced solutions.

Finally, in terms of applicability, all the analyzed approaches share three key
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limitations: the search space cannot be freely designed, there is no built-in self-
configuration mechanism, and no open-source implementations have been re-
leased, which hinders reproducibility and fair comparison between methods.



Chapter 4

Benchmark datasets

This chapter presents the dataset used for the experimental evaluation of the
algorithms developed in this thesis. Since the work addresses two distinct tasks,
on the one hand the inference of gene regulatory networks, and on the other the
detection of co-expression patterns through biclustering, different benchmarks
specifically designed for each case have been considered. For network inference,
both simulated data (based on real-world networks or generated from scratch)
and expression profiles obtained directly from patient samples have been used.
In the case of biclustering, the benchmark includes synthetic numerical matri-
ces generated using controlled simulators, as well as real-world gene expression
datasets without a reference solution. This strategy allows for analyzing the be-
havior of the algorithms in controlled, semi-realistic, and real-world contexts,
thus covering a wide spectrum of experimental scenarios. The following sections
provide a detailed description of the datasets used for each of these tasks.

79
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4.1 Gene Regulatory Networks Inference

In order to provide a solid and diverse experimental framework for the evalua-
tion of network inference methods, a comprehensive dataset has been compiled,
encompassing both simulated scenarios and real-world gene expression data.
This benchmark includes networks from well-established challenges in the lit-
erature, data generated from real-world networks through simulation, synthetic
networks built from scratch based on known topological properties, and expres-
sion profiles obtained directly from patient samples. This variety of sources al-
lows for analyzing the behavior of the algorithms in controlled, semi-realistic,
and real-world contexts, thus supporting the formulation of robust and general-
izable conclusions. The following sections detail the characteristics and origin of
each dataset used.

4.1.1 Simulated expression data

Synthetic gene expression datasets have been gathered from multiple sources to
ensure coverage across different areas of specialization. On one side, the selec-
tion includes well-established benchmark networks frequently used in the liter-
ature to evaluate and compare the performance of various methods. Notable
examples are the DREAM challenges [|142]] (particularly editions 3, 4, and 5)
and the IRMA network in yeast [[173]]. On the other side, several databases com-
pile gene regulatory networks by integrating experimental findings, literature-
based evidence, and inference results from diverse algorithms. Among these are
TFLink [174]], RegulonDB [175]], RegNetwork [[176], BioGrid [|177], and GRNdb
[[178]. However, none of these resources provide complete experimental expres-
sion data aligned with the full extent of their regulatory networks. Therefore,
a gene expression data simulator was incorporated to generate coherent and
realistic datasets suitable for network inference tasks.

For this purpose, the simulator SysGenSIM [179] has been employed. Sys-
GenSIM is a software tool designed to simulate systems genetics experiments
in model organisms. It allows users to input a reference network structure in
the form of an edge list and generate expression data based on a nonlinear dy-
namic model. The simulator supports several types of perturbations, including:
knock-out (where the transcription rate of deleted genes is set to zero), knock-
down (where the transcription rate is scaled down to a value below one), over-
expression (where the transcription rate is increased to a value above one), and
mixed perturbations (which combine the previous types).

In this Thesis, the aforementioned databases were used to extract gene reg-
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Table 4.1: Overview of the academic benchmark assembled for the experimental frame-
work of this Thesis. It includes over one hundred problem instances designed to maxi-
mize diversity and support robust conclusions. Each regulatory network has been sub-
jected to all applicable types of perturbations, with each resulting dataset constituting a
distinct instance. Legend: KO (Knock-Out), KD (Knock-Down), OE (Over-Expression).

Source Networks Sizes Simulator Disturbance | Instances
DREAMS3 [183] 15 10, 50 and 100 DREAM team - 15
DREAM4 [1142] 10 10 and 100 DREAM team - 10
DREAMS [142] 3 1643, 4511 and 5950 DREAM team - 3

IRMA [173] 1 5 Cell culture: RT-PCR Switch on/off 2
TFLink [174] 4 12, 75,163 and 371 SysGenSIM Mixed 4
RegulonDB [|175] 1 2234 SysGenSIM Mixed 1
RegNetwork [176] 2 983 and 1033 SysGenSIM Mixed 2
BioGRID [177] 32 6 - 1505 SysGenSIM Mixed 32
GRNdb [178] 11 320 - 1598 SysGenSIM Mixed 11
From scratch 4 20, 50, 100 and 200 | SysGenSIM (EIPO Modular) | KO, KD and OE 12
From scratch 4 20, 50, 100 and 200 SysGenSIM (Scale Free) KO, KD and OE 12
GRNdata [|184] 2 300 and 1000 SynTReN -
GRNdata [184] 1 1000 Rogers - 1
GRNdata [[184] 2 1565 and 2000 GeneNetWeaver

ulatory networks, and expression profiles were generated by simulating mixed
perturbations on the regulatory systems. Beyond using benchmark networks
and biologically curated databases, SysGenSIM was also employed to construct
synthetic gene networks from scratch. These artificial networks follow stan-
dard topological models characteristic of gene regulation, including scale-free
and modular structures. Specifically, networks consisting of 20, 50, 100, and
200 genes were generated and subjected to knock-out, knock-down, and over-
expression perturbations.

To further enhance the diversity of the datasets employed during experimen-
tation, additional gene regulatory networks have been sourced from widely used
simulators such as SynTReN [180]], Rogers [|181], and GeneNetWeaver [182].
These simulators contribute complementary network structures and expression
profiles that enrich the variety of test scenarios.

Altogether, these resources form a comprehensive academic benchmark com-
prising over one hundred distinct problem instances. The origin of each dataset is
outlined in Table [4.1|and further elaborated in the following subsections. While
this benchmark has been used to support the core experimentation, it has not
always been employed in its entirety. In preliminary evaluations or in specific
branches of the research, reduced subsets of the benchmark have occasionally
been used to facilitate testing and analysis.
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DREAM

The DREAM challenges [142] consist of a collection of scientific competitions
where teams of researchers collaborate to create novel methods and algorithms
aimed at tackling specific issues in biology and medicine. These competitions
promote innovation through a collaborative yet competitive environment, and
frequently adopt an open-source philosophy to make both results and developed
tools publicly available.

Over the years, these challenges have focused on a wide range of bioinfor-
matics problems, including predicting drug responses, modeling protein struc-
tures, identifying genetic markers linked to diseases, among others. By gath-
ering experts from across the globe, the DREAM challenges have played a key
role in advancing the field of bioinformatics and enhancing our understanding
of molecular biology.

* DREAMS3: The DREAMS3 “in silico” network inference challenge [[183] was
designed to evaluate the ability of computational approaches to infer gene
regulatory networks of different sizes and connectivity levels. The datasets
used in this challenge were based on subnetworks from two organisms: Es-
cherichia coli (E. coli) and Saccharomyces cerevisiae (yeast). These datasets
were synthetically generated using continuous differential equations that
approximated the regulatory dynamics underlying gene expression, with a
small amount of Gaussian noise added to simulate measurement errors.
Each subchallenge was categorized by network size, featuring five net-
works (Ecolil, Ecoli2, Yeast1, Yeast2, Yeast3) in each group. The challenge
included networks with 10, 50, and 100 nodes, offering 4, 23, and 46 time
series trajectories, respectively. DREAM3 has since become a widely used
benchmark for evaluating gene regulatory network reconstruction methods
from gene expression data. The scripts provided with the challenge intro-
duced a standardized evaluation framework, which has helped facilitate
fair comparisons among different approaches proposed in the literature.

* DREAM4: The DREAM4 challenges introduced several improvements over
the previous DREAM3 edition, notably through the inclusion of new datasets.
As in the earlier version, the in silico network inference task was divided
into two categories based on network size: one with 10-node networks
and another with 100-node networks, each consisting of 5 networks, sim-
ilar to DREAM3. For the 10-node networks, participants received gene
expression data covering 21 time points with 5 replicates, while the 100-
node networks offered the same number of time points but included 10
replicates. These networks featured diverse topologies designed to resem-
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ble real biological systems such as Escherichia coli and Saccharomyces cere-
visiae, capturing their dynamic behavior through varying initial conditions
and kinetic parameters. Expression data were generated using stochastic
differential equations, with added noise proportional to gene expression
levels, mimicking real microarray datasets. Each network was associated
with four types of experimental data: time series, wild type, knock-out,
and knock-down. This edition is considered one of the most thoroughly
explored in the DREAM series, partly due to the greater availability of eval-
uation scripts and background materials, which encouraged broad partici-
pation and testing of diverse inference approaches.

* DREAMS5: In this edition of the DREAM challenges, the scientific commu-
nity was invited to infer genome-scale transcriptional regulatory networks
using gene expression data from four sources: an in silico benchmark (Net
1), the human pathogen S. aureus (Net 2), the prokaryotic model organ-
ism E. coli (Net 3), and the eukaryotic model organism S. cerevisiae (Net
4). These networks included 1643, 2810, 4511, and 5950 genes, respec-
tively, offering a more biologically realistic setting. However, over the
course of the challenge, the network corresponding to S. aureus (Net 2)
was excluded from the evaluation process. Since the complete regulatory
interactions for these organisms were not fully known, the gold standards
were inherently incomplete. Although this limitation is common in many
benchmark datasets, the S. aureus network was particularly affected due
to the limited number of experimentally supported interactions, which sig-
nificantly compromised the reliability of the evaluation. As a result, and
in line with many studies in the literature, only networks 1, 3, and 4 are
typically used for analysis.

IRMA

The In vivo Reverse-engineering and Modeling Assessment (IRMA) network [[173]]
was developed to evaluate the performance of different methods for reconstruct-
ing gene regulatory networks. To this end, quantitative RT-PCR was used to mon-
itor the expression levels of the yeast Saccharomyces cerevisiae at multiple time
points. The network consists of 5 genes (CBF1, GAL4, SWI5, GAL80, and ASH1)
and includes 6 regulatory interactions. These interactions allow the network to
operate in two modes, “switch on” and “switch off”, depending on whether the
cells are cultured in galactose or glucose, respectively.

This synthetic network was designed to mimic the regulatory behavior of
larger eukaryotic systems, while maintaining a manageable scale. It was care-
fully constructed to minimize interference from endogenous genes and to re-
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spond specifically to galactose, which acts as an inducer of gene transcription.
Despite its limited size, the IRMA network exhibits complex connectivity, includ-
ing regulatory cascades, single-input motifs, and several feedback loops involv-
ing both transcriptional activators and repressors.

Simulated datasets based on real-world networks

To increase the diversity of networks analyzed in this Thesis, gene regulatory net-
works that have been experimentally validated in the literature were retrieved
from biological databases. Expression data were then simulated based on these
networks to assess how accurately various inference methods, including those
proposed in this Thesis, are able to reconstruct them. The resulting datasets are
as follows:

* TFLink: TFLink [174] offers detailed information about transcription fac-
tors, including their target gene interactions, associated nucleotide sequences,
and the genomic coordinates of their binding sites. The database compiles
data for humans and six model organisms: mouse (Mus musculus), rat (Rat-
tus norvegicus), zebrafish (Danio rerio), fruit fly (Drosophila melanogaster),
nematode (Caenorhabditis elegans), and yeast (Saccharomyces cerevisiae).
Each entry in TFLink is accompanied by source annotations, which may in-
clude references to databases, experimental techniques, or scientific publi-
cations. The construction of TFLink involved evaluating several databases,
ultimately selecting ten for integration: DoRothEA [[185], GTRD [186],
HTRIdb [187], JASPAR [188], ORegAnno [189], REDfly [[190], ReMap
[191], TRED [192], TRRUST [|193], and Yeastract [[194]]. In this Thesis, the
networks labeled as “small-scale” by TFLink for the organisms Caenorhabdi-
tis elegans, Drosophila melanogaster, Rattus norvegicus, and Saccharomyces
cerevisiae were selected. After applying a filtering criterion based on the
number of supporting detection methods, the resulting networks contain
75,163, 12, and 371 genes, respectively.

* RegulonDB: RegulonDB [175]] is a comprehensive and regularly updated
database dedicated to the study of gene regulation in Escherichia coli K-
12. 1t provides extensive information on regulatory elements, transcription
factors, gene interactions, and experimental conditions. The database in-
tegrates data manually curated from scientific literature, high-throughput
experiments, and computational predictions. For this Thesis, the file la-
beled “TF-gene interactions” from the dataset containing experimentally
supported evidence was downloaded. A filtering step was then applied to
exclude all interactions marked with “weak” confidence or ambiguous reg-
ulatory signs. As a result, a single network comprising 2,234 genes was
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obtained.

* RegNetwork: RegNetwork [[176] is an extensive database that compiles
transcriptional and post-transcriptional regulatory interactions for both hu-
mans and mice. It encompasses five categories of interactions: TF-TF, TF-
gene, TF-miRNA, miRNA-TF, and miRNA-gene. This resource integrates
manually curated data from multiple databases, as well as inferred reg-
ulatory relationships based on transcription factor binding sites (TFBSs).
Furthermore, conserved TFBS information is used to predict potential reg-
ulatory links between regulators and their targets, increasing the compre-
hensiveness of the dataset. In this Thesis, the human and mouse networks
were downloaded without applying any filtering or modifications. Conse-
quently, the aim is to infer regulatory networks consisting of 983 genes for
the human dataset and 1,033 genes for the mouse dataset.

* BioGRID: BioGRID [177], formally known as the Biological General Repos-
itory for Interaction Datasets, is an open-access resource dedicated to the
collection and dissemination of genetic and protein interaction data from
both model organisms and humans. It contains an extensive set of more
than 1,740,000 curated interactions, derived from high-throughput exper-
iments and individual studies, all compiled from over 70,000 publications
in the scientific literature. The database offers in-depth coverage for cer-
tain key organisms, including budding yeast (S. cerevisiae), fission yeast
(S. pombe), and thale cress (A. thaliana), with ongoing efforts aimed at ex-
panding to various metazoan species. These curation efforts are primarily
focused on uncovering biologically relevant pathways and conserved net-
works with implications for human health. In this Thesis, 32 gene networks
from BioGRID have been incorporated, corresponding to the following or-
ganisms: Human papillomavirus 5, Human papillomavirus 6b, Bacillus sub-
tilis 168, Bos taurus, Macaca mulatta, Middle-East Respiratory Syndrome-
related Coronavirus, Canis familiaris, Chlamydomonas reinhardtii, Chloro-
cebus sabaeus, Neurospora crassa OR74A, Cricetulus griseus, Danio rerio,
Oryctolagus cuniculus, Oryza sativa Japonica, Emericella nidulans FGSC A4,
Plasmodium falciparum 3D7, Gallus gallus, Glycine max, Simian Immunod-
eficiency Virus, Human Herpesvirus 1, Simian Virus 40, Human Herpesvirus
4, Human Herpesvirus 5, Streptococcus pneumoniae ATCCBAA255, Strongy-
locentrotus purpuratus, Sus scrofa, Human Herpesvirus 8, Vaccinia Virus,
Human Immunodeficiency Virus 2, Xenopus laevis, Human papillomavirus
16, and Zea mays. These networks range in size from 6 to 1,505 genes,
contributing substantial diversity to the experimental dataset used in this
Thesis.
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e GRNdb: GRNdb [178] is an accessible and user-oriented database de-

signed to facilitate the exploration and visualization of predicted regulatory
networks. These networks are composed of interactions between transcrip-
tion factors (TFs) and their downstream target genes, collectively referred
to as regulons. The regulatory relationships are inferred from large-scale
RNA-seq datasets and previously known TF-target interactions across mul-
tiple biological conditions in humans and mice. It should be emphasized
that all the regulatory information in GRNdb is obtained through omics-
based computational analyses, without direct experimental validation. The
platform enables efficient searching, browsing, and retrieval of TF-target
pairs and associated motifs, supporting both single-cell and bulk expres-
sion data. Moreover, it offers functionalities for examining gene expression
profiles and exploring associations between gene expression and patient
survival across numerous TCGA cancer types. In this Thesis, the follow-
ing 11 networks have been considered: Fetal-Brain, Fetal-Thymus, Adult-
Pancreas, Adult-Muscle, Adult-Adipose, Adult-Ascending-Colon, Adult-Lung,
Adult-Liver, Fetal-Calvaria, Adult-Epityphlon, and Adult-Rectum. These net-
works contain up to 1,598 genes.

Simulated data from scratch

In addition to the expression data simulated from experimentally derived gene
regulatory networks, additional simulations were performed from scratch to
replicate degree distributions commonly reported in the literature.

e EIPO Modular distribution: The Exponential In-degree and Power law

Out-degree (EIPO) Modular distribution [195] is a synthetic network model
designed to emulate key structural characteristics of real-world gene reg-
ulatory networks. It features an exponential distribution for in-degrees
and a power-law distribution for out-degrees. To introduce modularity, the
model generates multiple densely connected gene clusters, or “modules”,
which are then interconnected by rewiring edges according to a predefined
probability. This structure captures both the degree distributions and mod-
ular organization commonly observed in biological systems, resulting in
a more biologically plausible model of gene interactions. Based on this
distribution, networks comprising 20, 50, 100, and 200 genes were gen-
erated, with simulated gene expression data produced under knock-out,
knock-down, and over-expression perturbations for each network size. This
yielded a total of 12 simulated instances.

Scale-Free distribution: The scale-free distribution describes a network
topology in which the node degree follows a power-law distribution. In this
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context, the likelihood of a node having a given number of connections de-
creases according to a power law, as opposed to a normal or Gaussian dis-
tribution. This type of distribution has been widely reported in biological
networks, which has led to its inclusion in the SysGenSIM simulator. The
same network sizes and perturbation types as in the EIPO Modular distribu-
tion were used—namely, networks of 20, 50, 100, and 200 genes subjected
to knock-out, knock-down, and over-expression perturbations—resulting
in a total of 12 simulated datasets.

* Other simulators: To further enhance the diversity of the dataset used in
this Thesis, additional networks were obtained from simulators other than
SysGenSIM. The R package GRNdata [184] was employed for this pur-
pose, and networks generated by several well-established simulators were
included. Specifically, two networks with 300 and 1,000 nodes were col-
lected from SynTReN [180], one network with 1,000 genes was obtained
from Rogers [181]], and two networks with 1,565 and 2,000 nodes were
retrieved from GeneNetWeaver [182].

4.1.2 Real-world expression data

To evaluate the algorithm’s performance under real-world conditions, two gene
expression datasets representing relevant biomedical scenarios have been used.
The first corresponds to samples from melanoma patients, where analyzing the
immune environment is key to optimizing targeted therapies. The second con-
tains transcriptomic profiles from patients with myalgic encephalomyelitis and
fibromyalgia, two chronic diseases without validated biomarkers, in which the
inference of regulatory networks may provide new hypotheses about their molec-
ular mechanisms. In both cases, the data were preprocessed following standard
reference protocols and used in studies aimed at identifying biomarkers and rel-
evant regulatory relationships.

Melanoma

This gene expression dataset corresponds to real-world samples obtained from
melanoma patients [[196]. Gene expression levels were quantified using NanoS-
tring technology [197], with the Immune Profiling Panel specifically designed
for immuno-oncology studies. This panel includes a total of 770 genes related to
immune response, covering markers for 24 immune cell types, immune check-
point inhibitors, cancer-testis antigens, as well as genes involved in both innate
and adaptive immune responses.

The primary objective behind the generation of this dataset is to characterize
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the immune environment associated with melanoma, in order to optimize thera-
peutic strategies based on immune system modulation. Additionally, the dataset
aims to support the identification of genetic biomarkers that may improve pa-
tient stratification, clinical response prediction, and risk assessment for toxicity
in immunotherapy treatments.

Expression data processing was carried out according to the recommenda-
tions of the NanoString platform, using officially supported libraries [[198, 199]].
This procedure included quality control steps, background noise correction us-
ing negative controls, and normalization of raw counts through scaling factors
computed from housekeeping genes, with the goal of minimizing the impact of
potential technical biases.

For the analyses conducted as part of this thesis, the already processed ex-
pression data available in [200] were used. In that study, which was also focused
on gene network inference, a subset of 35 genes was selected based on the high-
est variability in expression levels across samples, that is, those with the lowest
relative stability.

Myalgic Encephalomyelitis and Fibromyalgia

This dataset corresponds to gene expression profiles obtained from samples of
43 women, classified into four groups according to their clinical diagnosis:

* 8 patients diagnosed with Myalgic Encephalomyelitis/Chronic Fatigue
Syndrome (ME/CFS), according to the 2003 Canadian consensus criteria
[201] and the 2011 International Consensus Criteria [|202].

* 10 patients diagnosed with Fibromyalgia (FM), assessed following the
American College of Rheumatology (ACR) criteria from 1990 [203] and
2010 [204].

* 16 patients with a combined diagnosis of ME/CFS and FM, meeting the
established criteria for both conditions.

* 9 healthy controls, matched by age and body mass index (BMI) with the
patient groups, with no history of chronic pain or fatigue, and free from
medication.

All diagnoses were made by the same clinical expert in FM and ME/CFS at
the Hospital de Manises (Valencia, Spain), ensuring consistency in the clinical
evaluation.

Gene expression levels were measured from peripheral blood mononuclear
cells (PBMCs), extracted via venipuncture after a 12-hour overnight fast. Sam-
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ples were collected in K2EDTA tubes (Becton Dickinson, Franklin Lakes, NJ,
USA), processed within two hours using a density gradient, and subsequently
cryopreserved. Total RNA was isolated using the RNeasy Mini Kit (Qiagen, MD,
USA), and its quality was verified with the Agilent TapeStation 4200 (Agilent),
ensuring an RNA Integrity Number (RIN) greater than 7 in all samples.

Transcriptomic analyses were performed using customized Affymetrix HERV-
V3 microarrays [205]], designed to detect the expression of 1,559 genes involved
in relevant cellular pathways, including immunity, inflammation, cancer, central
nervous system function, cell differentiation, telomere maintenance, chromatin
organization, and gag-like genes.

Samples were anonymized and randomly distributed across groups to reduce
potential batch effects. The resulting CEL files were processed using the R pack-
age oligo [|206], applying the Robust Multi-array Average (RMA) algorithm for
normalization, background correction, and summarization of intensities. Differ-
ential expression analysis was conducted with the 1imma package [[207]], consid-
ering as differentially expressed those probes with a Benjamini-Hochberg (BH)
adjusted p-value (FDR) below 0.1 and an absolute log2 fold change greater than
1.

The frequent co-occurrence and still unclear etiology of these two chronic
conditions (ME/CFS and FM), together with the lack of validated biomarkers,
motivated the inclusion of this dataset to identify potential distinctive or shared
molecular interactions.

4.2 Co-expression Biclustering

This section describes the datasets used to evaluate the performance of the devel-
oped biclustering algorithms. In all cases, the data are represented as numerical
matrices, where the goal is to identify simultaneous subsets of rows and columns
(biclusters) that exhibit coherent patterns.

Both artificially generated matrices using simulators and real-world gene ex-
pression data have been considered. In the simulated cases, the biclusters em-
bedded during data generation are used as a reference to assess the quality of the
solutions found. In contrast, for real-world datasets, no ground truth is available,
so external validation based on domain knowledge is applied.
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Table 4.2: Characteristics of the data generated by G-bic.

Variable Size of planted biclusters Noise on data matrix | N° Biclusters | Overlapping in columns
NB (Number of Biclusters) | 50 x 50 0.0% {3,5,8,10} | Unrestricted

SB (Size of Biclusters) {(25,25), (50,50), (75,75), (100,100)} | 0.0% 3 Unrestricted

NL (Noise Level) 50 x 50 {5, 10, 15, 20} % 10 Unrestricted

OL (Overlap Level) 50 x 50 0.0% 10 {10, 15, 20, 25} %

4.2.1 Simulated data

Simulated data allow for the creation of controlled environments in which to
objectively assess the ability of algorithms to identify biclusters. For this purpose,
specific tools are used that enable the configuration of multiple aspects of the
data matrix, such as the number of rows and columns, the number and size of
the biclusters, the level of noise, and the degree of overlap among them.

In this thesis, two different simulators have been considered. The first is a
generic tool that generates numerical matrices without assuming any specific
domain. The second is specifically designed for the biomedical context and sim-
ulates structures typically found in gene co-expression studies.

Generic simulated datasets (G-bic)

This dataset consists of artificial matrices generated using the G-bic tool [[208]],
designed to evaluate biclustering algorithms in generic contexts. These matri-
ces were specifically generated to contain constant biclusters, which represent a
suitable baseline case for an objective assessment of algorithm performance.

Although the G-bic simulator allows for the configuration of multiple aspects
of the generated matrices, this thesis focuses on systematically exploring four
variables that are particularly relevant for evaluating algorithm behavior: num-
ber of biclusters (NB), bicluster size (SB), noise level (NL), and column overlap
(OL). Each of these variables was tested at four different levels, generating three
different matrices per level using different random seeds. In total, 48 numerical
matrices of size 1000 x 500 were obtained, each accompanied by its correspond-
ing reference set of biclusters (gold standard). The specific characteristics of
each configuration are detailed in Table

It is worth noting that, although G-bic allows the configuration of column
overlap, it does not offer full control over row overlap. Therefore, an additional
post-processing step was applied, in which rows shared by multiple biclusters
were duplicated. Subsequently, the cells outside the biclusters were replaced
with values from unclustered rows, which were then removed to preserve the
original matrix size and avoid distortions.



CHAPTER 4. BENCHMARK DATASETS 91

Table 4.3: Characteristics of the matrices generated by the FABIA simulator.

Instance ‘ Description ‘ Matrix Size ‘ N° Biclusters ‘ Bicluster Size ‘ Overlap ‘ Noise (Std. Dev.)
Inst. 1 | Small Biclusters - Low Noise 200 x 100 10 20x 10 0% x 32% 1.0
Inst. 2 | Large Biclusters - Moderate Noise 500 x 200 8 65 x 25 0% x 35% 2.0
Inst. 3 | Mixed Biclusters - High Noise 300 x 150 12 (20-30) x (7-12) | 0% x 30% 4.0
Inst. 4 | Medium Biclusters - Moderate Noise | 400 x 150 10 40x 15 0% x 37% 1.5

Biologically-inspired simulated datasets (FABIA)

This dataset consists of artificial matrices specifically designed for gene expres-
sion analysis. To generate them, the simulator included in the FABIA R package
[209] was used, which is widely employed in biclustering studies within this
domain.

Unlike the previous simulator, FABIA allows for the generation of biclusters
that reflect more realistic co-expression patterns, including variability in expres-
sion intensity and the presence of additive noise. In this thesis, four different
configurations were defined, selected with the aim of representing a variety of
typical scenarios in the biomedical field, ranging from small and well-defined
biclusters to mixed structures with higher levels of noise and column overlap.
The specific characteristics of each generated instance are provided in Table

4.2.2 Real-world expression data

In addition to the simulated data, real-world gene expression matrices have been
used to validate the biological applicability of the solutions obtained. Specifi-
cally, the dataset compiled by [210] has been employed, which aggregates gene
expression time series in Saccharomyces cerevisiae (yeast) from various previous
studies [211}, 212, 213].

These data were generated through cDNA microarray experiments and have
undergone a thorough preprocessing process, including the removal of genes
with excessive missing values and normalization using the Multiple-Slide Nor-
malization procedure [214]. After this processing, a total of 17 datasets were
obtained, each consisting of approximately 1000 genes selected based on their
variability over time.

Unlike the simulated datasets, these data do not have a technical reference
(gold standard) to directly compare the quality of the obtained biclusters. In-
stead, validation is performed through biological functional enrichment analysis
of the grouped genes.

The characteristics of the 17 datasets used are summarized in Table ex-
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Table 4.4: Summary of the real-world gene expression data sets used in the experiments,
adapted from [210].

Name Source | Time points | Original genes | Filtered genes
alpha factor [211] 18 6178 1099
cdc 15 24 6178 1086
cdc 28 17 6178 1044
elutriation 14 6178 935
ImM menadione [212] 9 6152 1050
1M sorbitol 7 6152 1030
1.5mM diamide 8 6152 1038
2.5mM DTT 8 6152 991
constant 32nM H,0 10 6152 976
diauxic shift 7 6152 1016
complete DTT 7 6152 962
heat shock 1 8 6152 988
heat shock 2 7 6152 999
nitrogen depletion 10 6152 1011
YPD 1 12 6152 1011
YPD 2 10 6152 1022
yeast sporulation [213] 7 6118 1171

tracted and adapted from [210].
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Chapter 5

GENECI: Baseline consensus
inference through mono-objective
evolution

This chapter presents the design of an evolutionary machine learning algorithm
called GENECI, which acts as an organizer for the construction of ensembles by
combining the outputs of several prominent inference techniques described in
section [3.1.1] (ARACNE [96]], C3NET [127]], BC3NET [[126], CLR [94], GENIE3
[9], KBOOST []132]], MRNET [138]], MRNETB [|139], PCIT [143] and TIGRESS
[97]) and optimizing the consensus network derived from them, according to
their confidence levels and topological characteristics.

5.1 Algorithmic Proposal

GENECI (GEne NEtwork Consensus Inference) takes up the idea of weight as-
signment seen in [[149], but tries to improve the optimization process, choosing
an approach similar to the one presented in [215] although adapted for GRNs.
This paper is helpful to know in practice the concept of evolutionary machine
learning [216] despite having a purpose outside network inference. This thesis
aims to solve these problems through computational learning by using its results
to optimize the quality of a solution derived from them, thanks to the application
of an evolutionary algorithm.

It has been decided to implement a genetic algorithm within the evolutionary
branch. Firstly, the flexibility of its operators allows for searching for implemen-
tations that adapt correctly to the problem. Secondly, as it is an algorithm widely
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Figure 5.1: Architecture and workflow covered in GENECI. First, the execution of multi-
ple individual inference techniques in parallel is enabled by encapsulating their imple-
mentations in Docker containers. After that, their results are normalized and collected
by the evolutionary algorithm in order to optimize weight vectors that assign a value
to each technique. The weight vectors are iteratively subjected to evaluation (depend-
ing on the quality and topology of the consensus networks they represent), selection,
crossover, mutation and finally an additional repair step to keep the sum of values at

unity.

used in the literature, it has numerous execution environments that facilitate the
design of our algorithm and the establishment of a solid and efficient construc-
tion base.

The genetic algorithm has been implemented using the jMetal framework
[217] and takes as input a set of files with confidence lists related to interactions
between genes. These lists can come from complementary runs on the Python
package built or from external runs produced on other techniques. Although
both options exist, it is recommended to run these techniques on the GENECI
environment as it guarantees uniformity in the output format (tables made up
of Source, Target and Trust columns) as well as the standardization of their
confidence levels between 0 and 1, which is crucial for consensus building.

Notably, all the functionalities incorporated in GENECI (including the exe-
cution of the evolutionary algorithm itself) have been encapsulated in Docker
images. The main reason for choosing this design is that GENECI can enjoy the
conveniences and advantages of the Python programming language (such as the
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construction of the package in PyPI or the hierarchical design of commands using
the Typer library) while tolerating the implementation of each functionality in
the most suitable programming language for this purpose, i.e. the most efficient
or the one with the most specific and suitable libraries.

In the GENECI optimization process, the presence of the gold standard is
avoided, and the consensus networks are evaluated according to their confi-
dence levels and topological characteristics. Specifically, the designed objective
function examines measures such as the confidence levels of the different links,
the adequacy of the weights assigned in the ensemble to produce these values,
the number of hubs [[] present in the consensus network and their similarity to a
scale-free distribution?l

Figure shows a schematic diagram where each stage addressed in GENECI
is contemplated. As usual, the algorithm includes the main stages of evalua-
tion, selection, crossover and mutation, to which an additional repair stage is
added because of the chosen representation. In addition, it can be seen how the
stopping criterion imposed in this case is determined by a maximum number of
evaluations specified as the input parameter. In more detail, its implementation
pseudocode is presented in Algorithm

To speed up the execution of the algorithm, an asynchronous parallelization
has been implemented to evaluate, cross and mutate several individuals simul-
taneously. This approach considerably reduces the execution time in those ma-
chines with the appropriate performance despite increasing the amount of RAM
consumed during the algorithm’s progress.

The following sections describe the aspects and stages of the designed evo-
lutionary algorithm, concluding with a compilation of all the necessary input
parameters.

5.1.1 Solution Representation

The individuals of the population are represented by vectors of weights, where
each position refers to a certain reconstruction of the network (indirectly a ma-
chine learning technique) and its value means the power or weight that this
list has to vote for the consensus. Therefore, given a list of techniques ¢t =
{t1,1s, ..., 1, } where each of them contains a list of relations r; = {tr, try, ..., tr,}

Inodes with a statistically significant number of links concerning the rest

2that which is characterized by having a small number of high-degree nodes, concerning
the rest that usually has a low number of links. This distribution is the opposite of the random
distribution, where all nodes have a fairly similar number of connections.



98 5.1. ALGORITHMIC PROPOSAL

Algorithm 1 Main code of the generalized EA

Require: files: List of input csv files with trusted lists.
Ensure: consensusList: Final consensus list.
1: inferredNetworks = ReadAll(files)

population = GeneratePop (len(inferredNetworks))

while numEvaluations < max do
fitness = Evaluation(population)
numEvaluations += len(population)
selectedPopulation = Selection(fitness)
crossPopulation = Crossover (selectedPopulation)
mutPopulation = Mutation(crossPopulation)
repPopulation = Repair(mutPopulation)
population = repPopulation

end while

: fitness = Evaluation(population)

: bestIndividual = GetBest(fitness)

consensusList = MakeConsensus(bestIndividual)

: return consensusList

D A A~

e
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with their respective confidence values cr;, = {tery, ters, ..., ter, }, an individual
with a vector of weights w = {wy, wy, ..., w, } implies that the confidence value of
the relation r; in the consensus list (ccr;) is given by Equation (5.1):

ceri(w) = Zw]- -tjer; (5.1
j=1

where ¢,cr; is the confidence value of the relationship r; in the list produced by
the technique ¢;. If the relationship r; is not contemplated in that list, it will be
understood that the technique has not detected that interaction, and therefore,
its confidence level for ¢; is 0. A more detailed example of this calculation can
be seen in the column Consensus confidence of Table where the construction
of a 6-gene consensus network is simulated for a set of three techniques and a
given individual.

The representation of individuals (solutions) as weight vectors implies the
need to constantly keep the sum of their values at one. During the generation of
offspring, crossover and mutation operators can alter this property. To solve this
problem, it has been decided to add an additional operator in the optimization
process to recover this feature of the solutions.
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Table 5.1: Example of input to the evaluation process. This table presents a gene net-
work of 4 interactions (column 1) that has been inferred using three different individual
techniques (columns 2, 3 and 4), the results of which are intended to be consensual.
In this case, an individual is evaluated, proposing the following vector of weights: (0.5,
0.3, 0.2). The first significant value to be calculated is the consensus confidence (col-
umn 6), which consists of a simple weighted sum where the weight of each technique is
multiplied by the level of individual confidence reported by the technique for the inter-
action in question. Second, a vector (column 7) is constructed, storing in each position
the mean between the weight of the technique and the distance normalized to the me-
dian of the confidence levels of all techniques (column 5). This approach allows the
calculation of the second significant value, the distance. This value consists of the dif-
ference between the maximum and the minimum of the vector constructed above, and
the fitness function will try to minimize it.

Ind [0.5, 0.3, 0.2]
Consensus confidence Vector Distance
G1-G2 0.78 0.9 0.69 0.78 0.78 * 0.5 + 0.9 * 0.3 + 0.69 * 0.2 = 0.798 [(0+0.5)/2, (14+0.3)/2, (0.75+0.2)/2] 0.4
G5 - G6 0.63 0.71 - 0.63 0.63 *0.5 + 0.71 *0.3 + 0¥ 0.2 = 0.528 [(0+0.5)/2, (0.13+0.3)/2, (1+0.2)/2] 0.39
G4 -G3 0.21 - 0.48 0.21 0.21 *0.5+0*0.3 + 0.48 0.2 =0.201 [(0+0.5)/2, (0.78+0.3)/2, (1+0.2)/2] 0.35
G2-G3 - 0.53 0.36 0.36 0*0.5+0.53*0.3 +0.36 0.2 =0.231 [(1+0.5)/2, (0.47+0.3)/2, (0+0.2)/2] 0.65

Interaction Tec1 Tec2 Tec3 Median

Two different repairers were designed. The first one, named Standardization-
Repairer, performs a simple standardization where the values are rescaled, so
their sum is 1. The second repairer, named as GreedyRepairer, performs a greedy
repair where after choosing a position of the vector at random, it keeps its values
until the sum exceeds unity (in which case it sets the following values to 0) or
reaches the last position and adds the number needed to sum to 1. Finally, it was
shown that the greedy repairer obtains worse results as a consequence of distort-
ing the weights of the individuals excessively, bringing the optimization process
closer to a random search. The repairer in charge of rescaling the values favours
the algorithm’s performance by maintaining the proportions of the values.

5.1.2 Evaluation

At each iteration, all the individuals in the population are evaluated to know the
quality of their proposals and to make the selection step possible. The process
begins with the translation of the vector of weights to the evaluated concept,
the consensus network derived from the voting system seen above. However,
for evaluation purposes, more than the confidence level alone is needed as a
reference of reliability since a relationship between genes may obtain a fairly
high value but has originated from an inadequate distribution of weights. For
example, distributions that give too much weight to a particular technique, to
a very small subset of them, or to techniques whose confidence values are not
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supported by any others.

For this reason, the evaluation process is responsible for calculating a vec-
tor per interaction and the confidence value of each relationship after consen-
sus. The average distance between the median confidence of all the techniques
(scaled between 0 and 1) and the weight assigned to the evaluated individual
are stored for each technique. After that, the distance between that vector’s max-
imum and minimum values is calculated and stored, together with the previously
calculated confidence.

This distance will try to be minimized in the first term of the fitness function,
so the aim is to establish a compensation system between the distance to the
median and the weight assigned by the individual. In this way, as all the values
of the calculated vector have a similar value (and therefore, the distance between
the maximum and the minimum is minimized), the techniques whose proposal
is different from the rest (greater distance to the median) will be penalized by
being given a lower weight. On the contrary, the techniques with a proposal
quite close to the rest (smaller distance to the median) will be compensated by
assigning a high weight.

Therefore, as shown in Table assigning a higher weight to the first tech-
nique is beneficial for the first three interactions. This is because the first tech-
nique is the closest to the median for these cases, which provides some reliability
to its proposal and consequently rewards the individual for having assigned it a
higher weight. However, for the last interaction (G2 - G3), it can be seen that the
calculated distance has grown because the technique whose value is more reli-
able (closer to the median) for this case is the third one, to which the individual
has assigned the lowest weight.

Objective Function

An aggregate objective function with two weighted terms has been designed:
Quality and Topology.

The Quality term aims to encourage the emergence of solutions with high
confidence levels that also come from consistent weight distributions that assign
greater importance to those techniques whose values have high support con-
cerning the rest. Its purpose is to establish a certain contrast between good and
bad links so that the links finally reported are of high reliability. In this term,
a quality value is assigned to each interaction considered in the problem. For
this assignment, two significant values are considered, the consensus confidence
level and another previously introduced value called “distance”. The first consid-
erable value (consensus confidence) is calculated through a weighted sum. The
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weight assigned by the individual being evaluated and the individual confidence
level reported by that technique for the interaction in question is multiplied for
each technique.

On the other hand, the “distance” value, as explained with the example
shown in Table is the difference between the maximum and the minimum
of a vector that stores for each technique the mean between its weight and the
distance between its individual confidence value and the median of the set of
techniques. Finally, the quality value associated with interaction will be the
mean between its consensus confidence level and the unit subtracted by the dis-
tance. In other words, an interaction will have a good quality when it has a high
confidence level and a small distance value. A small distance value means that
the maximum and minimum of the calculated vector are close values and that,
therefore, the techniques with a confidence value far from the median have been
assigned a lower weight than the rest. Likewise, it means that the techniques
with a confidence level close to the median (smaller distance) have been com-
pensated with a higher weight. Finally, those interactions whose quality exceeds
the mean are chosen, and an attempt is made to maximize their quality while
approximating their quantity to 10% of the total number of interactions. This
threshold is set up because minimizing the number of good links would result in
a fuzzy network. The aim is to establish a clear contrast that allows us to report
truly reliable interactions.

Its implementation can be found in Algorithm |2\ For each link in the consen-
sus list, the mean between its confidence value and the unit subtracted by the
distance mentioned above is calculated and stored in the distCon f vector in the
pseudocode (lines 1 to 3). The mean of the previous vector is then calculated
(line 4), and those whose value manages to exceed it are set as good links. On
the one hand, the sum of the values of all these good links is carried out. On
the other hand, their quantity is stored (lines 5 to 10). Since the algorithm is
oriented to minimization, the result of this term is lower when the quality of the
consensus network is higher.

First, to optimize the number of these good links, ¢; is calculated (lines 11
and 12 in Algorithm [2). Specifically, this variable will reduce its value when the
number of good links is closer to 10% of the total number of possible links in
the network. Second, for these links to have the highest possible quality, the
sum of their averages between confidence and unity minus distance should be
maximized. For this purpose, in ¢, the mean of the distConf of these good links
is calculated and adapted to the minimization objective by subtracting its value
from unity (line 13 in Algorithm [2)).
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Algorithm 2 First term of the fitness function: Quality

Require: c: consensus list with confidence and distance values.
Ensure: quality: value of the first term of the fitness function.

1: distConf =[]

2: for i in len(c) do

3: distConf[i] = (conf; + (1 — dist;)) /2
4: end for

5: mean = - Zie:nl(c) distConf|i]

len(c)

6: distConfSum = 0

7: ent = 0

8: for i in len(c) do

9: if distConf[i] > mean then
10: distCon fSum += distConf|i]
11: ent +=1
12: end if
13: end for
14: numPosLinks = N,
15: ¢1 = |ent - 0.1 - numPosLinks| / (0.9 - numPosLinks)
16: o = 1 — (distConfSum/ent)
17: quality = 0.25- ¢ + 0.75 - ¢
18: return quality

The fact that in ¢, only the quality of good links is reported allows GENECI
to establish the balance mentioned above between distance to the median and
weight by focusing exclusively on the most relevant interactions in the network.
This allows to eliminate possible noise and contradictions that lower intensity
relationships could cause and also not constantly penalize more selective and
strict inference techniques such as C3NET.

Finally, the result of the term Quality is the value of ¢; multiplied by 0.25
plus that of ¢, multiplied by 0.75 (line 14 in Algorithm [2). This means that this
function gives more importance to good links’ quality than quantity.

The second term, called Topology, is more oriented toward improving the
structure of the consensus network. To this end, it intends to positively evalu-
ate those proposals that present networks with a scale-free distribution (as real
biological networks usually are). Mathematically, it tries to increase the degree
(number of links) of those genes with a high potential to be considered hubs. At
the same time, it is intended that the number of genes that meet this condition
should be relatively low since this is usually observed in real genetic networks.
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Algorithm 3 Second term of the fitness function: Topology

Require: b: binary network originated after cut-off.

Ensure: topology: value of the second term of the fitness function.

1

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

2
3
4
5
6:
7
8
9

degree = []
for i in Ny,.s do
for j in Ny, do
degreeli] = nli][J]
end for
end for
: mean = -y Naenes degreeli]
: hubsDegregéegzsm =0
: hubs =0

for i in Ny, do

if degree[i] > mean then
hubsDegreeSum += degree]i]
hubs +=1
end if
end for
t = |hubs - 0.1 - Nyenes| / (0.9 - Nyones)

if hubs > 0 then
ty = 1 — (hubsDegreeSum/hubs) / (Nyenes — 1)
else
ty =1
end if
topology = (t1 +ta) /2
return topology

The goal is to promote the approximation of the network to a scale-free configu-
ration and to move away from a random structure.

However, the input of this second term is not the same as the first one. In
order to correctly study the network topology, it should be decided which links
are finally labelled as definitive and which are not reliable enough to do so. This
decision is made by applying a certain cut-off criterion. Three different criteria
were designed for this issue:

* The first one called MaxNumlLinksBestConfCriteria takes as input the num-
ber of links k to be obtained in the definitive network. After knowing that
input, it simply sorts from highest to lowest all interactions based on their

confidence value and returns the top k.
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* In the second one called MinConfidenceCriteria, the minimum confidence
required to report a link is entered as the input value. Therefore, all in-
teractions are filtered and only those that have exceeded the threshold are
returned.

* The third one identified as MinConfDistCriteria has a similar operation to
the previous criterion, except that in this case the threshold refers to the
average between the confidence and the unit subtracted by the distance of
the links.

After putting the three criteria to the test, it was found that the one that
considers both metrics is the most effective.

As shown in Algorithm 3] the code starts by calculating the average of the
degrees of all the nodes in the network (lines 1 to 5). After that, it selects as
hubs those genes with a degree higher than the average to quantify them and
store the sum of their degrees (lines 6 to 11).

Similarly to the previous term, with ¢, an optimization of the number of hubs
is carried out trying to approximate its value to 10% of the total number of genes
(line 12 in Algorithm [3). This quantity is the one that has been considered ap-
propriate to bring the node degree distribution closer to a scale-free distribution,
where a small number of nodes concentrate most of the network connections.
On the other hand, with ¢, the sum of the degrees of all the hubs is maximized.
For this purpose, the average of these degrees is calculated. Then, it is nor-
malized by dividing it by the maximum achievable degree and subtracted from
the unit to adapt the variable to the minimization objective (lines 13 to 16 in
Algorithm [3)).

Finally, the value of the returned term is the average of these two metrics
(line 17 in Algorithm [3). Therefore, the fitness value assigned to an individual is

given by Equation (5.2):

Fitness(Ind) = wq - Quality(Ind) + wr - Topology(Ind) (5.2)

where wg and wy are the weights assigned to the Quality and Topology terms
respectively, which are given as input parameters.

5.1.3 Selection

Selection is carried out using the classical binary tournament in which individ-
uals are randomly grouped in pairs and pitted against each other, so only those
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with better scores are selected. Pairwise matching is performed as often as neces-
sary to cover the indicated population size. In other words, the same individual
can be tested on more than one occasion and even selected for the next phase.
However, in the next generation, it will certainly be crossed with other individu-
als, and its offspring will subsequently be subjected to different mutations.

5.1.4 Crossover

The crossover operation simulates a reproduction process between individuals,
where their respective genetic materials are crossed to procreate offspring. This
operation occurs with a fairly high probability modifiable in the jMetal frame-
work. How this genetic material is crossed is what leads to multiple possible op-
erators. Depending on the characteristics of the problem, the type of crossover
chosen will have better or worse results. However, the best way to check the
choice of a good operator is by testing and comparison.

The jMetal framework offers a wide range of crossover operators. These
include SBXCrossover (Simulated Binary Crossover) [218], BLXAlphaCrossover
(Blend Alpha Crossover) [219]], DifferentialEvolutionCrossover [220]], NPointCrossover,
NullCrossover and WholeArithmeticCrossover. Finally, the SBXCrossover operator
was chosen after several scores tests. Firstly, this operator was the one that re-
ported the best results concerning the others. Secondly, its choice was the most
coherent if considered a linear expression between the two weight vectors. It
tends to maintain the feasibility of the solution and reduce the distortion cost
produced by the repairer.

5.1.5 Mutation

After crossing the individuals of the previous generation, the offspring are sub-
jected to a mutation process to incorporate new genetic material into the pop-
ulation. Otherwise, the resolution of the problem would be completely lim-
ited by the genetic content of the initial population, which reduces the search
procedure and conditions the solution to the initial decisions of the algorithm.
This operation occurs with a fairly low probability, again modifiable from the
jMetal framework. As with the crossover stage, jMetal integrates a wide vari-
ety of operators to cover this phase of the evolutionary algorithm. Specifically,
the mutation operators available are the following: PolynomialMutation, CDG-
Mutation, LinkedPolynomialMutation, GroupedPolynomialMutation, GroupedAn-
dLinkedPolynomialMutation, SimpleRandomMutation, UniformMutation, NonUni-
formMutation and NullMutation. Finally, after verifying the good results gener-
ated in combination with SBXCrossover, the PolynomialMutation was chosen. In
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this case, the modification of the mutated values is compensated by the rest of
the vector weights by repairing individuals.

5.1.6 Output

After completing the number of evaluations set in the input parameter, GENECI
selects the best vector of weights found during the execution and produces an
output consisting of 5 files:

* List of optimized interactions with their respective consensus confidence
values.

* Binary network resulting from applying the selected cut-off criterion to the
previous list.

* Weights assigned to the different techniques in the final solution.
* A plain text file with the evolution of the fitness values.

* Optionally, a pdf file with a graphical representation of this evolution.

5.2 Experimentation

GENECI has a fairly large number of parameters, which are shown in Table
along with their respective descriptions. Before elaborating on the real experi-
mentation of this chapter, it was necessary to carry out a parameterization exer-
cise to guarantee the optimal performance of the algorithm.

5.2.1 Parameter Settings

Similarly, before parameter refinement, it was necessary to ensure a certain con-
sistency between the fitness values of the individuals and their accuracy in the
prediction of gene networks. That is to say, a good fitness value should trans-
late into a good quality index in the subsequent network prediction. To guide
the evolutionary algorithm to some extent, several networks (mainly from the
DREAM challenges) were tested with different values of the parameters asso-
ciated with the weights of the fitness function terms. Finally, the combination
with the best accuracy results (regardless of their fitness values) was chosen.
This combination was 0.75 for the first term and 0.25 for the second.

Once this was done, the rest of the parameters were tested to optimize the fit-
ness values. Since testing all combinations of values was completely unfeasible,
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Table 5.2: GENECI input parameters.

Parameter

Description

—confidence-list
—gene-names

—Crossover
—Crossover-

probability
—mutation

—mutation-
probability
—repairer
—population-
size

—-num-
evaluations
—cut-off-criteria
—cut-off-value

CSV file paths with trusted lists.

Path to the TXT file with the name of the genes sep-
arated by comma and without space. If not specified,
only genes specified in the confidence lists will be con-
sidered.

Crossover operator.
Crossover probability.

Mutation operator.
Mutation probability.

Repairer to keep the sum of weights equal to 1.
Population size.

Number of evaluations.

Cut-off criteria for network binarization.
Numeric value associated with the selected criterion.

—Q-weight Weight associated with term Quality.

—T-weight Weight associated with term Topology.

—threads Number of threads to be used during parallelization.
By default, the maximum number of threads available
in the system is used.

—graphics Graphical representation of the evolution of the fitness
value.

—output-dir Path to the output folder.

an incremental procedure was carried out to try to progressively fix the values
of the parameters, starting with the analysis of the most fundamental ones and
ending with those of lesser importance.

Parameters related to crossover and mutation probabilities were set before.
It is already known in the literature that an adequately constructed evolution-
ary algorithm should respond well to a high crossover probability and a low
mutation probability [221} 222]]. However, testing their values ensures the con-
sistency of the implementation. Although the crossover probability seemed to be
clearly fixed at 0.9, the mutation probability varied depending on the number
of consensual lists. After reviewing the literature, it could be seen how the rec-
ommended mutation probability for these cases is the maximum between 0.01
and 1/n [215], 223]], where n is the length of the vector, which in this case is the
number of lists provided in the input. Therefore, since having a number less than
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0.01 would mean trying to agree on more than 100 lists (which is infeasible),
1/n was set as the optimal value associated with the mutation probability.

The next parameters to be optimized were those related to the repairer and
cut-off criterion. As mentioned in their respective sections, StandardizationRe-
pairer and MinConfDist were finally established as the optimal values for these
parameters. In this case, since both parameters are quite specific to our prob-
lem, instead of doing point executions, we proceeded to perform a systematic
test on all data sets. For reasons of length, these results can be found in the
supplementary material in the repository. The winners were easily predictable
since the alternatives lacked adequate meaning. First, concerning the repairers,
it was to be expected that the greedy ones would offer worse results. There
was some randomness in its operation, and it did not fully maintain the essence
of the vector it was intended to repair. On the other hand, in the cut-off crite-
ria, the justification discussed in previous sections regarding the reliability based
on the confidence values together with the distance between weight means and
distance concerning the median confidence allowed to expect that the criterion
contemplating both metrics would indeed be the most effective.

Finally, the parameters of population size and the number of evaluations re-
main to be analyzed. It is evident that the higher the value given to them, the
higher the quality of the result obtained, but the more execution time they con-
sume. To find a certain balance, several combinations were tested to find the one
that would ensure the algorithm’s convergence at a suitable stage under a rea-
sonable number of iterations. It should be mentioned that, regardless of the size
of the input network, the number of techniques applied in the experimentation
is the same, so the vector of weights to be optimized is always of the same size.
This means that, although the evaluation is slower for large networks, the possi-
ble combinations of weights assigned to the lists cover the same search space as
for the rest of the networks. Finally, a population size of 100 individuals and a
total of 50,000 evaluations were established for the experimentation addressed
in this chapter.

5.2.2 Experimental Procedure

After setting all the GENECI parameters, an experimental procedure was con-
structed to demonstrate the validity of the work carried out and the benefits
of the proposed strategy. The first part of this study takes data from academic
benchmarks to quantify the accuracy of GENECI. First, data from some of the
DREAM challenges [142] (specifically editions 3, 4 and 5) are used, as they have
been extensively studied in the literature [[224, 225, 226, 227, 228, [229]] and
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provide specific evaluation scripts that allow us to compare accuracy values with
other research articles. And secondly, the IRMA 5-gene network [173]] is con-
sidered, whose gold standard allows us to evaluate the quality of the results as
a binary classification problem. Finally, GENECI is confronted with a real-world
biological network of melanoma patients [[196] whose interactions are validated
by specific literature searches. For more details on these data, see section 4.1

For each dataset, the process starts by inferring their corresponding gene reg-
ulatory networks using all the individual techniques integrated into the proposal.
For the benchmark data, the predictive capacity of the results provided by the
individual techniques is evaluated to conduct a subsequent comparison exercise
concerning the quality of the GENECI consensus networks. Specifically, metrics
AUROC (Area Under the ROC curve) and AUPR (Area Under the Precision-Recall
curve) are calculated. The area under the receiver operating characteristic curve
(AUROC) is a single scalar value that quantifies the overall performance of a
binary classifier. Its value is bounded by the interval [0.5-1.0], where the min-
imum value represents the performance of a random classifier, and the maxi-
mum value is associated with a perfect classifier. Secondly, the area under the
precision-recall curve (AUCPR) is a model performance metric that has been
recognized as useful for classification performance assessment for unbalanced
binary responses in bioinformatics [[230]. This is the case for predicting interac-
tions between genes that form the GRNSs, as the number of truly interconnected
genes is small compared to all the possible connections. Its value increases the
better the classifier is evaluated.

For the DREAM challenges, a subcommand integrated into the package is
used to call the evaluation scripts presented in the respective challenges. An-
other generic subcommand is used for the IRMA data that treats the case as a
binary classification problem. Subsequently, a total of 25 independent runs are
elaborated by the evolutionary algorithm (except for the last DREAMS5 network
due to its size), and the quality of the prediction made for each is validated.
Finally, a comparison is made between the median AUROC and AUPR values of
these 25 runs and the individual values of the different techniques.

The GENECI result is studied for real-world data by validating the presence of
the main interactions reported in the literature from a biomedical point of view.

5.3 Results and Discussion

This section presents the results provided by GENECI for the experimental proce-
dure described previously. A section is dedicated to each data set, illustrating the
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Table 5.3: Accuracy values for DREAMS3 and size 10 networks. AUPR and AUROC values
are provided for each technique and problem, highlighting in bold the results obtained
by GENECI and the best obtained by any of the individual techniques.

D3_10_Ecolil D3_10_Ecoli2 D3_10_Yeastl D3_10_Yeast2 D3_10_Yeast3

Técnica AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR
ARACNE 0.561 0.1529 0.524 0.1852 0.6269 0.1546 0.6031 0.417 0.5043 0.2463
BC3NET 0.6116 0.2146 0.4804 0.2158 0.5606 0.2359 0.5914 0.3459 0.4846 0.228
C3NET 0.5754 0.1599 0.5218 0.1832 0.5719 0.1368 0.6003 0.414 0.5167 0.2538

CLR 0.5719 0.1477 0.4542 0.1599 0.5788 0.1724 0.5782 0.3783 0.4893 0.2619

GENIE3_ET 0.6157 0.1762 0.6524 0.2172 0.525 0.1212 0.5858 0.3417 0.5809 0.2855
GENIE3_GBM 0.5673 0.139 0.7458 0.2848 0.4863 0.1341 0.5643 0.4183 0.5381 0.2695
GENIE3_RF 0.5938 0.1598 0.6818 0.2369 0.5 0.1064 0.5545 0.345 0.5689 0.3072

KBOOST 0.5949 0.1739 0.648 0.2392 0.3438 0.0928 0.5415 0.3246 0.3168 0.1786
MRNETB 0.5472 0.141 0.4631 0.1685 0.5487 0.1285 0.5754 0.4043 0.4485 0.223
MRNET 0.5155 0.1469 0.5116 0.1785 0.5206 0.1264 0.5788 0.4122 0.4402 0.2318

PCIT 0.5455 0.2987 0.4862 0.1626 0.5631 0.1694 0.412 0.2336 0.5675 0.3501
TIGRESS 0.481 0.1174 0.6569 0.4301 0.6763 0.242 0.4892 0.2491 0.4305 0.2013

Median GENECI | 0.5627 0.1707 0.6089 0.2468 0.5175 0.1311 0.5982 0.3645 0.5127 0.2711
Best GENECI 0.5685 0.1791 0.6196 0.2523 0.5275 0.1369 0.6025 0.3956 0.5287 0.3245

precision values obtained in each case and graphical representations that allow
visualizing network topologies, distribution of fitness values, weights assigned
by GENECI and a series of comparisons between the results of different inference
techniques.

5.3.1 Benchmarks
DREAMS - Size 10

First, the results for the 10-node networks of the DREAMS3 challenge are shown.
Table shows the AUROC and AUPR values for each of the individual tech-
niques and the median of these same metrics for the 25 independent runs of the
evolutionary algorithm. In addition, for comparative purposes, the best value
obtained by the inference techniques and the one achieved by GENECI are high-
lighted in bold for each column. In this case, the values of the accuracy met-
rics reported for the consensus networks are in a competitive range but without
standing out from the rest. The exception occurs for the AUROC obtained for the
second yeast network, where the distance between the best result of the tech-
niques and that of GENECI is relatively small. However, this case is considered
insignificant, considering its isolated character and the low precision quality re-
ported by the individual techniques.

The explanation of these results is that the second term of the fitness func-
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ARACNE

GENECI

Figure 5.2: For the first 10-gene yeast network of the DREAMS3 challenge, the gene net-
works inferred by the individual techniques and the consensus gene network computed
in the run whose AUROC corresponds to the median exposed in Table are illustrated.
Graphs attempt to represent gene regulatory networks by setting up genes in the form of
nodes and interactions through links. In addition, it can be seen that the directionality
and confidence of these interactions are represented in these networks.

tion is practically frozen for cases of such a small size. When faced with 10-node
networks, the evolutionary algorithm does not seem to have enough margin to
carry out the optimization part aimed at improving the consensus network topol-
ogy. However, this is not considered a problem if one remembers that the goal
of GENECI is to optimize the consensus of real-world gene networks, where the
number of transcription factors is much larger than that contained in this sub-
challenge.

Figure shows the graphs associated with each of the networks inferred
by the individual techniques and the consensus network whose AUROC corre-
sponds to the median of the runs. These graphs show the directionality of the
interactions (direction of the arrows), the degree of the genes (size of the nodes)
and the intensity of the relationships (thickness of the links and numerical spec-
ification for the highest values). In addition to appreciating the small size of
these networks, it can be seen how the techniques that have obtained the best
results in Table (TIGRESS and those derived from GENIE3) present random
networks that are far from the scale-free configuration that usually appears in
real-world gene networks of larger size. This means that the GENECI target is far
from the topological characteristics of the gold standard in these cases, which
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Table 5.4: Accuracy values for DREAM3 and size 50 networks. In this table, a gene
network is contemplated for each pair of columns, where in each row the AUPR and
AUROC values are provided for each inference technique.

D3_50 Ecolil D3_50_Ecoli2 D3_50 Yeastl D3_50_Yeast2 D3_50_Yeast3

Técnica AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR
ARACNE 0.4893 0.0241 0.539 0.0424 0.537 0.0505 0.5252 0.0761 0.5283 0.0887
BC3NET 0.5015 0.0263 0.5271 0.0372 0.5455 0.0429 0.5144 0.0715 0.5245 0.084
C3NET 0.5083 0.0265 0.5209 0.0391 0.5363 0.0508 0.5198 0.0764 0.5244 0.0868

CLR 0.5831 0.0334 0.627 0.0606 0.5401 0.0504 0.5292 0.0814 0.5491 0.1014

GENIE3_ET 0.5338 0.0294 0.6373 0.0783 0.5463 0.0514 0.5709 0.0872 0.5752 0.0965
GENIE3_GBM 0.4951 0.0299 0.6269 0.087 0.5704 0.0778 0.571 0.0906 0.5775 0.1058
GENIE3_RF 0.5563 0.0338 0.6318 0.0811 0.5665 0.07 0.5892 0.0895 0.5739 0.1004

KBOOST 0.5459 0.0277 0.528 0.0379 0.4628 0.0347 0.4659 0.0668 0.5168 0.0738
MRNETB 0.6046 0.0363 0.6401 0.057 0.5467 0.0557 0.5357 0.0755 0.5507 0.0992
MRNET 0.5803 0.0329 0.6237 0.0557 0.5409 0.0507 0.5383 0.0786 0.5474 0.0983

PCIT 0.5765 0.0403 0.5953 0.0677 0.5636 0.0588 0.499 0.0644 0.539 0.0843
TIGRESS 0.5794 0.0289 0.3846 0.0246 0.5591 0.0335 0.5876 0.084 0.5807 0.0983

Median GENECI | 0.5998 0.0348 0.6461 0.0713 0.5517 0.0657 0.5688 0.0839 0.574 0.1001
Best GENECI 0.6027 0.0349 0.6475 0.0719 0.5553 0.0662 0.5694 0.0846 0.5821 0.1014

again explains the limited results shown.

DREAMS - Size 50

This section shows the results obtained for the 50-node networks of the DREAM3
challenge. In Table it can be seen that the increase in the size of the net-
works to be inferred has led to better results than in the previous section. This
is because a size of 50 nodes already gives a certain margin to the evolutionary
algorithm to optimize the topological characteristics of the consensus networks.
In this case, medians of the AUROC and AUPR values of GENECI are quite close to
the best results of the individual techniques. In addition, it is worth mentioning
that the maxima of these metrics are selected individually so that, in many cases,
the method that provides the best result concerning AUROC is not the same as
the best about AUPR. Therefore, the fact that GENECT is able to approach the max-
imums of both metrics (or even surpass them), is in many cases an improvement
over any of the individual techniques.

Figure shows boxplots representing the weights assigned to the different
techniques by the final solutions of the 25 independent runs. An additional
diagram concerning the fitness values of these solutions is depicted at the bottom
right, where the variation of the achieved values is shown for each network.

Regarding the assignment of weights, it can be seen that in most of the net-
works, the proposed solutions throughout the 25 runs are quite similar. However,
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Figure 5.3: Boxplots of the fitness values and weights over the 25 independent runs.
The first 5 graphs represent the distribution of the weights assigned by GENECI across all
the runs for each of the techniques. Finally, the sixth figure shows the distribution of the
fitness values obtained in the different runs performed.

there is the exception of the Ecoli2 network, which in addition to showing out-
liers in the fitness boxplot also presents a slightly more random distribution of
weights. This may be because this network presents more local minima that hin-
der the algorithm’s progress. Most runs seem to have stalled at one of them, as
there are sporadic runs with better results. Consequently, both the distributions
of good solutions and those related to premature convergences coexist in the
boxplots of the weights, which explains the variability shown in the graph.

From a different perspective, specific techniques in certain networks do not
seem to converge to a given weight. Two different situations can be seen in the
illustrated graphs. First, in the case of Yeast2 graph, BC3NET and GENIE3 GBM
obtain quite different weights depending on the execution. The fact that the
fitness values remain constant is a sign that their variability is not related to the
algorithm’s convergence. Moreover, since all other techniques remain constant,
it can be deduced that the weight increase in one is usually reflected in a decrease
in the weight of the other, although being this balance completely indifferent
with regard to the fitness value of the solution. The only case in which this is
possible is when the techniques infer quite similar networks, and therefore the
granting of greater weight to one or the other is practically indiscernible for the
consensual network.
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Table 5.5: Accuracy values for DREAMS3 and size 100 networks. The AUPR and AUROC
values are presented in two clearly distinguishable bands. The first band shows the
precision values for the individual inference techniques, while the second band shows
the values obtained by GENECI after the consensus of the techniques, distinguishing
between the median of the runs and the best result obtained from them.

D3_100_Ecolil D3_100_Ecoli2 D3_100_Yeastl D3_100_Yeast2 D3_100_Yeast3

Técnica AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR
ARACNE 0.5512 0.0238 0.5323 0.0187 0.553 0.0332 0.5216 0.053 0.5126 0.064
BC3NET 0.5442 0.0175 0.5286 0.0175 0.523 0.0191 0.5148 0.0435 0.5063 0.0569
C3NET 0.5413 0.0233 0.5189 0.017 0.5232 0.0263 0.5165 0.0507 0.5108 0.0638

CLR 0.659 0.0311 0.5909 0.0268 0.5553 0.0472 0.521 0.0557 0.5284 0.0693

GENIE3_ET 0.6596 0.0338 0.5822 0.0374 0.6235 0.0496 0.5343 0.0528 0.5176 0.0672
GENIE3_GBM 0.6176 0.0363 0.5729 0.0455 0.6515 0.0629 0.5566 0.0621 0.5274 0.0713
GENIE3_RF 0.6673 0.042 0.6001 0.0506 0.6465 0.0557 0.5548 0.0602 0.5269 0.0719

KBOOST 0.4975 0.0153 0.506 0.0132 0.4934 0.0193 0.4692 0.0389 0.4721 0.0516
MRNETB 0.6422 0.0332 0.6045 0.0235 0.5478 0.0357 0.5116 0.0482 0.5246 0.0658
MRNET 0.6352 0.032 0.6002 0.0229 0.5505 0.032 0.513 0.05 0.5284 0.0671

PCIT 0.5972 0.0236 0.5879 0.0242 0.5133 0.0269 0.4909 0.0432 0.5084 0.0564
TIGRESS 0.6257 0.0178 0.557 0.0258 0.5051 0.0163 0.5251 0.0412 0.4863 0.0504

Median GENECI | 0.6813 0.0368 0.6093 0.0347 0.5869 0.0433 0.5305 0.0577 0.5291 0.0693
Best GENECI 0.6918 0.0373 0.6115 0.0351 0.5905 0.0436 0.5336 0.0583 0.5299 0.0694

Second, in the case of GENIE3 RF for the Yeast3 network, there is a quite
similar situation to the previous one, except that on this occasion, the increase
or decrease in the weight of this technique is uniformly assumed by the rest.
This may be a consequence of the fact that the confidence values of this list are
quite close to the median of the remaining ones, and therefore, voting during
consensus is somewhat redundant.

DREAMS3 - Size 100

Finally, the experimentation on the DREAMS3 challenge networks is concluded
by presenting the results associated with the 100-node networks. Similar to
the previous section, Table shows how the results provided by GENECI are
practically at the same level as those obtained by the best individual techniques.

In fact, it is observed that the increase in size continues to bring benefits to
the results. While in the 50-node table, only in one case GENECI came to exceed
the maximum AUROC of the individual techniques, in the 100-node table, this
occurs for 3 of the 5 networks. This means that the optimization performed
on the topological characteristics of the network becomes more meaningful the
larger the size of the network to be inferred.

Figure shows the Ecolil network agreed upon by GENECI in the run cor-
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Figure 5.4: For the first 100-gene Ecoli network of the DREAM3 challenge, the con-
sensus gene network calculated in the run whose AUROC corresponds to the median
illustrated in Table is plotted on the left. On the right, the evolution of the fitness
values obtained during the 25 runs and a violin plot representing the distribution of their
corresponding final values.

responding to the median of the AUROC values. As can be seen, the network
is clearly scale-free, as the degrees of the different nodes are distributed non-
uniformly. The interactive 3D representation generated using the Python pack-
age built in this proposal is very useful for network analysis, allowing rotations,
overlapping techniques, zooming, the query of confidence values, etc. The fit-
ness curves for the 25 runs performed on this network are shown on the right.
In them, one can visualize how a few runs seem to have stagnated at a local
minimum, which is also appreciable in the violin plot located at the top right.
After several tests, it has been shown that GENECI tends to converge well before
50,000 evaluations, so reducing this value would represent some gain concern-
ing the execution time without harming the quality of the results.

Finally, it is worth mentioning that the AUROC and AUPR values for some of
the individual techniques had already been calculated previously in the litera-
ture. Specifically, some accuracy values for the DREAM3 challenge networks are
reported in [[226, 228]], where the resemblance of the results to those obtained
in this work provides some reliability in the study addressed. It is striking to note
the low quality of accuracy that is achieved today in the task of inferring GRNs,



116 5.3. RESULTS AND DISCUSSION

Table 5.6: Accuracy values for DREAM4 and size 10 networks. For each gene regulatory
network included in this dataset (columns), the AUPR and AUROC values are shown
after comparing the networks inferred by the different techniques (rows) with the re-
spective gold standards.

Téenica D4 10_1 D4_10_2 D4_10_3 D4_10_4 D4_10_5
AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR
ARACNE 0.6236 0.331 0.4489 0.171 0.5618 0.2771 0.6693 0.3033 0.6688 0.3168
BC3NET 0.7236 0.4237 0.4954 0.1841 0.5671 0.1936 0.6349 0.2785 0.6613 0.2166
C3NET 0.6636 0.354 0.4865 0.1823 0.5262 0.2625 0.6344 0.2866 0.6966 0.3497
CLR 0.6507 0.3483 0.4861 0.1881 0.5947 0.2693 0.6893 0.2694 0.6912 0.3648

GENIE3_ET 0.8631 0.4533 0.614 0.2401 0.6533 0.2437 0.7073 0.2686 0.8259 0.4167
GENIE3_GBM 0.664 0.2638 0.5971 0.2296 0.696 0.3017 0.6883 0.2658 0.6613 0.3193
GENIE3_RF 0.8284 0.4441 0.6326 0.2546 0.6898 0.3486 0.6883 0.3097 0.8024 0.4379

KBOOST 0.5858 0.2324 0.603 0.2368 0.576 0.2533 0.7383 0.3412 0.6667 0.2393
MRNETB 0.6867 0.3614 0.4907 0.1838 0.6302 0.2936 0.6718 0.317 0.6704 0.34
MRNET 0.6493 0.3439 0.5046 0.1876 0.5422 0.2744 0.7118 0.3173 0.672 0.3416
PCIT 0.5884 0.3262 0.5819 0.2948 0.5649 0.2084 0.5395 0.2562 0.5577 0.2579
TIGRESS 0.5973 0.3257 0.614 0.2191 0.4871 0.1674 0.4915 0.15 0.4017 0.1268

Median GENECI | 0.7689 0.4371 0.5887 0.2709 0.6933 0.274 0.7493 0.3445 0.7906 0.4248
Best GENECI 0.7733 0.4393 0.5938 0.2724 0.6987 0.2777 0.7572 0.3561 0.8077 0.4638

and it is for this reason that it remains a significant area of research.

DREAM4 - Size 10

Table [5.6] shows the AUROC and AUPR values for each of the individual tech-
niques and the median of these metrics for the 25 independent runs of the pro-
posal. Indeed, as in the previous challenge, the nodes’ scarcity and the networks’
small size lead to moderate results for GENECI. This is visible in networks 1, 2
and 5, as well as in the AUPR of network 3. However, the exception of network
4 stands out, where GENECI achieved competitive results. In this case, unlike the
exception seen in DREAM3 for networks of the same size, the AUROC and AUPR
values provided by the individual techniques are neither homogeneous nor of
low quality, so this time it is considered a merit on the part of the algorithm.

To analyze this sporadic behaviour, Figure shows for Net-4 10-gene the
graphs related to the different individual techniques and the GENECI consensus
gene network corresponding to the median. In the graphs, despite the small
size of the network, a certain scale-free distribution is shown, where the most
interconnected node also has the most intense relationships. This means that
when GENECI rewards individuals that increase the degree of the only existing
hub (1/10 = 10% of genes), it is actually bringing the consensus network closer
to the gold standard. This behaviour in the rest of the networks is unsatisfactory
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GENECI

Figure 5.5: For Net-4 10-gene of the DREAM4 challenge, the gene networks inferred by
the individual techniques and the consensus gene network computed in the run whose
AUROC corresponds to the median exposed in Table are illustrated. In these graphs
we can see how each gene corresponds to a node and each edge to a specific gene
interaction. The directionalities are expressed by arrows and the confidence values by
the thickness of the links, even specifying their value when this is highly significant.

because there is no single hub in the network since, as explained in the section
on DREAM3, networks of this size tend to have a random configuration.

DREAM4 - Size 100

Again, incorporating a larger number of nodes favours the optimization of the
topological characteristics of the consensus network. Table shows the results
for the 100-node networks (DREAM4). It should be remembered that, as in the
rest of the sections, obtaining good precision values by GENECI implies incor-
porating a reliable method that guarantees outstanding results for networks of
various densities and characteristics (discarding the excessively small ones of 10
nodes). This implies that when it is desired to infer a gene regulatory network
whose structure is unknown, the application of GENECI provides a reliable and
effective resolution method. This is not feasible with the individual techniques
since, as shown in the tables, they tend to provide good results only for specific
subsets of problems, reporting less satisfactory results for the rest.

Unlike the other cases, on this occasion, GENECI seems to overcome the in-
dividual inference techniques through the AUPR values. This occurs in 3 of the
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Table 5.7: Accuracy values for DREAM4 and size 100 networks. This table shows the
results of the evaluation scripts run on each of the individual (first band) and consen-
sus (second band) results for each problem network (columns). The best value of the
individual techniques and the values of the consensus networks per GENECI (best and
median of all runs) are shown in bold.

Téenica D4_100_1 D4_100_2 D4_100_3 D4_100_4 D4_100_5
AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR AUROC AUPR

ARACNE 0.5568 0.0317 0.5412 0.0453 0.559 0.0673 0.5525 0.0419 0.5826 0.0594
BC3NET 0.5629 0.0334 0.5312 0.0315 0.5905 0.0617 0.5537 0.06 0.5939 0.0565
C3NET 0.5345 0.029 0518 0.038 0.5522 0.0664 0.54 0.0383 0.5622 0.0575

CLR 0.6963 0.048 0.6291 0.0578 0.7079 0.1036 0.6654 0.0621 0.6768 0.0764

GENIE3_ET 0.7733 0.0756 0.6741 0.0526 0.7289 0.1143 0.7046 0.0683 0.7555 0.0842
GENIE3_GBM 0.7608 0.0567 0.6929 0.0624 0.719 0.0983 0.7046 0.0634 0.7707 0.0815
GENIE3_RF 0.756 0.062 0.6873 0.0633 0.7411 0.1182 0.7195 0.0698 0.7694  0.082

KBOOST 0.6135 0.0461 0.5234 0.0431 0.5764 0.054 0.5247 0.0367 0.5171 0.0414
MRNETB 0.6848 0.047 0.6334 0.0639 0.7169 0.1076 0.6667 0.0604 0.6798 0.0739
MRNET 0.6771 0.0446 0.6322 0.0583 0.7124 0.1022 0.6622 0.0568 0.6786 0.081

PCIT 0.6172 0.0614 0.5649 0.0486 0.6149 0.1017 0.5988 0.0772 0.6339 0.0894
TIGRESS 0.6581 0.0261 0.5595 0.0617 0.6476 0.0319 0.6281 0.0402 0.6509 0.0312

Median GENECI | 0.7613 0.0674 0.6631 0.0685 0.7316 0.1241 0.7078 0.0742 0.7368 0.1143
Best GENECI 0.7623 0.0676 0.665 0.0691 0.7396 0.1265 0.7097 0.0748 0.7377 0.1144

5 exposed networks, highlighting notably the consensus addressed on network
number 5 of this subchallenge.

Figure [5.6] shows the consensus gene network corresponding to the median
calculated by GENECI. Again, the distribution of node degrees is not uniform,
with a large group being mostly interconnected in contrast to the rest of the
network. On the right are the fitness curves, which in this case, reflect the correct
convergence of all the executions and the end in a fixed and concrete fitness
value.

Finally, it is worth mentioning that, as with DREAM3, previous works have
tested different techniques for inferring networks from this challenge. Results
and quality metrics related to DREAM4 networks can be seen in [224] [225, 226,
227,228, 229], where again the kinship between these values and those calcu-
lated in this chapter bring some confidence to this study.

DREAMS

Due to its large size, 15 runs have been carried out for the last network instead
of 25. Therefore, in this case, the values reported for Net 4 in Table refer to
the AUROC and AUPR values concerning those 15 runs (denoted by *). Due to
the slowness of the single TIGRESS technique, it has been finally discarded from
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Figure 5.6: For the first 100-gene network of the DREAM4 challenge, the consensus gene
network calculated in the run whose AUROC corresponds to the median illustrated in
Table|5.7]is plotted on the left. On the right, the evolution of the fitness values obtained
during the 25 runs and a violin plot representing the distribution of their corresponding
final values.

the optimization process for this challenge. In the table, the results are again
favorable. There is an exception for the AUROC obtained in the third network
of the challenge. However, it is worth mentioning that the distance observed
concerning the best individual technique is due to its accuracy being a clear
outlier for the rest of the values. These results finally demonstrate that GENECI
responds satisfactorily to the input of gene expression data from large networks
with biological support.

For individual inference techniques, similar results are reported in [231),
224], where the absence of the second gene network during the evaluation pro-
cess is indeed noted.

IRMA

Table shows the AUROC and AUPR results for each of the individual tech-
niques and the median of the 25 independent runs of GENECI. It should be noted
that the evaluation process carried out on these networks differs from the pre-
vious ones. In this case, IRMA does not offer specific evaluation scripts, so the
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Table 5.8: Accuracy values for DREAM5 networks. AUPR and AUROC values are pro-
vided for each technique and problem, highlighting in bold the results obtained by
GENECI and the best obtained by any of the individual techniques.

, . D5 1 D5 3 D5 4
Técnica - - -
AUROC AUPR AUROC AUPR AUROC AUPR
ARACNE 0.5538 0.1011 0.5131 0.0296 0.5005 0.0176
BC3NET 0.5673 0.0966 0.5149 0.0257 0.5006 0.0176
C3NET 0.5393 0.0865 0.5071 0.0243 0.5005 0.0176
CLR 0.7402 0.2234 0.5892 0.0602 0.5211 0.0212

GENIE3_ET 0.8149 0.2502 0.6632 0.0879 0.543 0.0222
GENIE3_GBM 0.7952 0.3042 0.6108 0.0682 0.5318 0.0208
GENIE3_RF 0.8135 0.2802 0.6535 0.0844 0.5494 0.0223

KBOOST 0.4679 0.0634 0.5572 0.0445 0.5037 0.0182
MRNETB 0.7421 0.2 0.5948 0.0697 0.52 0.0195
MRNET 0.7404 0.2054 0.5943 0.0557  0.521 0.0196

PCIT 0.6761 0.1712 0.5751 0.0621 0.5173 0.0194

Median GENECI | 0.8007 0.2788 0.6211 0.0751 0.5316* 0.0214*
Best GENECI 0.8024 0.2801 0.6264 0.0762 0.5317* 0.0214*

Table 5.9: Accuracy values for IRMA networks. In this table, a gene network is contem-
plated for each pair of columns, where in each row the AUPR and AUROC values are
provided for each inference technique.

Téenica IRMA_switch-off IRMA switch-on
AUROC AUPR AUROC AUPR
ARACNE 0.6667 0.6815 0.6667 0.6815
BC3NET 0.5833 0.5679 0.5833 0.5679
C3NET 0.6667 0.6815 0.6667 0.6815
CLR 0.6111 0.5339 0.7222  0.609
GENIE3 _ET 0.6667 0.6815 0.8611 0.7865
GENIE3_GBM 0.5 0.4 0.75 0.7759
GENIE3 RF 0.6944 0.6261 0.75 0.7759
KBOOST 0.7778 0.7099 0.6111 0.5339
MRNETB 0.6667 0.6815 0.6667 0.6815
MRNET 0.6667 0.6815 0.6667 0.6815
PCIT 0.5 0.4 0.5 0.4
TIGRESS 0.7778 0.6 0.7778 0.6
Median GENECI | 0.8611 0.7865 0.8889 0.75
Best GENECI 0.8611 0.7865 0.8889 0.75

confidence lists reported by the different techniques have been binarized to per-
form this task. Subsequently, the generic evaluation subcommand has been used,
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Figure 5.7: For the “switch on” IRMA network, the gene networks inferred by the indi-
vidual techniques and the consensus gene network calculated in the run whose AUROC
corresponds to the median exposed in Table are illustrated. The graphs shown in
this figure try to represent the different inferred networks, arranging the genes in the
same layout in order to facilitate visual comparison between them.

facing the binary classification problem.

Finally, it can be seen that after applying the same evaluation criteria to all the
networks, GENECT is again shown to perform well (see Table[5.9). It outperforms
the AUROC and AUPR maxima of the individual techniques for most cases, with
a remarkably significant difference in the case of the “switch off” network. The
graphs reported by the different inference techniques and the consensus network
constructed by GENECI are shown in Figure It can be seen that the network is
really small, with a clear disagreement in the set of proposals when establishing
the existing interactions.

The IRMA network has been frequently used in the literature to test various
techniques for network reconstruction [231, 226, [227, [228, 229]. However, the
lack of a rigorous official criterion for measuring the accuracy of the different
tools has given the scientific community a certain margin to choose the procedure
that best suits its proposal in each case. For this reason, the results reported in
the literature on the levels of quality differ considerably between articles, making
it difficult to compare them in the first instance.
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Statistical Significance

In this section, a statistical analysis is addressed that allows a rigorous compari-
son of the precision obtained by each of the individual inference techniques, as
well as the consensus of these techniques developed by GENECI, from a global
point of view that considers all the results presented so far (except for the
MELANOMA dataset).

According to Friedman’s statistical ranking and Holm’s non-parametric tests
[232] performed for both AUROC and AUPR values (see Table [5.10| and [5.11]
respectively), the best GENECI result is the one that obtains the first position in
both cases (thus acting as a control denoted with *).

After this, it can be seen that the median of GENECI and the techniques de-
rived from GENIE3 are also in good positions, and no statistical difference in
their performance can be assured. The rest of the techniques show statistically
lower performances since, in their case, the null hypothesis of Holm’s test is
rejected.

GENIE3 obtained such good results during our experimentation due to the
main use of the DREAM challenges as a data source. This algorithm shows a clear
specialization of the time series exposed in these challenges, as it won several
times. This is part of what is discussed in the manuscript about the unidentified
specialization of the different inference techniques, and that causes that in the
absence of a gold standard, it is not possible to know a priori which is the best
tool to infer the problem network. This is what GENECTI tries to solve, i.e., it does
not try to outperform all the individual techniques in their domains of special-
ization (since, by the No Free Lunch theorem itself, this would be impossible)
but aims to obtain quality results (competitive concerning the best technique)
for a wide range of problems, gaining generalization capacity and relieving the
researcher of the need to choose and rely on an individual technique.

On the other hand, it is worth mentioning that GENECI, as well as boosting
the weight of the most promising techniques for each data set, has shown that
it can quickly silence those that are not. The presence of noise from the less
competitive techniques has not been detected, and GENECI has not hesitated to
assign low weights to them in those cases where it has been considered pertinent.

All this assures that the GENECI proposal obtains a highly competitive perfor-
mance and ensures robustness for its use in the inference of real-world datasets
for which no previous solutions are known.

It is worth noting that the lower performance of GENECI on very small net-
works, observed in some of the DREAM challenge benchmarks, does not repre-
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Table 5.10: Friedman mean rank with Holm’s adjusted p values (0.05) for AUROC.

AUROC
Algorithm Friedman’sRank | Holm'sAdj — p
*Best GENECI 3.100e+00 -

GENIE3 RF 3.833e+00 0.742e+00
GENIE3_ET 4.067e+00 0.742e+00
Median GENECI 4.367e+00 0.723e+00
GENIE3 GBM 5.617e+00 0.079e+00
MRNETB 7.417e+00 3.215e-04
CLR 7.467e+00 3.170e-04
MRNET 8.083e+00 2.769e-05
TIGRESS 9.117e+00 2.034e-07
PCIT 1.002e+01 1.518e-09
ARACNE 1.002e+01 1.518e-09
BC3NET 1.033e+01 2.344e-10
C3NET 1.052e+01 7.896e-11
KBOOST 1.105e+01 2.386e-12

sent a limitation in real-world applications. These instances are artificial prob-
lems that attempt to reproduce regulatory dynamics at a reduced scale, while
real-world biological networks are typically much larger and more complex.
Since the second aggregate term of the fitness function was designed to reflect
topological features of realistic networks, its behavior was expected to be less
effective in such reduced artificial settings. This effect is not problematic in
practice, as the algorithm is primarily intended for large-scale gene regulatory
networks, where it has demonstrated competitive and robust performance.

5.3.2 Real-World: MELANOMA

Finally, GENECI has also experimented on non-simulated gene expression data.
Specifically, real-world clinical data from melanoma patients are used (see|4.1.2).

Since, in this case, there is no gold standard to validate the accuracy of the
consensus network, a review of the current literature will proceed to manually
check the existence of the most relevant inferred relationships in studies related
to melanoma and immunology. Figure shows the results of the different in-
dividual techniques and the GENECI consensus gene network at the top left. The
three relationships that obtained the highest level of confidence after consensus
are (1) IL1R2 - ARG1, (2) IL18R1 - IL1RL1 and (3) HLA-DQA1 - HLA-DQBI1.
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Table 5.11: Friedman mean rank with Holm’s adjusted p values (0.05) for AUPR.

AUPR
Algorithm Friedman’sRank | Holm'sAdj — p
*Best GENECI 2.867e+00 -

GENIE3 _RF 3.783e+00 0.412e+00
Median GENECI 4.233e+00 0.412e+00
GENIE3 _GBM 5.200e+00 0.092e+00
GENIE3 ET 5.433e+00 0.070e+00
CLR 7.333e+00 1.772e-04
MRNETB 7.517e+00 1.002e-04
MRNET 8.117e+00 8.194e-06
PCIT 8.350e+00 3.074e-06
ARACNE 9.250e+00 3.082e-08
C3NET 9.750e+00 1.857e-09
BC3NET 1.077e+01 2.853e-12
KBOOST 1.117e+01 1.846e-13
TIGRESS 1.123e+01 1.233e-13

Regarding the first interaction, several studies relate both genes within the
context of cancer [[233, 234]. Specifically, in [235]] it is concluded that the ame-
biasis pathway could be involved in melanoma metastasis through these genes.
Regarding the second connection, despite appearing in the literature as highly as-
sociated with allergic pathologies such as asthma or dermatitis [236, 237, 2381,
in [[239] both genes are related to repressors involved in epithelial cancers. Fi-
nally, for the third interaction, in addition to numerous articles that relate the
HLA antigen family to this type of cancer [240, 241], in some of them, this
relationship becomes the protagonist, and the central axis of the study [242].

5.3.3 Time Complexity

Regarding the algorithm’s asymptotic time complexity (Big-O), an implementation-
informed approximation is provided below:

* Preprocessing: running the k base inference methods on the dataset yields
a total cost Chae = 27, Ci.

* Evolutionary optimization (over E evaluations): in each evaluation, (A) con-
sensus construction from the £ method outputs takes O(m - k), and (B) ob-
jectives compute as follows: Quality in O(m - k + m); Degree distribution in
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Figure 5.8: For Melanoma expression data, gene networks inferred by multiple individ-
ual techniques as well as the consensus one produced by GENECI are represented. Graphs
attempt to represent gene regulatory networks by setting up genes through nodes and
interactions through links. In this case, as they are captures of interactive representa-
tions, the directionality of the interactions is not visible to the naked eye. However, the
equal arrangement of nodes allows the topology of the different networks to be easily
compared.

O(m + nlogn). Summing the per-evaluation costs:

Om-k)+O0O(m-k+m)+O(m+nlogn) = O(m-k+m+nlogn).

e Qverall:

’ Chase + CGEnecr ‘ ~ Chase + O<E (m - k+nlog n))

* Symbols: n = number of genes (nodes); m = number of candidate directed
interactions (up to n(n—1)); k = number of base methods; P = population
size; T = number of generations; F = total fitness evaluations (typically
E=xT - P); Cpise = total cost of running all base methods once.
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Chapter 6

Memetic Inference: Incorporating
prior knowledge into the
evolutionary process

In the biomedical field, the adoption of memetic algorithms has gained signif-
icant traction, demonstrating their versatility and effectiveness in several ap-
plications [243, 244, 245, 246, 247, |248]. These algorithms, which combine
intensive local search with global evolutionary strategies, have been successfully
applied to solve complex problems in this domain. For instance, in [245] the
optimization of PPI (Protein-Protein Interactions) network alignment considers
both topological structure and sequence similarities, surpassing existing meth-
ods in accuracy. Additionally, in protein structure prediction, memetic algorithms
have been designed using knowledge from databases to guide the search towards
similar native structures, showing promising results comparable to reference pre-
diction methods [244), 246]]. In the field of cancer diagnosis, the application of
memetic algorithms has demonstrated to enhance the selection of relevant genes
by combining local and global search techniques to identify discriminant genes
with precision [243].

Finally, the memetic approach has also reached the focus of this Tesis, the
reconstruction of GRNs. In [247], an innovative approach is proposed to learn
parameters of Recurrent Neural Networks (RNN) and develop an LASSO (Least
Absolute Shrinkage and Selection Operator) based framework for the effective
reconstruction of GRNs. This method demonstrates superior ability to handle
the complexity and sparsity of relationships in real GRNs, outperforming other
RNN learning algorithms in large-scale network reconstruction. More recently,
in [248]], a memetic algorithm is proposed for inferring sparse GRNs using Max-

127
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imum Entropy Probability Models (MEPMs). This approach addresses the prob-
lem from a multi-objective optimization perspective, considering maximum en-
tropy and MEPM constraints as separate objectives.

Given the statistical rigor demonstrated by the GENECI proposal in its re-
sults (see chapter [5) and considering the validity that the memetic approach
has shown in biomedical domain problems, it is more than justified to introduce
this approach to address the specific problem of reaching a consensus among
several inference techniques for the reconstruction of GRNSs.

6.1 Proposed Approach

In this chapter, a memetic algorithm is proposed to optimize the consensus of
different techniques for the inference of gene regulation networks. This is based
on the previous proposal where an evolutionary process drives this optimization
based on the quality and topological characteristics of the networks (see chapter
[B). This tool has been complemented with a local search phase to guide the
optimization process, thanks to prior knowledge of certain gene interactions in
the network. This additional phase is located and exemplified in Figure For
a more technical analysis, the pseudocode is set out in Algorithm

The set of candidates subjected to local search is iteratively explored in a loop
spanning the length of the individual (line 3 in Algorithm[4). This set comprises
the individual provided by the previous phase without any modification (case
i = —1 in Algorithm 4) and each of the variations resulting from granting an
additional vote to each technique (case i # —1 in Algorithm [4)). In other words,
the first variation will correspond to adding an additional vote of confidence
to the first technique, quantified as the value of one vote in the case that the
system is not weighted (case i = 0 and line 6 in Algorithm[4)). The exact formula
for calculating the new value of the technique in the vector is explained and
exemplified in Figure

After generating the candidates, they are repaired and the consensus network
derived from each of them is constructed (lines 7 and 8 in Algorithm [4)). Finally,
the distance of their confidence levels from the known interactions in the net-
work is measured (line 9 in Algorithm [4). The known interactions will usually
be assigned a confidence level equal to 1 in the comparison file. However, if
the medical researcher wishes to assign a certain probability to their knowledge,
any other value between 0 and 1 is accepted. This means that knowledge of a
non-existent interaction could also be reflected, but this case is less common.

If the distance is less than the recorded minimum, the current one becomes
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Figure 6.1: Succession of phases within the evolutionary process. Individuals are crossed
through simulated binary crossover and subsequently subjected to polynomial mutation.
Following this, the local search begins where several variations of the individual (encod-
ing a given solution) are compared to select the one whose consensus network is closest
to the known interactions. Finally, the individuals are repaired to resume their represen-
tation in the form of a weight vector.

the new minimum and the best solution is replaced by the current one (lines
10-12 in Algorithm [4). At the end of the loop, the solution with the smallest
distance to the reference is returned (line 13 in Algorithm [4).

The distance is calculated as a simple summation of the absolute value dif-
ferences between the value of the known interactions (usually 1) and the confi-
dence levels assigned by the consensus network for these interactions. However,
the possibility that the set of known interactions is a poorly distributed sample
that always favors the same technique during the consensus, has been consid-
ered. To mitigate this possibility, an additional parameter has been added that
defines the interactions that participate in the calculation of the distance on each
iteration.

This parameter is exemplified in Figure by covering its three possible val-
ues, namely: the option all is contemplated, in which all the known interactions
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Algorithm 4 Main code of the local search phase

Require: Individual sol, Known interactions involved in distance calculation
ref.
Ensure: Improved individual resSol.
1: resSol < copyOf (sol)

2: minDistance < inf

3: foriin (—1,len (sol)) do

4: tmpSol < copyO f (sol)

5: if i # —1 then

6: tmpSol[i] += sum (sol) /len (sol)
7: end if

8: RepairSolution (tmpSol)

9: net < GetNetwork(tmpSol)
10: distance < Distance (net,ref)
11: if distance < minDistance then
12: minDistance < distance
13: resSol < tmpSol
14: end if
15: end for
16: return resSol

participate in all local searches; the option some in which a randomly chosen
subset of them participates on each occasion; and finally the option one in which
only one of the known interactions chosen randomly is used on each local search.

This local search phase aims at breaking the limitations imposed by GENECI in
its aggregate term Quality, where techniques whose confidence levels are quite
consistent with the remaining ones are somewhat rewarded. Although the con-
sistency of confidence values can increase the reliability of a technique, this strat-
egy sometimes lets certain peculiar interactions that are only inferred by a small
subset of techniques slip away. The local search allows for the utilization of prior
information to the inference of the network to identify these cases and redirect
the evolution of the individuals. It is evident that both strategies are interde-
pendent and must coexist in the evolutionary process, as exceeding the use of
previously known information could provoke overfitting.
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Figure 6.2: Examples of interactions involved in the distance calculation in different
executions based on the proportion of the gold standard extracted as a set of “known
by the expert” interactions (rows) and the type of distance (columns). The case of
extracting 5%, 10%, and 15% of the gold standard for the distance types all, some, and
one respectively, is shown. All executions take the same reference in the case of all, while
for some and one, there is a certain random component that causes differences on each
local search.

6.2 Experimentation

The experimentation addressed in this study employs the academic benchmarks
provided by the DREAM challenges [142] (specifically their 3rd and 4th edi-
tions) and the yeast network of IRMA [173] (see section . All these net-
works were also part of the experimentation of GENECI and constitute a total of
27 inference cases. The known interactions of these networks that will guide
the evolutionary process have been defined from their gold standards (known
solutions information). Specifically, 5% of these references have been extracted
for each execution.

The accuracy of the results will be calculated using the AUROC and AUPR
metrics, which were set by the DREAM challenges themselves for their compe-
tition and make it possible to compare these results with other studies in the
literature. Other metrics such as F1-Score and MCC are not considered, as the
use of the chosen benchmark standards is deemed sufficient to cover this study.
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6.2.1 Parameter settings

Given that this proposal partially follows the evolutionary process of GENECI,
which is in fact common in standard EA settings, it has been decided to keep as
much as possible the parameter setting that was configured in the experimen-
tation of its corresponding chapter, hence allowing a fair comparison. There-
fore, the default settings of simulated binary crossover (with a probability of
0.9), polynomial mutation (with a probability of 1/n, where n is the number of
techniques to be consolidated), and repair based on vector standardization have
been established. However, for the additional phase proposed in this chapter, it
remains to determine the probability with which the local search is carried out
(which is independent of the crossover and mutation probability) and the way
the information from the known interactions is used for the calculation of the
distance.

To find the most suitable values for these two parameters, all possible com-
binations between their values have been considered. For the probability of the
local search, the candidate values 0.1, 0.25, 0.4, and 0.55, have been defined.
And for the type of distance, the already discussed options of all, some, and one.

Each combination of parameters has been tested with 15 independent exe-
cutions for each network considered in this study. Afterwards, the performance
of each solution was calculated using the AUROC and AUPR metrics with re-
gard to the gold standards. For each network and combination of parameters,
the median of their precision values was extracted, which finally allowed the
calculation of a Friedman statistical ranking with Holm’s non-parametric tests.

The results are shown in Table for the AUPR metric and in Table for
the AUROC metric. It can be seen how the winning combination for both cases is
the one that always takes into account all the known interactions in the distance
calculation and with a higher probability of local search. That is, the combination
that employs to a greater extent the external information provided. However,
rigorous statistical significance cannot be attributed to this victory since only in
one case does it meet the established threshold of p < 0.05.

A point to consider regarding the lack of statistical significance is that aca-
demic problems have a relatively small network size, sometimes around 10
nodes. This causes the difference between taking all or only a subset of in-
teractions for distance calculation to rely on a couple of interactions, which does
not allow for a significant statistical conclusion. However, there is an observable
trend towards providing more accurate solutions when the available information
is maximized simultaneously through probability and the method of distance cal-
culation.
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Table 6.1: Friedman mean rank with Holm’s adjusted p values (0.05) for AUPR. Sev-
eral distance (D) and local search probability (P) configurations are compared based
on the AUPR metric. For this purpose, 15 independent runs of each configuration were
performed and the median of them (Median) was rescued. After running Friedman’s sta-
tistical ranking (second column), the winner (highlighted in bold with x) is taken as a
reference to measure statistical significance against the rest using Holm’s nonparametric

tests (third column).

AUPR
Algorithm Friedman’sRank | Holm'sAdj — p

*Median D-all P-0.55 4.88889 -
Median D-one P-0.25 5.90741 0.725979

Median D-one P-0.1 5.96296 0.725979

Median D-all P-0.25 6.03704 0.725979
Median D-some P-0.4 6.24074 0.673303

Median D-all P-0.4 6.53704 0.465230
Median D-some P-0.1 6.62963 0.456477
Median D-one P-0.55 6.75926 0.396552
Median D-some P-0.25 6.90741 0.341178

Median D-one P-0.4 6.92593 0.341178
Median D-some P-0.55 7.00000 0.314504

Median D-all P-0.1 8.20370 0.008033

Table 6.2: Friedman mean rank with Holm’s adjusted p values (0.05) for AUROC. The
procedure and nomenclature are identical to those in Table

AUROC
Algorithm Friedman'sRank | Holm'sAdj — p

*Median D-all P-0.55 5.53704 -
Median D-some P-0.1 6.24074 1.99405
Median D-one P-0.25 6.42593 1.99405

Median D-one P-0.4 6.42593 1.99405

Median D-all P-0.25 6.46296 1.99405
Median D-one P-0.55 6.46296 1.99405

Median D-one P-0.1 6.59259 1.99405

Median D-all P-0.1 6.61111 1.99405

Median D-all P-0.4 6.74074 1.99405
Median D-some P-0.4 6.77778 1.99405
Median D-some P-0.25 6.79630 1.99405
Median D-some P-0.55 6.92593 1.72664
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Regarding the other combinations, another factor that cannot be measured
and may have affected the results should be taken into account, granting better
precision to combinations with less use of information and worsening the re-
sults of others that made greater use of it. In each execution, to form the set of
known interactions, a random 5% of the network’s gold standard was extracted.
Although the number of reference interactions was the same in all executions,
their informational value is not necessarily equivalent. That is, the knowledge
about the existence of certain interactions may be more valuable than that of
others. This is an unpredictable and inevitable fact, since eliminating random-
ness and establishing fixed reference relationships could bias the results even
more.

In the context of the academic networks employed in this study; it is logical to
consider extending the winning combination and adding a higher probability of
local search to further improve precision levels. However, it should be noted that
in such academic problems, the temporal expression levels are simulated from
a predefined set of interactions, which ultimately represents the gold standard
of the problem. This means that whenever known interactions are added from
this gold standard, information from the optimal solution is being shared. This
is not the case with real-world networks, and even less so with networks that are
intended to be inferred (e.g. in vivo experiments that are not performed yet).
In other words, in the cases for which this proposal is intended, the information
provided could form part of a good solution known to the domain expert, i.e. a
set of interactions that effectively provides a logical explanation of what happens
to the gene expression levels during the experiment. However, this may not be
the only possible explanation, and there may be other similar alternatives that
fit the scenario better. If such information is consistently favored with high prob-
ability, it could disturb the direction in which the population evolves during the
algorithm execution. Nevertheless, keeping these interactions in mind regularly
can bring the population closer to a high-potential zone without condemning the
evolution to a possible local minimum.

Given that the optimal solution for these real-world networks intended to be
inferred is unknown, the deviation that can be caused by overusing local search
could be critical. Therefore, in this case, the most intelligent stance is caution
rather than blindly parameterizing in full this proposal based on simulated prob-
lems without this broader perspective.

Furthermore, even in academic data where the information injected into the
local search is part of the optimal solution to the problem, there is a certain risk
that a poorly distributed sample of known interactions may end up diverting
the evolution of individuals. The deterioration that these cases can cause to the
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accuracy of the results increases with the probability of local search. Therefore,
once again, setting certain limits is a good practice to maintain a balance that
ensures the proposal’s security.

Therefore, despite the lack of rigorous statistical significance, the combina-
tion of distance all and probability 0.55 is chosen as the winner, as it has obtained
the first position in the ranking for both precision metrics.

6.3 Results and discussion

After configuring the parameters of the memetic algorithm, this section quanti-
fies the improvement achieved by this proposal after adding the additional phase
of local search. To this end, the precision results presented in the GENECI chap-
ter (see chapter |5) are compared with those obtained by the best parameter
combination seen in the previous section. Specifically, for each network and pre-
cision metric, the median of GENECI’s executions is compared with the median
of the executions of the current proposal. This comparison has been decided to
be represented visually for editions 3 and 4 of the DREAM challenges (see Figs.
and [6.4] respectively) and presented quantitatively in Table [6.3|for the IRMA
yeast network.

Figure shows that the median accuracies of the solutions from the ap-
proach in this chapter surpass, in most cases, the accuracies provided by the
original version of GENECI. Upon closer examination, it is noticed that there is
a certain relationship between the size of the networks and the stability of this
improvement. That is, for larger networks, the enhancement provided by the
additional phase of this approach is more robust and decisive. However, in the
case of small networks, more varied differences are observed between the two
algorithms, with ties or even a slight lead of the original version appearing in
certain cases. This, in a way, validates the choice of the application domain se-
lected for this proposal which, despite being tested on simulated networks, is
intended for inferring real-world networks with significantly larger sizes.

Regarding the instability observed for small-sized networks, it is worth men-
tioning that these cases have a higher probability of obtaining a poorly dis-
tributed sample, as the samples have very few interactions and therefore a good
representation is not achieved in any case. Therefore, the instability observed
in these cases confirms what was previously mentioned in the parameterization,
as even with the introduction of correct interactions, a bad sample can divert
the proper evolution of the population. However, thanks to the caution and
balance achieved in the parameterization, the impact of these exceptional and
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Figure 6.3: Comparison of the AUROC and AUPR performance metrics for the GENECI
(in blue) and Memetic Inference (in orange) algorithmic proposals on each of the
networks belonging to the third edition of the dream challenges (horizontal axis). For
identification, the challenge prefix (D3) is followed by the size of the network (10, 50
or 100) and finally the initial of the organism on which it is based (Y: Yeast, E: E. coli).
The bars indicate the medians of the AUPR values and the lines with markers represent
the medians of the AUROC values for each network. The AUPR and AUROC values are
displayed on separate vertical axes due to their different measurement scales, reserving
the left axis for AUPR and the right axis for AUROC.

indetectable cases a priori is quite moderate on the accuracy of the solutions. It
is possible to guide and influence the evolution of individuals without completely
damaging their convergence.

In Figure[6.4}, the precision levels of both proposals for networks from DREAM
4 are compared. In this plot, the connection between the size of the networks
and the stability of the improvement provided by the local search phase is once
again confirmed. Additionally, in this subset of networks, the correlation be-
tween both metrics is observed in greater detail. That is, both metrics seem to
simultaneously show the same degree of improvement in most cases. This adds
a certain reliability to the proposal of this chapter.

Finally, in Table the precision levels for the yeast network of IRMA are
presented. In this case, given that it is such a small network with such a high ini-
tial precision level, the margin for improvement is minimal. Additionally, the in-
formation available in the set of known interactions is extremely limited, around
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Figure 6.4: Comparison of the AUROC and AUPR performance metrics for the GENECI
(in blue) and Memetic Inference (in orange) algorithmic proposals on each of the
networks belonging to the fourth edition of the dream challenges (horizontal axis). The
nomenclature and interpretation of the graph are identical to those in Figure

Table 6.3: Accuracy values for IRMA networks. In this table, a gene network is contem-
plated for each pair of columns, where in each row the AUPR and AUROC values are
provided for each algorithm.

IRMA_switch-off IRMA_switch-on

AUROC AUPR AUROC AUPR
Median GENECI 0.8611 0.7865 0.8889 0.75

Median Memetic Inference | 0.8611 0.7865 0.8939 0.7549

Técnica

1 interaction (the minimum allowed). Nevertheless, a subtle improvement has
been achieved in the "switch-on" version, maintaining exactly identical values
for the "switch-off" instance. The fact that identical values are obtained is due to
the small size of the network, causing precision values to be quite staggered.

After analyzing all the sets of networks, it can be checked how the memetic
proposal surpasses GENECI in the majority of cases. To provide greater rigor to
this comparison, the Wilcoxon test has been calculated, which has provided a
p-value of 2.468690e-03 for AUROC and 1.592934e-05 for AUPR. That is, the
improvement in the precision of the results is statistically significant.
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The ability to achieve statistically significant improvements with such a re-
stricted sample of known interactions (5% of the gold standard) highlights the
algorithm’s efficacy in integrating and maximizing the informational value of a
limited data set. This is especially crucial in the field of computational biology,
where the complete and accurate availability of data can be a constant challenge.

It is worthy to note that thanks to the precautions taken during parameter-
ization, this proposal has demonstrated robustness and reliability. During the
experimentation, the subset of interactions designated to form the reference in
the local search phase was chosen randomly. This random choice has led to the
emergence of poorly distributed samples that could disturb the optimization of
the population. However, it has been shown that the impact on the deterioration
of accuracy has been minimal in these exceptional cases.

Furthermore, it is also important to comment that this proposal has managed
to improve results in a set of extensively worked and studied benchmarking net-
works, whose margin for improvement was initially very limited. The algorithm’s
ability to find and exploit areas for improvement in these networks indicates its
potential to inject the knowledge provided by the expert and maximize its use to
discover novel insights in the data.



Chapter 7

MO-GENECI: Multi-objective
consensus guided by biological
context

In this chapter, MO-GENECI (Multi-Objective GEne NEtwork Consensus Inference)
is introduced, presenting a novel approach with a multi-objective focus to guide
the optimization of consensus inference from an extensive pool of inference
techniques within the context of gene regulatory networks. It builds upon the
groundwork laid out in GENECI (see chapter[5) and enhances its implementation
through:

* Implementation of a multi-objective approach involving new fitness func-
tions. The individual aggregate terms of GENECI have been thoroughly
analyzed, a deeper exploration has been conducted within the context of
real biological networks, and a more rigorous procedure has been designed
to enhance decision-making during the implementation of the functions
(comparison of versions). First, a new Quality function has been imple-
mented and improved through exhaustive comparisons of modifications.
Second, the Topology function has been renamed as Degree distribution and
refined. Thus, the Topology now dispenses with the binarization of the con-
sensus network and has incorporated a goodness-of-fit test to a Pareto dis-
tribution directly applied to the confidence levels of interactions. Addition-
ally, a third objective named Motifs has been implemented from scratch,
based on detecting frequently occurring patterns in real gene regulation
networks.

* New crossover and mutation operators specific to the addressed problem

139
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have been implemented, ensuring the feasibility of solutions after execu-
tion to eliminate the search space distortion caused by the use of repair
operators.

* Replacement of the genetic algorithm using a more suitable and robust
multi-objective model based on NSGA-II [[79].

* The number of available techniques for the initial inference of gene regu-
lation networks has been expanded. In the initial version, ten techniques
were considered, whereas now, a total of 26 techniques are used. Further-
more, to minimize the execution time of this phase as much as possible,
not only has the parallel execution of containers been maintained, but
a function has been implemented to automatically and intelligently dis-
tribute the available cores, allocating more resources to computationally
expensive parallelizable techniques.

* A parameter setting and analysis procedure has been designed using a
larger dataset, thanks to the addition of new known gene networks and the
integration of the SysGenSIM simulator [[179]. This collection forms an ex-
perimental benchmark comprising 106 gene regulation networks sourced
from diverse origins, ensuring comprehensive coverage across all special-
ization domains in this study.

7.1 Algorithmic Proposal

MO-GENECI represents a groundbreaking approach that combines multiple state-
of-the-art inference techniques, harnessing their collective power to optimize the
confidence levels associated with each interaction. This optimization is accom-
plished through a cutting-edge multi-objective evolutionary algorithm, carefully
designed with customized operators and fitness functions directly aligned with
the specific biological context under investigation.

The main workflow is outlined in detail in Figure This graphical repre-
sentation illustrates the procedure to be followed, starting from the initial ex-
pression data analysis to the exportation of consensus networks. The Python
package developed (available on PyPi[f)) includes complementary functions that
cover all these steps, including individual GRN inference, which can be per-
formed using 26 different inference techniques within the same working envi-
ronment. However, the key and truly innovative phase is the “optimizing con-
sensus” stage, where the specifically designed multi-objective evolutionary algo-

"https://pypi.org/project/geneci/
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Figure 7.1: Workflow Implemented in MO-GENECI. After providing the input expression
data, the inference techniques are executed in parallel thanks to their encapsulation in
Docker containers. Once the results of all techniques are obtained, the lists containing
confidence values for each interaction are handed over to the multi-objective evolution-
ary algorithm. This algorithm generates an initial random population (weight vectors)
and undergoes the iterative process of evaluation (Quality, Degree distribution, Motifs),
selection, crossover, and mutation until the maximum number of iterations is reached.
Upon completion of the multi-objective evolutionary algorithm, the result consists of the
set of non-dominated solutions from the last generation [|249].

rithm comes into play.

In this sense, the Non-dominated Sorting Genetic Algorithm IT (NSGA-II) [[79]]
provides the structural support for MO-GENECI. This skeleton, which defines the
main stages of the algorithm, is customized through the choice of a specific rep-
resentation of a weighted voting system, the incorporation of carefully designed
crossover and mutation operators, and the design of several fitness functions tai-
lored to address this bioinformatic problem from the biological context to which
it belongs. Figure shows a flow chart with the main phases of the designed
algorithm. In the following sections, the logic implemented in each of these
phases will be explained in greater detail.

NSGA-II is an evolutionary algorithm designed to solve multi-objective op-
timization problems. It is based on the principles of genetic algorithms and is
characterized by three main features that are quite beneficial for the problem
addressed:

* Elitism: The best solutions from the current population are carried over
to the next generation. This ensures that the quality of solutions does not
degrade over time.

* Diversity Preservation: NSGA-II uses a mechanism known as "crowding
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Figure 7.2: Flowchart of the multi-objective evolutionary algorithm developed in this
proposal. The algorithm starts with the generation of an initial population, whose repre-
sentation is in the form of a vector of weights (simplex). The individuals are evaluated
for each of the fitness functions, previously applying the conversion of the individual to
its corresponding consensus network. This is followed by a selection process guided by a
binary tournament. Finally, the individuals are subjected to the crossover and mutation
operators selected for the representation of this problem, giving rise to the next genera-
tion of individuals.

distance" to maintain diversity in the population. The crowding distance
measures how close an individual solution is to its neighbors. Solutions
with a larger crowding distance are preferred as they are less crowded.

* Non-Dominated Sorting: This is a method of ranking solutions based on
their dominance. Solutions are sorted into different "fronts" based on the
number of solutions that dominate them. The first front contains non-
dominated solutions, the second front contains solutions dominated by the
first front, and so on.

MO-GENECI follows the general outline of an NSGA-II, as depicted in Algo-
rithm 5/ In this pseudocode, the primary phases of the evolutionary algorithm
are outlined. It is worth noting that some of these phases, such as the repre-
sentation, fitness functions, and crossover and mutation operators, have been
designed from scratch for the specific case under consideration in this study.
Therefore, they will be further elaborated upon in subsequent sections to pro-
vide a comprehensive understanding of the approach.

Initially, a random population is created (line 1 in Algorithm [5)), which is
then evaluated using several fitness functions designed in this study (line 2 in
Algorithm [5)). Following this, an iterative process begins and continues until
the maximum number of generations is reached (lines 3, 4, and 12 in Algo-
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Algorithm 5 MO-GENECI Algorithm.

Require: Num of generations 7', Population size P, Num of objectives )M, Fitness
functions F : fi, fa, ..., fu, Crossover operator x, Mutation operator m
Ensure: Pareto-optimal front PF
1: P« generate random_population(P)
2: F < evaluate_population(P, F)
3t 1
4: whilet < T do

5: ranks < rank_population(F)
6: crowd_dist < crowding_distance(E, ranks)
7: selected < select_population(P, ranks, crowd_dist)
8: of fspring < crossover(selected, x) > Section [7.1.2]
9: of fspring < mutate(of fspring, m) > Section [7.1.3]
10: P + replace_population(P, of fspring)
11:  F « evaluate_population(P, F') > Section [7.1.4]

12: t+—t+1

13: end while

14: PF <+ get pareto_front(F)
15: return PF

rithm [5). During this process, solutions in the population are classified based
on non-dominance and assigned a rank and crowding distance (lines 5 and 6
in Algorithm [5). The crowding distance is used to maintain diversity, especially
when splitting a front. The MO-GENECI selection process consists of two steps:
first, individuals are selected based on their rank, and if ranks are equal, crowd-
ing distance is used. This approach is known as crowding distance tournament
selection (line 7 in Algorithm [5)).

After selection, specific algorithmic operators for adapted crossover and mu-
tation are applied to generate offspring (lines 8 and 9 in Algorithm [5)). Subse-
quently, parent and offspring populations are merged (line 10 in Algorithm [5),
forming the next generation. This process repeats in a loop or, in the case of the
final generation, the result becomes the Pareto front obtained from the algorithm
(line 14 in Algorithm|5)).

As the algorithmic skeleton of MO-GENECI, NSGA-II has been found to be effec-
tive in finding a better spread of solutions and better convergence near the true
Pareto-optimal front compared to other multi-objective evolutionary algorithms
[[79]. Its advantages include its ability to solve multi-objective optimization prob-
lems, its elitism (which increases the convergence speed), and its parameter-less
sharing approach.
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However, despite all these advantages, other options were considered and
ultimately discarded. Firstly, MOEA/D [|81] does not perform well with non-
normalized fitness functions, which does not fit in this case considering the Motifs
fitness function explained below. Secondly, OMOPSO [250] has its own muta-
tion operator and does not maintain solution feasibility. Thirdly, GDE3 [251] is
designed to use differential evolution crossover, which also pushes individuals
out of the search space. Finally, while compatible, SMPSO [252]] does not take
advantage of the specific problem-based design described below due to its lack
of a crossover phase.

7.1.1 Solution Representation

For the representation of individuals, weight vectors are employed, where each
position specifies the weight assigned to a particular technique in the voting
system. Therefore, the sum of all positions in the vector must always be equal
to 1. This greatly influenced the implementation of the crossover and mutation
operators in the evolutionary algorithm, which are deeply detailed in subsections
[7.1.2|and [7.1.3] respectively.

7.1.2 Crossover

As mentioned earlier, it has been decided to implement a crossover operator that
generates new solutions within feasible regions in the search space. Therefore,
the chosen crossover operator is the Simplex Crossover [|253], whose Java imple-
mentation has been adapted from the MOEA framework [254].

The Simplex Crossover is a multi-parent recombination operator proposed for
real-coded genetic algorithms. This operator generates offspring by uniformly
sampling values from the simplex formed by m (2 < m < len_vector + 1)
parental vectors. Experimental results with commonly used benchmark func-
tions in evolutionary algorithm studies [253]] have shown that Simplex Crossover
performs well on functions with multimodality and/or epistasis with a moder-
ate number of parents: 3 parents for low-dimensional functions or 4 parents for
high-dimensional functions. Both values have been considered in the parameter
setting procedure to ensure the proper choice of this variable.

7.1.3 Mutation

Similar to the crossover phase, in the mutation phase, it was necessary to use an
operator that allows the maintenance of solution feasibility after its execution.
However, in this case, instead of adopting an operator from the literature, a new
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Algorithm 6 Main code of Simplex Mutation operator.

Require: Individual from population ind, Mutation probability mut Prob, Muta-
tion strength mutStr
Ensure: Mutated individual ind
1: if randomDouble(0, 1) < mutProb then
2: team1Size = randomlInt(1, size(ind) - 1)

3: teaml = randomSubset(ind, team1Size)

4: team2Size = randomlInt(1, size(ind) - team1Size)
5: team2 = randomSubset(ind - team1, team2Size)
6: amount = sum(team1) * mutStr

7: mutateVariables(ind, norm(team1), -amount)

8: mutateVariables(ind, norm(team?2), +amount)
9: end if

10: return ind

one has been designed specifically for this problem. This operator is named the
Simplex Mutation, and it is based on applying a negative perturbation to a subset
of the solution in such a way that its subsequent positive adjustment, rather than
being spread across the entire vector, is directed towards another specific subset.

The Simplex Mutation operator requires the specification of two parameters:
mutation probability and mutation strength. The former is commonly used in
such operators and determines the probability with which an individual in the
population undergoes the mutation process. The latter refers to the magnitude
of the perturbation applied to the vector, also ranging between 0 and 1.

The pseudocode for its implementation is shown in Algorithm [6| The muta-
tion procedure begins by extracting two subsets from the solution vector (lines
2 to 5 in Algorithm [6]). The first subset will undergo the negative perturbation,
while the second one will dampen this impact by positively reinforcing its values.
Both the size of the groups and the positions in the vector that compose them
are random. The only constraint is that a position cannot belong to both groups
simultaneously.

Then, the values of the positions belonging to the first group are summed up.
This sum, multiplied by the second input parameter (mutation strength), deter-
mines the value to be subtracted from the first subset (line 6 in Algorithm [6).
This value is not uniformly distributed across the subset; instead, each member
has a percentage of this value subtracted based on the normalization of the sub-
set. Therefore, each member of the group has the calculated value subtracted,
multiplied by its normalized figure within the subset (line 7 in Algorithm [6).



146 7.1. ALGORITHMIC PROPOSAL

After applying this negative perturbation, the amount subtracted from the first
group is added to the second group following the same distribution procedure
(line 8 in Algorithm [6]).

An example is shown in Figure to clarify this implementation. It offers
a possible mutation of the individual (0.1, 0.05, 0.2, 0.1, 0.15, 0.1, 0.05, 0.15,
0.1), which, given its length, would belong to a run that tries to agree on 9
concrete inference techniques. The first step is forming groups whose sizes and
members are entirely random. Team 1 (in red) will suffer a loss in their values,
while Team 2 (in green) will increase their numbers to compensate for the pre-
vious loss. In this example, the mutation strength value is set to 0.2. The total
amount to subtract in team 1 is the sum of its members multiplied by this factor,
in this case: 0.2 x 0.4 = 0.08. This amount is divided to subtract each member’s
share based on the team’s normalization. Since the second member is half of the
team’s total weight, half of the total amount will be subtracted: 0.08 0.5 = 0.04.
After performing this operation on each member, the reverse process is applied
to the members of team 2. That is, each member’s portion of this amount is
added to each member based on their normalization.

7.1.4 Evaluation

The evaluation process begins by transforming each individual into its corre-
sponding consensus network proposal. In other words, for each interaction in
each individual, the sum of the products between the confidence level reported
by a technique and the weight assigned to it by the individual for the voting
system is calculated. Afterwards, the individual and its corresponding consen-
sus network are provided to each objective function for evaluation. MO-GENECI
follows a 3-objective strategy, combining: Quality, Degree distribution and Motifs.

Objective 1: Quality

The Quality function aims to encourage the emergence of solutions whose con-
sensus networks have a subgroup of interactions distinguished from the rest with
high confidence levels that, in turn, originate from consistent weight distribu-
tions. In other words, it assigns greater importance to individual techniques
whose reported values exhibit higher concordance than the remaining ones. The
pseudocode for its implementation can be seen in Algorithm

This function assigns a quality value to each interaction considered in the
problem based on the solution being evaluated (lines 1 to 3 in Algorithm [7).
Two critical values are considered for each interaction to make this assignment.
The first one is the consensus confidence level, which is obtained by summing the



CHAPTER 7. MO-GENECI 147

0.1 0.05 0.2 0.1 0.15 0.1 0.05 | 0.15 0.1
O Team 1
[0 Team 2
0.1 0.05 0.2 0.1 0.15 0.1 0.05 | 0.15 0.1
Mutation
Strength = 0.2 0.1 0.2 0.1 0.1 0.15
I I
r R r R
T4 - MS * Sum(T1) * Norm(T1) T2 + MS * Sum(T1) * Norm(T2)
0.1(0.2]0.1]-0.2*0.4*]0.25/0.5[0.25 0.1[0.15(+0.2*0.4*|0.4)0.6
L J L J
Rl Rl
0.08 | 0.16 | 0.08 0.132 ({0.198

L\ > [/

0.08 [ 0.05 | 0.16 [0.132| 0.15 | 0.08 | 0.05 (0.198 | 0.1

Figure 7.3: Example of mutation of an individual belonging to an execution trying to
agree on 9 inference techniques. In red are highlighted the members of team 1 (intended
to reduce their values), in green the members of team 2 (intended to increase their
values), in blue the value of the mutation strength factor (set in this case to 0.2) and
finally the values finally modified in yellow.

products of the confidence level given by each technique and its corresponding
weight in the vector. The second value is called “distance” and is calculated as
the difference between a specific vector’s maximum and minimum values for the
interaction. For each technique, this vector stores the average between its weight
and, the difference between the confidence value assigned to the interaction and
the median of the confidence levels of all techniques for that same case.

Finally, the quality value assigned to an interaction is obtained by calculating
the average between its consensus confidence level and the result of subtracting
one from the distance value. In other words, an interaction will be considered
of good quality when its confidence level is high, and its distance value is small.
A small distance value indicates that the maximum and minimum of the calcu-
lated vector are close to each other, which implies that lower weights have been
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Algorithm 7 First fitness function: Quality.

Require: Consensus list with confidence and distance values ¢
Ensure: Value of the fitness function result
: quality = []
for i in [len(c) do
quality[i] = (conf; + (1 — dist;)) /2
end for
qualitySum = 0
ent =0
for i in [len(c) do
if quality[i] > mean(quality) then
qualitySum += quality[i]
cnt +=1
end if
: end for
: result = 1 — (qualitySum/ent)
: return result
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assigned to techniques with confidence values far from the median compared to
other techniques. It also indicates that techniques with confidence levels close
to the median (i.e., with a smaller distance) have been compensated with high
weights.

Finally, for the evaluated individual, the Quality function selects those in-
teractions whose quality surpasses the mean (lines 4 to 9 in Algorithm |[7) and
returns the unit subtracted by the mean of this subset (lines 10 and 11 in Al-
gorithm [7). Other options were tested to arrive at this definitive version of the
function, including:

1. Changing the way the vector from which the distance originates is calcu-
lated by replacing the median with the mean.

2. In the calculation of the final quality, interactions above the cutoff criterion
or all interactions are selected instead of those above the mean.

3. An additional step that influenced the result by evaluating the number of
interactions that entered the previous subset. This step was present in the
initial proposal under the term “contrast”.

A temporary configuration was executed to make a decision regarding the
definitive implementation of this objective in MO-GENECI. This involved replacing
NSGA-II with a genetic algorithm while retaining the designed representation
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and operators. The only change was in the evaluation process, now considered
a single fitness function. In each execution, this fitness function would be the
specific version of Quality from which its individual accuracy was desired. For
each version, the algorithm was run on all networks considered in this study with
a size of less than 1000 genes (see section [4.1]). Subsequently, the accuracy of
the results for each implementation was evaluated by comparing, for each net-
work, the gold standard with the consensus network derived from the obtained
solution.

This experimentation yielded an AUROC and AUPR value for each network
and version. On the one hand, AUROC (Area Under the Receiver Operating Char-
acteristic Curve) is a metric used to assess the discriminative ability of a classi-
fication model. It represents the model’s ability to distinguish between positive
and negative classes. On the other hand, AUPR (Area Under the Precision-Recall
Curve) is another metric especially useful when classes are imbalanced, which
is common in the inference of gene regulatory networks. It focuses on the true
positive rate (recall) and the model’s precision. Both metrics have been widely
used to report on the efficacy of gene regulatory network inference techniques
(9,129,132} 97, |50, 135, 98]

Finally, a statistical ranking of Friedman was computed using non-parametric
Holm tests for both metrics [[255]. Friedman’s statistical ranking compares the
performance of various proposals across multiple datasets. It calculates a test
statistic based on the differences between the average ranks of the models across
datasets. After calculating Friedman’s statistical ranking, Holm tests are used to
determine whether the winning version has significant differences in its perfor-
mance compared to the rest. Holm tests control the Type I error by adjusting the
p-values for each comparison, helping to prevent incorrect conclusions.

The result can be seen in Table[7.1]and Table After observing the results,
it was decided to choose the Median Average version as the definitive implemen-
tation of the Quality fitness function.

Objective 2: Degree distribution

The objective of Degree distribution is designed to favor solutions that lead to
consensus networks with a distribution following a power-law. This characteris-
tic of biological networks has been asserted in the literature [44} 45]], and even
the most straightforward implementation supporting this idea yielded excellent
results in large networks (see chapter |5)).

In a network with a degree distribution following a power-law, the frequency
of nodes with a degree k is inversely related to k raised to a certain power. This
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Table 7.1: Friedman mean rank with Holm’s adjusted p values (0.05) for AUPR.

AUPR
Quality Version Friedman'sRank | Holm'sAdj — p
*Median Average 3.2093 -

Mean Average 3.38953 0.62946
Mean Cut-off 4.23256 0.01231
Median Cut-off 4.44186 0.0029

Median 5.02907 5.534e-06

Mean Average Contrast 5.02907 5.534e-06

Mean 5.15698 1.109e-06

Median Average Contrast 5.51163 4.982e-09

Table 7.2: Friedman mean rank with Holm’s adjusted p values (0.05) for AUROC.

AUROC
Quality Version Friedman’sRank | Holm'sAdj — p
*Median Average 2.85465 -
Mean Average 3.36628 0.170793

Mean Cut-off 4.61047 5.19242e-06
Median Cut-off 4.70349 2.23266e-06
Median 4.8314 4.84291e-07
Mean 5.02326 3.20887e-08
Mean Average Contrast 5.07558 1.65298e-08
Median Average Contrast 5.53488 5.055%e-12

leads to most nodes having few links while a few highly connected nodes, called
“hubs”, are present in the network. This idea can be visually appreciated with
greater clarity in Figure|7.4

Given that this concept is quite broad, an attempt was made to find a more
precise distribution that fits within this framework and allows for a more re-
fined procedure, such as a goodness-of-fit test. This is the case with the Pareto
distribution, a continuous probability distribution that fits within the scale-free
distribution and follows a power-law.

In the context of gene regulatory networks, this distribution aligns with the
idea that most genes have relatively low connections. In contrast, a few genes
have a very high number of interactions [44]. This organization of the gene
regulatory network has significant implications for network dynamics and ro-
bustness. Highly connected hubs play a crucial role in signal propagation and
information integration within the network [257, [258].

The implementation of this fitness function is reflected in Algorithm (8| and
analyzes the consensus network calculated from the individual. For each node,
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Figure 7.4: Visualization of a degree distribution following a power-law [256]. In this
type of distribution, most nodes have only a few connections, while a small number of
highly connected hubs concentrate a large fraction of the links. This characteristic long
tail’ pattern is frequently observed in biological networks, where scale-free organization
enables robustness and modularity.

Algorithm 8 Second fitness function: Degree Distribution.

Require: Consensus list with confidence values ¢
Ensure: Value of the fitness function result
1: degreeMap = {String : Float}

: for i in len(c) do
weight = c[i|[“weight”]
degreeMap|cli][“source”]] += weight
degreeMap|c|i][“target”]] += weight

end for

degree Array = mapToSortedArray (degreeMap)

result = goodnessFit ParetoTest (degree Array)

return result

A I N A I o

it calculates its degree as the decimal sum of confidence levels for interactions,
where the gene appears as a source or target (lines 1 to 5 in Algorithm [8]). After
storing the degree of all genes in a vector (line 6 in Algorithm [8), it is provided
to the goodness-of-fit test for a Pareto distribution (line 7 in Algorithm 8, imple-
mented based on [259]). It then returns a value related to the probability that
the network follows this distribution.

Like with Quality, several versions of this function were considered. The first
version (weighted), which has been described and is the definitive one, and a
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Table 7.3: Friedman mean rank with Wilcoxon p values (0.05) for AUPR and AUROC.

AUPR AUROC
Top. Version | Friedman Rank | Wilcox p | Friedman Rank | Wilcox p
*Weighted 1.4186 - 1.3256 -
Binarized 1.5814 0.0935 1.6744 0.0015

second version (binarized) that, instead of using decimal confidence levels, ap-
plied a cutoff criterion to binarize the network. In this case, since there are only
two versions to compare, a Wilcoxon test has been applied. The results obtained
are presented in Table and despite not being able to claim a statistically sig-
nificant difference between the two versions for the AUPR metric, the first one
from the ranking was ultimately chosen.

Objective 3: Motifs

In the field of systems biology, it is known that biological networks commonly
exhibit a series of patterns known as motifs. These patterns are typically spe-
cific configurations of interactions between molecules, such as proteins, genes,
or metabolites, that repeat in different parts of the network. Motifs are consid-
ered basic structural and functional units of biological networks, and their study
helps understand principles of organization, modularity, and dynamics in com-
plex systems. The detection and analysis of motifs provide valuable information
about molecular interactions and signal propagation in a network, contributing
to the understanding of the function and regulation of biological systems [46,
47,260, 48].

The importance and well-established existence of these motifs in biological
networks motivated the design of this third fitness function. The idea is to en-
courage the emergence of solutions whose consensus networks have a high den-
sity of motifs that have already been confirmed in previous studies as common
in biological networks and gene regulatory networks.

The implementation of this fitness function is represented in the pseudocode
presented in Algorithm [9] First of all, it is necessary to perform a prior bina-
rization exercise (line 1 in Algorithm E]) to detect these motifs in the consensus
networks generated by the algorithm’s solutions. In other words, to convert the
consensually agreed confidence levels of interactions into a definitive statement
of their existence or absence in the network. To do this, an appropriate cutoff
criterion must be designed to establish as definitive those interactions that are
more reliable.
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Algorithm 9 Third fitness function: Motifs.

Require: Consensus list with confidence values ¢, List of motifs ids to detect
motifs

Ensure: Value of the fitness function result

1: binaryMatriz = get BinaryMatrizx (c)

key = deepHashCode(binaryMatrix)

if key in keys(cache) then
result = cachelkey]

else
g = getDirectedJGraph (binaryM atrix)
result = 0.0
for m in motifs do

result -= count(m, g)

end for

: end if

: return result

D N AT I o
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The implemented cutoff criterion selects the top 2% interactions in the net-
work, i.e., those with the highest consensual confidence levels. Assigning this
2% threshold does not need to be done through a rigorous parametric exercise,
because the number of motifs found will be closely tied to how permissive the
cutoff criterion is. In this regard, the more relationships are ultimately reported
in the network, the greater the number of motifs detected. This is why the
decision was made to choose the top 40% of interactions as the cutoff. It’s a
sufficiently high quantity to form a functional gene network, but not too large to
prevent a substantial distinction between the consensus networks generated by
different solutions.

However, it is evident that by integrating the binarization step into this fit-
ness function, there will be cases where multiple solutions lead to the same
binary network. To optimize the computational cost of the algorithm, a cache
was created to avoid repeating the motif detection exercise in binary networks
that were previously evaluated during the algorithm’s execution (lines 2 to 5 in
Algorithm [9).

Finally, the binary matrix is converted to a directed graph from the JGrapht
library [261] to facilitate the detection of different motifs in the consensus binary
network (line 6 in Algorithm@[). Since JMetal is oriented towards goal minimiza-
tion, the count of each motif will be subtracted to a cumulative variable that will
represent the final score of this function (lines 7 to 9 in Algorithm [9).
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Figure 7.5: Motifs considered in the study of the third objective function. These motifs
represent fundamental regulatory patterns commonly found in gene networks: (i) Regu-
latory Route, a sequential path of interactions with feedback to the initial node, reflecting
ordered information flow; (ii) Differentiation, a branching pathway without cycles, es-
sential for controlling cell specialization; (iii) Bifurcation, a node splitting into multiple
successors, allowing diverse responses to signals; (iv) Coupling, reciprocal regulation
between two nodes, contributing to stability and homeostasis; (v) Feed-forward loop,
where a regulator influences a target both directly and indirectly via an intermediate
factor, conferring robustness against fluctuations; (vi) Feedback loop with co-regulation,
which adds reciprocal interactions between regulators and targets, enhancing coordi-
nation and precision; (vii) Biparallel, representing indirect multi-path regulation that,
taken together, reflects strong functional relationships; and (viii) Co-regulation, where
multiple regulators converge on the same gene, enabling fine-tuned and context-specific
expression control. These motifs are used as structural building blocks to evaluate the
proposed motif-based objective function.

Biparallel Co-regulation

In this case, unlike the two previous functions, instead of considering various
versions, different motifs were analyzed to see which of them could better ap-
proximate the algorithm’s solutions to real gene networks. Although 8 specific
motifs were rigorously compared in the end, it should be noted that more man-
ual testing was done earlier, which included other patterns. This testing led to a
final list of candidates, represented in Figure and described below:

* Regulatory Route: It is a specific sequence of interactions between nodes
in a directed network or graph. This pattern arises as a result of the regu-
lation of biological processes or any other phenomenon where information
flows sequentially and orderly through a series of components. In this pat-
tern, an initial node has a single successor, and each descendant node in
the path has a single predecessor. Additionally, it is required that the last
node in the path has a back edge to the initial node. The method counts
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both, the number of regulatory paths present in the graph and their size.

* Differentiation: It is a pattern in a directed graph where nodes represent
a cell differentiation process. This motif is fundamental in developing and
maintaining tissues and organs in multicellular organisms, as it allows for
the precise regulation of cell differentiation and prevents overproduction
or underproduction of differentiated cells. A node is considered part of a
differentiation pathway if it can be reached from an initial node without
forming cycles. The method counts the number of nodes participating in
the graph’s differentiation pathways.

 Bifurcation: It represents a branching point in the graph, where a node has
at least two successors and a single predecessor, i.e., the node branches into
multiple pathways. Branch points in gene regulatory networks allow cells
to respond to a wide range of signals and stimuli. When a cell receives
a signal, it can activate or deactivate specific genes, leading to various
outcomes.

* Coupling: It represents a coupling relationship between two nodes in the
graph, with an edge connecting them in both directions of regulation. The
method counts the number of coupled node pairs present in the graph. In
gene regulatory networks, coupling can contribute to stability and home-
ostasis. This is supported in [262]] where this motif is considered as a self-
regulation of length 2. Coupled genes can maintain balanced expression
and avoid excessive fluctuations with reciprocal interaction.

* Feed-forward loop: It involves the interaction of three main elements:
a regulatory transcription factor (TF1), an intermediate transcription fac-
tor (TF2), and a target gene (G). In this motif, TF1 directly regulates the
expression of the target gene G while activating the expression of the in-
termediate transcription factor TF2, which also modulates the expression
of G, creating a cascade of regulation. This motif contributes stability and
robustness to gene regulatory networks. The presence of TF2 acts as an
additional regulator that dampens fluctuations in the TF1 signal, prevent-
ing excessively rapid or inappropriate responses to changes in the environ-
ment.

* Feedback Loop with CoRegulation: This motif is similar to the previous
one, but it incorporates an additional interaction between the target gene
G and the intermediate transcription factor TF2 (which, in this case, could
be considered as another gene) in the opposite direction to the existing
one. Feedback allows for the adjustment and maintenance of gene expres-
sion levels within certain limits, while co-regulation ensures that genes in
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Table 7.4: Friedman mean rank with Holm’s adjusted p values (0.05) for AUPR.

AUPR
Motifs Version Friedman’sRank | Holm'sAdj — p
*Regulatory route 3.00581 -
Differentiation 3.02326 0.96276
Bifurcation 3.38953 0.60861
Coupling 3.79651 0.10284
Feed-forward loop 5.38953 7.020e-10
Feed-back loop co-regulation 5.48256 1.674e-10
Biparallel 5.55233 5.571e-11
Co-regulation 6.36047 1.885e-18

the circuit are activated or repressed simultaneously and coordinately, en-
hancing the precision and efficiency of the biological response.

* Biparallel: In this motif, situations are sought where a transcription factor
indirectly regulates the expression of a gene through multiple pathways,
i.e., indirect interactions that individually lack significance, but together
signify a close relationship between both elements.

* Co-regulation: It occurs when a gene is simultaneously regulated by more
than one transcription factor. This motif is common in gene regulatory
networks because a gene often has multiple regulatory genes or regula-
tory pathways that converge on it. Gene expression is a highly coordinated
process that requires the appropriate activation or repression of genes at
different times and in different tissues. The presence of multiple transcrip-
tion factors acting in concert on a gene provides the possibility of finer and
more adaptable regulation.

In the first instance, a fitness function was designed to count each motif (con-
sidering additional aspects such as size in specific cases mentioned earlier). To
assess the accuracy of each fitness function individually, the same temporal con-
figuration used for comparing versions seen in the previous objectives was em-
ployed again.

The results are shown in Table and Table In this case, instead of se-
lecting a specific option and limiting the optimization of this objective to a single
motif, it was considered more appropriate to build a function that considers the
joint detection of the best motifs. In this case, the top 4 from the ranking have
been chosen, as no statistically significant difference can be claimed between
them for both metrics.
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Table 7.5: Friedman mean rank with Holm’s adjusted p values (0.05) for AUROC.

AUROC
Motifs Version Friedman’sRank | Holm'sAdj — p
*Bifurcation 3.32558 -
Regulatory route 3.48837 1.02661
Differentiation 3.56977 1.02661
Coupling 4.3314 0.02127
Feed-forward loop 4.91279 8.587e-05
Biparallel 5.27326 9.238e-07
Co-regulation 5.5407 1.818e-08
Feed-back loop co-regulation 5.55814 1.594e-08

7.2 Experimentation

In this section, precise information will be presented regarding the study con-
ducted to evaluate the quality of MO-GENECI compared to the set of individual
techniques.

The dataset used corresponds to the full framework described in section |4.1}
with the sole exception of the DREAMS5 networks. These networks were excluded
due to the high variability observed in their results and the previously reported
concerns in the literature regarding the validity of their associated gold stan-
dards. Consequently, they were not considered in the experiments conducted
from this point onward.

In these experiments, the proposed approach will be evaluated considering
the 26 inference techniques described in the state of the art (section [3.1.1)).
However, due to the limitations and high computational costs of some of them,
certain techniques have been eliminated for certain network size ranges. In this
sense, all techniques are employed for networks with fewer than 25 genes. For
those with a size between 25 and 110 genes, all are used except for JUMP3.
For networks with sizes between 110 and 250 genes, the following techniques
are removed from the list: JUMP3, TIGRESS, CMI2NI, LOCPCACMI, GRNVBEM,
and NONLINEARODES. For networks larger than 250 and smaller than 2,000,
the following are also discarded: PCACMI, PLSNET, INFERELATOR, GENIE3 RF,
GENIE3 _ET, GRNBOOST2, and MEOMI. Lastly, for networks larger than 2,000
genes, PUC and PIDC are also eliminated.

Regarding computational resources, it has been decided to parallelize the ex-
ecution of all techniques, including an intelligent allocation of cores, to provide
more resources to the techniques that need them most to synchronize their com-
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Table 7.6: The first 5 configurations from the statistical Friedman ranking for each met-
ric, indicating significance compared to the winner based on non-parametric Holm tests
(R = Rejected and A = Accepted). The configurations are presented using the follow-
ing abbreviations: PS = Population Size, CP = Crossover Probability, NP = Number of

Parents, MP = Mutation Probability y MS = Mutation Strength.

Ranking | EP GD HV
1 PS200-CP0.7-MP0.2-NP3-MS0.3 |  PS300-CP0.8-MP0.2-NP3-MS0.3 |  PS200-CP0.7-MP0.2-NP3-MS0.3
2 | PS100-CP0.7-MP0.2-NP3-MS0.3 (R) | PS300-CP0.9-MPO0.2-NP3-MS0.3 (R) | PS100-CP0.7-MP0.2-NP3-MS0.3 (R)
3 | PS200-CP0.8-MP0.2-NP3-MS0.3 (R) | PS300-CP0.7-MPO0.2-NP3-MS0.3 (R) | PS100-CP0.8-MP0.2-NP3-MS0.3 (R)
4 | PS100-CP0.8-MP0.2-NP3-MS0.3 (R) | PS300-CP0.7-MPO.1-NP3-MS0.3 (R) | PS200-CP0.8-MP0.2-NP3-MS0.3 (R)
5 | PS300-CP0.7-MP0.2-NP3-MS0.3 (R) | PS300-CP0.9-MPO.1-NP3-MS0.3 (R) | PS300-CP0.7-MP0.2-NP3-MS0.3 (R)
Ranking IGD IGD+ SP
1 PS300-CP0.9-MP0.05-NP4-MS0.1 | PS300-CP0.7-MP0.05-NP4-MS0.1 PS100-CP0.9-MP0.2-NP4-MS0.2
2 | PS300-CP0.8-MP0.05-NP4-MS0.1 (A) | PS300-CP0.8-MPO.05-NP4-MS0.1 (A) | PS100-CP0.7-MP0.05-NP4-MS0.2 (R)
3 | PS300-CP0.7-MP0.05-NP4-MS0.1 (A) | PS300-CP0.9-MP0.05-NP4-MS0.1 (A) | PS100-CP0.9-MP0.05-NP4-MS0.2 (R)
4 | PS200-CP0.9-MP0.05-NP4-MS0.1 (R) | PS200-CP0.9-MP0.05-NP4-MS0.1 (R) | PS100-CP0.7-MP0.05-NP4-MS0.1 (R)
5 | PS200-CP0.8-MP0.05-NP4-MS0.1 (R) | PS200-CP0.8-MP0.05-NP4-MS0.1 (R) | PS100-CP0.7-MPO.1-NP4-MS0.2 (R)

pletion times. Therefore, the techniques have been divided into four groups
based on their resource priority, from highest to lowest. In the first group,
the most resource-intensive techniques are JUMP3, LOCPCACMI, NONLINEARO-
DES, GRNVBEM, and CMI2NI. The second group has TIGRESS, PCACMI, PLSNET,
INFERELATOR, GENIE3 RF, GRNBOOST2, and GENIE3 ET. In the third group,
only KBOOST and LEAP are included. In the last group, the rest of the tech-
niques either have minimal computational cost or their implementations prevent
parallelization, so they would not use the allocated cores.

7.2.1 Parameter Settings

To enhance the quality of MO-GENECI, a parameter setting procedure has been
carried out to find the optimal combination of values for the following parame-
ters: population size (100, 200, or 300), crossover probability (0.7, 0.8, or 0.9),
number of parents (3 or 4), mutation probability (0.05, 0.1, or 0.2), and mu-
tation strength (0.1, 0.2, or 0.3). In this exercise, it was decided to include all
gene networks from the benchmark with a size of fewer than 500 genes, consist-
ing of 82 networks. Five independent runs were performed for each parameter
combination and gene regulatory network, each consisting of a total of 100,000
evaluations. The termination criterion used was PercLinksWithBestConf, with a
threshold set at 0.4 (as previously mentioned during the explanation of the third
fitness function).

Once all the results were obtained, a reference Pareto front was constructed
for each problem by selecting the best solutions from each combination. Sub-



CHAPTER 7. MO-GENECI 159

sequently, the reference front was compared to each independent result, and
the following metrics were calculated: Epsilon (EP) [84], Generational Dis-
tance (GD) [|85], PISAHypervolume (HV) [86], Inverted Generational Distance
(IGD) [85], Inverted Generational Distance Plus (IGD+) [|87], and Spread (SP)
[[79]. With these results, a statistical ranking using Friedman’s test with non-
parametric Holm tests was applied for each metric to determine which combina-
tion of values performed better.

The total of 162 parameter combinations with 5 independent runs for each
of the 82 gene networks considered amounts to a total of 66,420 executions.
The extent of this is the reason why it was decided to present the results of these
executions and the subsequent statistical ranking of each metric in the documen-
tation section of the main repository as supplementary material f| Nevertheless,
Table [7.6] provides a summary of the results.

After reviewing the results, two candidate configurations stand out: PS200-
CP0.7-MP0.2-NP3-MS0.3 and PS300-CP0.9-MP0.05-NP4-MS0.1. While the first
configuration leads the ranking for the metrics Epsilon (EP) and PISAHyper-
volume (HV), the second one performs well in Inverted Generational Distance
(IGD) and Inverted Generational Distance Plus (IGD+). Despite this informa-
tion, which may make the decision seem complex, it should be noted that the
first candidate ranks near the bottom for the rest of the metrics, while the second
one falls in more intermediate positions. For this reason, it has been decided to
select the second configuration as the optimal choice for MO-GENECI.

7.2.2 Experimental Procedure

After collecting all the gene networks to be inferred, selecting the individual
techniques to use for each of them, and setting the parameters, an experimental
procedure has been designed to assess the actual performance of the proposal
concerning a large set of techniques in the state of the art.

Firstly, the corresponding techniques were executed individually in parallel
for each gene expression dataset. This provides a proposed network for each
technique and instance. Secondly, to consolidate the networks proposed by these
techniques, for each problem, MO-GENECI was executed with the previously fixed
parameters, setting a maximum of 250,000 evaluations. This provides a Pareto
front with multiple solutions for each problem.

Thirdly, the networks proposed by the individual techniques and all those de-

2https://github.com/AdrianSeguralrtiz/M0-GENECI/tree/main/docs/
parameterization
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rived from MO-GENECI (one consensus network for each solution from the front)
were compared to the gold standard in the test phase. This yields an AUROC
and AUPR value for each network proposal.

Fourthly, since choosing a single solution from the Pareto front is left to the
domain expert, it was decided to extract two statistically significant solutions
for subsequent comparison with the individual techniques. The first one was
called BEST MO-GENECI, referring to the solution from the front whose con-
sensus network achieves the best AUPR and AUROC values. The second one
was named MEDIAN MO-GENECI, representing the solution whose accuracy is
the median of the front. In this way, the goal is to demonstrate the potential
of MO-GENECI when choosing the appropriate solution (BEST MO-GENECI) and
the good quality it can provide even when this choice is made without prior
knowledge (MEDIAN MO-GENECI). It is worth mentioning that during the sub-
sequent results discussion (specifically in the explanation of Figure[7.8), a clear
trend will be shown that undoubtedly facilitates the selection of a good solution
from the front based on basic network characteristics such as size.

Finally, a systematic comparison procedure was initiated after collecting the
precision levels for each gene network from the individual techniques and the
two solutions extracted from MO-GENECI. The different proposals were compared
for each size range using the standard Friedman statistical ranking and Holm’s
non-parametric tests. The results are presented in the following section of this
manuscript.

Furthermore, once the efficiency of this approach was validated, it was de-
cided to run MO-GENECI on a real-world dataset from melanoma patients. This
same set was also employed in GENECI and this allows us to observe whether the
performance improvements translate into new discoveries that did not emerge
after running the preliminary algorithm.

7.3 Results and Discussion

This section analyses the results obtained by MO-GENECI for the total benchmark
of 106 networks considered in this study. A chronological order based on the
workflow described earlier is followed to facilitate the comprehension of this
analysis. In addition to analyzing the accuracy of MO-GENECI, a couple of sub-
sections are included to discuss the computational cost of the algorithm and the
results of MO-GENECI when run on a real-world data set.
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Figure 7.6: Evolution of fitness functions for the 200-node network constructed from
scratch with a scale-free degree distribution and subjected to overexpression perturba-
tion.

7.3.1 MO-GENECI internal behavior

In MO-GENECI, the three objective functions are optimized simultaneously over
the iterations. Despite not pursuing the individual optimization of each one, it
proves quite useful to graph the best individual result for each function in each
generation. This allows for the verification of the algorithm’s learning procedure,
the proper selection of individuals, and the ability of the crossover and mutation
operators to achieve uniform optimization of the three objectives, while main-
taining the right balance between exploration and exploitation.
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In Figure a typical execution of MO-GENECI for the 200-node network,
constructed from scratch with a scale-free degree distribution and subjected to
over-expression perturbation, is depicted. The three objective functions indeed
show improvement in their results as the evolutionary algorithm progresses. The
slight stepwise behavior in the plots is attributed to the network’s size. In small
networks, this stepping is more prominent, particularly in functions related to
network topology, while in large networks comprising thousands of genes, this
stepping smoothens and ultimately disappears.

The number of generations is approximately 800, which aligns with the cho-
sen population size of 300 individuals and a maximum of 250,000 evaluations
per run. This configuration was established after verifying that the proposed ap-
proach is able to converge at this number of generations, for the three objectives,
as shown in Figure so no significant improvements were detected after this
stopping condition (hence, to save on computational effort).

Concerning the visible range of values for each function, it aligns with the
previously specified implementation. The quality values are normalized between
0 and 1, degreedistribution values fall within a range between 0 and oo due to the
goodness-of-fit test, and motif values range between 0 and —oo due to negative
motif counting.

After executing MO-GENECI, the output is obtained as the set of non-dominated
solutions from the last generation (in the form of Pareto front approximation).
These individuals are represented in interactive 3D plots that facilitate visual-
ization of the obtained Pareto front for each problem. Figure displays three
specific cases of interest, allowing for the derivation of conclusions from this
approach.

Firstly, subfigure shows the obtained Pareto front for a relatively small
network consisting of 13 genes. The most notable aspect of this case relates to
what was mentioned previously regarding the stepping behavior. In such small
networks, the motifs objective function has limited room for optimization, with a
relatively narrow and discretized range of values. Therefore, the representation
of the front appears as a set of curves parallel at different heights.

Nevertheless, in subfigure the opposite scenario is shown: a large net-
work with 2,000 genes where all objective functions have significant room for
optimization. Consequently, the solutions are more evenly distributed through-
out the plot. As expected, three vertices stand out, corresponding to the extreme
cases of each objective function, where one objective is maximized at the expense
of receiving poor scores in the other two functions.
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Figure 7.7: Set of non-dominated solutions in Pareto front approximation from the final
population.

However, there are exceptions, as shown in subfigure|7.7c, where a network’s
characteristics break the opposition between the functions. In this case, it is
impossible to optimize degreedistribution until quality presents extremely unfa-
vorable values (curve with a shallower slope), and vice versa, quality cannot be
optimized until degreedistribution values move away from the minimum (curve
with a steeper slope).

From a different perspective, MO-GENECI’s output also provides a representa-
tion of parallel coordinates for the set of non-dominated solutions from the last
population. However, in this case, work has been carried out with gold standards
in this case in preparation for subsequent comparison between techniques. That
is why the decision was made to expand the parallel coordinates initially pre-
sented by MO-GENECI with the accuracy values for each individual concerning the
known network. Additionally, to improve visualization, apart from adding the
columns AUROC and AUPR, a new column representing the average of the two
previous ones has been created. This allows individuals to be color-coded with
varying intensity based on their accuracy. To obtain this expanded representa-
tion, the command evaluate dream/generic-prediction dream/generic-pareto-front
is executed, which takes a front of solutions and the known network as input.

These newly evaluated parallel coordinates serve a dual purpose. First, they
allow for an analysis of the intensity and shape of the trade-offs between differ-
ent objectives. Second, they help identify certain patterns regarding optimiza-
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tion levels in the graphs that lead to high-quality results. In Figure three
significant cases have been represented in this sense.

In subfigure the “evaluated” parallel coordinates for a 20-gene network
are represented, from which, four observations can be made. Firstly, the stepping
behavior mentioned in the previous plots for small networks is still present in
this representation. As can be seen, the motifs column has a limited number of
values, grouping individuals at quite specific heights. Secondly, the opposition
between different objectives is evident, with the differences between quality and
degreedistribution being particularly noticeable in this case, showing a complete
contrast. Thirdly, by analyzing the graphics, the coherence of this approach
can be verified. Solutions with similar optimization profiles result in networks
with similar levels of accuracy. Lastly, due to the network’s size, the objective
function that contributes the most accuracy to the solutions is quality. This is
because neither degreedistribution nor motifs make sense in such small networks.
There is no room for the existence of hubs or the appearance of complex motifs.
Therefore, improving solution accuracy relies solely on giving more weight to
the most reliable individual techniques than the others.

The second significant case is a medium-small network with 436 genes. Sub-
figure shows that, for this case, quality loses the prominence mentioned for
networks with few genes, degreedistribution still lacks significant room to con-
tribute accuracy to the solutions. Finally, motifs begins to play a key role in the
optimization process. In fact, it is evident how this objective begins to show
greater opposition to the other ones, which was not as visible in the previous
example. Once again, the coherence of this approach can be checked, with a
clear gradient of color in all represented objectives.

Finally, in subfigure the case of a large network with 2,000 genes is
shown. The increase in size compared to the previous case is the reason why
degreedistribution gains importance in improving solution accuracy. When net-
works have more realistic sizes, both degreedistribution and motifs serve a more
coherent purpose and, therefore, play a more significant role in the effectiveness
of this approach.

It should be noted that the last and first examples are opposite cases, and the
difference in their sizes has a similar effect on the optimization profiles for higher
accuracy. This is why, when explaining BEST MO-GENECI and MEDIAN MO-
GENECI, reference was made to this section to clarify that choosing a good
solution is not a complicated task considering the analysis just presented. For
smaller networks, it is logical to focus on the reliability of the techniques rather
than topological characteristics. In contrast, for networks of realistic size, the



CHAPTER 7. MO-GENECI

165

Evaluated graph of parallel coordinates

quality  degreedistribution  motifs acc_maan aupr auroe
0.610437 77.704 —63 0.500598 0.367175 0.636
0.61

acc_mean
0.5

0.6
o.58 0.49
0.58 = 0.48
Pt
0.57 | 0.47
0.3a57
|
|
o056 == | E .45

0.34-

0.551241 10.586 —=5 0.455648 0.33758% 0.572444

(a) 20-node network with scale-free degree distribution
and subjected to a knock-down perturbation.

Ewvaluated graph of parallel coordinates
quality degreadistribution motifs scc_mean aupr auroc
0.74926 3,255.5 —31.689k 0.513906 0.21783 0.815404

—32k )

acc_mean

0.6344 0.2 —z8.107k 0.440805 0.10785 0.771768

(b) 436-gene network from the gallus gallus organism ob-
tained from BioGrid subjected to a mixed perturbation.

Evaluated graph of parallel coordinates

quality  degreedistribution  motifs acc_mean aupr auroc
0.70934 3.652.4 —152.886k 0.433838 0.087105 0.78776

a0 acc_mean

2000

0.57246 2228 —195.806k 0.324592 0.01662 0.68302

(c) Simulated 2000-gene network by SynTReN.

Figure 7.8: Extended parallel coordinate plots showing Pareto front individuals

. The first

columns are optimization objectives, the last ones quality metrics, and color intensity

encodes the mean accuracy (acc_mean).



166 7.3. RESULTS AND DISCUSSION

concordance between techniques diminishes, and more biological aspects like
degree distribution or motifs become more relevant.

7.3.2 Experimental comparisons

The next step in this study is the comparison of MO-GENECI with all the individual
inference techniques. After evaluating all the networks generated by these tech-
niques and extracting the aforementioned BEST MO-GENECI and MEDIAN MO-
GENECI solutions, AUROC and AUPR values were obtained for each network and
inference method. Since presenting these values for all 106 networks would be
extensive, a series of visual plots are provided to summarize and facilitate un-
derstanding of the results. However, detailed data for both metrics can be found
in the main project repository as supplementary material |

In Figure the comparison of accuracy values for a subset of networks
with a size of up to 25 genes is presented. The main objective of this proposal is
fully achieved: to provide solutions that, without attempting to outperform in-
dividual techniques in their respective domains of expertise, have high accuracy
for any type of network to be inferred. The existence of these specializations is
also clearly exposed in the plot. Not only is there diversity in the winning indi-
vidual techniques (e.g. CMI2NI, GENIE3 ET, ARACNE, JUMP3, PCACM]I, etc.),
but there are significant differences in their rankings depending on the case. For
instance, JUMP3 is the technique with the highest AUPR value for the D4 10 3
network, yet it ranks last for the AUROC metric in the TFL-RN-M network. PUC
is the AUROC winner for D3_10 E1, but it holds a rather unfavorable position in
the AUROC of its neighboring BG-SV40-M. Another example is ARACNE, which
seems not to excel in any network except for the exceptional case of the TFL-
RN-M network. MO-GENECI surpasses these individual specializations and attains
excellent rankings across all networks thanks to its adaptability and flexibility.

Furthermore, it should be noted that even when the best solution from the
front is not chosen appropriately, the effectiveness of MO-GENECI remains rela-
tively high. As can be seen, the values of MEDIAN MO-GENECI are pretty close
to those of BEST MO-GENECI (for example, in D3_10 E1, D4 10 3 or FS-SF20-
0).

It is also worth mentioning that when running MO-GENECI with all inference
techniques, any information that the researcher may have about individual in-
ference techniques is ignored. While it is true that domains of specialization are

3https://github.com/AdrianSeguralrtiz/M0-GENECI/tree/main/docs/
experimentation
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Figure 7.9: AUROC and AUPR values for networks up to 25 genes. Each column repre-
sents a gene network, and each row represents a different metric. The upper row shows
AUROC values, while the lower row displays AUPR values. Each cell contains two sets
of bars stacked from lowest to highest height. In the first set of bars, the values obtained
by BEST _MO-GENECI and MEDIAN MO-GENECI are represented, while the second set
contains the values from the other individual techniques. The number of individual tech-
niques surpassed by BEST MO-GENECI is indicated on the first set of bars, which can be
visualized thanks to the dashed horizontal line that sets the threshold. The name of the
winning individual technique that achieved the best results for the given network and
metric is displayed on the second set of bars.

difficult to delineate, there is still some minimum knowledge that could help re-
searchers eliminate certain techniques for their specific case. This would filter
out some noise in the consensus and further improve the results obtained.

Additionally, this analysis is not only helpful in comparing the proposal of
this chapter with other individual techniques but also serves as a systematic and
robust comparison among them. This study can contribute to the state of the
art by providing knowledge about the performance of individual techniques and
their effectiveness in this field. This can be explored in more detail in section

[7.3.3

Figure shows the AUPR and AUROC values obtained by the inference
methods for a subset of networks with sizes ranging from 25 to 110 genes. The
same information as in Figure [7.9|is presented for different networks and using
a different visual representation.
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Figure 7.10: AUROC and AUPR values for networks between 25 and 110 genes in size.
Each plot displays the results for a specific metric. The upper plot shows the AUROC
values, while the lower one shows the AUPR values. In both plots, the vertical axis
represents the values of the corresponding metric, and the horizontal axis represents
the different networks considered in the figure. Each technique is assigned a color and
represented by a series of points connected by dashed lines. To facilitate the comparison
of BEST MO-GENECI with the other techniques, a continuous representation of its curve

and shading over its area have been used.

In this case, the fact that some techniques perform well for certain networks
and worse for others is evident at the intersections between the dashed lines.
The most noticeable case due to its color is PCACMI, as its low accuracy for net-
works derived from the DREAM challenges and its high quality for the remaining

networks in the plot are clearly visible.

Once again, MO-GENECI gains generalization capacity and achieves good re-
sults for all cases, overshadowing the outcomes of individual techniques. How-
ever, as mentioned earlier, this proposal is eventually surpassed by techniques
specialized in the domain of expertise in which the inferred gene network falls.

Figure presents the accuracy values obtained by different techniques for
a subset of networks with sizes between 110 and 250 genes. The intersections
between the lines again highlight the specialization of techniques.



CHAPTER 7. MO-GENECI 169

AUPR AUROC
BG-SS-M BG-SS-M
BG-HPV5-M FS-SF200-0 BG-HPV5-M FS-SF200-0
BG-HHV5-M. \ F3-SF200-KO BG-HHV5-ivi //f £-SF200-KO
7o) <

TFL-DM-M ’ \\’//‘ F3-SF200-KD TFL-DM-N;i \ F5-SF200-KD
A \

\ /
FS-EM200-KD FS-EM200-O FS-EM200-KD FS-EM200-O
FS-EM200-KO FS-EM200-KO
ARACNE CLR INFERELATOR MEOMI PCACMI PUC
BC3NET GENIE3_ET ® KBOOST MRNET PCIT RSNET
BEST_MO-GENECI GENIE3_RF LEAP MRNETB ® PIDC
C3NET GRNBOOST2 MEDIAN_MO-GENECI @ NARROMI PLSNET

Figure 7.11: AUROC and AUPR values for networks between 110 and 250 genes in size.
In this case, radar charts have been used, which clearly represent the specializations
of different techniques. Once again, shading has been applied to BEST MO-GENECI
(yellow), highlighting its ability to cover all domains of expertise.
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Figure 7.12: AUROC and AUPR values for networks between 250 and 2,000 genes in
size. La explicacién de esta representacion es la misma que en la Figura

In this sense, it is worth noting the case of the simulated BioGrid network
“Human papillomavirus 5” subjected to a mixed perturbation (BG-HPV5-M). In
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this network, techniques like MEOMI, which show unfavorable results for the
other networks, improve their quality. In contrast, other clearly outstanding
techniques for the rest of the networks significantly reduce their accuracy. This
is a clear example of the risk that a researcher runs when choosing a specific
technique based on the results shown in other gene regulation networks. This is
where the utility of MO-GENECI becomes evident, as it has remained immune to
this change in techniques and has been able to ultimately redistribute its weights
to achieve a high-quality result.

Additionally, PCIT achieves poor accuracy for all networks in this represen-
tation, yet it was declared the winner in Figure for the AUPR metric in the
D3 10 _E1 network.

The last representation is shown in Figure for a subset of networks
with sizes between 250 and 2,000 genes. It is evident how the accuracy of
MO-GENECI and the number of surpassed individual techniques increase with the
size of the networks. Furthermore, the distances between BEST MO-GENECI
and MEDIAN MO-GENECI are further reduced in these cases. Once again, all
the observations made so far about the capabilities of MO-GENECI can be clearly
confirmed. This proposal has demonstrated versatility for different domains of
expertise and shows its potential to be more than competitive in networks of
all sizes. The specialization by individual techniques continues to be present, as
seen in the previous comparisons.

Finally, two networks with sizes exceeding 2,000 genes are left to analyze.
Due to the small number of networks in this category, it has been decided to cre-
ate Table displaying the metric values explicitly instead of representing them
graphically. It highlights in bold the best value achieved by individual inference
techniques and the one obtained by BEST MO-GENECI for each network and
metric.

For the simulated 2000-gene network by GeneNetWeaver, it can be seen that
BEST MO-GENECI achieves a competitive AUPR value, while for the AUROC
metric, it clearly outperforms the rest of the techniques (also MEDIAN MO-
GENECI). In the case of the RegulonDB network, it is quite similar to the previous
one. However, this time, for the AUPR metric, the CLR technique presents a clear
outlier unsupported by the rest of the techniques, which is difficult for MO-GENECI
to detect. It is a clear example of a technique that surpasses the consensus due to
its domain of expertise. Nevertheless, MO-GENECI’s values are clearly competitive
compared to the other techniques.

It is also worth mentioning that during this section, MO-GENECI has been
compared to the best AUROC and AUPR values for each network, regardless
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Table 7.7: AUROC and AUPR values for networks of more than 2,000 genes

Network gnw2000 regulonDB
Technique AUPR | AUROC | AUPR | AUROC
ARACNE 0.3835 | 0.6990 | 0.0154 | 0.5739
BC3NET 0.2090 | 0.6342 | 0.0393 | 0.5975
C3NET 0.3183 | 0.6620 | 0.0131 | 0.5621
CLR 0.1782 | 0.8150 | 0.0960 | 0.9635
KBOOST 0.3959 | 0.7997 | 0.0064 | 0.6072
LEAP 0.0505 | 0.7052 | 0.0140 | 0.8228
MRNETB 0.0733 | 0.8205 | 0.0198 | 0.9591
MRNET 0.2715 | 0.8270 | 0.0264 | 0.9609
NARROMI 0.0196 | 0.5490 | 0.0341 | 0.6144
PCIT 0.0026 | 0.5000 | 0.0008 | 0.5000
RSNET 0.0564 | 0.8031 | 0.0300 | 0.9664
MEDIAN MO-GENECI | 0.1590 | 0.8711 | 0.0207 | 0.9681
BEST MO-GENECI 0.3486 | 0.8750 | 0.0353 | 0.9751

of whether these values come from the same technique or not. In other words,
for a specific network, when MO-GENECI performance is just below one technique
in the AUPR metric, and below another in AUROC, it does not mean it is below
both. The two metrics should be taken into account, and the fact that a tech-
nique excels in one of them but performs poorly in another is counterproductive.
However, MO-GENECI has demonstrated stability for both cases with consistently
high values.

7.3.3 Statistical Significance

This section presents a statistical analysis with the aim of rigorously compar-
ing the performance of individual inference techniques, as well as BEST MO-
GENECI and MEDIAN MO-GENECI. This analysis takes a global perspective,
considering AUROC and AUPR metrics for all the networks in the dataset of
this study.

Specifically, the Friedman statistical ranking with non-parametric Holm tests
has been calculated for each subset of networks organized by sizes. This is be-
cause there are techniques that could not be executed for certain sizes, so they
can only be compared with the other techniques that have been executed within
their subset.

There are a total of 5 groups determined by the thresholds of 25, 110, 250,
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Table 7.8: Friedman mean rank with Holm’s adjusted p values (0.05) for the AUPR
metric measured across all techniques in networks with 0 to 25 genes.

AUPR 0-25 genes

Technique Friedman'sRank | Holm'sAdj — p
*BEST_MO-GENECI 4.94444 -

CMI2NI 8.0926 1.59677e-01
MEDIAN MO-GENECI 9.2778 1.05849e-01
INFERELATOR 10.8889 2.37812e-02
RSNET 11.1852 2.124633-02
GENIE3_ET 11.4444 2.10120e-02
LOCPCACMI 11.4815 2.10120e-02
PCACMI 11.8704 1.38443e-02
GENIE3_RF 12.1296 1.06427e-02
LEAP 13.3148 1.66457e-03
CLR 13.8519 6.93208e-04
MRNET 14.2222 3.75372e-04
MRNETB 14.5370 2.19631e-04
TIGRESS 14.8889 1.15967e-04
BC3NET 15.0185 9.52642e-05
ARACNE 15.1667 7.46093e-05
KBOOST 15.2963 6.02883e-05
GRNBOOST2 15.7407 2.41250e-05
PUC 16.0185 1.36096e-05
C3NET 16.1852 9.77589e-06
PLSNET 16.3333 7.27584e-06
PIDC 17.0926 1.20942e-06
JUMP3 17.4259 5.44535e-07
NONLINEARODES 18.3333 5.12226e-08
MEOMI 19.2963 3.48254e-09
NARROMI 20.0185 4.15433e-10
GRNVBEM 20.0370 4.08150e-10
PCIT 21.9074 9.56885e-13

and 2,000 genes. However, in the last group, this statistical study has been
omitted as it consists of only two networks, which is an insufficient quantity to
draw reliable conclusions. This results in a total of 8 tables, that is, two for each
subset of networks, one for comparing AUPR and another for AUROC.

The first subset consists of networks with up to 25 genes. Table [7.8 shows
the results for the AUPR metric, and Table presents the results for AUROC.
In this set of networks, most of the techniques participate, including the 26 in-
dividual techniques and the two extractions from MO-GENECI. It is observed that
BEST MO-GENECI is the best-ranked resulting technique for both metrics.
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Table 7.9: Friedman mean rank with Holm’s adjusted p values (0.05) for the AUROC
metric measured across all techniques in networks with 0 to 25 genes.

AUROC 0-25 genes

Technique Friedman’sRank | Holm'sAdj — p
*BEST_MO-GENECI 4.57407 -

MEDIAN MO-GENECI 8.0185 1.23925e-01
GENIE3 _ET 9.3519 6.56767e-02
CMI2NI 9.8519 5.52124e-02
GENIE3_RF 10.2778 4.33829e-02
INFERELATOR 11.1111 1.75100e-02
RSNET 12.2037 3.92833e-03
LEAP 12.8519 1.52490e-03
PCACMI 13.0926 1.13488e-03
CLR 13.5556 5.42568e-04
LOCPCACMI 13.7222 4.38619e-04
GRNBOOST2 14.0000 2.80650e-04
TIGRESS 14.2407 1.89164e-04
MRNETB 14.3148 1.76315e-04
KBOOST 14.4630 1.40115e-04
PLSNET 14.7222 8.73115e-05
MRNET 15.0926 4.19886e-05
NONLINEARODES 16.3148 2.70204e-06
ARACNE 16.3333 2.70204e-06
JUMP3 16.6481 1.31626e-06
BC3NET 16.7593 1.04978e-06
PIDC 17.1111 4.50595e-07
PUC 17.1667 4.08972e-07
C3NET 17.7037 1.03604e-07
MEOMI 18.8148 4.81678e-09
NARROMI 20.4630 3.18802e-11
GRNVBEM 20.5926 2.17753e-11
PCIT 22.6481 1.85180e-14

It's worth noting the CMI2NI technique, which is above the significance thresh-
old in both cases. However, as seen later in the next subset regarding large-size
networks, it acquires a rather unfavorable position and is surpassed by other
inference techniques. In fact, CMI2NI becomes computationally infeasible for
networks with more than 110 genes.

The next subset consists of networks with 25 to 110 nodes. The results for
the AUPR and AUROC metrics are shown in Table and Table respec-
tively. In these tables, once again, BEST MO-GENECI leads these two statistical
rankings.
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Table 7.10: Friedman mean rank with Holm’s adjusted p values (0.05) for the AUPR
metric measured across all techniques in networks with 25 to 110 genes.

AUPR 25-110 genes

Technique Friedman'sRank | Holm'sAdj — p
*BEST_MO-GENECI 3.55882 -

GENIE3_RF 6.0882 1.88868e-01
CLR 7.6177 6.99917e-02
MEDIAN MO-GENECI 8.2941 4.17035e-02
GENIE3_ET 8.5588 3.75826e-02
MRNETB 9.5000 1.01360e-02
TIGRESS 10.0588 4.40476e-03
MRNET 10.3235 3.08976e-03
GRNBOOST2 10.4412 2.80049¢-03
LOCPCACMI 11.9118 1.28796e-04
RSNET 12.1176 8.74889%¢-05
PUC 12.5882 2.99879e-05
INFERELATOR 13.2647 5.53287e-06
PIDC 13.3529 4.71220e-06
CMI2NI 13.4412 3.98140e-06
BC3NET 14.8529 6.66146e-08
GRNVBEM 16.4118 3.91223e-10
ARACNE 17.0000 4.94054e-11
NARROMI 17.1471 3.02786e-11
PCACMI 17.3824 1.31674e-11
LEAP 18.0000 1.26040e-12
C3NET 18.1765 6.54808e-13
PLSNET 18.9706 2.61052e-14
KBOOST 20.0294 2.69102e-16
PCIT 20.2647 9.66022e-17
NONLINEARODES 24.2059 1.93437e-25
MEOMI 24.4412 5.32306e-26

In this case, it’s worth highlighting the accuracy of techniques derived from
the original GENIE3. That is the proposal that applies Random Forest regression
(GENIE3_RF), the one that uses ExtraTrees regression (ET), and the one that
employs the Stochastic Gradient Boosting Machine (GRNBOOST2). Although
only GENIE3 RF is above the significance threshold in both cases, it can be seen
that the other two also obtain good positions for the AUPR metric.

This was also observed in the previous proposal (see chapter [5), so that GE-
NIE3 has a clear domain of specialization in the DREAM networks, and this sub-
set of sizes contains a significantly higher concentration of networks from these
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Table 7.11: Friedman mean rank with Holm’s adjusted p values (0.05) for the AUROC
metric measured across all techniques in networks with 25 to 110 genes.

AUROC 25-110 genes

Technique Friedman’sRank | Holm'sAdj — p
*BEST_MO-GENECI 3.73529 -

GENIE3 RF 5.5000 4.09525e-01
GENIE3 _ET 6.1765 4.09525e-01
MEDIAN MO-GENECI 6.6471 3.91180e-01
GRNBOOST2 8.3529 6.58146e-02
TIGRESS 8.9118 3.58351e-02
CLR 9.1177 3.10503e-02
MRNETB 9.7941 1.15338e-02
CMI2NI 10.4118 4.19203e-03
MRNET 10.7353 2.48984e-03
LOCPCACMI 11.2353 9.78071e-04
PIDC 12.9118 2.05860e-05
PUC 13.1471 1.21583e-05
RSNET 13.5000 5.10683e-06
INFERELATOR 14.1176 9.68763e-07
LEAP 15.3529 2.38545e-08
PLSNET 16.2647 1.21400e-09
PCACMI 16.4412 6.97889%e-10
BC3NET 18.4706 3.49502e-13
GRNVBEM 18.5000 3.27531e-13
ARACNE 19.2647 1.44156e-14
KBOOST 20.0882 4.16593e-16
NONLINEARODES 20.6471 3.43919e-17
NARROMI 21.0294 6.02465e-18
C3NET 21.4706 7.62403e-19
PCIT 21.5294 5.97097e-19
MEOMI 24.6471 4.50332e-26

challenges. GENIE3, despite obtaining good positions in the other tables, does
not stand out as the best individual technique in the ranking in any other case,
and in particular, for large sizes is much more computationally expensive than
other techniques.

The third subset consists of networks with a size ranging from 110 to 250
genes. Table displays the results for the AUPR metric, while Table
presents the AUROC results. In this case, it is observed that there are difficul-
ties in confirming a statistically significant difference between the techniques,
as nearly half of them are above the threshold. Nevertheless, it can be noted
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Table 7.12: Friedman mean rank with Holm’s adjusted p values (0.05) for the AUPR
metric measured across all techniques in networks with 110 to 250 genes.

AUPR 110-250 genes

Technique Friedman'sRank | Holm'sAdj — p
*BEST_MO-GENECI 2.83333 -

CLR 5.0000 4.44534e-01
MEDIAN MO-GENECI 6.5833 4.44534e-01
MRNET 6.6667 4.44534e-01
RSNET 7.4167 3.35301e-01
GENIE3_RF 7.9167 2.85960e-01
GRNBOOST2 8.0833 2.85960e-01
PCACMI 8.8333 1.65320e-01
MRNETB 9.1667 1.35140e-01
GENIE3 ET 10.1667 5.10336e-02
INFERELATOR 10.7500 2.82376e-02
ARACNE 11.5833 1.06108e-02
BC3NET 12.4583 3.39169e-03
PUC 13.1667 1.26136e-03
PLSNET 13.5000 8.02258e-04
PIDC 13.5833 7.51756e-04
C3NET 13.6667 7.00642e-04
LEAP 15.2500 4.78787e-05
NARROMI 17.9583 2.08922e-07
KBOOST 18.1667 1.38603e-07
MEOMI 18.9167 2.60800e-08
PCIT 21.3333 6.26486e-11

that BEST MO-GENECI once again clearly leads both rankings. Furthermore,
MEDIAN MO-GENECI ranks second and third in the tables. It is surpassed by
CLR in terms of AUPR, but this same technique ranks sixth for the AUROC met-
ric.

It is also worth mentioning the emergence of techniques that had gone unno-
ticed until now and are beginning to gain momentum for the next size subgroup
(of large-size nets). These are primarily MRNET and CLR, and their potential
contribution to larger networks is becoming apparent.

The final subset for which this comparative study has been conducted consists
of networks with a size between 250 and 2,000 genes. The results for the AUPR
metric are shown in Table and for AUROC, they can be found in Table
As has been the case in the other scenarios, BEST MO-GENECI emerges as the
top performer for network inference in this case as well.
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Table 7.13: Friedman mean rank with Holm’s adjusted p values (0.05) for the AUROC
metric measured across all techniques in networks with 110 to 250 genes.

AUROC 110-250 genes

Technique Friedman’sRank | Holm'sAdj — p
*BEST_MO-GENECI 1.33333 -

MEDIAN MO-GENECI 4.1667 2.85168e-01
PCACMI 5.2500 2.79120e-01
GENIE3 _ET 7.0000 1.20057e-01
GRNBOOST2 7.2500 1.20057e-01
CLR 7.3333 1.20057e-01
GENIE3_RF 7.5000 1.20057e-01
RSNET 7.8333 9.94704e-02
MRNETB 8.1667 7.95802e-02
MRNET 8.4167 6.78703e-02
PUC 10.0000 1.07847e-02
PIDC 10.0833 1.06108e-02
INFERELATOR 14.1667 1.55065e-05
LEAP 14.4167 1.04061e-05
PLSNET 14.9167 4.19078e-06
BC3NET 15.7917 7.39047e-07
ARACNE 16.3333 2.44677e-07
C3NET 17.2500 3.27207e-08
KBOOST 17.4167 2.3472e-08
NARROMI 18.7917 8.60938e-10
MEOMI 18.8333 8.15172e-10
PCIT 20.7500 5.04342e-12

Moreover, as anticipated for the previous subset, CLR and MRNET seem to
yield good results for larger networks. These techniques are the only ones that
surpass the significance threshold for both tables. Furthermore, by using the
small group of networks with more than 2,000 genes as an extension of the
current subset, it was observed in Table how these techniques consistently
achieved good results. In fact, they are highlighted in bold due to their high
accuracy on a couple of occasions.

However, it should be remembered that CLR obtained a rather unfavorable
position for the subset of small networks, and MRNET also did not excel until
reaching larger network sizes (above 110 genes). Therefore, while they do not
outperform BEST MO-GENECI in this scenario, they also do not come close to
covering the broad spectrum of domains that BEST MO-GENECI excels in.

The fact that some techniques seem to exhibit a clear relationship between
their performance and network size is a strong indication that size is a determin-
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Table 7.14: Friedman mean rank with Holm’s adjusted p values (0.05) for the AUPR
metric measured across all techniques in networks with 250 to 2,000 genes.

AUPR 250-2000 genes

Technique Friedman'sRank | Holm'sAdj — p
*BEST_MO-GENECI 2.90323 -

CLR 3.8065 4.44083e-01
ARACNE 4.2903 4.44083e-01
MRNET 4.8387 2.65207e-01
MEDIAN MO-GENECI 6.1936 1.50890e-02
BC3NET 6.3548 1.42610e-02
C3NET 6.3548 1.42610e-02
RSNET 6.8065 4.13002e-03
MRNETB 7.9032 8.59231e-05
PIDC 9.9355 5.38791e-09
NARROMI 10.1290 2.00219e-09
PUC 10.5484 1.86184e-10
LEAP 11.8065 5.49889%¢-14
KBOOST 13.1613 2.21967e-18
PCIT 14.9677 3.33603e-25

Table 7.15: Friedman mean rank with Holm’s adjusted p values (0.05) for the AUROC
metric measured across all techniques in networks with 250 to 2,000 genes.

AUROC 250-2000 genes

Technique Friedman’sRank | Holm'sAdj — p
*BEST_MO-GENECI 2.51613 -

MRNET 3.5161 4.44083e-01
MEDIAN MO-GENECI 3.9032 4.44083e-01
CLR 4.3548 3.16541e-01
MRNETB 4.7097 2.18862e-01
RSNET 4.8065 2.18862e-01
PUC 7.2258 2.02893e-04
PIDC 7.4839 8.56653e-05
ARACNE 8.8387 2.08492e-07
BC3NET 10.4516 2.54677e-11
C3NET 10.5806 1.25188e-11
LEAP 11.5161 2.54894e-14
KBOOST 12.0968 4.00058e-16
NARROMI 13.2903 3.15211e-20
PCIT 14.7097 9.81590e-26

ing factor in specifying their domains of specialization. This does not mean that
there are no other factors at play or that there are no techniques whose domains
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are independent of network size. The way the networks have been grouped has
allowed us to observe how techniques behave with respect to this specific factor.
After careful analysis, it has been observed that some techniques clearly depend
on network size, while others do not show a discernible pattern or trend related
to this factor.

After statistically analyzing the results of this study, it can be rigorously con-
firmed that BEST MO-GENECI provides the highest reliability when aiming for
high-precision results, regardless of network size or specialization domain. Fur-
thermore, it is worth mentioning that in cases where a poor choice is made on
the front, MEDIAN MO-GENECI has crossed the significance threshold in a total
of 6 scenarios, falling just below it in the remaining two cases.

This study has also made it possible to observe techniques such as PCIT,
MEOMI, NARROMI, or KBOOST, which consistently yield low-precision results.
Researchers may consider excluding these techniques when using the MO-GENECI
approach, which could help eliminate noise and further enhance the evolution-
ary algorithm’s results.

7.3.4 Computational Complexity

It is evident that the complex and sophisticated strategy designed to optimally
harmonize such a multitude of techniques incurs a computational cost equiva-
lent to its precision. This computational cost depends on several factors. The first
and most determining factor is the number of genes involved in the gene regu-
latory network that is intended to be inferred. Concerning this factor, Figure
presents the execution times in minutes required by MO-GENECI to achieve
250,000 evaluations in each problem, ordered by their size. These times were
recorded on a machine with 500GB of RAM and 32 cores. The execution time is
clearly exponential with respect to the size of the networks, starting to require
significant time from 1,000 nodes onwards. After analyzing certain executions
with JProfiler [263], it has been noted that the most costly part and the one that
most contributes to the slowdown of the algorithm in large networks is the ob-
jective function that counts different motifs. This is to be expected; however, the
improvement in precision observed compared to the previous GENECI proposal
makes this increase in the algorithm’s computational cost worthwhile.

Additionally, there is the factor of the number of evaluations. In the exper-
imentation of this chapter, we have set a total of 250,000 evaluations for all
problems. However, this quantity was set on the high side, and it has been
observed that in different problems, the algorithm achieves convergence much
earlier. The point at which convergence occurs for a problem does not depend
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Relationship between the number of genes and execution time
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Figure 7.13: Scatter plot illustrating the relationship between the number of genes and
the execution time of the algorithm. Each point represents a specific execution instance.
The plot provides insight into the performance characteristics of the algorithm across
different gene counts.

so much on the size of the network but rather on the coherence among the var-
ious techniques and their quantity. Therefore, these last two variables are also
indirect factors that affect the execution time.

Finally, it should be remembered that MO-GENECI runs after collecting the
results from all individual techniques. This means that comparing the compu-
tational cost of these individual techniques to this proposal is meaningless since
they operate at different levels and have different purposes. The complexity of
the individual techniques is relative to the task of inferring gene regulatory net-
works from expression data, while the complexity of MO-GENECI corresponds to
the intelligent and optimized process of harmonizing a broad spectrum of infer-
ence techniques based on fitness functions specific to the biological domain to
which this challenge belongs.

Regarding the algorithm’s asymptotic time complexity (Big-O), an implementation-
informed approximation is provided below:

* Preprocessing: run the k base methods, total Cp,se = Zle ;.

* Evolutionary optimization (over E evaluations): per evaluation, (A) con-
sensus construction O(m - k); (B) objectives: Quality O(m - k + m), Degree
distribution O(m + nlogn), and Motifs (on the binarized network) up to
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O(n?) in the worst case. Summing per-evaluation:

O(m-k)+O0(m-k+m)+O0(m+nlogn)+0(n*) = O(m-k+m-+nlogn+n?).

e Qverall:

’ Chase + Cmo-GENEGE ‘ ~ Chase + O<E (m-k+ ”3))

* Symbols: n = genes; m = candidate interactions; k£ = base methods; E ~
T- P with T generations and population size P; Chase = total cost of running
all base methods once.

7.3.5 Real-World Experimentation

After validating its efficacy, MO-GENECI has also been run on real-world gene
expression data. Specifically, clinical data from melanoma patients were used.
This data included gene expression levels collected from NanoString, specifically
from the platform’s immunological profiling panel. This panel was subjected to
specific treatment and filtering techniques, which eliminated 35 genes showing
less stable results.

This dataset was also employed in GENECI, and the approach taken then
was to contrast the interactions with the highest confidence level of the solu-
tion with respect to the literature. However, in this case, since MO-GENECI is a
multi-objective algorithm, we do not have a single solution, but a front of so-
lutions. Therefore, the strategy used in this case has been to collect the most
frequent and most trusted interactions taking into account their position after
sorting each network by confidence level.

After carrying out this procedure, the following top 5 interactions were ob-
tained. For each of them, both genes were entered into the STRING database
[[264] and the Co-Mentioned in Pubmed Abstracts section was accessed to obtain
a list of publications. This list was subsequently filtered to find articles related to
melanoma, cancer in general, or skin diseases.

1. IL8 - CCL2: In [265], the role of IL-8 as a potential predictive biomarker
in head and neck cancer is studied. In their study, after analyzing patients
before and after radiation therapy, it is shown that there is a strong re-
lationship between IL-8 and CCL2 (MCP-1), which is statistically verified
by Pearson’s correlation coefficients. In addition, [[266] establishes that
CXCL8 (IL-8), CCL2, and CCL5 are three key chemokines in the invasion
of tumor cells, providing evidence of their interactions through numerous
experiments.
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2. OSM - IL8: In [267], Oncostatin M (OSM) is shown to enhance skin squa-
mous cell carcinoma (20% of skin cancer deaths) and that its expression
in tumor lesions strongly correlates with that of the well-known neutrophil
chemotactic factor IL-8. This relationship has been rigorously confirmed
through experimentation and Spearman rank correlation calculation. Ad-
ditionally, [268]] studies the effect of ulipristal acetate (UPA) in the treat-
ment of endometrial cancer. For this, the expression levels of the proin-
flammatory cytokines OSM, IL-6, and IL-8 were examined using quantita-
tive real-time PCR, revealing a clear importance of the expression levels
and interaction of these gene products in cancer.

3. IL1R2 - ARG1: This interaction was already validated in the GENECI pub-
lication, as it was the most reliable regulation reported by the preliminary
algorithm of this project. Specifically, it was highlighted that several stud-
ies relate both genes within the context of cancer [[233, [234]. Specifically,
in [235]] it is concluded that the amebiasis pathway could be involved in
melanoma metastasis through these genes.

4. IL8 - OSM: This concerns the inverse regulation of interaction 2, which
points to a coregulation between both genes. The justification is the same
as that for the inverse regulation, as validation through literature search
does not provide a sufficient level of precision to determine the direction
of the regulation.

5. NFKBIA - TNFAIP3: In [269], the role of KLF6 in gene regulation is an-
alyzed, focusing on patients with glioblastoma. During their study, they
demonstrate that NFKBIA and TNFAIP3 are the most potent negative reg-
ulators of NF-xB induced by KLF6. The findings of the previous article
coincide with what was also demonstrated for colon cancer in [270]. It
shows that once again NFKBIA and TNFAIP3 are two important feedback
loops of NF-xB, and that samples from patients with colorectal cancer (n
= 626) show much lower gene expression of NFKBIA (0.643 times) and
TNFAIP3 (0.745 times) compared to healthy controls (n = 51) according
to the TCGA database. Finally, in [[271], this association is also confirmed
for breast cancer. Therefore, despite the lack of specific studies for skin
cancer, it suggests that this interaction is likely to play a relevant role in
melanoma as well.

From these, only one appeared in the top 3 provided by GENECI in the previ-
ous chapter. The other two are also in high positions but not notable, specifically
IL18R1 - IL1RL1 is in seventh position and HLA-DQA1 - HLA-DQBI1 in twelfth.
This means that MO-GENECI continues to detect the most important interactions
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provided by GENECI but adds the inference of new interactions that have also
been shown to be supported by the literature.
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Chapter 8

PBEvoGen: Guiding GRN inference
with expert-driven preference
articulation

The results of the previous proposal called MO-GENECI (see chapter have
shown that the best solutions tend to concentrate on specific regions of the objec-
tive space, which can be anticipated based on known properties, such as network

size (see Figure(7.8)).

Based on this observation, this chapter presents an approach that introduces
preference-based selection [272], allowing a domain expert to define a reference
point in the objective space to guide the evolutionary search. This strategy, pre-
viously applied in other fields [[273, 274, is presented here for the first time in
the context of GRN inference, where a new strategy regarding the selection of
reference points is included, according to the characteristics of the networks to
be inferred. The proposal, called PBEvoGen, is evaluated in this chapter in order
to address the following research questions:

RQ1: What impact can the use of this methodology have on the biological accu-
racy of the inferred networks?

RQ2: Are preference zones beneficial and detectable by domain experts?

RQ3: Can integrating this selection process reduce execution costs without com-
promising network quality?

185
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8.1. PROPOSED ARCHITECTURE AND EXPERT INTERACTION
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Figure 8.1: Conceptual diagram of the proposed multi-objective evolutionary algorithm.
Individuals, represented as weight vectors, are converted into their respective consensus
regulatory networks for subsequent evaluation. Three objectives are considered: Quality,
Degree Distribution, and Motifs. Once the performance of each individual is obtained for
these objectives, selection is carried out based on the reference point established by the
domain expert. The expert draws from various sources and personal experience to guide
the population of individuals toward a region of interest in the problem. Afterward,
the selected individuals undergo crossover and mutation to form a new generation of
individuals.

8.1 Proposed architecture and expert interaction

PBEvoGen is based on the multi-objective evolutionary algorithm developed in
chapter |7, which is originally designed for the optimization of consensus net-
works in GRN inference. The incorporation of preference-based selection is il-
lustrated in the conceptual diagram of Figure while PBEvoGen implemen-
tation, based on NSGA-II, is outlined in the pseudocode of Algorithm This
implementation is specifically tailored to the problem through a weight vector
representation, customized crossover and mutation operators, and fitness func-
tions specifically designed to address the challenges of the biological context.

The main flow of the algorithm begins with the generation of an initial ran-
dom population (line 1 in Algorithm [10), represented as weight vectors that
sum up to 1. Each individual represents a weighted voting system for the se-
lection of inference techniques, among multiple of them, hence allowing the
transformation of their weights into a consensus network. Concretely, a num-
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Algorithm 10 PBEvoGen Algorithm.

Require: Num of generations 7', Population size P, Crossover operator Zimpiez,
Mutation operator mg;,,y.,, Reference point R
Ensure: Pareto-optimal front PF
1: P« generate random_population(P)
2: F < evaluate_population(P, F)
3t 1
4: whilet < T do
ranks < rank_population(F)
g_dominance < compute_g dominance(F, R)
selected <+ select_population(P, ranks, g_dominance)
of fspring <— crossover(selected, Tsimpiex)
of fspring <— mutate(of f spring, Msimpics)
10: P + replace_population(P, of fspring)
11: E + evaluate population(P, )
12: t+—t+1
13: end while
14: PF <+ get pareto_front(FE)
15: return PF

VXN T

ber of 26 inference techniques taken from the current state of the art are used
(described in section [3.1.1): ARACNE [96]], BC3NET [[126], C3NET [127], CLR
[94], GENIE3 RF [9], GRNBOOST?2 [|129], GENIE3 ET [9], MRNET [138]], MR-
NETB [[139]], PCIT [|143]], TIGRESS [97], KBOOST [132], MEOMI []135]], JUMP3
[[50], NARROMI [140], CMI2NI [95]], RSNET [146], PCACMI [11]], LOCPCACMI
[134], PLSNET [[145]], PIDC [144], PUC [[144], GRNVBEM [131]], LEAP [133],
NONLINEARODES [98]] and INFERELATOR [10]. Therefore, this solution cod-
ing allows the algorithm to act as an ensemble capable of generating consensus
genetic regulatory networks, oriented to reinforce those topologies that are more
frequent and robust.

Based on this representation, individuals are evaluated (lines 2 and 11 in
Algorithm using three conflicting objectives:

1. Quality: This objective favors networks where a subset of interactions ex-
hibits high confidence levels derived from a consistent weight distribution
across techniques. Interactions that do not show agreement between tech-
niques are penalized, encouraging more reliable networks.

2. Degree Distribution: This objective aims for networks with degree distri-
butions that follow a power-law, a typical characteristic of biological net-
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works. This criterion favors structures where most nodes have few connec-
tions, but a few act as highly connected hubs.

3. Motifs: This objective promotes networks that display structural patterns
characteristic of regulatory networks, such as bifurcations, feedback loops,
and regulatory pathways. The detection of these motifs reinforces the bio-
logical functionality of the generated networks.

The original selection process, based on binary tournament selection, has
been replaced in this proposal by a preference-based selection mechanism (lines
5 to 7 in Algorithm|[I0). Concretely, we have adopted the reference-point method [275]],
which constitutes a simple way to delimit an interest region of the objective
space by indicating a user-defined point. We have used the scheme existing in
jMetal [276]], based on the g-dominance concept [277].

The algorithm employs customized operators to ensure the feasibility of so-
lutions. The crossover operator is based on the Simplex Crossover [253]], which
generates new individuals within feasible regions by combining multiple parents
(line 8 in Algorithm[10)). On the other hand, the mutation operator, called Sim-
plex Mutation (see section |7.1.3)), applies negative perturbations to subsets of
the weight vector and redistributes those values to other subsets, maintaining
the normalization of the vector (line 9 in Algorithm [10).

Thanks to the architecture finally built, the inclusion of domain knowledge in
GRN consensus inference is no longer limited to the algorithm’s objectives, but
is now complemented by even more precise guidelines in the selection phase.

The specialization of the objectives in this algorithm within the context of
biological networks makes the search space more understandable for domain
experts, who can anticipate certain topological features or the presence of ex-
pected regulatory motifs. These predictions can be based on literature reviews of
the organism under study, analyses of networks from similar organisms, results
from experiments on simulated datasets, or knowledge of previously validated
interactions. All this information can now be utilized during the algorithm’s ex-
ecution, guiding the search towards solutions with greater biological relevance
instead of being limited to the final selection on the approximated Pareto front.

8.2 Experimentation
The experimentation in this study utilizes a set of 43 problem instances compris-

ing gene regulatory networks with sizes of up to 370 genes. This set includes
15 networks from the DREAM3 challenge [183], 10 networks from the DREAM4
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challenge [142], 12 synthetic networks generated from scratch by the SysGen-
SIM simulator [|179] with both scale-free and EIPO modular distributions [[195]]
ranging in size from 20 to 50 nodes, 2 instances of the yeast network from IRMA
[[173]], and 4 additional real networks collected by TFLink [174]], whose expres-
sion data were generated again using the SysGenSIM simulator. For more details
on these data, see section 4.1

For each of these 43 instances, the phase-organized workflow shown in Fig-
ure[8.2)was executed, maintaining the same parameter values that were properly
justified in the previous chapter (see section[7.2.1)). First, each gene expression
dataset was subjected to 15 independent runs of MO-GENECI (without preference
articulation mechanims) to subsequently extract an initial reference front (Fig-
ure [8.2a)). The resulting Pareto approximation front, already filtered to include
only non-dominated solutions, was evaluated using the AUROC and AUPR accu-
racy metrics, which compare the consensus networks of the individuals with the
corresponding gold standard of each instance (Figure [8.2b)).

The selection of the reference point by a domain expert was, in this case,
approximated by choosing points in the objective space close to high-accuracy
solutions. To make this approximation more rigorous, different points were con-
sidered for each metric. This approach allows for the observation of whether
setting reference points in regions of high AUPR leads to specific improvements
in that metric, while setting them in regions of high AUROC results in improve-
ments exclusively for the latter metric.

The objective is to demonstrate that the preference-based selection intro-
duced in this chapter influences the algorithm’s evolution, not only by guiding
individuals towards the reference point in the objective space (spatial improve-
ment), but also by indirectly enhancing the inference accuracy or, equivalently,
the biological relevance of the solutions associated with the selected region (ac-
curacy improvement).

To expand the experimental study, several configurations were considered for
each metric used as a reference. For both AUPR and AUROC, reference points
were established by calculating the maximum coordinates of the top 5, 10, and
20 best solutions from the filtered reference approximation front.

In total, six reference points were tested for each instance. Fifteen indepen-
dent runs with preference-based selection were performed for each reference
point (Figure [8.2d). Finally, the filtered front associated with each point was ex-
tracted and evaluated again using the AUROC and AUPR metrics (Figure [8.2d),
enabling a rigorous algorithmic comparison between the different configurations
and the original algorithm.
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(a) Phase 1: 15 independent runs of
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(d) Phase 4: Filtering of non-
dominated individuals from the pre-
vious phase and validation using ac-
curacy metrics (AUROC and AUPR) to
enable subsequent comparison of the
different populations.

Figure 8.2: Phases carried out during the experimentation of this study, illustrating the
workflow from multiple independent runs and filtering of non-dominated individuals,
through validation with AUROC and AUPR, to the generation and comparison of refined
populations.



CHAPTER 8. PBEVOGEN 191

The algorithmic comparison focuses primarily on MO-GENECI because this ap-
proach has already been shown to statistically significantly outperform a broad
set of well-established techniques in gene regulatory network inference (see sec-
tion[7.3.3)). Therefore, if PBEvoGen achieves better results than MO-GENECI, com-
paring it to these other 26 techniques becomes redundant, as its dominance
would be implicitly established.

This comparison is performed using a Friedman statistical ranking with Holm’s
non-parametric tests for each metric [255]]. Once the best configuration for
AUPR and the best for AUROC are identified, and both spatial and accuracy
improvements are demonstrated, an additional experimental phase (Phase 5) is
conducted to validate the performance improvement offered by this proposal.

This phase consists of five additional runs for each winning configuration
associated with each metric and for each of the largest networks in the bench-
mark (> 100 genes). A custom observer is employed, which takes the filtered
reference front (obtained by MO-GENECI, which does not uses preference-based
selection mechanism) as input, restricts it to the search region defined by the ref-
erence point, and calculates in each generation the percentage of solutions from
the original front that are dominated by the current population. This approach
allows identifying the point at which the execution of the proposed method could
be terminated, while maintaining the same optimization level as the original one,
providing an estimate of how much execution time could be reduced for large
networks.

8.3 Results and discussion

Following the execution of the experimentation described in the previous section,
the results obtained are presented from different perspectives and through sev-
eral representations to justify and demonstrate each of the three improvements
pursued in this chapter: solution quality improvement, spatial improvement, and
performance improvement.

8.3.1 Solution quality improvement

The completion of the fourth phase of experimentation across the entire bench-
mark (see Figure leads to the calculation of the Friedman statistical rank-
ing with Holm’s non-parametric tests for each metric, aiming to compare the
original version of the algorithm with the different configurations of the pro-
posed approach in this chapter.



192 8.3. RESULTS AND DISCUSSION

Table 8.1: Friedman mean rank with Holm’s adjusted p values (0.05) for AUPR.

AUPR
Technique Friedman'sRank | Holm'sAdj — p
PBEvoGen AUPR-10 2.0465 -
PBEvoGen AUPR-5 2.3023 0.3582
PBEvoGen AUPR-20 2.7442 0.0244
MO-GENECI 2.9070 0.0060

Table 8.2: Friedman mean rank with Holm’s adjusted p values (0.05) for AUROC.

AUROC
Technique Friedman'sRank | Holm'sAdj — p
PBEvoGen AUROC-10 2.2791 -
PBEvoGen AUROC-20 2.3372 1.0080
PBEvoGen AUROC-5 2.4651 1.0080
MO-GENECI 2.9186 0.0649

The results of this ranking for the AUPR and AUROC metrics are presented
in Table 8.1| and Table respectively. As observed, in both cases, the original
algorithm ranks last, below all configurations of the proposed approach. This
underperformance is accompanied by clear statistical significance for the AUPR
metric, while for AUROC, the p-value is close to the commonly used thresh-
old of 0.05. These results not only demonstrate a superiority in accuracy over
MO-GENECI but also over the 26 inference techniques that the original proposal
had already proven to outperform.

Answer to RQ1

The first experimental results confirm that the proposed methodology en-
hances result quality, aligning with the rationale behind the accurate posi-
tioning of reference points in the 3D objective space, specifically improving
the metric used for point selection.

Regarding the different configurations, it can be seen that the one considering
the top 10 individuals (from the perspective of the respective metric) achieves
the first position in both rankings. This outcome is consistent and reinforces
the hypothesis that an intermediate distance is appropriate when establishing
reference points. Specifically, a point that is too close ends up discarding other
high-quality solutions, whereas a point that is too distant excessively broadens
the significant search area, allowing non-relevant solutions.

Identifying the top 10 individuals as the winning configuration enables a
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Figure 8.3: Graphical representation for different gene regulatory networks of the three
most relevant populations in the study. Specifically, the population of non-dominated
solutions from the 15 independent runs of: (1) the original algorithm, colored based
on the average of the AUPR and AUROC metrics; (2) the algorithm with preference-
based selection guided by the point corresponding to the top 10 individuals with the
best AUPR (green diamond), colored based on AUPR values; and (3) the algorithm with
preference-based selection guided by the point corresponding to the top 10 individuals
with the best AUROC (orange diamond), colored based on AUROC values.

more focused analysis in the following sections to address the two remaining
improvements to be demonstrated.

8.3.2 Spatial improvement

Once the solution quality improvement has been demonstrated, it is necessary
to verify whether this increase in quality is due to the proper functioning of the
preference-based selection process. Figure[8.3|displays objective space generated
by individuals of the population of MO-GENECI and those of the two winning
configurations of PBEvoGen (one for each metric) for several GRN benckmarking
instances. Several observations can be drawn from the three-dimensional plots:

* The color gradient present in the original population across all cases demon-
strates that both, the biological context and the original algorithm are well-
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suited for implementing the preference-based selection explored in this
study. The fact that spatially close solutions exhibit similar quality met-
ric levels makes restricting the search to specific regions an interpretable
strategy for domain experts.

* The spatial positioning of the solutions guided by a reference point respects
the boundaries defined by its coordinates, confirming the correct function-
ing of the selection process.

* The individuals generated by the algorithm with preference-based selec-
tion outperform those of the original algorithm, achieving a higher level of
optimization when executed with the same number of evaluations.

Answers to RQ2

The graphical representations in this section clearly illustrate a correla-
tion between the quality of the networks and the individuals’ locations
in the search space. This correlation indicates that the search constraints
in specific areas are aligned with neighborhoods where individuals share
similar qualities related to inference accuracy, extending beyond just the
objectives. Additionally, due to the biological profile of the algorithm’s ob-
jectives, selecting reference points becomes a task that domain experts can
easily understand.

Additionally, for the Saccharomyces cerevisiae network from the TFLink database,
which is the largest network in the benchmark with 370 genes, two additional
violin plots have been included to represent the AUROC and AUPR values for
the individuals in each population. These plots further reinforce the findings
from the previous section: the solutions of the algorithm with preference-based
selection are influenced not only spatially by the reference point but also by its
meaning, biological relevance, and quality of solutions. This aspect is crucial for
making the injection of expert knowledge truly effective.

8.3.3 Performance improvement

In the previous section, it was observed that the solutions obtained by PBEvoGen
outperform those of MO-GENECI. However, identifying the point during execution
when this occurs in large networks would allow for estimating the potential
computational savings if the same level of optimization is to be maintained.

In the previous chapter, it is noted that execution for large networks can
extend to nearly three days (see Figure|7.13)). Therefore, if the region of interest
within the search space is known, it would be valuable to verify whether the
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Performance Comparison: Original vs Preference Selection
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Figure 8.4: Median of the 5 independent runs of the percentage of dominated solutions
from the original front (trimmed by the reference point) in each generation for large
networks (> 100 nodes) using the winning configurations (one for each metric).

proposed approach in this chapter could reduce execution time due to its ability
to lower the algorithm’s exploration effort.

Figure shows that in both cases, more than 50% of the networks domi-
nate nearly the entire original front by the midpoint of the evolutionary process.
This indicates that with only half the evaluations, a similar level of optimization
to that of the original algorithm is achieved, allowing for a highly significant re-
duction in execution time for these cases. This is a remarkable result when, as
mentioned above, implementation times are in the order of days.

Answers to RQ3

By adopting the preference-based approach, computational costs for large
networks can be reduced by up to half of the original computation times
while still achieving solution fronts with similar accuracy.
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Chapter 9

BIO-INSIGHT: Maximizing
biological coverage through
many-objective optimization

Despite the innovations proposed in MO-GENECI (see chapter [7)), the biological
complexity of GRNs requires greater attention and coverage beyond the degree
distribution of their nodes and the enumeration of a predefined set of motifs.
This expansion of knowledge must be carried out while maintaining the balance
of opposing objectives, ensuring proper alignment with inference accuracy, and
preserving computational feasibility for large-scale networks.

To overcome these challenges, this chapter introduces BIO-INSIGHT (Biolog-
ically Informed Optimizer - INtegrating Software to Infer GRNs by Holistic
Thinking), an innovative algorithmic approach that brings three main contribu-
tions to the current state of the art:

* Objective space with high biological coverage: Beyond the aspects al-
ready explored in the current literature, this proposal incorporates three
main novelties: (1) the study of the structural influence of genes within
the network, (2) network dynamism and stability under perturbations, and
(3) analysis of the gene regulatory system to reduce non-essential interac-
tions caused by weighting mechanisms that tend to excessively encourage
regulatory redundancies.

* Novel architecture adapted to high computational costs: A new asyn-
chronous and parallel evolutionary model is introduced, enabling simul-
taneous evaluations even across different generations. Additionally, objec-
tives derived from previous proposals in the literature have been refactored
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to eliminate unnecessary intermediate conversions and implement internal
caching systems to avoid redundant computations. This, along with other
refactorizations and technical strategies discussed in later sections, helps to
partially offset the computational complexity introduced by adding three
high-cost dimensions. As a result, the approach maintains computational
feasibility for network sizes comparable to those addressed in the closest
related literature, even though BIO-INSIGHT operates in an objective space
twice as large.

* Biological validation and clinical relevance of the model: In contrast
to approaches focused solely on predictive performance or algorithmic de-
sign, BIO-INSIGHT has been evaluated on real-world gene expression data
from fibromyalgia and myalgic encephalomyelitis patients, demonstrating
its ability to identify biologically meaningful and reproducible gene inter-
actions. The inferred networks enabled the distinction between clinically
overlapping conditions, revealed regulatory alterations consistently absent
in disease groups, and uncovered condition-specific interactions with po-
tential biomarker value. Several of these findings are supported by ex-
isting literature or experimental validation, reinforcing the usefulness of
BIO-INSIGHT as a tool for uncovering disease mechanisms in complex con-
ditions with no validated biomarkers.

In addition to these main contributions, this chapter addresses a series of
research questions (RQs) that support and justify the scientific contribution of
this proposal:

RQ1: Is there sufficient disparity in the networks inferred by different high-
precision techniques to justify the motivation for developing new consensus
methods?

RQ2: Does the consideration of multiple biological aspects still maintain the op-
position of objectives at the evolutionary core of the proposal?

RQ3: Is there a correlation between the individual accuracy of inference tech-
niques and their contribution to the optimal consensus in BIO-INSIGHT?

RQ4: Do the networks inferred by BIO-INSIGHT exhibit a biologically coherent
structure in relation to known GRNs?

RQ5: Isthe optimization of BIO-INSIGHT’s high-biological-coverage objective space
properly aligned with improving the quality of GRN inference?

RQ6: Is BIO-INSIGHT’s optimization process redundant concerning the knowl-
edge already acquired by networks during their inference through individ-
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ual techniques?

9.1 Algorithmic Proposal

BIO-INSIGHT (Biologically Informed Optimizer — INtegrating Software to Infer
GRNs by Holistic Thinking) introduces a novel and intelligent consensus system
for GRN inference, guided by the biological context of the data. This biologi-
cally informed strategy enhances both the interpretability and reliability of the
inferred gene regulatory networks, making it a major advancement over tradi-
tional approaches.

In addition to this core innovation, BIO-INSIGHT offers a comprehensive suite
of complementary tools: interactive visualization modules, centralized access to
datasets from well-known challenges, academic benchmark generation through
multiple simulators, domain-specific validation metrics, and support for up to 26
well-established inference techniques.

To gain a more detailed understanding of the functionality and characteris-
tics of this system, Figure presents a diagram illustrating the main workflow
of BIO-INSIGHT. This diagram corresponds to the primary command of the tool
(run) and takes as input the expression dataset from which the GRN is to be
inferred. The set of available techniques for the initial inference phase includes:
ARACNE [96], BC3NET [126], C3NET [127]], CLR [94], GENIE3 RF [9], GRN-
BOOST2 [129], GENIE3 ET [9], MRNET [138]], MRNETB [139], PCIT [143],
TIGRESS [97], KBOOST [132], MEOMI [135]], JUMP3 [50], NARROMI [140],
CMI2NI [95]], RSNET [146]], PCACMI [11]], LOCPCACMI [134], PLSNET [145],
PIDC [144], PUC []144]], GRNVBEM [131]], LEAP [|133]], NONLINEARODES [98]
and INFERELATOR [10]. All of these techniques were described in section(3.1.1

Gene regulatory networks are, by nature, directed graphs, as they represent
causal relationships between regulators and target genes. However, since some
of the techniques integrated into BIO-INSIGHT produce undirected graphs while
others infer directionality, this property has been deliberately omitted in the con-
sensus process. This decision enables the unification of the output representa-
tions across different methods, avoiding structural incompatibilities and ensur-
ing that no technique is excluded based on the type of graph it generates. At
the same time, it facilitates the future incorporation of new tools, regardless of
whether they infer directed or undirected networks.

Designing an architecture adapted to large-scale networks requires optimiz-
ing the utilization of available resources to minimize execution time. To achieve
this, in the initial phase, inference techniques are executed in parallel within
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Figure 9.1: Standard workflow of BIO-INSIGHT. Starting from gene expression data,
the 26 available inference techniques are executed in parallel, with computational load
distributed based on their expected cost (left). Each technique infers a different gene
regulatory network, producing a set of individual solutions (center-left). These networks
are integrated through an asynchronous and parallel many-objective evolutionary algo-
rithm, which optimizes a weighted voting system using six biologically driven objectives:
interaction quality (O1), presence of biological motifs (02), eigenvector centrality dis-
tribution (03), reduction of non-essential interactions (04), node degree distribution
(05), and dynamic stability (06). Each individual in the population represents a set
of weights for the inference techniques and is evaluated according to how well its re-
sulting consensus network satisfies the biological objectives (center). The evolutionary
process generates a Pareto front of optimal trade-offs, where each solution corresponds
to a consensus network that balances different biological properties. These final net-
works (right) are supported both by the inference techniques and by known structural
characteristics of real-world gene regulatory systems.

multiple Docker containers, each dynamically assigned a specific amount of
resources based on prior computational costs and adapted to the available re-
sources in the environment.

The results from these individual techniques are then provided as input to
the algorithmic core of BIO-INSIGHT (see Algorithm [11)). This asynchronous
and parallel many-objective evolutionary algorithm optimizes a weighted voting
system among different machine-learning techniques based on a broad set of
biologically driven objectives. This algorithm, built upon MO-GENECI (chapter (7))
and consequently, NSGA-II [79], has been implemented in Java using the JMetal
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Algorithm 11 Evolutionary optimization of the consensus in BIO-INSIGHT

Require: Confidence matrices from inference techniques M
Ensure: Pareto front of consensus networks F'
1: P <« InitializePopulation()
2: while not TerminationCriterionMet() do
3: O «+ GenerateOffspring(P)
4 forall / € O do
5: G <+ BuildConsensusNetwork(/,M)
6 Parallel execution:
O1: Quality(/,G&) (refactored from chapter 5]
02: Motif(/,&) (refactored from chapter|7)
03: EVDist(/,&) (Algorithm [12])
04: ReduceNEInt(/,&) (Algorithm [13])
05: DegreeDist(/,G) (retrieved from chapter |7)
06: Dynamicity(/,G) (Algorithm [14)
7: end for
8: P + SelectNextGeneration(P U O)
9: end while
10: return I < ExtractParetoFront(P)

framework [276].

Each individual is created as a weight vector (Line 1 in Algorithm [11]) whose
total sum equals one (simplex). Each vector assigns a decimal value between
0 and 1 to each inference technique to be integrated into the consensus. In
every generation (Line 2 in Algorithm [11)), individuals undergo crossover and
mutation phases, using simplex-compatible operators described in section (7.1}
ensuring that offspring remain within the solution space (Line 3 in Algorithm
[1I). By optimizing the objective functions detailed in the following sections,
the algorithm aims to determine the optimal vote distribution to construct the
gene regulatory network (Line 5 in Algorithm[11)) that best satisfies all objectives
(Line 6 in Algorithm [11)).

Among the main contributions of this algorithm compared to existing state-
of-the-art implementations, the following stand out:

* Refactorization of objectives retrieved from the literature (quality, degree
distribution, and motifs), along with the implementation of three new
fitness functions (eigenvector distribution, dynamicity, and reduce non-
essential interactions).

* Design of an asynchronous and parallel implementation that, through the
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simultaneous evaluation of individuals, even from different generations,
maintains computational feasibility for large-scale networks.

* Incorporation of an external evaluation file that allows reconsidering the
inclusion of prematurely discarded individuals, a practice that has already
proven successful in many-objective problems [278].

* Implementation of a concurrent caching system capable of handling simul-
taneous reads and writes from multiple threads to reduce the number of
redundant evaluations. This approach has been particularly useful for ob-
jectives where the consensus network must be binarized before computing
the fitness value, as different individuals may represent the same binary
network.

The output of the algorithm consists of an approximated Pareto front, where
each solution represents a potential gene regulatory network inferred through
the consensus of all initial techniques (Line 8 in Algorithm [11). This front is
supplemented with various graphical representations of the evolutionary pro-
cess that took place during execution, a parallel coordinates diagram depicting
each solution in the front, as well as 2D and 3D plots resulting from grouping
different objectives. These, along with the different network visualization tools
implemented in the software package, allow domain experts to select the most
appropriate solution based on their criteria.

The following subsections provide a detailed description of each objective
function considered in BIO-INSIGHT. They include the sources from which their
implementations or refactorings were obtained, and for newly created objectives,
a comprehensive explanation of their design and implementation is provided.

9.1.1 Objective 1: Quality

This objective was retrieved from the first aggregative term of the proposal in
chapter 5, which was later reformulated in chapter [7, simplifying its implemen-
tation. This latter implementation was retained in BIO-INSIGHT, as it demon-
strated superior performance compared to the original version.

Although it is thoroughly described in section it should be mentioned
that the purpose of this function is to promote the emergence of networks whose
interactions have high confidence levels, provided they are derived from individ-
uals with consistent weight distributions, that is, individuals that assign greater
importance to inference techniques whose values are more aligned with those of
others.
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To achieve this, the Quality function evaluates each interaction’s quality based
on consensus confidence and distance. The consensus is obtained through a
weighted sum of the confidence values assigned by different techniques. The
distance measures coherence among these techniques, penalizing significant dis-
crepancies from the median while rewarding alignment with it. Only interactions
with a quality score above the mean are used in the final calculation, which
is defined as one minus the mean of these quality scores. Thus, this function
minimizes this value, favouring networks with more coherent and high-quality
interactions.

9.1.2 Objective 2: Motifs

The Motifs function, based on the one described in chapter [7| under the same
name, aims to favour consensus networks with a high density of recurrent struc-
tural patterns that have been previously identified as characteristic of biological
networks: regulatory pathways, differentiation, bifurcation, and coupling. These
motifs represent specific interaction configurations between genes and are fun-
damental for understanding the organization and dynamics of biological systems
[46]. The number of detected motifs in the consensus network determines the
final score of the function, encouraging networks with biologically relevant struc-
tures.

In chapter |7, the individual’s weight vector is first converted into a consen-
sus network, which is then binarized to transform it into a directed graph using
the JGrapht library [261]. The refactoring performed in BIO-INSIGHT optimizes
this process by eliminating the intermediate step, allowing the direct conversion
of confidence levels into a JGrapht graph without generating the adjacency ma-
trix beforehand in each evaluation. This improvement has significantly reduced
RAM consumption, particularly for large-scale networks. Moreover, it has been
verified that this refactoring does not alter the results, ensuring that the function
keeps producing the same values as in its original implementation.

Additionally, it is worth noting that implementing the concurrent caching
system developed in this proposal has been particularly beneficial for this objec-
tive function. Although individuals in the population encode different weighted
networks, the previously discussed binarization step can cause several of them to
converge on the same binary representation, resulting in redundant assessments.
Thanks to the cache system, the corresponding evaluations are now efficiently
optimized, hence saving processing time and improving the algorithm’s overall
performance.
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Algorithm 12 Third objective: Eigenvector Distribution.

Require: Consensus list with confidence values ¢
Ensure: Value of the fitness function result
: key = getHashCode(c)
if cache.containsKey(key) then
result = cache.get(key)
else
graph = getWeightedGraph(c)
eigenvectorScores = eigenvectorCentrality(graph)
result = goodnessFitParetoTest(eigenvectorScores)
cache.put(key, result)
end if
return result
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9.1.3 Objective 3: Eigen Vector Distribution

This fitness function evaluates the distribution of gene influence within the con-
sensus networks by computing eigenvector centrality [279]. This metric mea-
sures the importance of a node in a network, assigning higher values to nodes
connected to other highly influential nodes.

It is well known that the topology of biological networks often follows a
power-law distribution [44], where a few nodes (genes) act as highly connected
hubs, while the majority exhibit only a few connections. This pattern has also
been observed for more complex centrality metrics, such as eigenvector central-
ity [1]], where influence tends to be concentrated in a few key nodes, reflecting
the typical hierarchical and modular structure of biological networks.

Unlike node degree, which is simply based on the number of interconnections
a node has, eigenvector centrality focuses on the significance of these interac-
tions, prioritizing quality over quantity. As a result, Objective 5 and this objec-
tive, although both optimizing network topology, focus on different yet comple-
mentary aspects. While the former may favour overall structural connectivity, the
latter emphasizes the functional importance of nodes within the network. This
distinction has been shown to create some trade-offs during optimization: nodes
with low degrees can exhibit high relevance due to their connection with key
genes, while conversely, nodes with many connections may have limited global
influence due to the low relevance of their interactions.

The implementation of this fitness function is outlined in Algorithm [12| and
analyzes the consensus network computed from the individual. First, a hash key
is generated to check whether the evaluation has already been performed and
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stored in the cache (line 1 of Algorithm [12)). If the network has been previously
evaluated, the result is retrieved from the cache (line 3 of Algorithm [12)).

Otherwise, a weighted graph is constructed from the consensus network (line
5 of Algorithm [12)), and eigenvector centrality is computed for each node using
the JGrapht implementation (line 6 of Algorithm[12)). Subsequently, these values
undergo a goodness-of-fit test for a Pareto distribution (line 7 of Algorithm
implemented according to [259]]). Finally, the result is stored in the cache and
returned as the final value of the fitness function (lines 8 and 9 of Algorithm|[12).

9.1.4 Objective 4: Reduce Non-Essentials Interactions

This fitness function evaluates the structure of the consensus networks by ana-
lyzing the edge betweenness centrality [280], with the goal of identifying and fa-
voring networks in which non-essential interactions have been discarded. Edge
betweenness centrality measures the importance of each edge in the network
based on the number of shortest paths that pass through it. Edges with high cen-
trality act as critical bridges connecting different parts of the network, whereas
edges with low centrality often represent redundant or less relevant interactions.

The purpose of this function is to penalize dense gene networks containing
numerous superfluous or redundant interactions (with low centrality), favouring
those in which only the most essential connections (with high centrality) are
retained to maintain network cohesion and functionality. Networks with fewer
redundant interactions are not only easier to analyze but also tend to better
reflect the true underlying regulatory architecture [127].

This fitness function is the most computationally expensive in BIO-INSIGHT.
For this reason, two measures have been implemented:

1. Adaptive approach in evaluation management through caching. In the
early exploratory stages of the evolutionary algorithm, the cache uses lists
of confidence values from the consensus network rounded to fewer decimal
places as keys. This increased rounding enhances the likelihood of reusing
previous evaluations, thereby avoiding the computational cost of evaluat-
ing highly similar networks, an aspect that is not critical in this exploratory
phase. As the algorithm progresses towards the exploitation and refine-
ment stages, the precision of these values is gradually increased (using
more decimal places), allowing for finer distinctions between similar solu-
tions, where small differences may be crucial in identifying higher-quality
configurations.

2. More efficient implementation of the edge betweenness centrality met-
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Algorithm 13 Fourth objective: Reduce Non-Essential Interactions.

Require: Consensus list with confidence values ¢, Number of decimal places in
the rounding (dependent on the evolutionary stage in which the evaluation
is taking place) decimals

Ensure: Value of the fitness function result

1: key = getRoundedHashCode(c, decimals)
2: if cache.containsKey(key) then

3: result = cache.get(key)

4: else

graph = getWeightedGraph(c, decimals)

edge Betweenness = edgeBetweenness(graph)

sort(edge Betweenness)

mean = calculateWeightedMean (edge Betweenness)

result = 1/mean

10: cache.put(key, result)

11: end if

12: return result
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ric calculation. Taking JGrapht’s original implementation of this score as
a reference, a less computationally expensive alternative [ has been imple-
mented using Dijkstra’s algorithm. The results of this implementation have
been verified to be identical to those obtained using the library’s original
version.

The implementation of this fitness function is detailed in Algorithm The
process begins by generating a rounded hash key based on the consensus net-
work (line 1 of Algorithm to check whether the result is already stored in
the cache. If it is, the result is retrieved directly (line 3 of Algorithm [13).

Otherwise, a weighted graph is constructed from the consensus network (line
5 of Algorithm [13)), and edge betweenness centrality is computed using Dijk-
stra’s algorithm (line 6 of Algorithm [13)). The centrality values are then sorted
in ascending order (line 7 of Algorithm [13]), ensuring that the least relevant
interactions appear first.

Next, a weighted average of the centralities is computed (line 8 of Algorithm
13)), assigning greater weight to edges with low betweenness (those at the be-
ginning of the list). The final value of this minimization-oriented function is

!Optimised implementation of Edge Betweenness Centrality metric https://github.
com/AdrianSeguraOrtiz/BI0-INSIGHT/blob/main/EAGRN-JMetal/src/main/java/eagrn/
fitnessfunction/impl/topology/EdgeBetweennessCalculatorDijkstra. java


https://github.com/AdrianSeguraOrtiz/BIO-INSIGHT/blob/main/EAGRN-JMetal/src/main/java/eagrn/fitnessfunction/impl/topology/EdgeBetweennessCalculatorDijkstra.java
https://github.com/AdrianSeguraOrtiz/BIO-INSIGHT/blob/main/EAGRN-JMetal/src/main/java/eagrn/fitnessfunction/impl/topology/EdgeBetweennessCalculatorDijkstra.java
https://github.com/AdrianSeguraOrtiz/BIO-INSIGHT/blob/main/EAGRN-JMetal/src/main/java/eagrn/fitnessfunction/impl/topology/EdgeBetweennessCalculatorDijkstra.java
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obtained as the inverse of this weighted average (line 9 of Algorithm [13)), favor-
ing networks in which even the least relevant interactions have high centrality
values. Finally, the result is stored in the cache and returned (lines 10 and 11 of

Algorithm [13).

9.1.5 Objective 5: Degree Distribution

The Degree distribution function is retrieved from chapter[7/and aims to promote
the creation of consensus networks that follow a scale-free degree distribution, a
typical pattern in biological networks. In these networks, most nodes have only
a few connections, while a few hubs concentrate most interactions [44]].

To achieve this, the function calculates the degree of each node by summing
the decimal confidence levels of the interactions in which the gene acts as either
a source or a target. Then, the goodness-of-fit test described in [259] is applied
to assess how well the degree distribution of the consensus network aligns with
a Pareto distribution, which is characteristic of scale-free networks. The result of
this test, which reflects the probability that the network follows this distribution,
is the value returned by the function.

9.1.6 Objective 6: Dynamicity

This fitness function evaluates the dynamic stability of the consensus networks.
To achieve this, it models the temporal evolution of gene activity using a system
of nonlinear ordinary differential equations (ODEs) based on the model pre-
sented in [|281], applying certain simplifications to formulate it directly from the
adjacency matrix of the inferred network.

Given a set of NV genes in the network, each node i is represented by a variable
y;(t), which denotes its expression level over time. The temporal evolution of
each node is governed by the differential Equation (9.1)):

dy;
CZ =f (Zj: Ajiyj) — Ui (9.1)

Where A;; is the weight of the connection between nodes j and : in the
inferred adjacency matrix, f(z) is a nonlinear activation function that models
gene regulation, and the term —y; represents the natural degradation of gene
expression, preventing the system from growing without constraints.
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The activation function used in this model is the Hill function [282] shown in
Equation (9.2)), due to its widespread and traditional use in modeling transcrip-
tional regulation interactions in GRNs [283)], 284]]:

Z.TL

Tkt

f(x) (9.2)

Where n controls the degree of nonlinearity in the system by modulating the
cooperative response of the network, and & adjusts the threshold at which the in-
put signal significantly affects activation. This formulation introduces saturation
in the response of each node, reflecting that gene regulation does not respond
linearly to stimuli, but instead exhibits threshold behaviours and cooperation
among regulators.

In this model, after several experimental tests, the values n = 2 and k£ =
0.5 have been set to capture a biologically plausible dynamic from a general
perspective. On the one hand, a value of n = 2 balances a gradual response
and cooperative behaviour, ensuring that activation does not occur linearly or
abruptly. On the other hand, the value £ = 0.5 allows the system’s response to be
triggered by moderate signals without requiring extreme stimuli or overreacting
to small fluctuations.

The dynamic stability of a biological network is a key indicator of its func-
tional robustness. Stable networks tend to maintain their structure and func-
tionality in response to internal or external perturbations. This fitness function
is designed to favour individuals whose consensus networks exhibit well-defined
temporal evolution and quickly converge to a state, avoiding chaotic systems or
those highly sensitive to perturbations.

In this case, it was decided not to use the caching system because the com-
putational cost of this objective function is not as high as that of other functions
that require complex calculations on networks using JGrapht. Performance anal-
ysis showed that storing all evaluations in a cache would result in higher memory
and resource consumption than simply executing the function whenever needed.

The implementation of this fitness function is described in Algorithm
First, the consensus network is transformed into a weighted adjacency matrix
(line 1 of Algorithm[14)). This matrix is then used to construct a system of nonlin-
ear ordinary differential equations (ODEs) that simulates the system’s dynamics
(line 2 of Algorithm [14)).

The Dormand-Prince 5(4) integrator [285] is employed to solve the ODE
system with high precision (line 3 of Algorithm [14). Homogeneous initial condi-
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Algorithm 14 Sixth objective: Dynamicity

Require: Consensus list with confidence values ¢
Ensure: Value of the fitness function result

1: adjacencyM atriz = getFloatMatrix(c)
model = createODEModel(adjacencyMatriz)
integrator = DormandPrince54Integrator()
initState = [1.0, 1.0, ..., 1.0]
finalState = integrate(integrator, model, initState)
result = average(finalState)
return result

N RN

tions are set, where all nodes start with a value of 1.0 (line 4 of Algorithm [14)),
and the system’s evolution is simulated (line 5 of Algorithm [14).

Finally, the stability score is computed as the average of the final values of the
nodes (line 6 of Algorithm[14)). This score reflects the system’s ability to maintain
stable behaviour under the influence of the nonlinear interactions defined by the
adjacency matrix. A value close to the initial state indicates stability, whereas
significant deviations suggest instability or complex dynamic behaviours. The
final value is returned as the fitness function’s result (line 7 of Algorithm [14]).

As seen in Algorithm the implementation of this last objective is simple
and designed to be as generic as possible, making it applicable to any network,
regardless of its size and structure. This initial approach enables the exploration
of the stability of consensus networks, with promising results that encourage
future refinements in this aspect.

9.2 Experimentation

The first phase of the experimental design in this study aims to demonstrate that
incorporating all the biological objectives described in the previous section not
only improves the quality of the consensus networks compared to the state of the
art, but also maintains computational feasibility, even for large-scale networks,
thanks to the proposed architecture.

To achieve this, the first experiment is designed for a fair and rigorous com-
parison with the most recent and directly related algorithm, MO-GENECI (chapter
[7), which has been shown to outperform a total of 26 widely used individual
inference techniques. Since all the objective functions from MO-GENECI have
been incorporated into this proposal, replicating its experimental conditions as
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closely as possible allows verification that the observed accuracy improvements
are solely due to the integration of new biological knowledge introduced through
the additional objectives.

For this reason, the same dataset used in its experimentation is employed
in this phase, as it is also considered the most extensive and diverse academic
benchmark constructed to date for the field of GRN inference. This benchmark
consists of a total of 106 networks, with sizes of up to 2,000 genes, sourced
from up to ten different origins, including well-recognized challenges in the field
(DREAMS [183]] and DREAM4 [142]), simulators (SysGenSIM [179]], SynTReN
[[180], Rogers [[181], and GeneNetWeaver [182]), in vivo networks such as IRMA
[173], and a broad set of databases compiling verified GRNs through various pro-
cedures (TFLink [174], RegulonDB [175], RegNetwork [176], BioGRID [1771,
and GRNdb [[178]). The specifications of this diverse dataset are detailed in
section [4.1]

The inference techniques to be integrated into the consensus are the same
as those considered in MO-GENECI, specifically the 26 available techniques listed
in the previous section. This ensures that the observed accuracy improvements
are exclusively attributable to the algorithmic design and objective formulation
of BIO-INSIGHT, rather than to the quality of the initial networks provided by
the inference techniques. Similarly to what is stated in chapter |7, some of these
techniques are restricted to certain ranges of network size due to their high com-
putational cost. This ensures that both proposals start from exactly the same
baseline, ruling out the possibility that BIO-INSIGHT’s improvements could be
attributed to the initial quality of the inferred networks. Since both approaches
share the same individual representation, the same crossover and mutation op-
erators have been adopted, maintaining identical parameter settings and fixing
the same values for population size (300) and number of evaluations (250,000).
This guarantees that differences in accuracy between the two proposals are not
due to the over-evolution of either one.

In addition to BIO-INSIGHT and MO-GENECI, other consensus strategies are in-
corporated into the comparison. These strategies should be capable of integrat-
ing any set of techniques and performing consensus in an unsupervised manner.
That is, to ensure a fair comparison, the same inference techniques should be
combined using a procedure that does not rely on labelled data. Otherwise, if
accuracy is evaluated against the gold standard, such strategies would have a
significant advantage by having prior, partial, or full access to that reference.
Moreover, they are not conceptually comparable to this proposal, as supervised
strategies are restricted to academic settings and cannot infer real-world, unex-
plored gene networks.
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This excludes most of the proposals mentioned in the state of the art, either
due to their supervised nature [150, 149, 148] or their lack of flexibility in ac-
commodating any initial individual inference method [147, 286]]. A promising
alternative would be EnsInfer [16]; however, despite its description not mention-
ing any supervised process, its algorithm requires confirmation of the existence
of each interaction?| as well as partitioning data into training, validation, and test
sets.

Finally, due to the scarcity of feasible consensus proposals for algorithmic
comparison, several simple strategies have been implemented as reference base-
lines: mean, median, weighted mean, and Bayesian fusion. The latter is inspired
by the EnsInfer implementation, serving as an approximate substitute given the
impossibility of its direct use.

Thus, the final comparison will be conducted between BI0O-INSIGHT, MO-GENECI,
and the remaining simple consensus strategies. This comparison also indirectly
evaluates the set of 26 individual inference techniques, as MO-GENECI has already
demonstrated superiority over all of them. The evaluation is performed by vali-
dating each resulting consensus network against the gold standards using AUPR
and AUROC metrics. In the case of evolutionary algorithms that produce an ap-
proximated Pareto front, the median-quality solution and the best solution from
the front will be considered representative samples.

To statistically validate the superiority of BIO-INSIGHT, a Friedman ranking
test was applied over the benchmark of 106 gene networks, followed by Holm’s
non-parametric post-hoc procedure to adjust p-values and determine the sig-
nificance of differences between methods. This methodology ensures a robust
comparative analysis without assuming data normality, and it highlights which
proposals achieve statistically better performance across the entire benchmark.

The second phase of the experimental design focuses on assessing the indi-
vidual contribution of each objective function integrated into BIO-INSIGHT, in
order to evaluate the innovation brought by the proposal and to test whether
the simultaneous optimization of biologically driven yet potentially conflicting
objectives leads to superior inference performance.

To this end, an ablation study was conducted by executing BIO-INSIGHT on
all networks in the benchmark with fewer than 1000 genes (to ensure computa-
tional feasibility) under ten different configurations:

* The complete BIO-INSIGHT proposal, optimizing all objectives jointly in a

2Link to EnsInfer repository: https://github.com/IcyFermion/network_inference_
ensemble/tree/main
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many-objective framework.

* Nine mono-objective variants, each optimizing independently one of the
biological aspects considered in the objective space.

It is worth noting that the Motifs objective actually integrates four distinct
regulatory patterns (regulatory pathways, differentiation, bifurcation, and cou-
pling) which are typically combined in a single score. However, for this ablation
study, each motif type was optimized individually, in order to isolate their spe-
cific contributions. As a result, the number of mono-objective variants increases
from six (one per original objective) to nine.

Each configuration was executed on the same subset of networks using iden-
tical inference inputs, parameters, and evolutionary operators, ensuring that the
only variable factor was the objective function. The resulting consensus networks
were evaluated using AUROC and AUPR against the gold standards. These met-
rics were then subjected to Friedman statistical ranking and Holm’s post-hoc
non-parametric tests to assess whether the full multi-objective optimization sig-
nificantly outperforms any of the individual objective configurations.

Finally, the third experimental phase aims to demonstrate the real-world clin-
ical applicability of this proposal once its accuracy in the academic domain has
been validated in the previous phase. To achieve this, real-world gene expres-
sion data from patients with various pathologies, including fibromyalgia, myalgic
encephalomyelitis, and the co-diagnosis of both diseases, have been used. The
first step consists of dividing this dataset into four distinct groups: one for each
pathology and a control group. Then, BIO-INSIGHT is executed on each sub-
set, extracting an approximated Pareto front for each pathology. To reduce each
front to a single representative consensus network, all the networks in the front
were merged, storing for each interaction its frequency within the front and its
average confidence score.

After obtaining the consensus network for each pathology, the designed anal-
ysis compares the presence or absence of interactions between different groups.
In other words, it aims to observe, for example, whether there are interactions
that are inferred in a specific clinical pathology, but not in the control group.

9.3 Results and Discussion

The initial execution of individual inference techniques provides the input for
the evolutionary algorithm in this proposal. Therefore, for each problem, the
gene regulatory network inferred by each technique is obtained.
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Figure 9.2: Comparison of the networks inferred by the two most accurate techniques
for a given problem. Each technique is represented by a different color, arrows indicate
the direction of regulation, and their thickness reflects the confidence level of the inter-
action.

9.3.1 Performance Analysis

Although the consensus of inference networks through BIO-INSIGHT does not
require the prior computation of each technique’s accuracy, this information is
highly useful for making observations and future comparisons.

A noteworthy initial observation is the surprising disparity among the in-
ferred networks, even when they exhibit similar accuracy. Across the results ob-
tained from the 26 individual techniques, markedly different interactions can be
identified, highlighting an apparent inconsistency among them. To illustrate this
discrepancy, Figure presents the overlap of the two most accurate techniques
in two specific problems.

First, Figure |9.2al compares the network inferred by NONLINEARODES with
the one obtained by GENIE3 ET in a simulated 20-node network. The difference
between them is evident: while GENIE3 ET favours a more dispersed topology,
NONLINEARODES models gene regulation through a central hub, which is en-
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tirely ignored by the first technique.

Second, Figure presents the comparison between GRNVBEM and GE-
NIE3_RF in a 50-node network from the DREAM3 challenge. Although both net-
works appear to share a similar topological structure, the proposed interactions
occur between different genes.

Answer to RQ1

Yes, the results show a significant disparity among the networks inferred
by different high-accuracy techniques. The differences in topology and in-
ferred interactions suggest a lack of coherence that could impact biological
interpretation. This justifies the need to develop consensus methods inte-
grating information from multiple approaches to obtain more robust and
reliable representations.

After executing BIO-INSIGHT to consolidate the networks inferred by indi-
vidual techniques, an approximated Pareto front is obtained for each problem.
In scenarios with a high number of objectives, such as the one in this study,
ensuring an adequate trade-off between them is crucial. The presence of over-
lapping objectives can hinder the effective exploration of the solution space, bias
the dominance of specific objectives, and compromise the diversity of the Pareto
front.

By visualizing various fronts obtained by BIO-INSIGHT through interactive
parallel coordinate plots, a correct partial or even total conflict between the ob-
jectives of this proposal has been observed. However, statically representing this
phenomenon in a single figure is challenging. Therefore, a specific sample has
been selected, and a visualization has been designed to illustrate the opposition
among all objectives in a single image.

Figure presents a chord diagram for the approximated Pareto front ob-
tained for one of the networks from the DREAM4 challenge. In this figure, the
subset of individuals with the worst fitness values is selected for each objective.
This allows for observing how sacrificing a specific objective enables individuals
to achieve better fitness scores in the remaining objectives. For example, consid-
ering the worst-performing individuals in the Dynamicity objective, highlighted
in dark purple, it is evident that they occupy highly optimized positions in other
objectives, such as Reduce Non-Essential Interactions or Eigen Vector (metric)
Distribution.
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Degree Distribution

Dynamicity

Figure 9.3: Chord diagram for the solution front obtained by BIO-INSIGHT after opti-
mizing the consensus of the techniques applied to the first network from the DREAM4
challenge, with a size of 10 nodes. In this diagram, each objective is represented as a
circular trapezoid. Inside the trapezoid, a histogram illustrates the solutions’ distribu-
tion across the corresponding objective’s normalized values. Dashed lines indicate the
maximum and minimum values within the histogram. Small boxes at the base of the cir-
cular trapezoid represent subsets of individuals grouped based on their proximity in the
objective score. These boxes are initially interactive and allow the selection of individu-
als to be displayed in the core of the diagram. Since this document is static, a snapshot
has been taken, selecting the worst-performing individuals for each fitness function to
highlight the opposition between the objectives of the algorithm appropriately.

Answer to RQ2

Yes, the consideration of multiple biological aspects does not compromise
the trade-off between objectives at the evolutionary core of the proposal.
The exploration of the obtained fronts confirms the presence of a partial
or total conflict among the objectives, ensuring a balanced and diverse
optimization.

Although it has already been demonstrated that, due to specialization do-
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Figure 9.4: Polar plot locating each solution from the front obtained by BIO-INSIGHT for
the second yeast network from the DREAM3 challenge, with a size of 10 nodes. In these
plots, individuals are represented by points positioned according to the weights assigned
to different techniques and are coloured based on their accuracy level. Additionally,
larger markers represent simulated solutions (not part of the front), corresponding to
assigning all the weight to a single technique. To the right of the radar, a sidebar displays
the colour gradient associated with the accuracy metric in question. In this bar, black
markers indicate the accuracy values of each technique, while white markers highlight
the accuracy of BIO-INSIGHT’s best solution as well as the median of the front.

mains, no inference technique is generally more accurate than others [[16], re-
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searchers might still be tempted to perform consensus using only techniques that
have yielded good accuracy in other datasets. Therefore, it is interesting to an-
alyze the weights assigned by the highest-accuracy individuals in the front to
the different techniques and examine whether there is any correlation between
these weights and the individual accuracy of the techniques.

It is natural to assume that BIO-INSIGHT would assign higher weights to the
techniques with greater individual accuracy. However, this is not necessarily the
case.

Figure presents a polar plot with the individuals from the front of one
of the networks from the DREAMS3 challenge, positioned based on the weights
assigned to the different techniques and coloured according to their accuracy
level. As observed, the highest-quality individuals (more yellow) are not nec-
essarily concentrated near the techniques with the highest individual accuracy
for the two accuracy metrics. This suggests that the algorithm adopts a holistic
perspective, where consensus quality is not merely the sum of the individual ac-
curacies of each technique. Thus, a balanced selection of less accurate techniques
can generate high-quality networks, whereas consensus among highly accurate
techniques does not necessarily guarantee higher accuracy.

Answer to RQ3

No, the results indicate that the optimization of consensus in BIO-INSIGHT
does not align with an individualistic approach in which the accuracy of
the techniques correlates with their level of participation in the consensus.
Instead, the algorithm appears to adopt a more holistic perspective, where
the combination of lower-accuracy techniques can lead to higher-quality
consensus networks due to their complementarity.

. 7

After analyzing the fitness values of the individuals and the weights they as-
sign to the different techniques, it is essential to examine the characteristics of
the consensus networks constructed from the individuals in the Pareto approx-
imation front. Although the algorithmic comparison discussed later quantifies
the accuracy of these networks against the gold standards, it is also important to
verify that, in addition to being accurate, the consensus networks exhibit biolog-
ically coherent properties that ensure clear biological interpretability.

Figure presents the most accurate consensus gene regulatory network
obtained by BIO-INSIGHT for one of the networks from the BioGRID repository.
This network displays several characteristics that align with expectations in this
domain: a scale-free topology with high connectivity in the core, a modular
structure that enables the distinction of multiple functional communities, and a
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Figure 9.5: Representation of the best solution obtained by BIO-INSIGHT for the Emeri-
cella nidulans FGSC A4 network extracted from the BioGRID repository. Genes are
coloured based on their neighbourhood, arrows indicate the direction of regulation, and
their thickness represents the confidence level of the interaction.

strong presence of regulatory motifs, such as a regulatory pathway (in orange),
a clear feedforward loop (in light blue), and a biparallel motif (in grey).

The presence of these characteristics in high-accuracy consensus networks
inferred by BIO-INSIGHT validates the hypothesis of this study: an intelligent
consensus of individual techniques, guided by a biologically comprehensive ob-
jective space, not only brings the results closer to biologically plausible scenar-
ios, but also leads to a significant accuracy enhancement that cannot be achieved
through the purely mathematical satisfaction of current literature proposals.

Answer to RQ4

Yes, the networks inferred by BIO-INSIGHT exhibit a biologically coher-
ent structure consistent with current knowledge of GRNs. Their charac-
teristics, such as topology, structure, and patterns, indicate that consen-
sus guided by biologically comprehensive objectives not only enhances ac-
curacy, but also generates networks with greater interpretability, aligning
with the underlying biology.

The simultaneous occurrence of high accuracy and biologically coherent prop-
erties in the consensus networks generated by BIO-INSIGHT, along with their role
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(b) Network Strongylocentrotus purpuratus extracted from the
BioGRID repository.

Figure 9.6: In these plots, the moving medians of the normalized objective values for the
individuals forming the front obtained by BIO-INSIGHT are represented and sorted for
each accuracy metric. Additionally, each moving median is shaded by the interquartile
range, allowing an outline of the diversity of objective values at each accuracy level.

in validating the hypothesis of this study, can only be explained in one way: the
biological objectives designed in this chapter are somehow aligned with infer-
ence accuracy.

To demonstrate this, Figure[9.6 presents the moving medians of the objectives
sorted for each accuracy metric in the fronts of two specific BioGRID networks.
In both cases, for the Glycine max network (Figure and network Strongylo-
centrotus purpuratus (Figure [9.6D)), a clear relationship exists between the level
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Figure 9.7: In these plots, the moving medians of the weights assigned to each technique
in the front obtained by BIO-INSIGHT for the Glycine max network from BioGRID are
represented and sorted for each objective of the algorithm. Additionally, as in Figure[9.6}
each moving median is shaded by the interquartile range, which in this case outlines the
diversity of the weights assigned to each technique at each objective function value.

of optimization of the different objectives and the AUPR and AUROC values of
the individuals.

Answer to RQ5

The conflicting objectives of BIO-INSIGHT have demonstrated that, despite
not using labelled data at any point, their optimization is clearly related
to inference accuracy. This helps validate the design of the objective func-
tions, their appropriate directionality within this field, and their feasible
use in real-world settings where the networks to be inferred are yet to be
discovered.

It is essential to show that the accuracy enhancement, and thus the optimiza-
tion performed by BIO-INSIGHT, does not duplicate or interfere with the ini-
tial learning occurring during the execution of individual inference techniques.
Although these techniques are primarily based on mathematical principles that
differ significantly from BIO-INSIGHT’s objectives, some indirect alignment could
still exist.

To rule out this possibility, Figure presents the moving medians of the
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(blue box) for a diverse set of networks from different sources, in relation to MO-GENECI

(orange box), other consensus strategies (diamonds), and individual techniques (cir-
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weights assigned to each technique, sorted for each objective of the algorithm,
in the front of one of the BioGRID networks. This representation reveals the
wide interquartile ranges and the lack of directionality in the curves. This noise
confirms that the objectives do not favour any particular technique individually.
In other words, no techniques are specialized in a specific objective, nor do they
individually contribute the biological knowledge that the objective represents.

Answer to RQ6

The carefully designed objective functions in this study have success-
fully demonstrated their complete independence from the methodolo-
gies integrated into the individual techniques. This means that applying
BIO-INSIGHT after executing these techniques to optimize their consensus
provides entirely novel information.

Answering each research question has justified the motivation and validated
the design of the algorithmic proposal. However, to demonstrate the scientific
contribution of this research, it is essential to conduct a rigorous accuracy com-
parison with existing state-of-the-art methodologies.
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Table 9.1: Friedman mean rank with Holm’s adjusted p values (0.05) for AUPR.

AUPR
Technique Friedman’sRank | Holm'sAdj — p
BEST BIO-INSIGHT 1.51887 -

BEST MO-GENECI 2.8396 8.6584e-05
MEAN_ WEIGHTS 4.8349 1.2970e-22
RANK AVERAGE 4.8962 3.1183e-23

MEDIAN BIO-INSIGHT 5.0896 1.0415e-25
MEDIAN WEIGHTS 5.4151 2.6040e-30
BAYESIAN FUSION 5.5802 9.0595e-33

MEDIAN MO-GENECI 5.8255 1.1532e-36

Table 9.2: Friedman mean rank with Holm’s adjusted p values (0.05) for AUROC.

AUROC
Technique Friedman’sRank | Holm'sAdj — p

BEST_BIO-INSIGHT 1.69811 -
BEST MO-GENECI 2.9387 2.2685e-04
MEDIAN BIO-INSIGHT 4.2359 9.2290e-14
RANK AVERAGE 4.8443 2.6078e-20
MEAN_ WEIGHTS 5.1179 1.1488e-23
MEDIAN MO-GENECI 5.3774 3.9178e-27
BAYESIAN FUSION 5.7689 6.4410e-33
MEDIAN WEIGHTS 6.0189 6.7039e-37

In Figure the AUPR and AUROC values are represented for a diverse set
of networks inferred by BIO-INSIGHT, MO-GENECI, several consensus strategies,
and the 26 individual inference techniques. The results show that BIO-INSIGHT
clearly dominates in both accuracy metrics, consistently outperforming all other
evaluated methodologies.

A Friedman statistical ranking with Holm’s non-parametric tests has been
conducted on the academic benchmark of 106 gene networks to corroborate
this superiority in a statistically rigorous manner. Since MO-GENECI had already
demonstrated in its results (see section[7.3) that it outperforms the 26 individual
techniques using this same statistical test, these techniques have been excluded
from this analysis, focusing instead on comparing consensus approaches.

In Table[9.1]and Table the statistical test results for the AUPR and AUROC
metrics, respectively, are presented. BEST BIO-INSIGHT achieves the highest



CHAPTER 9. BIO-INSIGHT 223

Comparison of Execution Time by Size
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Figure 9.9: Comparison of execution time depending on the network size for MO-GENECI
(blue) and BIO-INSIGHT (orange).

average ranking in both metrics, significantly outperforming all other method-
ologies. The statistical comparison further confirms that this difference is signif-
icant, with p-values for the other techniques being extremely low and far from
the commonly recognized 0.05 threshold.

Notably, BEST MO-GENECI, the second-best method in both cases, is at a
considerable distance from BIO-INSIGHT. Given that previous studies had al-
ready demonstrated that MO-GENECI outperforms the 26 individual inference
techniques, these results indicate that BIO-INSIGHT surpasses it even more signif-
icantly. Therefore, any additional comparison with the individual inference tech-
niques would be redundant, as their inferiority has already been indirectly es-
tablished through the significant and consistent superiority of BIO-INSIGHT over
MO-GENECI. Additionally, traditional consensus strategies, such as mean, median,
and rank average, fall considerably behind, sometimes even being outperformed
by a random selection from the BIO-INSIGHT front rather than a proper selection
made by a domain expert.

To improve the transparency of the study, the AUROC and AUPR values ob-
tained for each inferred network, using both the individual techniques and the
consensus strategies including BIO-INSIGHT, have been provided as supplemen-
tary material.

The accuracy improvements introduced by this proposal involve a consider-
ably high algorithmic complexity. Although the necessity of its implementation
has been thoroughly justified through the resolution of various research ques-
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tions, the computational cost of its execution remains a relevant aspect.

For this reason, from the beginning of BIO-INSIGHT’s design, numerous mea-
sures were taken to minimize the impact of its complexity on execution time:
the implementation of an asynchronous parallel model, the caching system, the
elimination of unnecessary intermediate steps, the adaptive approach to man-
aging evaluation storage, the efficient implementation of graph-based scoring
methods from the literature, and more.

Although these optimizations cannot fully compensate for adding three extra
dimensions to the search space, they have allowed BIO-INSIGHT’s operational
range to remain comparable to the closest previous strategy.

Figure[9.9|compares the MO-GENECT algorithm and BIO-INSIGHT, clearly show-
ing the exponential increase in BIO-INSIGHT’s execution time as network size
increases. Both algorithms were analyzed using the same number of evaluations
(250,000) and executed under the same computational resources (500 GB of
RAM and 32 cores).

Regarding the algorithm’s asymptotic time complexity (Big-O), an implementation-
informed approximation is provided below:

* Preprocessing: run the k base methods, with total Chase = Zle C;.

* Evolutionary optimization (over E evaluations): in each evaluation, (A)
consensus construction costs O(m - k); (B) objectives include: Eigenvector
distribution (power iteration) O(t (n + m)) plus sorting O(nlogn); Reduce
non-essential interactions (weighted edge-betweenness) O(nm + n?logn)
plus ranking O(mlogm); Degree distribution O(m + nlogn); Motifs up to
O(n?) (amortized by caching); and Dynamicity via nonlinear ODE integra-
tion O(S n?) with S adaptive steps. Summing per-evaluation:

O(m - k) ~|—O(t(n+m) +nlogn) + O(nm+n210gn+mlogm)
+ O(m +nlogn) + O(n®) + O(Sn?).

A compact bound is

O(m~k+t(n+m)+nlog n+nm+n?logn+mlog m-+m+nlog n+n3—i—Sn2).

e Qverall:

’ Chase + CproansiGHT | A Chase + O(E (nm +n*logn+Sn*+ 713)),
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Table 9.3: Friedman mean rank with Holm’s adjusted p values (0.05) for AUPR.

AUPR
Configuration Friedman'sRank | Holm'sAdj — p
BEST_BIO-INSIGHT 1.3779 -

0O6: Dynamicity 5.1337 4.1353e-16
02-1: MotifsDifferentiation 5.5581 2.7626e-19
03: EigenVectorDistribution 5.6454 7.2146e-20
02-2: MotifsRegulatoryRoute 5.7616 8.8521e-21
04: ReduceNElInteractions 6.0233 4.1025e-23

O1: Quality 6.0407 3.3516e-23
02-3: MotifBifurcation 6.1570 2.9065e-24
02-4: MotifCoupling 6.6512 2.9530e-29
O5: DegreeDistribution 6.6512 2.9530e-29

Table 9.4: Friedman mean rank with Holm’s adjusted p values (0.05) for AUROC.

AUROC
Configuration Friedman’sRank | Holm'sAdj — p
BEST_BIO-INSIGHT 1.6570 -

06: Dynamicity 5.1744 2.5713e-14
O4: ReduceNElInteractions 5.3488 2.5701e-15
03: EigenVectorDistribution 5.4942 2.8512e-16
O5: DegreeDistribution 5.8605 3.4785e-19
O1: Quality 5.9361 9.4989%e-20
02-3: MotifBifurcation 6.0581 9.2336e-21
02-2: MotifsRegulatoryRoute 6.0930 5.1874e-21
02-1: MotifsDifferentiation 6.1861 8.2152e-22
02-4: MotifCoupling 7.1919 3.7083e-32

where edge betweenness, dynamicity, and (if heavily used) motifs tend to
dominate for large n.

* Symbols: n = genes; m = candidate interactions; k£ = base methods; ¢t =
power-iteration steps; S = ODE solver steps; E~T - P; Chpase = total cost
of running all base methods once.

9.3.2 Objective Function Ablation Study

Tables [9.3] and [9.4] present the results of the ablation study based on the Fried-
man ranking and Holm’s post-hoc procedure, considering AUROC and AUPR as
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evaluation metrics. In both cases, the configuration that jointly optimizes all
objectives (BEST_BIO-INSIGHT) obtains the best average rank with statistically
significant differences (adjusted p < 0.05) with respect to all mono-objective
variants.

Only the best-performing individual from the Pareto front is considered in
this comparison. The median-quality solution was deliberately excluded, as
it would correspond to an uninformed random selection within the front, and
would therefore be at a disadvantage compared to mono-objective variants that
always return the single optimal solution found.

These results confirm that the simultaneous optimization of multiple biolog-
ically grounded objectives leads to more accurate consensus networks than op-
timizing each one in isolation. This supports the main hypothesis of this study,
which advocates for a holistic and multi-faceted approach to GRN inference.

In addition, the rankings provide valuable insights into the relevance of each
objective. Notably, several of the best-ranked mono-objective variants corre-
spond to newly proposed objectives not inherited from previous literature, such
as Dynamicity (O6), Reduce Non-Essential Interactions (04), and Eigenvector Dis-
tribution (0O3). These consistently outperform classical objectives like Quality
(O1) or Degree Distribution (05), reinforcing the contribution and novelty of
this proposal in terms of biological interpretability and inference accuracy.

9.3.3 Real-world clinical application

The performance of BIO-INSIGHT was also evaluated using non-simulated gene
expression data from 43 female subjects: 8 diagnosed with Myalgic Encephalomyeli-
tis/Chronic Fatigue Syndrome (ME/CFES), 10 with Fibromyalgia (FM), 16 with
both ME/CFS and FM (co-diagnosed from now on), and 9 healthy controls
(GSE269048 dataset) [287]]. ME/CFS and FM are chronic conditions charac-
terized by fatigue, pain, and other disabling symptoms for which no validated
biomarkers exist. Gene expression levels were measured using custom Affymetrix
HERV-V3 microarrays [205], targeting 1,559 genes related to immunity, inflam-
mation, cancer, central nervous system functions, differentiation, telomere main-
tenance, chromatin structure, and gag-like genes. Data preprocessing and nor-
malization steps prior to analysis are detailed in [287]].

Using these data, BIO-INSIGHT predicted pairs of interacting genes for each
condition. After applying the approximate Pareto front reduction discussed in
Section it could be observed that all inferred interactions for the same
pathology appear in 100% of the solutions of the corresponding front (frequency
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Figure 9.10: Differential gene enrichment and unique interactions across conditions. (A)
Pathway enrichment analysis comparing gene expression between control and ME/CFS,
FM, and co-diagnosis study groups. Dot size represents the number of genes involved
while colour indicates the -log10(FDR) significance. (B) Venn diagrams displaying the
overlap of predicted gene interactions across study groups. (C) Unique pathway interac-
tions for the control and ME/CFS groups, highlighting significantly enriched biological
processes.

= 1), which is evidence of the stability and consistency of the predictions. Results
were compared between disease groups and controls by calculating differences
in the average weight of interactions. A threshold of |0.4| was applied to iden-
tify significant differences (Table S1 in Suplementary Material). In the case of
duplicate interactions, where genes could act as both regulators and regulated,
only the pair with the highest average weight difference was retained (Table S2
in Suplementary Material). When each disease study group was compared to
the healthy control group, 32 additional and 35 absent gene interactions were
identified in ME/CFS, while fewer interactions appeared related to FM and the
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co-diagnosed groups, most seemingly absent with respect to controls. Specifi-
cally, 40 gene regulations were found absent in FM, with only 2 additional for
this condition, and 41 were absent in the co-diagnosed group, which displayed
6 disease-associated additional interactions. Some of these genes, i.e. CD74
and TAB2 in the ME/CFS group, were also found to be differentially expressed
[287]], in support of potential biological relevance of the predicted interactions
(Table S2 in Suplementary Material). Overrepresentation analysis (ORA) of the
interacting gene sets for each condition, using Gene Ontology terms for Biologi-
cal Processes, revealed that cytoplasmic translation, immune response and pro-
grammed cell death pathways could be affected across all disease groups (Figure
[0.10A). These findings align with the existing literature, supporting a role for
immune abnormalities in ME/CFS and FM [288]]. Furthermore, alterations in
apoptotic signalling [289, 290] and protein synthesis [291} |292, |293]] can lead
to immune dysregulation, potentially contributing to the clinical manifestations
observed in these patients.

Given the overlapping clinical features of ME/CFS and FM, and the lack of
specific biomarkers, we expanded the analysis to compare potential gene interac-
tions across ME/CFS, FM, and co-diagnosed regulatory networks. This approach
identified significant gene-gene interactions, particularly in the ME/CFS study
group, most absent in the FM (36/38) or co-diagnosed (38/41) groups (Table
S2 in Suplementary Material). To further elucidate disease-specific or commonly
absent interactions across all groups, the intersection between group compar-
isons is obtained. Venn diagrams are used to illustrate the specific or common
regulatory interactions across these conditions (Figure [9.10B). A set of 25 gene-
gene interactions are predicted to be missing across all disease groups (Table
S3 in Suplementary Material, control unique intersections), including gene pairs
such as IL6-CCL8, TNF-TAB2, or RPS10-RPL19, involved in critical pathways like
cytokine signalling, immune activation, and protein synthesis, respectively (Fig-
ure [9.10B-C). Conversely, 27 gene-gene interactions related to programmed cell
death are uniquely present in ME/CFS (Table S3 in Suplementary Material and
Figure[9.10B-C), suggesting distinct regulatory alterations specific for this condi-
tion. Among them the CD74-EIF4G2 interaction, involving a cell surface protein
that participates in several immune processes, including inflammatory or autoim-
mune diseases [294] and a protein involved in the regulation of protein synthe-
sis, leading to immune dysregulation when its function is impaired [291] 292,
293] should be highlighted for the available validating information. In addition
to CD74, a human endogenous retrovirus (HERV) (the MLT1 5q32 element)
encoded in one of its introns, were found differentially expressed in ME/CFES,
supporting its potential implication in this disease [287]]. Furthermore, CD74
gene’s potential role linking monocyte functioning and neurological symptoms in
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ME/CFS, with biomarker value, had been previously described by [295]. On an-
other hand, the physical interaction between CD74 and EIF4G2 is experimentally
confirmed by [[296] using Affinity Capture-MS, further validating BIO-INSIGHT’s
predictive capacity and underscoring its utility in identifying clinically relevant
gene predictions. These results demonstrate that BIO-INSIGHT provides a valu-
able tool for understanding the molecular underpinnings of ME/CFS and FM,
offering insights into gene regulatory networks that could inform future thera-
peutic strategies.
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Chapter 10

MOEBA-BIO: Flexible framework for
self-constructing evolutionary
biclustering in biological domains

This chapter presents MOEBA-BIO (Multi-Objective Evolutionary Biclustering Al-
gorithm for BIOmedical applications), a new biclustering framework designed
to make better use of biological domain knowledge in order to maximize learn-
ing during the algorithm’s execution and extend its capabilities to areas not ad-
dressed by other approaches, such as parameter self-configuration and the self-
determination of the number of biclusters.

The designed framework proposes a new broader-perspective encoding in
which each individual represents a complete set of biclusters equivalent to a
final solution to the problem (see Figure for a better understanding). In
this codification, the number of biclusters is not predefined and becomes part
of the algorithm’s learning process. Unlike previous approaches, this represen-
tation deletes the need for subjective post-processing or stochastic combinations
of partial solutions.

From a general application perspective, the proposed representation in MOEBA-BIO
opens the door to the integration of global objective functions that evaluate as-
pects such as the distribution and differentiation of the biclusters as a whole,
rather than just individual qualities. This is particularly useful in biomedical
problems, where interpreting the results requires a more holistic data structure
perspective. Moreover, when biclustering is focused on a specific problem, it al-
lows for the inclusion of objectives that leverage this global vision of the problem
and address domain-specific qualities, enabling a more in-depth analysis tailored

231
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to the nature of the data.
The contributions to this chapter are:

1. New biclustering framework for biomedical data: MOEBA-BIO stands out
in the current state of the art as the first framework for designing evolu-
tionary biclustering algorithms specialized in the biomedical field. It incor-
porates up to seven well-known multi-objective meta-heuristics (including
their subparameters), multiple biclustering objectives, various crossover
and mutation operators, the two studied encodings (the traditional and
the proposed one), and a wide range of observers that enable accurate
monitoring of the evolutionary process throughout execution.

2. New codification with a holistic perspective: The integrated encoding
within the framework provides a more realistic perspective on the problem
by directly incorporating domain-specific biological knowledge.

3. Self-learning of the number of biclusters: Context-guided self-determination
of solution size, free from post-processing and redundancies.

4. Context-driven automatic design of algorithmic proposals: Implemen-
tation of a sophisticated self-configurator that not only adjusts traditional
parameters based on technical metrics like hypervolume [297], but also
employs supervised metrics directly related to the application domain. This
enables the selection of metrics tailored to the data context, ensuring that
the objectives and their self-configured subparameters are correctly aligned
with the particularities of the dataset. In this way, MOEBA-BIO is pre-configured
using representative academic data, ensuring that the resulting configura-
tion is adapted for execution on real-world data. Thus, self-configured pa-
rameters accurately and confidently reflect biomedical domain knowledge,
providing precise and reliable tuning for real-world problems.

5. New objectives of global perspective and general purpose: To showcase
the potential of the complete encoding even in a general context, this study
proposes two new objectives, previously unattainable with traditional en-
coding. These objectives utilize knowledge from other biclusters within
the individual to enhance the global coherence of the solution: Adaptive
bicluster size (Adaptive bSIZE) and Bicluster differentiation (bDIFF).

10.1 Methods

MOEBA-BIO implements the evolutionary metaheuristics scheme by making avail-
able a wide range of variants and configurations, allowing the context-driven
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Algorithm 15 Self-configuring scheme of evolutionary metaheuristics offered by
MOEBA-BIO.
Require: Problem p, Objectives o, Max evaluations max Evals
Ensure: Pareto front approximation front
1: population < generate(p)
evaluations < (
while evaluations < maxEvals do
evaluated < evaluate(population, o)
selected < select(evaluated)
of fspring < crossover(selected)
mutated < mutate(of fspring)
population < update(population, mutated)
evaluations < evaluations + |mutated|
end while
. front < nonDominated(population)
: return front

WXL H WD

== =
N = O

self-design of complex algorithmic proposals. This scheme, compatible with all
the algorithms considered and selectable within the framework, is detailed in Al-
gorithm Each phase of this scheme has multiple options in MOEBA-BIO, made
selectable through a clear hierarchy of parameters and subparameters, detailed
in subsequent sections.

The first version of the framework presented in this chapter only includes ob-
jectives for solving biclustering problems on numerical data. However, its imple-
mentation has been left open to facilitate the future incorporation of objectives
associated with heterogeneous data. In fact, from the initial version, users are
required to specify the data type stored in each column of the input matrix. This
information is currently provided to all the objective functions implemented in
this framework [

Since the objective functions included in the framework are freely chosen
and configured, MOEBA-BIO does not specialize in detecting any specific pattern
in the data. However, in the first phase of experimentation, the goal is to de-
tect constant biclusters using the most traditional functions to validate the new
representation.

Additionally, it is worth mentioning that numerical data are pre-normalized
to ensure the normalization of the objective functions, allowing the integration of

1Java class available in: https://github.com/AdrianSeguralOrtiz/MOEBA-BIO/blob/
main/src/main/java/moeba/fitnessfunction/FitnessFunction. java


https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/main/src/main/java/moeba/fitnessfunction/FitnessFunction.java
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/main/src/main/java/moeba/fitnessfunction/FitnessFunction.java
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any multi-objective meta-heuristics (including MOEA/D [|81]). Moreover, over-
lapping is avoided in one of the two dimensions, which is a common constraint
in biclustering proposals [124, 101, 298], enabling a more focused encoding
design.

MOEBA-BIO is a framework built on top of jMetal [276], extended with cus-
tom parameters, encodings, operators, and objective functions specifically de-
signed for biclustering problems in biomedical applications. Additionally, several
observers have been included to facilitate the experimental tracking of important
aspects of this problem, such as the number of biclusters ] Moreover, the frame-
work’s functionality has been extended with the implementation of a specific
self-configurator for this new environment

All of these elements are selectable in the tool’s configuration, including
the optimization algorithm to use and traditional parameters, such as crossover
probability, mutation probability, population size, etc. Given this wide range of
possibilities, Table[10.1]lists all the top-level configurable parameters in MOEBA-BI0
(without delving into subconfigurations due to space limitations). Following a
general overview of these parameters, subsequent subsections focus on the most
critical ones or those where this framework has significantly contributed to better
highlighting its applicability to biclustering on biomedical data.

As shown in Table the only two mandatory arguments are the input
data matrix in CSV format and a complementary JSON file specifying the data
type stored in each column (for future non-numerical implementations). The
traditional representation, called “PARTIAL”, was initially implemented for ex-
perimental purposes and remains available alongside the new “COMPLETE” rep-
resentation introduced in this thesis, which is explained in the following subsec-
tions. The complete representation includes two optional parameters that define
the range for the number of biclusters in the algorithm’s initial population. By
default, this range is set to a reasonable range between 5% and 25% of the total
number of rows. While this range is not fixed during execution, as the number
of biclusters in individuals can vary throughout the evolutionary process, it does
serve as an initial seed for the genetic content.

The number and combination of objective functions are entirely flexible. On
the one hand, functions specific to the complete representation, where there
is a global perspective, cannot be used if the partial encoding is selected. On
the other hand, and related to the next parameter in Table traditional

2Java class available in: https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/
main/src/main/java/moeba/utils/observer/impl/BiclusterCountObserver. java

3Java class available in: https://github.com/AdrianSeguraOrtiz/MOEBA-BI0/blob/
main/src/main/java/moeba/parameterization/ParameterizationRunner. java


https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/main/src/main/java/moeba/utils/observer/impl/BiclusterCountObserver.java
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/main/src/main/java/moeba/utils/observer/impl/BiclusterCountObserver.java
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/main/src/main/java/moeba/parameterization/ParameterizationRunner.java
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/main/src/main/java/moeba/parameterization/ParameterizationRunner.java
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Table 10.1: Configurable parameters of MOEBA-BIO framework.

Parameter

Description

-input -dataset

Path to the input CSV dataset for biclustering. Default value: N/A

—input -column
-types

Path to the input JSON file specifying the column names and their data types.
Default value: N/A

-representation

Type of representation to use. Valid values: COMPLETE, PARTIAL. Default
value: COMPLETE

-complete -initial
-min -num -bics

Initial minimum number of biclusters (only for COMPLETE representation). Valid
values: Integer. Default value: 5% of the number of rows

-complete -initial
-max -num -bics

Initial maximum number of biclusters (only for COMPLETE representation).
Valid values: Integer. Default value: 25% of the number of rows

-str —-fitness
—-functions

Fitness objectives to optimize, separated by semicolons. Sub-parameters can be
specified in brackets after the identifier. Objectives marked with an * are only
available for the COMPLETE representation. Valid values:
BiclusterSizeNormComp, BiclusterVarianceNorm, RowVarianceNormComp,
MeanSquaredResidueNorm, BiclusterSizeNumBicsNormComp*,
DistanceBetweenBiclustersNormComp*. Default value:
BiclusterSizeNormComp;MeanSquaredResidueNorm

—-summarise
—individual
-objectives

Method to summarize the overall solution quality from the individual bicluster
qualities. Applicable only to COMPLETE. Valid values: Mean, HarmonicMean,
GeometricMean. Default value: HarmonicMean

-population -size

Population size. Valid values: Integer. Default value: 500

-max —evaluations

Maximum number of evaluations. Valid values: Integer. Default value: 150000

-str -algorithm

Algorithm to use. Sub-parameters can be specified in brackets after the identifier.
Valid values (Single-objective): GA-AsyncParallel, GA-SingleThread. Valid
values (Multi-objective): NSGAII-AsyncParallel, NSGAII-SingleThread,
MOEAD-SingleThread, MOCell-SingleThread, SPEA2-SingleThread,
IBEA-SingleThread, NSGAIII-SingleThread, MOSA-SingleThread. Default value:
NSGAII-AsyncParallel

-crossover Crossover probability. Valid values: Decimal between 0 and 1. Default value:

-probability 0.9

-mutation Mutation probability. If a progressive mutation is desired, specify a range (e.g.

-probability 0.3->0.05). Valid values: Decimal or range. Default value: 0.1

-crossover Crossover operator. The operator chosen depends on the representation type.

-operator Sub-parameters can be specified in brackets after identifier. Valid interfaces
combination (COMPLETE): RowPermutationCrossover;
BiclusterBinaryCrossover; CellBinaryCrossover. Valid interfaces combination
(PARTIAL): RowColBinaryCrossover. Default value (COMPLETE):
PartiallyMappedCrossover; BicUniformCrossover; CellUniformCrossover

-mutation Mutation operator. The operator chosen depends on the representation type.

-operator Sub-parameters can be specified in brackets after the identifier. Valid interfaces
combination (COMPLETE):
RowPermutationMutation;BiclusterBinaryMutation;CellBinaryMutation. Valid
interfaces combination (PARTIAL): RowColBinaryMutation Default value
(COMPLETE): SwapMutation; BicUniformMutation; CellUniformMutation

-observers List of observers separated by semicolons. Valid values: BiclusterCountObserver,

FitnessEvolutionMinObserver, FitnessEvolutionAvgObserver,
FitnessEvolutionMaxObserver, NumEvaluationsObserver. Default value:
BiclusterCountObserver; FitnessEvolutionMinObserver; NumEvaluationsObserver

-num —-threads

Number of threads to use. Valid values: Integer. Default value: Number of
available processors

-output -folder

Output folder path. Default value: N/A
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objectives aimed at evaluating a single bicluster can be used in the complete
encoding, as long as a joint quality summary strategy is specified. Available
strategies include the arithmetic mean, geometric mean, and harmonic mean.
These strategies penalize individual quality heterogeneity to a lesser or greater
degree, respectively. The aim is to prevent a solution from containing biclusters
whose overall quality is good solely due to each individual’s effort to excel at a
specific objective (another flaw of the traditional representation).

The algorithms available in MOEBA-BIO are diverse but have been previously
used for biclustering purposes [19]]. In concrete, it considers: NSGAII [79]], NS-
GAIII [80], MOEA/D [81]], MOCell [82], SPEA2 [83]], IBEA [78]], and MOSA
[299]. Other well-known algorithms, such as SMPSO [252], had to be discarded
due to their incompatibility with the designed representation, as it does not fol-
low the evolutionary scheme.

Regarding crossover and mutation probabilities, it is worth mentioning that
a progressive mutation option has been implemented in addition to providing
static values. This common practice favors exploration in the early stages of
the evolutionary algorithm and subsequent exploitation in later stages of higher
convergence.

As for the crossover and mutation operators, the decision was made to pre-
establish them in the simplest way possible to avoid interfering with subsequent
comparisons of encodings. To this end, the most standard operators for the na-
ture of each part of the encodings were chosen. On the one hand, the partial
representation consists of two binary encoding sections, one for rows and one
for columns. Therefore, the most common approach is to use the most popular
binary crossover (uniform crossover) and the most established binary mutation
operator (uniform mutation). On the other hand, something similar has been
implemented for the complete encoding. Although this will be explained in
more detail in the following subsection, it should be mentioned that the com-
plete encoding is divided into three parts: one permutation and two binary sec-
tions. Therefore, the same operators as before are used for the binary sections,
while for the permutation, Partially Mapped Crossover and Swap mutation are
employed. However, the implementation of new operators is open thanks to a
sophisticated interface system, allowing the design of domain-specific operators
that can also inject knowledge during the evolution of generations.

Additionally, it is worth noting that a list of observers is available for those
who wish to log various aspects of the evolutionary history during execution.
If an algorithm supporting multi-threaded execution is specified, limiting CPU
usage during the run will also be possible.
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Figure 10.1: An example of the COMPLETE and PARTIAL encodings, as well as their
common intermediate state, on a simplified 8x8 matrix. A solution consisting of 4 bi-
clusters with overlapping columns is shown.

Finally, regarding second-level parameters, it should be mentioned that, as
explained in several sections of Table they pertain to specific configurations
of certain first-level options that can be specified directly in parentheses. The
most significant cases are algorithm-specific parameters, parameters for certain
objective functions, or parameters related to crossover and mutation operators.
All of these will be considered during the self-configuration phase.

10.1.1 Representation

MOEBA-BIO introduces a new global perspective encoding, that allow to stab-
lish a direct equivalence between the algorithmic individual and a biclustering
solution to the real problem. This is achieved because each individual represents
an exhaustive set of biclusters, whose quantity is variable and part of the algo-
rithm’s learning process. This perspective helps in designing objective functions
that evaluate new aspects of biclustering, as well as realistic functions specialized
in the biological domain of the data.
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This encoding, named "COMPLETE," is illustrated in Figure to facilitate
understanding. As can be seen, the encoding requires three parts:

1. Rows: The first part of the encoding is a permutation that represents the
order in which the different rows of the data matrix are arranged (Column
T in Figure 10.1)).

2. Limits: It consists of a binary vector of the same length as the previous
one, specifying the horizontal boundaries of the biclusters (purple lines in

Figure(10.1)).

3. Cells: A binary vector with the same size as the data matrix specifying
each cell’s activation state. Unlike the previous vector, its interpretation
does not depend on the permutation. That is, the first value refers to the
activation state of the cell (R1, C1), regardless of its position according to
the permutation or which bicluster it belongs to based on the boundaries.
If most of the cells in the same column within a bicluster are activated,
that column is activated for the bicluster in question. This approach allows
for a progressive learning process of column activation and deactivation,
where columns with more activated cells are more likely to remain acti-
vated. In comparison, those with fewer activated cells are more likely to
be deactivated.

The example proposed in Figure [10.1] is a simplified case of 4 biclusters in
an 8x8 matrix. As can be seen, all the biclusters in the solution are represented
by a single individual in the case of the complete representation, while 4 inde-
pendent individuals are needed to capture all this information with the partial
representation (each individual is a partial solution to the problem).

This representation is also associated with a set of features that align with
observations seen in biclustering problems within the biological domain. First,
this representation does not allow overlap in one of the two dimensions (if row
overlap and not column overlap is desired, the input numeric matrix needs to
be transposed). This constraint is also observed in other well-known algorithms,
such as Cheng and Church’s Algorithm (CCA) [101]] or the Binary Inclusion-
Maximal Biclustering Algorithm (Bimax) [124]], which have been extensively
applied to gene expression data.

Although it is not a restriction, this representation tends to group all elements
of the non-overlapping dimension. In Figure [10.1] it can be seen that all rows
end up belonging to a bicluster. However, if a bicluster deactivates almost all
columns or contains only one row (as in B1 in Figure[10.1)), the framework itself



CHAPTER 10. MOEBA-BIO 239

will disregard these biclusters, leaving those rows ungrouped This design
decision aims to facilitate coverage of the data matrix and eliminate the risk of
repetitive exploitation of the same areas. This is another limitation of the partial
representation that was intended to be overcome, where the dominant quality
of one bicluster over others draws all partial solutions towards it.

It is clear that handling an individual is more complex and resource-intensive
in the case of the complete representation than in the partial one, a fact sup-
ported by the amount of information stored in each case. However, to minimize
the memory resources required, the Java BitSet class || has been used to store
the binary vectors. This allows significant space savings without adding compu-
tational cost when manipulating individuals.

Although the complete representation is one of the major contributions of this
thesis, the MOEBA-BIO framework is designed for continuous extension thanks to
the flexibility and modularity of its implementation. This means that integrating
new encodings into MOEBA-BIO is extremely simple [} Thanks to the transition
through a common intermediate state (also illustrated in Figure [10.1)), the eval-
uation process is completely independent of the encoding of the individuals.
Therefore, the only necessary design elements (apart from the encoding itself)
are the transition to this intermediate state (i.e., the interpretation of the rep-
resentation) and the crossover and mutation operators, which can initially be
formed by combining operators already implemented in JMetal [276].

10.1.2 Objectives

The fitness functions currently available in MOEBA-BIO cover traditional individual-
focused objectives and global vision objectives of a generic nature for bicluster-
ing. To ensure compatibility between the traditional individual-centered objec-
tives and the new framework and representation, several strategies have been
implemented to summarize individual qualities. Some of these strategies in-
clude penalties that account for heterogeneity among those qualities (see Table
10.1).

In order to use the full range of available algorithms, all fitness functions
must be normalized between 0 and 1. Therefore, traditional biclustering objec-
tives had to be reformulated to fit this range, made possible by the prior nor-

4Java class available in: https://github.com/AdrianSeguraOrtiz/MOEBA-BI0/blob/
main/src/main/java/moeba/fitnessfunction/FitnessFunction. java

*https://docs.oracle.com/javase/7/docs/api/java/util/BitSet.html

®Java class available in: https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/
main/src/main/java/moeba/representationwrapper/RepresentationWrapper. java


https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/main/src/main/java/moeba/fitnessfunction/FitnessFunction.java
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/main/src/main/java/moeba/fitnessfunction/FitnessFunction.java
https://docs.oracle.com/javase/7/docs/api/java/util/BitSet.html
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/main/src/main/java/moeba/representationwrapper/RepresentationWrapper.java
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/blob/main/src/main/java/moeba/representationwrapper/RepresentationWrapper.java
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Algorithm 16 Adaptive bSize fitness function.

Require: Bicluster b, Set of all biclusters less b B, Data matrix DD, Coherence
weight a, Row weight /3

Ensure: Value of the fitness function score

maxSize < rows(D) x columns(D)

bSize < rows(b) x columns(b)

numBiclusters < size(B) + 1

parcelSize < mazSize/(numBiclusters?)

normW eightedSize < calcNormSize(b, D, [3)

sizePenalty <— min(1, abs(parcelSize — bSize) /parcelSize)

score < (1 —a) x normWeightedSize + o x (1 — sizePenalty)

return score

PNQIT R D

malization of the numerical data. Furthermore, since MOEBA-BIO is an extension
of JMetal, all objectives must be oriented towards minimization. However, for
individual quality summary strategies like the harmonic or geometric mean to
be effective, the individual qualities of the biclusters must be oriented towards
maximization. As a result, the formulas for individual biclusters are first oriented
towards maximization, and after obtaining the joint quality, the complementary
value of the result is calculated.

Since traditional objectives for biclustering have been extensively discussed
in the literature [[19], the subsequent sections focus on the implementations of
the new objectives proposed here.

Adaptive bicluster size

This fitness function is designed to evaluate the size of the biclusters in relation
to the total number of biclusters in a solution. It combines two main compo-
nents: the normalized size of the biclusters and an adaptive penalty based on
the difference between the actual size of a bicluster and a realistic maximum
size, dynamically adjusted according to the number of biclusters in the solution.
The balance between these two factors is controlled by a configurable coherence
weight, allowing adjustment of the relative importance of size versus homogene-
ity within the set of biclusters. This encourages solutions that not only maximize
the size of the biclusters, but also maintain structural coherence based on the to-
tal number of generated biclusters. Unlike the traditional Bicluster Size (bSIZE),
it has a complete problem perspective by accounting for the number of biclus-
ters, so its convergence is not focused on obtaining a single bicluster that covers
the entire data matrix.
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The implementation of this fitness function is represented in the pseudocode
shown in Algorithm First, the maximum size a bicluster can have within the
data matrix and the actual size of the bicluster under evaluation are calculated
(lines 1 and 2 in Algorithm [16). Next, the recommended maximum size of a
bicluster is calculated, which is obtained by dividing the maximum size of the
matrix by the square of the number of biclusters (lines 3 and 4 in Algorithm[16).
This allows the penalty to be dynamically adjusted according to the total number
of biclusters present in the solution.

The weighted normalized size of the bicluster is obtained using the tradi-
tional bSize function, which takes into account both, the size of the bicluster
and the weight assigned to the rows and consequently to the columns (line 5 in

Algorithm [16).

Additionally, a penalty is calculated based on the difference between the ac-
tual size of the bicluster and the recommended maximum size (line 6 in Algo-
rithm [16)). This penalty adapts the size of the bicluster according to the total
number of biclusters in the solution.

Finally, the fitness function score is calculated by combining the normalized
size of the bicluster and the size penalty, weighted by the coherence parameter
« (line 7 in Algorithm [I6). The function returns this value as the final fitness
result for the evaluated bicluster (line 9 in Algorithm [16)).

Bicluster differentiation

Leveraging the no-row-overlap constraint, this objective focuses on ensuring that
each bicluster is correctly defined, without excluding rows that fit better with the
averages of their columns than with others, nor including rows that are more
aligned with other biclusters. The function compares the bicluster under evalu-
ation with the nearest one, determined by the number of shared columns.

For each row of the nearest bicluster, two distances are calculated: one to
the values of the evaluated bicluster and another one to the values of its own
bicluster (adjusted to reflect the exclusion of the row in question). If the distance
from the row to the evaluated bicluster is less than that of the adjusted averages
of its own bicluster, the evaluated bicluster is penalized for excluding an aligned
TOW.

This function rewards biclusters whose rows are better represented within
them than in other biclusters, improving differentiation between biclusters and
the overall coherence of the solution. Thus, the biclusters reflect more accurately



242 10.1. METHODS

Algorithm 17 Bicluster Differentiation fitness function.

Require: Bicluster b, Set of all biclusters less b B, Data matrix D
Ensure: Value of the fitness function score
1: closest < findClosest(b, B)

meanB < calcMean(b)

meanClosest < calcMean(closest)

totalScore < 0

for each row in closest do
riClosest < getCells(row, cols(closest))
riB < getCells(row, cols(b))
distBMean <« calcDist(riB, meanB)
adjMeanClosest < calcAdjMean(meanClosest, riClosest)
distAdjMean < caleDist(riClosest, adj MeanClosest)
fitScore <— distBMean/(dist BMean + distAdjMean)
totalScore < totalScore + fitScore

: end for

: return totalScore/size(closest)

D A A

o S g g
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the patterns of the rows they contain, contributing to greater biclustering preci-
sion without encouraging size reduction (as seen in other traditional functions).

The implementation of this fitness function is represented in the pseudocode
shown in Algorithm First, the bicluster closest to the one under evaluation
is identified, using the number of shared columns as the criterion (line 1 in

Algorithm [17).

Next, the column averages for both the evaluated bicluster and the nearest
bicluster are calculated (lines 2 and 3 in Algorithm [I7). These averages are
essential for comparing how well the rows of the nearest bicluster fit their own
average compared to the average of the evaluated bicluster.

In the loop (lines 5-12 in Algorithm [17), the rows of the nearest bicluster
are iterated over. For each row, the values of the columns in both, the nearest
bicluster and the evaluated bicluster are retrieved (lines 6 and 7 in Algorithm
[17). Then, the distance of these values to the averages of the evaluated bicluster
is calculated (line 8 in Algorithm [17)), along with the distance to the adjusted
averages of the nearest bicluster, which reflects the exclusion of the given row
(lines 9 and 10 in Algorithm [17).

The fitness score is calculated as the ratio of the distance from the row to
the evaluated bicluster to the sum of both distances (line 11 in Algorithm [17).
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This metric indicates whether the row fits better in the evaluated bicluster or the
nearest bicluster. If the distance to the evaluated bicluster’s averages is smaller,
the evaluated bicluster is penalized with a lower score, accumulating this value
into the total (line 12 in Algorithm[17)).

Finally, the total score for the evaluated bicluster is obtained as the average of
the fit scores calculated for each row of the nearest bicluster (line 13 in Algorithm

17).

10.1.3 Parameter autoconfigurator

In addition to the new representation and the objectives designed thanks to its
global perspective, MOEBA-BIO also facilitates the injection of domain-specific
biomedical knowledge through its parameter self-configurator. Parameter self-
configuration using wrapper evolutionary algorithms has already been validated
in other proposals in the literature [[300]. However, in this case, a self-configurator
has been specifically designed for the biclustering problem when applied to par-
ticular domains.

Figure shows the diagram of the proposed self-configurator. It consists
of two simple genetic algorithms instantiated with the most common parameter
values, which wrap the evolutionary algorithm to be configured. It takes as in-
put a series of data matrices associated with a specific biomedical context, the
files with the reference biclusters for each matrix (gold standards), a file with
the supervised parameters to be configured, and another for the unsupervised
parameters, specifying the set of possible values for each one |/, As output, it
provides the best parameter configuration obtained. Additionally, tracking files
are provided for the evolution of the external wrapper population and the evo-
lution of the internal wrapper population corresponding to the external winner.

* Supervised Phase: This corresponds to the outer wrapper genetic algo-
rithm (the green one in Figure [10.2). In this phase, different combina-
tions of objectives (with varying numbers of dimensions as long as n >
2) and values of their subparameters are tested to determine which con-
figuration minimizes a validation metric related to the gold standards of
the benchmark representing the biomedical domain of the data. However,
since different configurations at this level imply different search spaces
with varying numbers of dimensions, it would be unwise to set the same
values for the other parameters in all cases. Therefore, given a configura-
tion at this level, it is necessary to extract the best values for the remaining

’Configuration file examples in: https://github.com/AdrianSeguraOrtiz/MOEBA-BI0/
tree/main/parameterization


https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/tree/main/parameterization
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO/tree/main/parameterization
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Figure 10.2: Structure of the specific self-configurator in the MOEBA-BIO framework. It
consists of two wrapper genetic algorithms. The outer one handles the self-configuration
of objectives through a supervised evaluation that depends on the gold standards of the
input data. The inner wrapper handles the self-configuration of the remaining parame-
ters, based on unsupervised metrics such as hypervolume.

parameters in the next phase before proceeding with its evaluation. The
evaluation is performed after obtaining the best individual from the unsu-
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pervised phase. For each data matrix, the 5 best individuals obtained on
the MOEBA-BIO Pareto approximation front according to the selected super-
vised metric are taken, and the final score is returned as the average across
all matrices.

* Unsupervised Phase: This corresponds to the inner wrapper genetic algo-
rithm (the blue one in Figure[10.2). Once the objectives of the problem and
their corresponding subparameters have been set in the external individ-
ual, this phase optimizes the values of the remaining parameters, including
crucial ones, such as: the algorithm to use with its corresponding subpa-
rameters, the operators, the probabilities for each phase, the population
size, and more. This optimization, now performed on comparable Pareto
fronts, can be based on standard unsupervised metrics such as hypervol-
ume, which, given that all objectives are normalized between 0 and 1, can
use the value 1 in each dimension to form its reference point. Again, for
each data matrix, the metric to be minimized is calculated, and the average
across all matrices is returned.

It should be noted that, despite its stochastic nature, no repetitions have
been implemented for the internal execution of the algorithm being configured
for each parameter combination. This decision is based on the fact that, due to
the redundancy of individuals in such small search spaces, it is considered that
the potential variations dependent on the executions can be effectively covered
by this redundancy. This measure has been adopted to ensure the computational
feasibility of the self-configurator, and its validity will be demonstrated in the
subsequent experimentation.

To clarify the evaluation process carried out by the self-configurator, Figure
illustrates an example of how MOEBA-BIO evaluates each candidate con-
figuration. Specifically, the figure depicts how each outer individual defines a
combination of objective functions and subparameters, which is then internally
assessed by an inner evolutionary layer using different algorithmic setups. The
final quality of each outer individual is computed based on the performance of
the inner layer across multiple datasets.

It is worth noting that both evolutionary algorithms that make up the self-
configurator have been designed as single-objective optimization processes. The
algorithm in the external (supervised) phase is guided exclusively by a gold
standard-dependent metric (specifically, the clustering error), while the algo-
rithm in the internal (unsupervised) phase uses only the hypervolume as its ob-
jective function. Therefore, the self-configurator does not involve any weighting
or prioritization among multiple objectives, nor does it need to resolve conflicts
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Figure 10.3: Visual representation of the MOEBA-BIO self-configuration mechanism. The
process is structured in two nested evolutionary phases: a supervised outer layer (left)
and an unsupervised inner layer (right). Each individual in the outer population encodes
a specific combination of objective functions and subparameters. For each one, the in-
ner layer determines the best technical configuration (algorithm, operator probabilities,
population size, etc.) based on hypervolume (HV). The final evaluation of each outer in-
dividual is computed by averaging the clustering error (CE) of the top 5 Pareto-optimal
solutions obtained for each dataset. The best outer individual (i.e., configuration) is
selected as the winner.

between them. Its role is to identify the combination of objectives (and associ-
ated parameters) that yields the best results in a supervised context, optimizing
the remaining parameters in an unsupervised context. This structure helps main-
tain interpretability throughout the process and facilitates its adaptation to other
domains where the set of objectives or evaluation metrics may vary.

10.1.4 Methodological Comparison

Once all the methodological components of MOEBA-BIO have been presented,
it is appropriate to contrast them with the most closely related state-of-the-art
approaches that also use non-traditional encodings: BI-MOCK, PBD-SPEA2, and
BiClustSMEA.

Unlike these approaches, MOEBA-BIO not only modifies the representation of
individuals, but also proposes a complete evolutionary framework that enables
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Table 10.2: Methodological and implementation-level comparison of MOEBA-BIO with
representative non-traditional encoding proposals.

Implementation| BI-MOCK PBD-SPEA2 BiClustSMEA MOEBA-BIO (this pro-
aspect posal)

Control  over | Automatically de- | User-defined, Generated during | The number of biclusters
number of | termined thanks | must be speci- | execution using a | is variable and is fully
biclusters to a newly pro- | fied. random variable | self-learned via evolu-

posed  variable
string length
encoding scheme

tionary convergence

Aggregation of

Simple mean of

Fitness is likely

Mean across all §-

Harmonic amn Geomet-

fitness across | the MSR and | evaluated per bi- | biclusters present | ric mean available to

biclusters bSize over the | cluster in a chromosome | summarize individual
set of biclusters for objectives like | bicluster qualities. Pe-
encoded in the MSR, row vari- | nalized heterogeneity.
solution ance and volume

Final solution | A post-processing | Post-processing Sequential se- | Each individual in the

selection step is proposed | across  individ- | lection from the | Pareto front represents a
to select the set | uals; biclusters | Pareto  optimal | complete solution to the
of final biclusters | from different | set based on | biclustering problem; no

among Pareto | individuals might | the lowest MSR | aggregation required.
front individuals. | be combined. value.
Extensibility of | Not explicitly | Likely hard- | Requires modifi- | Plugin-based, fully de-
objective func- | designed for easy | coded within | cation to the al- | coupled objective func-
tions extension based | the algorithm’s | gorithm’s core to | tion design; researchers

on the descrip- | structure. incorporate new | have complete freedom
tion. objectives. to implement new objec-
tives or use predefined

ones.
Domain in- | Only traditional | Not considered, | Focuses on gen- | Native  support for
tegration objectives  like | homogeneity and | eral quality met- | domain-specific  global
capacity bSize and MSR | size are used as | rics. objectives (e.g., Regula-

are mentioned.

primary  objec-

tives.

tory Coherence for gene
co-expression).

Open source /
Reproducibility

No public avail-
ability.

No public avail-
ability.

No public avail-
ability.

Yes (publicly avail-
able framework):
https://github.com/
AdrianSeguraQOrtiz/
MOEBA-BIO!

the representation of complete solutions, the definition of objectives from both
a global perspective and an application-specific standpoint, and the application
of structural penalization mechanisms. In addition, it integrates both supervised
and unsupervised self-configuration systems, allows for decoupled objective de-
sign, and facilitates its extension to other biomedical contexts.

To highlight these differences beyond the encoding itself, Table sum-
marizes the key methodological and implementation-related aspects that distin-
guish MOEBA-BIO.


https://github.com/AdrianSeguraOrtiz/MOEBA-BIO
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO
https://github.com/AdrianSeguraOrtiz/MOEBA-BIO
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10.2 Experimentation

The experimentation in this study aims to validate the new complete problem
encoding proposed in this chapter and the general context objective functions
implemented thanks to it. To achieve this, conducting a fair, rigorous comparison
within the most generic context is necessary.

Recent proposals in the literature that used a partial representation were ana-
lyzed to conduct this comparison. After reviewing the recent survey [19]], which
focuses on analyzing all biclustering algorithms with a multi-objective evolu-
tionary approach, a list of 22 candidates was obtained: TSTP [301], BOBEA
[[160], MMco-Clus [302], 3-SMOB [158]], AMOSAB-PS [[156], BP-NSGA2 [155]],
PBD-SPEA2 [171]], AMOSAB []161], SPEA2B-§ [159], HMOBI [303]], SMOB-VE
[168], MOBI [[163], SPEA2B [304]], MOGAB [305]], MOM-aiNet [306], MOA-
COB []307]], AMOPSOB [308], CMOPSOB [309]], MOPSOB [310], MOFBA [311],
SMOB [312] and MOEAB [58]]. However, since none of the papers on these al-
gorithms provide public access to their software, a partial representation was
integrated into MOEBA-BIO exclusively for experimental purposes. This approach
enables an alternative yet fair comparison.

The first step is to set the objectives to be used during the comparison. In
[19], it is shown that the most commonly used combination is Mean Squared
Residue (MSR) and Bicluster Size (bSIZE). Therefore, these two functions will
be established as the main objectives in this phase of experimentation. The goal
is to evaluate each contribution separately, resulting in 5 configurations:

e Partial (bSIZE + MSR).
* Complete (bSIZE + MSR).

* Complete replacing bSIZE by Adaptive bSIZE with a coherence weight
value of 0.25 (Adaptive bSIZE + MSR).

* Complete adding bDIFF (bSIZE + MSR + bDIFF).

* Complete representation but adding both new objective functions at the
same time (Adaptive bSIZE + MSR + bDIFF).

Both complete (proposal) and partial (traditional) encoding configurations
are compared within the same MOEBA-BIO framework using the standard opera-
tors for each representation. To provide a fairly diverse and flexible genetic con-
tent in this first experimental environment, the population size has been set at
500 individuals. Regarding the rest of the parameters, all have been set to their
most common and reasonable values: the chosen algorithm is NSGAII [79], with
a total of 100,000 evaluations, a crossover probability of 90%, and a slightly
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higher than normal mutation probability set at 10% due to the size of the data
matrices.

The dataset used corresponds to the matrices described in section that
were artificially generated by the G-bic tool after giving different values to a
given set of parameters.

When running MOEBA-BIO with each configuration, an approximate Pareto
front is obtained for each input matrix. In the case of the partial configuration,
the entire front is combined to form the real solution to the problem. For the
complete encoding configurations, each individual in the front can be directly
compared with the gold standard. Therefore, for the partial representation, the
quality score is the comparison between the solution formed by the entire front
and the gold standard, while for the complete configurations, the median of the
quality scores from the front is calculated. This allows for the subsequent calcu-
lation of a Friedman statistical ranking complemented by Holm’s non-parametric
tests [313]] to provide statistical rigor in the comparison of configurations.

Regarding the evaluation of the biclustering results, the clustering error [[314]
has been selected as the main comparison metric across biclustering algorithms.
This is a robust metric that evaluates the complete biclustering solution by pe-
nalizing both the redundancy between biclusters and the difference between the
number of inferred biclusters and the actual number in the gold standard. It
is also a metric that has been used in many recent biclustering studies as well
as in the context of evaluating evolutionary biclustering algorithms [19]. The
clustering error should be minimized such that a lower value indicates a better
biclustering solution. Therefore, for this phase of experimentation and the sub-
sequent statistical significance analysis, the complementary value of the result is
calculated.

This evaluation strategy ensures that the benefits obtained from the com-
plete configuration compared to the partial one are solely due to the encoding
of the individuals. Furthermore, it allows for the determination of whether each
new objective individually improves upon the base use of the new encoding and
whether their combined use provides greater benefits than each individual.

Additionally, notice that other biclustering metrics such as Recovery, Rele-
vance [|315] and Ayadi’s score [|316] are also considered in our further experi-
ments as they are widely used in the specialized literature.

Finally, it is worth mentioning that the validation of the constructed autocon-
figurator will be addressed in the next chapter during the self-construction of a
specific algorithm for the field of gene co-expression.
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Table 10.3: Friedman mean rank with Holm’s adjusted p values (0.05) for Clustering
Error.

Clustering Error
Technique Friedman’s{ Rank} | Holm's{Adj — p}
*Complete-AdapBS(0.25) +BDiff 1.42 -
Complete+BDiff 2.29 6.71e-03
Complete-AdapBS(0.25) 2.85 1.69e-05
Complete 3.44 1.15e-09
Partial 5.00 4.88e-28

10.3 Results and discussion

Table shows the results of applying a Friedman statistical ranking with
Holm’s non-parametric tests to the clustering error values obtained after run-
ning MOEBA-BIO on the entire benchmark of 48 matrices generated by G-Bic,
using each of the configurations to be compared. As can be seen, the configu-
ration associated with the partial encoding ranks last, resulting in a lower rank
than the complete encoding when none of the new objectives is applied. In fact,
aside from this distance in the overall ranking, a Wilcoxon test between these
two configurations yields a p-value of 7.11e-15, which is significantly below the
commonly accepted threshold of 0.05. This allows us to affirm that, under the
same experimental conditions (traditional objectives, environment, data, and
basic crossover and mutation operators), the use of the complete encoding of-
fers a statistically significant improvement in result accuracy compared to the
traditional encoding.

Additionally, by observing the intermediate positions in the Friedman rank-
ing, it can be affirmed that both, the inclusion of bDIFF and the replacement of
the traditional bSIZE function with Adaptive bSIZE separately outperform the
basic complete configuration. In other words, both functions individually con-
tribute to improving the accuracy of the results. Finally, the top-ranked config-
uration confirms that the new objectives, besides offering benefits individually,
provide even better improvement when used together, and this improvement is
also statistically significant compared to the other configurations in the ranking,
according to Holm’s non-parametric tests.

With all these observations, it can be confirmed that the complete encoding
not only increases accuracy on its own, but also enables the inclusion of holis-
tic perspective knowledge which, even in a general context, has demonstrated
further improvements in the algorithm’s results. However, to better understand
the reasons behind these results, a deeper analysis has been conducted to ensure
that the success of this encoding is due to the premises that initially motivated
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Partial representation

Figure 10.4: Biclustering solution obtained by MOEBA-BIO using the partial representa-
tion for the simulated dataset with 3 biclusters and seed 102. The green nodes represent
the biclusters from the gold standard. Each purple node in this encoding represents a
partial solution from the front obtained by the algorithm since, in this case, the combina-
tion of all biclusters in the front constitutes the real biclustering solution to the problem.
The graph’s edges refer to the intersection between biclusters, with their thickness in-
creasing in proportion to the number of shared rows and columns. To avoid adding noise
to the graph, intersections between nodes of the same color caused by possible overlaps
between biclusters have been ignored.

its implementation.

In this regard, the first motivation behind the complete encoding was to over-
come the fact that the partial representation tends to converge towards a large
number of redundant biclusters, which also exhibit significant heterogeneity in
their qualities. To verify this, solutions obtained using the partial encoding and
winning complete configuration are shown in Figure and Figure [10.5] re-
spectively, compared to the corresponding gold standard. In concrete, Figure
shows a solution from the partial encoding (obtained as the union of all in-
dividuals in the front), where the number of biclusters clearly exceeds the actual
number of biclusters in the data matrix. This redundancy is not typically pe-
nalized by traditional supervised metrics [[19], where each bicluster in the gold
standard is only compared to the most similar bicluster in the front. In a real-
world scenario, where there is no prior information about the biclusters, this
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Complete representation

Intermediate points Endpoints

(e) Solution with best
Adaptive bSIZE for
the instance of 10
biclusters with seed
101.

(a) Solution 12 of the  (b) Solution 25 of the
front obtained for the  front obtained for the
instance of 3 biclus- instance of 5 biclus-
ters with seed 102. ters with seed 103.

(c) Solution 9 of the (d) Solution 14 of the
front obtained for the  front obtained for the
instance of 8 biclus- instance of 10 biclus-
ters with seed 102. ters with seed 102.

(O Solution with best
MSR for the instance
with biclusters of size
25 with seed 101.

Figure 10.5: Examples of solutions obtained by MOEBA-BIO during the first phase of
experimentation using the complete representation and the new objective functions of
adaptive bicluster size and bicluster differentiation. The interpretation of the graphs is
the same as discussed in Figure except that in this case, all purple nodes belong to
a single solution from the front obtained by the algorithm, as in the complete encoding,
a solution from the front is equivalent to a real solution to the problem. On the left side
of the figure, solutions that are balanced across the three objectives are presented. On
the right side, extreme solutions from the front are shown, specifically one for the case
of extreme optimization of Adaptive Bicluster Size and another for the case of extreme
optimization of MSR.

excessive number of redundant clusters would add counterproductive noise.

Second, Figure presents several solutions from the complete encoding.
On the left side of the figure, solutions with an intermediate position in the
Pareto front are shown. This position, defined as a coherent balance between
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objectives, seems to correspond to solutions with a number of biclusters that
are quite similar to the real number. This observation leads to two conclusions:
the number of biclusters is part of the algorithm’s learning process (which does
not happen with the partial encoding), and the noise caused by excessive and
redundant biclusters is clearly minimized.

However, it remains to demonstrate the ability of the complete encoding to
ensure that the biclusters exhibit qualities consistent with the position in the
front of the solution to which they belong. This demonstration is shown on
the right side of Figure In Figure the biclusters obtained from a
solution located at the extreme of the Pareto front with the best optimization
of the Adaptive bSIZE objective are displayed. Since the coherence weight has
been set to a value of 0.25, the normalized size of the biclusters still carries more
weight. This implies that, although the convergence of this function does not
directly lead to a single bicluster occupying the entire matrix, the optimization
of this function still tends toward large biclusters with low coherence. This is
what is observed in Figure [10.5e, where the solution with the best Adaptive
bSIZE indeed contains few large biclusters. Meanwhile, Figure shows a
solution with the best MSR value in its front. Similarly to what was observed
with Adaptive bSIZE, the solution contains biclusters consistent with its position
in the front, in this case, a large number of small biclusters with high internal
coherence.

In addition to analyzing the algorithm’s results, it is crucial to examine the
evolution of the populations of individuals during execution. For this reason,
Figure shows the evolution of the different objectives for a specific run of
the winning complete configuration. Specifically, it displays the minimum value
found in each generation for each fitness function. In Figure we can ob-
serve how the Adaptive bSIZE objective, being the simplest one and independent
of the data content, exhibits a more abrupt and decisive learning curve. Mean-
while, in Figure although MSR converges at a point quite similar to the
previous objective, its learning process seems more gradual and progressive. Fi-
nally, the complexity of the new global perspective objective, bDIFF, is shown
in Figure where its learning process requires a larger number of genera-
tions to reach convergence. Nevertheless, it has already been demonstrated that
including this objective provides significant benefits to the algorithm.

Finally, Figure represents, for the same run as in Figure the distri-
bution of the number of biclusters contained in the individuals for each genera-
tion. This allows the definitive conclusion that the number of biclusters is part
of the algorithm’s learning process. Despite not being an explicit objective of
the algorithm (as the correct number of biclusters is unknown), the curve pre-
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Figure 10.6: Evolution of the minimum fitness values of each objective during the
MOEBA-BIO run using complete representation and the new objective functions on the
simulated dataset with an overlap level of 20 and seed 101.

sented by the distributions clearly mirrors the curves traced by the evolution of
the different objectives. In other words, there is a clear direct learning process,
whereby the joint optimization of objectives translates into convergence in the
number of biclusters present in the individuals of the population.

For each instance, the convergence of the different objectives and the implicit
learning of the number of biclusters leads to an approximate Pareto front. These
fronts provide the domain expert with various complete solutions to the biclus-
tering problem on the input dataset. Figure shows different Pareto fronts
obtained by MOEBA-BIO in the first phase of experimentation with the new en-
coding and proposed objectives. As can be seen, the shape and distribution of
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Figure 10.7: Distribution of the number of biclusters contained in each individual per

generation in the MOEBA-BIO run using complete representation and the new objective
functions on the simulated dataset with an overlap level of 20 and seed 101.
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Figure 10.8: Set of non-dominated solutions in Pareto front approximation from the final

population obtained by MOEBA-BIO using complete representation and the new objective
functions on the simulated dataset.

solutions vary across different instances.
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Chapter 11

MOEBA-BIO-CoExp: Context-guided
evolutionary biclustering for gene
co-expression analysis

This chapter introduces MOEBA-BIO-CoExp, a specialized algorithm derived from
the MOEBA-BIO framework for addressing the specific challenges of bicluster-
ing in the context of gene co-expression. While the previous chapter presented
MOEBA-BIO as a general-purpose evolutionary framework for biomedical biclus-
tering, this chapter highlights how its modular and extensible design enables
adaptation to domain-specific problems. In particular, the integration of biologi-
cal knowledge related to regulatory networks is achieved through the implemen-
tation of a new global objective: Regulatory Coherence.

The aim of this chapter is twofold: (1) to illustrate the process of auto-
constructing a domain-adapted algorithm by leveraging MOEBA-BIQ’s self-configuration
capabilities, and (2) to evaluate the resulting specialized algorithm within a rel-
evant biological context, specifically the detection of co-expressed gene groups.

11.1 Methods

To auto-construct a new biclustering algorithm tailored to gene co-expression
analysis, the MOEBA-BIO framework was extended with a novel global objective
function named Regulatory Coherence. This function evaluates the biological
plausibility of the inferred biclusters in terms of their consistency with the un-
derlying gene regulatory network (GRN) structure.

257
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Figure 11.1: The extended framework of MOEBA-BIO outlines its main phases and con-
tributions. It starts with the input of the data matrix and the specification of the type
of each column (1). Based on the selected encoding strategy (in this case, COMPLETE),
MOEBA-BIO initializes the population for the evolutionary algorithm. The execution then
proceeds through an iterative process until the stopping condition, defined as reaching
a maximum number of evaluations, is met. Each individual is translated into an in-
termediate representation common to all encodings (2), enhancing interpretability and
facilitating evaluation. Individuals are assessed according to the selected objective func-
tions, with normalized fitness scores ranging from 0 (best case) to 1 (worst case). These
scores are stored in the original individual, after which the standard evolutionary steps
(selection, crossover, and mutation) are applied (3), depending on the chosen algorithm
and the operators defined during parameter configuration.

Figure presents the updated MOEBA-BIO architecture for this specializa-
tion. The process begins with the input of a gene expression matrix and the
specification of each column’s data type. After initializing a population using
the COMPLETE representation, each individual is translated into an intermedi-
ate structure that decouples the evaluation logic from the representation logic.
Fitness values for each individual are computed using both general-purpose and
domain-specific objectives. The evolutionary algorithm then iteratively performs
selection, crossover, mutation, and replacement, guided by these fitness scores.
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In this chapter, the new Regulatory Coherence objective was added to this pro-
cess to guide the learning toward biologically coherent bicluster structures in the
context of gene regulation.

11.1.1 New objective: Regulatory coherence

This fitness function focuses on evaluating the regulatory coherence of biclusters
within the context of gene co-expression, a specific biomedical domain. Un-
like previous fitness functions that evaluate each bicluster (whether they have a
global perspective of the solution or not), Regulatory Coherence assigns a global
score to the complete solution without the need for summary strategies. This
function aims to demonstrate MOEBA-BIQ’s capability to design algorithms tai-
lored to specific biological domains, facilitating knowledge injection through the
global perspective complete representation and the direct equivalence between
individual and solution.

The foundation of this function is based on studies indicating that co-expressed
genes tend to be regulated by the same transcription factors [|317], and often,
due to the typical scale-free topology of gene regulatory networks [20]], they
belong to the same communities (see Figure [2.2). The function measures the
modularity of the partition into communities that emerge from the individual’s
biclusters on the gene regulatory network inferred by the GENIE3 tool [9]], based
on the provided input data.

The final score reflects the modularity of the solution, where a value close
to 0 indicates high coherence (genes well-grouped by their common regulators),
and a value close to 1 indicates low coherence. This allows for evaluating how
well the co-expressed genes in a bicluster are regulated by the same factors in
the inferred network, providing an accurate and biologically meaningful metric
to assess the biclustering solution in gene expression data.

The implementation of this fitness function is represented in the pseudocode
presented in Algorithm First, each gene is assigned to a bicluster, mapping
the genes within the groups formed by the biclusters (line 1 in Algorithm [18]).

Next, a cumulative variable called sum is initialized to store the result of the
regulatory coherence calculated between the genes within each bicluster (line
2 in Algorithm [18). Then, all pairs of genes present in the regulatory network
inferred by GENIE3 are iterated over (lines 3-7 in Algorithm .

Within this double loop, for each pair of genes g; and g, it is checked whether
both belong to the same bicluster (line 5 in Algorithm [18]). If they do so, the cu-
mulative sum is updated by adding the regulatory confidence value between the
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Algorithm 18 Regulatory Coherence fitness function.

Require: Set of all biclusters B, Gene regulatory network inferred by GENIE3 ¢
Ensure: Value of the fitness function score
rowBics < assignBiclusters(B, Q)
sum <= 0
: for each gi in G do
for each gj in G do
if rowBics|gi] = rowBics[gj] then

sum <— sum + G.conf(gi, gj)
G.outDegree(gi) xG.inDegree(gj)
G.totalW eight

sum $— sum —
end if
end for
end for
: modularity < sum/G .totalWeight
: return 1 — (modularity + 1) /2

RN RN

== =
N = O

two genes in the network (line 6 in Algorithm and subtracting an adjusted
term based on the out-degrees and in-degrees of both genes, normalized by the
total weight of the network (line 7 in Algorithm [18).

After processing all gene pairs, the modularity value is calculated by dividing
the cumulative sum by the total weight of the regulatory network (line 8 in
Algorithm [18)). The final score is normalized to a range between 0 and 1 using a
linear transformation (line 9 in Algorithm[18)), where a value close to 0 indicates
high coherence, while a value close to 1 indicates low regulatory coherence.
Since this fitness function does not require a summary strategy, it is directly
oriented towards minimization.

11.2 Experimentation

The experimentation in this study is divided into five main phases.

The first phase of the experimentation focuses on using the self-configurator
of MOEBA-BIO framework on a dataset specific to the biomedical domain. To this
end, the simulated data generated by the FABIA package, as described in Section

4.2.1], are used.

The self-configurator has considered all possible values for both first-level
and second-level parameters. For both wrapper genetic algorithms, a population
size of 50 individuals has been set, with 1500 evaluations for the outer loop and
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2000 for the inner loop, as the latter has a larger search space. These values are
based on those tested in the reference meta-optimizer [[300], which have also
proven to be sufficient for the convergence of both algorithms. Additionally, the
number of MOEBA-BIO evaluations has been reduced to 25,000, a quantity that
demonstrated the ability to capture the most significant progress of the popula-
tions in the first phase of experimentation. Furthermore, clustering error [314]]
has been chosen as the supervised metric, and the hypervolume value, changed
to a negative sign with unitary reference, has been chosen as the unsupervised
metric.

The second phase tests the effectiveness of the self-configurator. To achieve
this, the winning configuration from the previous phase is compared with other
candidates from both the supervised and unsupervised phases. This process al-
lows for verifying whether the clustering error metric has been minimized while
simultaneously improving the hypervolume value. Each configuration is exe-
cuted five times with 150,000 evaluations, allowing for a more robust compari-
son and justifying the decision to avoid repetition in the self-configuration pro-
cess, thereby prioritizing computational feasibility without damaging the quality
of the solutions.

The third phase, once the best configuration of MOEBA-BIO has been identi-
fied for the simulated benchmark that represents the gene co-expression context,
evaluates the developed evolutionary algorithm against other proposals through
a technical validation. For this comparison, widely used algorithms of various
types have been selected from the literature [318] (see section [3.2.1)). Specif-
ically, CCA [101]], OPSM []120], xMOTIFs [12], ISA [[13]], LAS [125], Bimax
[[124], BiBit [14], Plaid [113]], and Spectral [[118] have been selected. For their
execution, the biclustlib Python library [123]] was used, providing them with the
data matrices previously generated by the FABIA package [209] in R.

It should be emphasized that the CCA, Bimax, Plaid, xMOTIFs, and LAS algo-
rithms require identifying the number of biclusters beforehand. This gives them
a comparative advantage over MOEBA-BIO, where this information is unknown
and part of the algorithm’s learning process. To make the comparison fairer, the
exact number was not provided; instead, an approximate value was calculated
as 10% of the average between the number of rows and columns.

In the dataset generated by FABIA, this means the approximate number of
biclusters is slightly higher than the actual number. This allows these algorithms
the possibility of identifying all biclusters from the gold standard, while also
testing their ability to avoid grouping unrelated genes in expression patterns
when the researcher lacks an accurate estimate of the number of biclusters, a
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situation also evaluated in MOEBA-BIO and, therefore, important for validating
these algorithms.

In addition to the clustering error [314], supervised individual level precision
metrics such as Recovery, Relevance [315] and Ayadi’s score [316] are used.
These metrics do not consider redundancies and select the best-inferred bicluster
for each reference bicluster in the gold standard. This approach eliminates the
penalty for redundancy to demonstrate that the quality of this proposal is not
due, in any case, to poor guidance from algorithms requiring knowledge of the
number of biclusters beforehand. If MOEBA-BIO achieves better results in these
metrics, it would highlight its ability to manage redundancy effectively when the
number of biclusters is unknown. It also means that found biclusters surpass the
best match achieved by the algorithms that fail to identify the correct number of
biclusters.

After execution, for each state-of-the-art algorithm result, the metric value is
calculated directly, while for MOEBA-BIO, the results from the previous phase are
used to select the best solution and the overall median of the distribution from
the 5 runs.

Additionally, to achieve a more comprehensive technical comparison, the ex-
ecution times of each algorithm are measured. This aims to assess the com-
putational performance of each proposal by analyzing both the accuracy of the
obtained results and the time required to achieve them.

The fourth phase extends the validation process of this proposal to a more
biological level by utilizing real-world gene expression data. Specifically, the
benchmark dataset described in[4.2.2)is used, which gathers 17 time-series gene
expression matrices from several sources. Since these data are unlabeled, they
do not have a gold standard for conducting a technical comparison as in the
previous experimental phase. Instead, a biological validation is performed based
on the functional enrichment analysis of the biclusters.

For this phase, the Python library biclustlibﬂ an extension of the homony-
mous project introduced in [[123]] (used in the previous phase), is employed. This
version has been enriched with the functionalities of the well-known GOATOOLS
library [[319]. This software enables the integration of the same methodologies
previously considered (CCA [101]], OPSM [120], xMOTIFs [[12]], ISA [13], LAS
[125]], Bimax [124], BiBit [14], Plaid [[113], and Spectral [118]), as well as
the use of the mentioned datasef’] to assess the biological relevance of the bi-

!Available on PyPI: https://pypi.org/project/biclustlib/
2Datasets available at: https://github.com/nikitasigal/biclustlib/tree/main/src/
biclustlib/benchmark/data/jaskowiak


https://pypi.org/project/biclustlib/
https://github.com/nikitasigal/biclustlib/tree/main/src/biclustlib/benchmark/data/jaskowiak
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clusters obtained by each approach through functional enrichment analysis with
GOATOOLS.

The functional enrichment analysis is based on identifying Gene Ontology
(GO) [320] terms that are significantly represented among the genes grouped
within each bicluster. To achieve this, an over-representation test is applied,
comparing the proportion of genes annotated with a GO term within a bicluster
to the expected proportion in the reference population. Specifically, a Fisher’s
exact test [321]] is used, with significance values corrected using the Benjamini-
Hochberg procedure to control the false discovery rate (FDR) [322].

For each evaluated algorithm, the proportion of enriched biclusters is mea-
sured at different significance levels (o € {0.05,0.005,0.00001}). A bicluster is
considered enriched if at least one of its associated GO terms has a corrected p-
value below «. The higher this proportion for a given methodology, the stronger
the evidence that the inferred biclusters capture functionally coherent group-
ings of genes, reflecting biologically relevant relationships in the gene expression
data.

Once the proportions of enriched biclusters have been obtained for each
methodology, dataset, and significance level, a Friedman statistical ranking is
conducted along with non-parametric Holm tests [313]] for each « value. This
analysis allows verifying whether the biological relevance of the biclusters in-
ferred by MOEBA-BIO is statistically superior to that of the other methodologies.

The fifth phase involves analyzing how the size of the input matrix affects
the execution time of the algorithm constructed in the previous phases. For this
purpose, multiple synthetic datasets with 100 columns were generated, progres-
sively increasing the number of rows from 100 to 5000 in steps of 100. Since this
dimension does not involve overlap and tends toward full coverage by the algo-
rithm, it enables an accurate assessment of the scalability of the approach, al-
lowing observation of whether the growth in execution time is linear, quadratic,
or follows another pattern, and identification of potential bottlenecks resulting
from increased data size.

It should be emphasized that the generated data are completely random, with
no internal structure or presence of biclusters. As a result, the outcomes of the
algorithm in this phase have no analytical or interpretative value; the purpose of
the experiment is strictly limited to the analysis of computational cost. To ensure
representative results, the algorithm was executed five times on each matrix, and
the median execution time was subsequently calculated.
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Figure 11.2: Tracking the execution of the autoconfigurator for gene co-expression data.
The evolution of the outer loop (supervised phase) is shown on the left and the inner
loop (unsupervised phase) on the right.

11.3 Results and discussion

To facilitate the understanding of this document, the results of each phase of
the experimentation are presented in the same order as detailed in the previous
section.

11.3.1 Autoconfiguration

The first phase of experimentation in this study focuses on the execution of the
self-configurator on a dataset specific to the domain of gene expression. The
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run on a machine with 64 cores and 700GB of RAM took approximately 6 days
and 14 hours. Although it takes a considerable amount of time, it is considered
a valuable investment in exchange for identifying the subset of objectives and
parameter values that best explain the biological domain of application.

Figure provides information about the evolution of the external popu-
lation of the self-configurator and the internal population of the winning super-
vised configuration. First, regarding the supervised phase, Figure shows
the evolution of the clustering error metric as different sets of objectives and
their subparameters are evaluated. The convergence of this curve indicates that
the outer wrapper algorithm has reached a sufficient number of evaluations. Ad-
ditionally, for this same phase, Figure shows the evolution of the objectives
as a global count of their presence in the individuals of each generation. Two
observations can be extracted from this graph: the convergence of the clustering
error metric aligns perfectly with the clarification of the self-determined objec-
tives, and the combined use of the Adaptive bSIZE, bVAR, rVAR, and Regulatory
Coherence functions manage to maximize the precision of the solutions.

The appearance of the rVAR objective and the exclusion of bDIFF makes sense
given the type of pattern typically observed in co-expression data. In the con-
text of gene co-expression, it is common for co-expressed genes to maintain a
constant relationship across experimental conditions, but with different levels of
activation. This implies that the bicluster’s rows may be at different levels, but
maintain a consistent proportion across the columns of the bicluster. This char-
acteristic makes the maximization of rVAR particularly suitable for this domain,
while bDIFF, which favors rows with similar cell values, does not fit as well in
this case.

Secondly, on the right side of Figure information about the unsuper-
vised phase is shown, specifically the evolution of individuals in the internal
population of the self-configurator corresponding to the winning individual from
the supervised phase. In Figure the evolution of the signed change in
the normalized hypervolume value with unitary reference is plotted, as different
algorithms, parameters, and unsupervised subparameters are evaluated. Once
again, the convergence of this curve ensures a sufficient number of evaluations
in the internal wrapper algorithm of the self-configurator. Finally, from all the
self-configured parameters, Figure depicts the evolution of the different
candidate algorithms within the population. Of course, although two combina-
tions may choose the same algorithm, they can have completely different sub-
parameter values, influencing their performance. In other words, as with Figure
for the supervised phase, Figure provides a simplified explanation
of what occurred during the unsupervised phase. The analysis of Figure
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Figure 11.3: Parallel coordinate plot for the front obtained by MOEBA-BIO using complete
representation and the best configuration found by the autoconfigurator for the first
instance of the gene expression data simulator.

shows that the self-configurator converges decisively on the IBEA algorithm.

Finally, the winning configuration consists of the following fitness functions:
BiclusterVarianceNorm (objectives summarized using the mean), RowVarian-
ceNormComp (also summarized with the mean), BiclusterSizeNumBicsNorm-
Comp (coherence weight: 0.0802, objective summary: mean, row weight: 0.8746),
and RegulatoryCoherenceNormComp. As for unsupervised parameters, a crossover
probability of 63.79%, a mutation probability of 0.0287%, a population size
of 100, and the IBEA-SingleThread algorithm (which has no subparameters)
were determined. Regarding the operators, the only ones implemented so far
were selected. For the crossover operator, PartiallyMappedCrossover, BicUni-
formCrossover, and CellUniformCrossover were used, while for the mutation
operator, SwapMutation, BicUniformMutation and CellUniformMutation were
selected.

In addition to the evolution of the internal and external wrapper populations,
the self-configurator provides the results from the runs obtained by evaluating
the winning solution vectors. That is, the execution for each instance of the win-
ning configuration. This allows to represent in Figure the parallel coordi-
nates of the approximate Pareto front obtained by the self-configured MOEBA-BIO
in the first data matrix generated by the FABIA R package. The aim is to highlight
the trade-offs between the different self-determined objectives and discard any
possible redundancy during the optimization process.
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Table 11.1: Median of each front’s medians and maximum of each front’s maxima for
the clustering error complementary metric after running with 5 replicates of the winning
configuration and three other candidates on the gene expression dataset generated by
FABIA.

. . Instance 1 Instance 2 Instance 3 Instance 4
Configuration - - - -
Median Max | Median Max | Median Max | Median Max
Winner 0.0136 0.0268 | 0.0164 0.0262 | 0.0094 0.0174 | 0.0136 0.0220

Winner - No Reg. Coherence | 0.0099 0.0238 | 0.0146 0.0235 | 0.0089 0.0200 | 0.0097 0.0176
Winner - No Row Variance | 0.0134 0.0237 | 0.0192 0.0257 | 0.0106 0.0194 | 0.0130 0.0204
Winner - Dist Between Bics | 0.0130 0.0254 | 0.0182 0.0241 | 0.0118 0.0178 | 0.0135 0.0218

Table 11.2: Hypervolume values for different candidates of the unsupervised phase and
the winning configuration. In particular, the median of 5 independent runs on the FABIA
simulated dataset is presented.

. . Parameters Hypervolume
Configuration . . - — . —
Algorithm | Population Size | Crossover Probability | Mutation Probability | Instance 1 | Instance 2 | Instance 3 | Instance 4
winner IBEA 100 0.64 2.87e-04 0.1058 0.0863 0.1378 0.0845
candidate-1 NSGAIIL 100 0.64 2.87e-04 0.0924 0.0564 0.0826 0.0809
candidate-2 NSGAIL 500 0.90 0.10 0.0676 0.0447 0.0649 0.0573
candidate-3 SPEA2 300 0.75 0.05 0.0699 0.0503 0.0705 0.0700
candidate-4 MOSA 400 0.60 0.25 0.0483 0.0394 0.0466 0.0457

11.3.2 Candidates comparison: autoconfigurator validation

In the second phase of experimentation, the effectiveness of the self-configurator
was evaluated by comparing the winning configuration with other additional
candidate configurations.

First, the winning configuration is compared with other candidate configura-
tions from the supervised phase by measuring the clustering error complemen-
tary metric for each of them. These configurations exclude various key objective
functions and introduce others initially discarded by the self-configurator. The
results, presented in Table show the median of the medians and the maxi-
mum of the maximums from each front for the complementary clustering error
metric across the four instances of the gene expression dataset.

Overall, the winning configuration outperforms the candidates in most in-
stances, achieving the best medians in instances 1 and 4, and the best maximum
values in instances 1, 2, and 4. This indicates that including all self-determined
objective functions (including regulatory coherence and row variance) is crucial
for ensuring high performance in minimizing the complementary clustering er-
ror. Meanwhile, introducing other objectives discarded by the self-configurator
also seems to reflect a decline in result accuracy.

Second, the winning configuration is compared with other candidates from
the unsupervised phase. To do this, the hypervolume value is measured with
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respect to the reference front, constructed as the set of non-dominated solutions
from all executions, which differs from the reference point used during the self-
configurator.

Among the candidates, one configuration results from modifying the winning
one solely by replacing the IBEA algorithm with the extended NSGA-III. Another
configuration features a larger population size and higher operator probabilities
using NSGA-II. Additionally, an intermediate configuration is evaluated with the
SPEA2 algorithm, and a final configuration is tested with a crossover probability
similar to the winning one but with a higher mutation rate using MOSA.

Table presents the median of these values for each candidate, clearly
demonstrating the dominance of the winning configuration over the others.

Finally, the analysis of these results using 5 independent runs for each in-
stance further justifies the decision to discard such repetitions in the self-configuration
process, prioritizing computational feasibility without compromising the quality
of the self-configuration.

11.3.3 Algorithmic comparison

The third phase of experimentation is oriented to compare the results of the
self-configured MOEBA-BIO from the previous phase with various state-of-the-art
techniques. Figure [11.4] shows the results obtained by the different techniques
for the supervised metrics: Clustering Error [314], Recovery [315]], Relevance
[315], and Ayadi’s Score [[316]. As discussed in the experimentation section,
clustering error is the most suitable and comprehensive metric to validate this
proposal’s contributions. However, two additional individual metrics have been
implemented to demonstrate that the performance in terms of clustering error is
not due to the specification of an inappropriate number of biclusters in specific
state-of-the-art techniques that require this parameter.

As shown in Figure both the best solution of MOEBA-BI0 and the median
of the medians of the five fronts generated for each instance are located at the
top in all metrics, particularly excelling in Clustering Error, the primary metric
of this study.

A key point is that the median of the medians, despite outperforming most
state-of-the-art techniques, represents a random selection within the approxi-
mate Pareto front generated by the algorithm. This should not occur in an ideal
context, as selecting the most appropriate solution within the front is a task for
the domain expert, who, with a better understanding of the search space, can
make more informed decisions than a random choice.



CHAPTER 11. MOEBA-BIO-COEXP 269

Comparative Analysis of Supervised Metrics
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Figure 11.4: Comparison of the self-generated MOEBA-BIO algorithm for the gene co-
expression domain concerning different recognised state-of-the-art techniques. For
each instance, the values of the supervised metrics: Clustering Error, ScoreAyadi and
ScoreEren (recovery and relevance) are compared.

According to a Friedman statistical rank, the best solution of MOEBA-BIO leads
the ranking in all metrics, followed in all cases by its median. It is worth men-
tioning that in the ScoreAyadi metric, the median of MOEBA-BIO shares second
place with a value of 2.75, alongside the OPSM technique, which does not show
outstanding performance in any of the other metrics. OPSM is well-suited to
the ScoreAyadi metric, which is why, in some instances, it achieves better values
than the median of MOEBA-BIO, thus affirming the validity of the No Free Lunch
theorem in this context.

Finally, Figure presents the execution times required for each instance
using each methodology on the same machine with eight cores and 64 GB of
RAM. In the case of MOEBA-BIO, an additional, particularly costly internal step has
been timed separately to assess its impact on the total execution time and provide
a more detailed performance comparison of the algorithm. This step corresponds
to the initial inference of the GRN required for the regulatory coherence objective,
performed by GENIE3 [9] (gray fragment).

Although the execution times for MOEBA-BIO are higher than those of other
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Comparison of algorithms execution times by problem
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Figure 11.5: Comparison of the time required by each methodology for each instance
of the synthetic dataset generated by the FABIA R package. The time required by
MOEBA-BIO is divided into two fragments, detailing the time required for the initial GRN
inference performed by GENIE3 for the regulatory coherence objective.

methodologies, three aspects should be considered: (1) a significant portion of
the execution time is due to the GRN inference using GENIE3, a component
that users can replace with a lighter technique if preferred; (2) previous results
demonstrate that our algorithm achieves higher accuracy in identifying relevant
biclusters; and (3) unlike the other compared methodologies, MOEBA-BIO incor-
porates the self-determination of the number of biclusters, which introduces ad-
ditional computational complexity.

11.3.4 Functional enrichment comparison

The fourth phase compares the results obtained by different biclustering method-
ologies on real gene expression datasets by measuring the proportion of signifi-

cantly enriched biclusters under various significance thresholds. This proportion

ranges from O to 1, reaching its maximum value when all inferred biclusters

exceed the significance threshold and its minimum when none do.

Figure[11.6|presents these proportions for « values of 0.05, 0.005, and 0.00001.
As observed, both the best solution of MOEBA-BIO and the median of the front
achieve relatively high proportions, surpassing a significant number of state-of-
the-art methodologies.

However, to provide greater statistical rigor to this comparison, Tables
|11.4] and [11.5| present the results of applying the Friedman statistical ranking
with non-parametric Holm tests for « values of 0.05, 0.005, and 0.00001, respec-
tively. These tables show that, although its dominance does not reach absolute
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Figure 11.6: Comparison of the proportion of enriched biclusters obtained by each
methodology on the real-world gene expression dataset, evaluated under different sig-
nificance thresholds (« € {0.05,0.005,0.00001}). Higher proportions indicate a stronger
functional coherence among the genes within the detected biclusters. The values ob-
tained for the best solution of the MOEBA-BIO Pareto front plot a colored area that allows
visualizing the dominance of the proposal.

Table 11.3: Friedman mean rank with Holm’s adjusted p values (0.05) for the ratio of
enriched biclusters with alpha = 0.05.

Enriched biclusters ratio (alpha = 0.05)
Technique Friedman’s{Rank} | Holm's{Adj — p}
Max MOEBA-BIO 3.03 -

Median MOEBA-BIO 3.29 1.17
Bimax 3.65 1.17
BiBit 4.41 0.85
Spectral 4.56 0.85
OPSM 4.59 0.85

Plaid 6.29 2.46e-02

LAS 7.56 4.79%e-04

CCA 8.65 6.31e-06

ISA 9.68 4.61e-08

xMotifs 10.29 1.70e-09

statistical significance overall proposals, the best solution of MOEBA-BIO consis-
tently ranks first across all « thresholds. Additionally, the median of the front
achieves promising positions, frequently appearing on the ranking podium.

Finally, highlight that functional enrichment analysis, widely used to validate
the quality of biclustering algorithms on unlabeled expression data, does not
consider the bi-dimensionality of the results. That is, while this approach vali-
dates the coexistence of certain genes within biclusters, it does not consider the
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Table 11.4: Friedman mean rank with Holm’s adjusted p values (0.05) for the ratio of
enriched biclusters with alpha = 0.005.

Enriched biclusters ratio (alpha = 0.005)
Technique Friedman's{Rank} | Holm's{Adj — p}
Max MOEBA-BIO 2.82 -

Bimax 3.47 0.79
Median MOEBA-BIO 3.79 0.79
BiBit 4.41 0.67
OPSM 4.47 0.67
Spectral 4.53 0.67

Plaid 6.00 3.14e-02

LAS 7.94 4.79e-05

CCA 8.65 2.46e-06

ISA 9.68 1.53e-08

xMotifs 10.24 7.25e-10

Table 11.5: Friedman mean rank with Holm’s adjusted p values (0.05) for the ratio of
enriched biclusters with alpha = 0.00001.

Enriched biclusters ratio (alpha = 0.00001)
Technique Friedman's{Rank} | Holm's{Adj — p}
Max MOEBA-BIO 2.76 -

OPSM 3.53 0.88
Bimax 3.65 0.88
Median MOEBA-BIO 4.32 0.51
BiBit 4.59 0.44
Spectral 5.32 0.12

Plaid 5.65 6.77e-02

LAS 7.74 8.72e-05

CCA 8.56 2.81e-06

ISA 9.68 1.11e-08

xMotifs 10.21 6.10e-10

conditions under which they have been grouped. Therefore, the previous ex-
perimental phase with simulated data is essential, as it provides a more precise
validation through metrics that consider both bicluster dimensions and evaluate
MOEBA-BIO’s ability to self-determine the number of biclusters.
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Figure 11.7: Median and range of execution times (in seconds) according to input ma-
trix size (number of rows). The plot differentiates between the total execution time of
the biclustering process and the inference time required by GENIE3 to instantiate the
Regulatory coherence objective.

11.3.5 Scalability study

The fifth phase of the experimentation involved a total of 250 executions of the
self-constructed algorithm for the gene co-expression domain. The analysis of
execution times enabled the generation of the plot shown in Figure which
illustrates the evolution of total execution time and the time required by GENIE3
at the beginning of the Regulatory Coherence objective instantiation, as a function
of the number of input rows.

The results show that both the total execution time and the time specifically
required by the inference technique exhibit exponential growth as the matrix
size increases. As observed, the time required by GENIE3 represents a significant
portion of the total execution time. Consequently, the inference technique can
be considered a relevant factor in terms of scalability.

This behavior suggests that, in scenarios where execution time is a priority,
a viable alternative would be to replace the current inference technique with a
more efficient one or one better suited to the scale of the available data. This
is feasible thanks to the modularity of the constructed framework, which not
only allows the configuration of algorithms tailored to the application domain,
but also provides the flexibility to adapt the process according to computational
constraints and the size of the input data.

Regarding the algorithm’s asymptotic time complexity (Big-O), an implementation-
informed approximation is provided below:
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* Preprocessing (once): infer the regulatory network from the gene-expression
matrix with GENIE3 (Chase).

* Evolutionary optimization (over E evaluations): in each evaluation, objec-
tives decompose into:

— Global (whole individual): Regulatory coherence on the precomputed
network: nested scan of node pairs = O(n?).

— Per bicluster b=1, ..., B:
+ Row variance: two passes over entries = O(7 ¢p).
« Bicluster variance: mean + squared deviations = O(r, ;).
» Adaptive bicluster size: size-based term =- O(1) per bicluster.
Summing the per-evaluation costs:

O(n*) + > (0(ra) + O(ryc) + O(1)).

b=1

e Qverall:

B
C'base + C'MOEBA—BIO—CoExp ~ Cbase + O<E ’ <n2 + Zrb Cb)) .
b=1

* Symbols: n = number of genes (rows of the expression matrix); s = num-
ber of samples (columns); B = number of biclusters in an individual; 74, ¢,
= rows/columns of bicluster b; P = population size; 7" = number of gen-
erations; E~T - P; Cpase = one-off cost of GENIE3 (or the chosen inference
pipeline).
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Chapter 12

Conclusions

This chapter presents the final conclusions of the thesis, structured around the
two main lines of work developed: the consensus inference of gene regulatory
networks and biclustering in biomedical contexts. Both have contributed, from
complementary approaches, to validating the central hypothesis of this thesis.

12.1 Gene regulatory networks consensus inference

Throughout this thesis, the problem of consensus inference of gene regulatory
networks has been progressively addressed, through the development of a se-
ries of proposals that incrementally overcome the limitations of traditional ap-
proaches.

GENECI, the initial proposal presented in Chapter |5} laid the foundation for
an evolutionary framework to combine multiple inference techniques through an
optimized weighted voting system. Unlike previous strategies that required la-
beled data or direct supervision using gold standards, GENECI avoids any depen-
dence on prior knowledge of the underlying network, evaluating the consensus
networks based on internal properties such as the quality of inferred links and
the emerging topology.

Its evaluation on standard academic benchmarks (DREAM3, DREAM4, DREAMS5,
and IRMA) demonstrated a remarkable generalization capability, delivering highly
competitive results in all cases and frequently outperforming individual tech-
niques in both AUROC and AUPR. Its performance was particularly notable in
medium- and large-scale networks, where the consensus approach succeeded in
leveraging the strengths of each technique without inheriting their weaknesses.

277
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Furthermore, its applicability to clinical data was demonstrated through the
analysis of gene expression in melanoma patients, where the prioritized inter-
actions showed strong bibliographic support.

Stability analyses revealed a high consistency in the solutions obtained across
independent runs, reinforcing the reliability of the approach despite its stochas-
tic nature. Additionally, the analysis of the weights assigned by the algorithm
to each technique revealed an intelligent adaptation to the context of the prob-
lem: consistent patterns were observed in assigning greater weight to techniques
whose predictions were supported by others, while those with relatively poor
performance were systematically penalized, without introducing noise into the
final consensus. This ability to self-regulate without external supervision posi-
tions GENECI as a solid starting point for the further development of more com-
plex approaches.

Building on this foundation, Memetic Inference, presented in Chapter [6] in-
troduced for the first time the active integration of expert knowledge into the
inference of regulatory networks through a guided local search phase. This
memetic extension enabled the selective incorporation of known gene interac-
tions during the evolutionary process, steering the optimization towards more
accurate solutions. Despite using only 5% of the gold standard as reference,
the results showed significant and statistically validated improvements over its
predecessor, even in extensively studied networks from the DREAM benchmark.

Sensitivity analysis revealed that configurations with higher local search fre-
quency and full inclusion of known interactions achieved the best performance.
However, it also highlighted the need for a balanced use of this information to
avoid biases or overfitting. In this regard, the proposal demonstrated remark-
able robustness against poorly distributed knowledge samples, minimizing the
impact of unfavorable cases without compromising convergence.

The benefits were particularly evident in larger networks, where the local
search phase was able to reinforce valid patterns and correct deviations in the
consensus when individual techniques produced divergent predictions. This abil-
ity to leverage partial knowledge and redirect the evolution of solutions without
relying on direct supervision positions Memetic Inference as a versatile and
adaptable tool with high potential for application in real clinical scenarios, where
expert knowledge is often limited but highly valuable.

Subsequently, MO-GENECI, presented in Chapter |7, took a decisive step for-
ward by overcoming one of the main limitations of its predecessors: the need
to combine multiple criteria into a single aggregated function. To address this,
it adopted a multi-objective evolutionary approach, enabling the simultaneous
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optimization of several key properties of gene regulatory networks, such as tech-
nique coherence, topological structure, and the presence of regulatory motifs.
Each of these objectives underwent an independent design and refinement pro-
cess: several functional versions were proposed for each, and the most suitable
was selected through rigorous statistical comparisons (Friedman and Wilcoxon
tests) on a large set of simulated networks, assessing their ability to approximate
reference networks.

The algorithm, based on the NSGA-II framework, incorporated evolutionary
operators tailored to the problem, such as a simplex crossover that preserves
feasibility and a guided mutation with intensity control. Its parameters were
tuned by identifying the optimal configuration through multiple independent
runs and six quality metrics of the Pareto front. The effectiveness of the proposal
was evaluated on an extensive benchmark of 106 networks, ranging in size from
10 to over 2,000 genes, demonstrating statistically significant superiority over
26 individual inference techniques across all considered size ranges.

Furthermore, to validate its clinical applicability, the same real gene expres-
sion dataset from melanoma patients used in GENECI was reused. Thanks to its
methodological enhancements and multi-objective integration, MO-GENECI was
not only able to rediscover the most relevant interactions previously identified,
but also uncovered new high-confidence interactions that were subsequently
supported by biomedical publications.

PBEvoGen, presented in Chapter (8] introduced a new perspective in the con-
sensus inference of gene regulatory networks by incorporating, for the first time
in this context, a preference-based selection mechanism. This mechanism allows
domain experts to guide the algorithm’s evolution toward regions of the objec-
tive space with high biological interest through the definition of reference points.
This proposal grants the expert an active role in the evolutionary search without
requiring changes to the general architecture of the algorithm or the objectives
being optimized.

First, the proposal demonstrated that the use of well-positioned preference
points significantly improves the accuracy of the inferred networks, even outper-
forming MO-GENECI, which had already shown superiority over 26 state-of-the-art
techniques. Second, spatial analyses confirmed that the solutions generated by
PBEvoGen not only concentrate around the reference point but also inherit its
biological relevance, providing evidence that experts can anticipate areas of in-
terest based on topological properties or prior literature. Finally, in large-scale
networks, it was observed that the new mechanism enables optimization lev-
els equivalent to those of MO-GENECI with only half the number of evaluations,
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substantially reducing computational cost without compromising result quality.

Finally, BIO-INSIGHT, detailed in Chapter [9] represents the most recent and
comprehensive proposal of this thesis in the field of consensus inference of gene
regulatory networks. Its development has addressed a broad and ambitious set
of research questions, consolidating an evolutionary strategy that surpasses pre-
vious approaches in accuracy thanks to its extensive analytical framework, which
incorporates a richer and more biologically coherent perspective.

First, BIO-INSIGHT has shown that networks inferred by different high-precision
techniques exhibit substantial discrepancies, reinforcing the need for consensus
strategies. Through a novel and extensive objective space composed of biolog-
ically grounded trade-offs, it has been demonstrated that it is possible to guide
inference toward more robust and interpretable solutions, whose structure and
topology align with known patterns of biological networks.

At the algorithmic level, it has been confirmed that the proposed strategy does
not simply replicate the learning already performed by individual techniques, but
rather provides complementary knowledge, thereby reinforcing the holistic and
innovative nature of the approach. Moreover, the ablation study confirms that
the joint optimization of the proposed objectives yields networks of higher qual-
ity than those obtained by optimizing each aspect independently, thus justifying
the multifaceted design of the model.

Finally, the applicability of BIO-INSIGHT has been validated in a real clinical
context through its application to gene expression data from patients with fi-
bromyalgia, myalgic encephalomyelitis, and co-diagnosis. In this setting, the tool
was able to detect pathology-specific differential interactions, some of which are
supported by scientific literature or experimental evidence. These findings not
only reinforce the robustness of the proposal but also demonstrate its utility as a
support tool for understanding complex diseases without validated biomarkers,
paving the way for future biomedical applications with clinical impact.

BIO-INSIGHT thus represents the culmination of this line of research: a ma-
ture, flexible, and clinically interpretable proposal that integrates previous ad-
vances and establishes new foundations for consensus inference of regulatory
networks in real-world and complex scenarios.

12.2 Biclustering for biomedical domains

In addition to the main line of this thesis focused on the consensus inference
of gene regulatory networks, a complementary research direction has been ex-
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plored, oriented toward biclustering in biomedical contexts with the aim of ex-
trapolating and reusing part of the previously developed knowledge. In this con-
text, MOEBA-BIO was presented in Chapter a flexible evolutionary frame-
work that introduces a global representation in which each individual encodes a
complete solution to the problem, enabling the joint evaluation of all proposed
biclusters and thus overcoming the typical fragmentation of traditional repre-
sentations. This representation has enabled the introduction of novel evaluation
objectives in the literature, capable of leveraging relationships between biclus-
ters and assessing global properties of the solution, such as differentiation and
structural coherence. Among its main contributions is also the ability to self-
determine the number of biclusters, eliminating the need to set this parameter
externally or apply subjective postprocessing procedures.

In an initial validation phase, MOEBA-BIO outperformed traditional evolution-
ary architectures with partial encodings in generic scenarios through the use of
general-purpose objective functions. Both the adaptive size function and the
bicluster differentiation function showed significant improvements in solution
quality. Furthermore, statistical analyses confirmed that the combination of these
new objectives yields solutions that are more coherent and better aligned with
the latent structure of the data than when used individually.

Beyond this general context, the self-configurator proposed in MOEBA-BIO has
also demonstrated its adaptability to specific problems in the biomedical field,
such as the detection of co-expressed gene groups. For this purpose, MOEBA-
BIO-CoExp was presented in Chapter [11], a self-constructed specialization of the
framework configured through an evolutionary process guided by supervised
metrics. This specialized version integrates a new global objective based on
regulatory coherence, which measures the modularity of the biclusters over a
gene regulatory network inferred from the expression data itself. Thanks to this
integration, the algorithm has demonstrated its ability to generate biclusters with
high functional coherence, aligned with the regulators shared by the genes they
comprise.

The advantages of this approach have been validated on both simulated and
real data, enabling not only an improvement in the technical quality of the re-
sults but also a richer biological interpretation. The framework’s ability to self-
configure, determine the number of biclusters, and specialize according to the
domain opens up new possibilities for the application of evolutionary biclus-
tering to complex problems in the biomedical field, overcoming the limitations
of previous approaches and providing more realistic, explainable, and context-
aware solutions.
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Chapter 13

Future works

Based on the results obtained and the methodologies developed throughout this
thesis, multiple future research directions emerge aimed at consolidating and
expanding their applicability. In particular, clear opportunities for advancement
have been identified both in the consensus inference of gene regulatory networks
and in biclustering adapted to biomedical domains, each with specific challenges
and possibilities that are outlined below.

13.1 Gene regulatory network consensus inference

The research conducted throughout this thesis on the consensus inference of
gene regulatory networks has laid the groundwork for a range of future devel-
opments. The proposed methodologies can be expanded and refined to further
enhance their flexibility, adaptability to diverse data types, and usefulness in real-
world biological contexts. The following research lines are proposed as potential
extensions:

* Design of new codifications for individuals: Explore richer and more
expressive representations that allow for selective weighting, conditional
exclusions, or partial groupings of interactions, enabling a more flexible
and contextual integration of the knowledge provided by individual infer-
ence techniques.

* Preprocessing based on structural clustering of networks: Introduce
a hybrid optimization strategy that alternates between global and local
search phases, leveraging network clustering to identify conflict regions
and direct computational resources toward resolving inconsistencies among
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techniques.

* Supervised autoconfigurator guided by AUROC and AUPR: Develop a
parameter self-tuning mechanism driven by gold-standard metrics, capable
of discarding irrelevant objectives or learning reference points depending
on the structural properties of the network to be inferred.

* Dynamic extension of PBEvoGen: Implement interactive preference-based
selection mechanisms that allow experts to modify their guidance during
execution, enabling progressive feedback without restarting the optimiza-
tion process.

* Machine learning assistance for Pareto front selection: Train predictive
models using simulated networks to identify which regions of the Pareto
front are most likely to yield high-accuracy solutions based on AUROC and
AUPR. These models could then assist researchers in selecting promising
solutions for real-world datasets without gold standards.

* Explainable AI: Integrate XAl mechanisms that enable each inferred reg-
ulatory link to be traced back to the individual inference methods that
supported it. This would provide experts with transparent attributions, fa-
cilitating the biological validation of results and increasing confidence in
the consensus network. Beyond improving interpretability, such mecha-
nisms could also help to identify biases or recurring limitations in specific
inference techniques, offering valuable insights for refining both the con-
sensus strategy and the individual methods involved.

13.2 Biclustering for biomedical domains

The line of research on biclustering in this thesis has introduced a flexible and
extensible framework that enables the construction of algorithms adapted to dif-
ferent biological contexts. However, numerous opportunities remain to expand
the applicability and generality of the proposal. The following future directions
are envisioned:

* Application of the autoconfigurator to new domains: Leverage the MOEBA-BIO
self-configurator to design biclustering algorithms tailored to specific biomed-
ical problems, such as epigenomic profiling, drug response prediction, or
metabolomic pattern detection.

* Integration of objectives for heterogeneous data: Develop new fitness
functions capable of handling mixed-type data matrices, including numer-
ical, categorical, and ordinal attributes, paving the way for biclustering on
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real clinical cohorts with multimodal patient information.

* Alternative encodings with dual-dimension overlap: Explore represen-
tations that allow overlapping in both rows and columns, enhancing the
modeling of biologically complex patterns such as partial co-expression or
hierarchical regulation.
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Appendix A

Gene Regulatory Network
Consensus Inference User Guide

This appendix provides a practical user guide for the GENECI package, a Python-
based tool developed in the context of this thesis to facilitate gene regulatory
network inference through ensemble learning and evolutionary optimization.
The guide includes installation instructions, a step-by-step example of a typical
execution workflow, and an overview of the output files generated during the
process. It is intended to support researchers and practitioners in reproducing
the experiments or applying the tool to new gene expression datasets.

Prerequisites

* Python > 3.9

¢ Docker

Installation

pip install GENECI

Output

To execute GENECI, the run command is provided with the file containing the
expression levels of the genes that make up the network, the list of techniques to

311




312

EXAMPLE PROCEDURE

be agreed upon and the values of the different algorithm parameters in the event
of not wishing to use those established by default. If more than one proposed
objectives are used, the following files are obtained after execution:

FUN.csv: List with fitness values for each individual in the final population
for each of the objective functions.

VAR. csv: List of winning weight vectors, i.e., individuals from the last gen-
eration.

fitness_evolution.txt and fitness_evolution.html: In each genera-
tion, the most optimal value found for each objective function is recorded.
These values are stored in the text file and subsequently represented in
plots in HTML format.

parallel coordinates.html: File containing a graphical representation
of parallel coordinates. Each column refers to a specific objective function,
and each horizontal line represents an individual from the final popula-
tion. This plot is very useful to observe conflicts between different fitness
functions in a multi-objective evolutionary algorithm.

pareto_front.html: Pareto front represented in a 3D or 2D plot, where
each axis refers to a different fitness function.

Example procedure

Step 1: Obtain simulated expression data and their respective
gold standards

To do this, we have two options:

Extraction: Use the extract-data command to download expression data
from known challenges and benchmarks.

# Exzpression data
geneci extract-data expression-data \

--database DREAM4 \
—--output-dir input_data

# Gold standard
geneci extract-data gold-standard \

--database DREAM4 \
--output-dir input_data
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Simulation: Use the generate-data command to generate expression data
through the SysGenSIM simulator. In this case, data can be generated from
scratch by choosing a particular node size and distribution, or from real biologi-
cal networks stored in multiple databases. In both cases, the type of perturbation
to be simulated must be specified.

# From scratch

geneci generate-data generate-from-scratch \
--topology eipo-modular \
--network-size 20 \
--perturbation knockout \
--output-dir input_data

# From real network

geneci generate-data download-real-network \
--database BioGrid \
--id Oryza_sativa_Japonica \
--output-dir input_data

geneci generate-data generate-from-real-network \
—--real-list-of-links ../BioGrid_Oryza_sativa_Japonica.tsv \
--perturbation overexpression \
--output-dir input_data

Step 2: Inference and consensus of networks for the selected
expression data

To perform this task, you can make use of the run command or proceed to an
equivalent execution consisting of the infer-network and optimize-ensemble
commands. This can be very useful when you need to incorporate external trust

lists or run the evolutionary algorithm with different configurations on the same
files, without the need to infer them several times.

Form 1: Procedure prefixed by the command run.

Minimal example:

geneci run \
--expression-data ../dream4_100_01_exp.csv \
-—technique ARACNE --technique BC3NET \
--function Quality \
--algorithm GA
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Detailed example with full customization:

geneci run \
--expression-data ../dream4_100_01_exp.csv \
-—technique ARACNE --technique BC3NET \
--technique C3NET --technique GENIE3_RF \
--crossover-probability 0.9 \
—--num-parents 3 \
--mutation-probability 0.05 \
—--mutation-strength 0.1 \
--population-size 100 \
--num-evaluations 50000 \
--cut-off-criteria PercLinksWithBestConf \
--cut-off-value 0.4 \
--function Quality --function DegreeDistribution --function Motifs \
--algorithm NSGAII \
—--plot-results \
--output-dir inferred_networks

Optional enhancements:
* -time-series for dynamic objectives like Loyalty.

* -known-interactions, -memetic-distance-type, -memetic-probability
to enable local search during optimization (see Chapter [6).

* -reference-point to guide the multi-objective selection towards a specific
zone of the objective space. The format must be £1;f2;f3, where each
value represents the target score for each objective (see Chapter [8]).

* -compare-performance to compare the performance of the current run
with a reference front. A plot will be produced showing the percentage
of reference solutions that have already been dominated by the current
population.

* -threads or -str-threads for parallel execution.

* -no-plot-results to skip graphical representations.

Form 2: Division of the procedure into several commands

# 1. Inference using individual techniques

geneci infer-network \
-—expression-data .../dream4_100_01_exp.csv \
--technique ARACNE --technique BC3NET \
-—technique C3NET --technique CLR \
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-—technique ... \
--output-dir inferred_networks

# 2. OUptimize the assembly of the trust lists resulting from the abowve
command
geneci optimize-ensemble \
--confidence-list inferred networks/GRN_LOCPCACMI.csv \
--confidence-list inferred_networks/GRN_BC3NET.csv \
--confidence-list ... \
--crossover-probability 0.9 \
—--mutation-probability 0.05 \
--population-size 100 \
--num-parents 3 \
--mutation-strength 0.1 \
--num-evaluations 50000 \
—-—cut-off-criteria PercLinksWithBestConf \
--cut-off-value 0.4 \
——function Quality --function DegreeDistribution \
--function Motifs --function ... \
—--algorithm NSGAII \
—--plot-results \
--output-dir inferred_networks

Consensus under own criteria: Assign specific weights to each of the files
resulting from each technique. In case the researcher has some experience in
this domain, he can determine for himself the weights he wants to assign to each
inferred network to build his own consensus network.

geneci weighted-confidence \
—--weight-file-summand O.5*inferred_networks/GRN_GENIE3_ET.csv \
--weight-file-summand 0.25*inferred_networks/GRN_CMI2NI.csv \
--weight-file-summand 0.25*inferred_networks/GRN_PIDC.csv \
—--output-file inferred_networks/weighted_confidence.csv

Step 3: Representation of inferred networks

Representation of the inferred networks is performed using the draw-network
command.

geneci draw-network \
--confidence-list inferred networks/GRN_LOCPCACMI.csv \
--confidence-list inferred_networks/GRN_BC3NET.csv \
--confidence-list ... \
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--mode Both \
--nodes-distribution Spring \
—--output-folder inferred_networks/network_graphics

Step 4: Validation of the inferred gene network

Validation of the quality of the inferred gene network with respect to the gold
standard. Two procedures have been implemented: one specific to networks ex-
tracted from DREAM challenges, and another generic one that approaches the
problem as a binary classification exercise. In both cases, the evaluation pro-
cedure can be applied to a list of interactions with their respective confidence
levels, a certain weight distribution referring to the consensus, or even a Pareto
front generated by our multi-objective algorithm mode that allows the represen-
tation of a parallel coordinate plot including both fitness functions and AUROC
and AUPR metrics (which is quite useful for identifying high-quality regions).

DREAM: For the evaluation of networks from DREAM challenges, the eval-
uation data must be previously downloaded using the extract-data command
and the evaluation-data subcommand, which requires providing the database
and credentials of an account on the Synapse platform. After that, the evaluate
command is used, followed by the dream-prediction subcommand to access the
three input options mentioned above. In any case, the challenge identifier, net-
work identifier, evaluation files, and input files need to be specified. The input
files will depend on the chosen option: dream-list-of-links, dream-weight-
—-distribution or dream-pareto-front.

# 1. Dounload evaluation data

geneci extract-data evaluation-data \
--database DREAM4 \
--username TFM-SynapseAccount \
--password TFM-SynapsePassword

# 2. Evaluate the accuracy of the inferred consensus network.
geneci evaluate dream-prediction dream-list-of-links \
--challenge D4C2 \
--network-id 100_1 \
--synapse-file input_data/DREAM4/EVAL/pdf_sizel100_1.mat \
--confidence-list inferred_networks/dream4_100_01/consensus.csv

Generic: For network validation using a generic procedure, we directly use
the evaluate command followed by the generic-prediction subcommand. This
gives us access to the three types of input mentioned earlier, to which we must
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provide the gold standard of the problem and the relevant input files: generic-
-list-of-links, generic-weight-distribution, and generic-pareto-front.

geneci evaluate generic-prediction generic-list-of-links \
--confidence-list inferred_networks/consensus.csv \
--gs-binary-matrix input_data/simulated/GS/sim_BioGrid_gs.csv

Step 5: Binarization of the inferred gene network

In many cases, it is useful to apply a cutoff criterion to convert a list of confidence
values into a real network that asserts the specific interaction between genes. For
this purpose, the apply-cut command is used, which is provided with the list of
confidence values, the cutoff criterion and its corresponding threshold value.

geneci apply-cut \
--confidence-list inferred_networks/dream4_100_01/consensus.csv \
--cut-off-criteria PercLinksWithBestConf \
--cut-off-value 0.4 \
—--output-file inferred_networks/dream4_100_01/binarized.csv

Additional commands and resources

Beyond the commands explained throughout the example procedure, the GENECI
package includes many other commands and subcommands that can be explored
for more advanced or specific use cases. Full documentation, source code, and
updates are available at:

https://github.com/AdrianSeguraOrtiz/GENECI

Figure shows a screenshot of the help command output, where all top-
level commands currently available in GENECI can be seen.
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version:

tion-1: $ geneci --help

O OO D 7O
A
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A\

Author: Adrian Sepgura Ortiz <adriar

Usage: geneci [OPTIONS] COMMAND [ARGS]...

--install

Install completion for the curremt shell.

Show completion for the current shell, to copy it or customize the
installation.

Show this message and exit.

Converts a list of confidence values into a binary matrix that represents the final
gene network.
D: e an initial gene network into several communities following the Infomap
(recommended) or Louvain grouping algorithm
Draw gene regulatory networks from confidence lists.

d network with respect to its gold standard.
xtract public data generated by simulators such as SynTReN, Rogers and
GeneNetWeaver, as well as data from known challenges like DREAN DREAM4, DREAMS and
IRMA.
Simulate time series with gene expression levels using the SysGenSIM simulator. They
can be generated from scratch or based on the interactions of a real gene network.
Graph execution results. The evolution of Fitness functions, the Pareto front, the
parallel coordinate graph and the chord diagram
can be represented. In addition, all of them will be stored in files except the chord
diagram, whose interactivity is too complex to be stored.
Calculate the weighted sum of the confidence lewvels reported in sewveral files based
on a given distribution of weights.

ral techniques are available:
. RF, GRNBOOST2, GENIE3 ET, MRMET, MRNETB, PCIT,
TIGRESS, KBOOST, UM NARROMI, CM ] CPCACMI, PLSNET, PIDC,
PUC, GRNVBEM, LEAP, NONLINEARODES and INFERELATOR
5 several trust lists and builds a consensus network by applying an evolutionary
algorithm

run Infer gene regulatory network from expression data by employing multiple unsupervised learning
techniques and applying a genetic algorithm for consensus optimization.

Figure A.1: Top-level commands available in GENECI, as shown by the geneci -help

command.



Appendix B

Evolutionary Biclustering Algorithm
for Expression Data User Guide

This appendix provides a detailed guide for executing the MOEBA-BIO framework
from the command line. MOEBA-BIO (Multi-Objective Evolutionary Biclustering
Algorithm for BIOmedical applications) is designed to discover coherent and
relevant biclusters from complex biomedical datasets. It allows users to fully
customize every component of the evolutionary process, including the represen-
tation of individuals, the optimization objectives, the search algorithm, and the
variation operators.

The tool is implemented in Java and can be executed through the RunnerMOEBA
class, which offers a comprehensive set of options via a command-line inter-
face built with Picocli. This guide describes how to configure a specific run of

MOEBA-BIO according to user preferences or suggestions provided by an autocon-
figurator.

Prerequisites

To run MOEBA-BIO, the following requirements must be met:
e Java > 17

¢ Maven
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Basic Execution Command

Once compiled, MOEBA-BIO can be executed from the command line using the
following format:

java -cp target/moeba.jar moeba.Runner [OPTIONS]

Each [OPTION] corresponds to a component of the evolutionary framework
that can be configured by the user.

Input Files

To run an execution of MOEBA-BIO, two input files must be provided: a dataset file
in CSV format and a JSON descriptor specifying the data type of each column.
These files are essential for correctly interpreting the structure and content of
the data matrix.

Dataset File (-input-dataset)

The dataset must be a comma-separated values (CSV) file, where each row typ-
ically corresponds to a biological entity (such as a gene), and each column to a
condition, sample, or patient. The first row should contain the header with the
column names, and each subsequent row must contain numerical values corre-
sponding to each column.

Example:

samplel,sample2,sample3,sample4
3.51,4.72,5.39,6.01
2.84,3.17,3.85,4.10

This structure allows MOEBA-BIO to work on matrices where rows are grouped
into biclusters based on shared patterns across columns (samples).

Column Type File (-input-column-types)

This is a JSON file in which each key corresponds to a column name from the
dataset, and its value indicates the data type for that column. This informa-
tion is required to convert the input data into a numerical matrix suitable for
evolutionary evaluation.
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Example:

"samplel": "float64",
"sample2": "float64",
"sample3": "float64",
"sample4": "float64"

In the example above, all four columns are interpreted as continuous numer-
ical variables. The JSON must cover all columns from the dataset, even if they
are of the same type.

Supported Data Types

Type label | Java type
string String.class
int Integer.class
double Double.class
float Float.class
float64 Float.class
boolean Boolean.class

Important note: Although MOEBA-BIO supports the declaration of multiple data
types in the input, all currently implemented fitness functions are designed to
operate exclusively on numeric data. Therefore, columns declared as string
or boolean will be ignored or lead to errors unless future objectives explicitly
handle such data types. New objectives tailored to mixed-type or categorical
data are planned for future development.

Representation Strategies

One of the core elements of MOEBA-BIO is the way in which candidate solutions
(i.e., sets of biclusters) are encoded. Users can select the representation us-
ing the -representation flag. The available options are GENERIC, SPECIFIC,
INDIVIDUAL, and DYNAMIC.

Important notice:

1. The PARTIAL encoding described in this thesis corresponds to the INDIVIDUAL
option.
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2. The COMPLETE encoding corresponds to the GENERIC option.

3. The DYNAMIC representation is currently under development and not yet
available.

The GENERIC representation offers the most flexibility, as the number of bi-
clusters is not predefined. Each solution consists of a variable-length list of
biclusters, where each bicluster is encoded by an ordered list of rows and a
binary encoding of column activations. Additionally, a vector of internal cell
values is evaluated using a voting threshold to determine column inclusion.
The user may optionally define initial limits for the number of biclusters using
-generic-initial-min-num-bics and -generic-initial-max-num-bics.

In contrast, the SPECIFIC representation fixes the number of biclusters in
advance via the -specific-num-biclusters option. In this case, the encoding
becomes more structured: each row is assigned to one of the n biclusters, and
each bicluster has an associated binary vector indicating the active columns.

The INDIVIDUAL representation, on the other hand, encodes a single biclus-
ter per solution. Each individual is defined by two binary vectors: one for rows
and another for columns. The global solution emerges from the entire popula-
tion, where each individual contributes one bicluster. This approach matches the
“partial encoding” previously introduced.

Lastly, the DYNAMIC representation was conceived as a hybrid between GENERIC
and SPECIFIC, where a central population uses a generic encoding and subpop-
ulations (or islands) progressively refine specific configurations when dominant
structures emerge. However, this option is currently not available in the public
release.

Extending MOEBA-BIO with New Encoding

MOEBA-BIO is built with extensibility in mind. If your problem requires a new
encoding or you want to experiment with alternative representations, you can
implement a new wrapper by extending the interface RepresentationWrapper.

To integrate a new representation, you must provide a concrete implementa-
tion that defines:

* Crossover operator resolution (getCrossoverFromString)
* Mutation operator resolution (getMutationFromString)

* Solution decoding logic (decodeVAR)
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* Variable labeling for output (getVarLabels)
* Population initialization and individual creation
* Optional: cache key generation and internal structures

This modular design allows full control over how your encoding behaves in
the evolutionary process.

Operator Support

When creating a new representation, you can either:

* Use general-purpose operators already included in MOEBA-BIO or inher-
ited from the jMetal library.

* Define custom operators adapted to your encoding and inject them through
the -crossover-operator and -mutation-operator options.

Defining Optimization Objectives

The optimization process in MOEBA-BIO is guided by one or more objective func-
tions, which evaluate the quality of each candidate solution. These objectives
are specified using the -str-fitness-functions parameter. Multiple objectives
can be used simultaneously by separating them with semicolons. For example:

--str-fitness-functions BiclusterSizeNormComp;MeanSquaredResidueNorm

Each objective function returns a numerical score for a solution or for each
bicluster it contains. These scores are then used by the evolutionary algorithm
to explore the space of possible biclustering configurations.

Categories of Objective Functions

MOEBA-BIO supports three types of fitness functions, depending on the granular-
ity of the evaluation:

(1) Individual Bicluster Objectives

These functions evaluate each bicluster independently, based solely on its in-
ternal structure (rows and columns). They are defined by extending the class
IndividualBiclusterFitnessFunction. These are the most common objectives
and can be applied across all representations.


https://github.com/jMetal/jMetal
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Examples include:
* BiclusterSizeNormComp: rewards larger biclusters.
* MeanSquaredResidueNorm: evaluates internal coherence using MSR.

* RowVarianceNormComp: rewards variance across rows, useful for co-expression
detection.

* BiclusterVarianceNorm: penalizes high variance, emphasizing homogene-
ity.

These objectives are automatically applied to each bicluster. When using
GENERIC or SPECIFIC representations (i.e., multiple biclusters per individual),
the scores are aggregated into a global fitness score using one of the summariza-
tion strategies:

--summarise-individual-objectives HarmonicMean

Available aggregation strategies are Mean, HarmonicMean, and GeometricMean.

(2) Global-Aware Bicluster Objectives

These functions evaluate each bicluster in the context of the full solution, al-
lowing the fitness of one bicluster to depend on the presence and structure of oth-
ers. They are implemented by extending GenericBiclusterFitnessFunction.

Examples:

* BiclusterSizeNumBicsNormComp: balances bicluster size with the number
of biclusters.

* DistanceBetweenBiclustersNormComp: promotes dissimilarity between bi-
clusters.

These objectives require access to the full solution (list of biclusters) and are
internally aware of other components during evaluation.

(3) Whole-Solution Objectives

Some objectives do not evaluate biclusters individually, but instead assign a
score to the entire solution as a whole. These are implemented by extending
GlobalFitnessFunction.

An example is:
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* RegulatoryCoherenceNormComp: designed for gene co-expression applica-
tions, this objective evaluates the modularity of the inferred biclustering
solution over a gene regulatory network.

These global functions bypass aggregation and directly return a single score
per individual, enabling more complex evaluation strategies based on external
biological knowledge or structural constraints.

Parameterized Objectives

Many fitness functions in MOEBA-BIO support optional parameters. These are
defined by appending them in parentheses after the objective name:

--str-fitness-functions BiclusterSizeNumBicsNormComp (rowsweight=0.6,
coherenceweight=0.5)

The parser automatically maps the provided arguments to the corresponding
attributes inside the fitness function class.

Implementing a Custom Objective

To extend MOEBA-BIO with your own fitness function, you must implement one
of the following abstract base classes, depending on the evaluation scope:

1. Evaluate a single bicluster independently — Extend IndividualBicluster-
FitnessFunction (e.g., MeanSquaredResidueNorm).

2. Evaluate a bicluster in the context of others in the same solution — Extend
GenericBiclusterFitnessFunction (e.g., BiclusterSizeNumBicsNormComp).

3. Evaluate the whole solution as a unit (no aggregation) — Extend Global-
FitnessFunction (e.g., RegulatoryCoherenceNormComp).

Your class must override the evaluate(...) method accordingly. If you
wish to support parameter configuration from the CLI, override the configure(
Map<String, Object>) method as well.

Making Your Objective Available from the CLI

In order for your custom fitness function to be recognized and instantiated by
the framework when specified via -str-fitness-functions, you must register
it in the StaticUtils.0BJETIVES_ MAP static map using the following structure:
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OBJETIVES_MAP.put (’myobjective’, (str, op) -> {
Map<String, String> subParams = getSubParams(’myobjective’, str);
String sumIndObjs = StaticUtils.getOne(’myobjective’, subParams, °’
summariseindividualobjectives’, op.summariseIndividualObjectives)
return new MyObjectiveClass(op.data, op.types, op.cache, sumIndObjs);

B;

Make sure:

* The map key (e.g., "myobjective") matches the lowercase version of your
objective name.

* The logic inside the lambda handles optional parameters and instantiates
your class correctly.

Once registered, your new function can be directly invoked from the com-
mand line like any built-in objective.

Choosing the Optimization Algorithm

MOEBA-BIO provides a wide selection of single-objective, multi-objective, and
many-objective evolutionary algorithms, which can be selected using the -str-
algorithm option.

Available algorithms include:
* Single-objective: GA-AsyncParallel, GA-SingleThread

* Multi-objective: NSGAII-AsyncParallel, NSGAII-SingleThread,
MOEAD-SingleThread, SMS-EMOA-SingleThread, MOCell-SingleThread,
SPEA2-SingleThread, IBEA-SingleThread, NSGAIII-SingleThread,
MOSA-SingleThread

* Many-objective: NSGAII-ExternalFile-AsyncParallel

Algorithms may also accept internal parameters:

—--str-algorithm MOSA-SingleThread(InitialTemperature=0.9)

Additional global parameters that control the evolution process include:
* -population-size: sets the size of the population (e.g., 100).

* -max-evaluations: total number of evaluations to perform.
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* —crossover-probability and -mutation-probability: probabilities of
applying crossover and mutation respectively. Progressive mutation rates
can also be specified using the format 0.3->0.05.

Customizing Crossover and Mutation Operators

The variation operators in MOEBA-BIO are specified using the -crossover-operator
and -mutation-operator flags. Each flag can include multiple operators sepa-
rated by semicolons, as in:

--crossover—operator RowPermutationCrossover;CellBinaryCrossover
--mutation-operator RowPermutationMutation;CellBinaryMutation

Note: The use of multiple operators does not mean that they are applied
sequentially to the entire solution. Instead, each operator is applied to a different
part of the encoding, as defined by the representation.

For example, in the INDIVIDUAL representation, each individual is composed
of two binary vectors, one for rows and one for columns. In this case, different
operators may be applied to each component independently.

The specific mapping between parts of the encoding and operators is handled
internally by the corresponding representation wrapper. Each wrapper defines:

* Which operators are supported.
* How many components of the genotype need variation.
* How to distribute the configured operators among those components.

To develop or use a new operator, simply declare it within the corresponding
wrapper and expose it via the command line interface. Operators can also be
parameterized using a parenthesis-based syntax:

RowBiclusterMixedCrossover (shuffleRate=0.5)

This flexible design allows precise customization and targeted variation for
each structural component of a solution.

Observers and Cache Management

MOEBA-BIO incorporates internal mechanisms to avoid redundant computations
and to track the evolutionary progress over time.
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Caching
Two types of caches are supported:

* -have-external-cache: Enables an external cache shared across all objec-
tives.

* -have-internal-cache: Activates one internal cache per objective, allow-
ing fine-grained reuse of intermediate computations.

These options are especially useful for complex or expensive objective func-
tions, reducing redundant evaluations and improving efficiency.

Observers

Observers allow real-time monitoring of the optimization process. They can be
activated using the -observers parameter, listing one or more observer names
separated by semicolons. For example:

--observers BiclusterCountObserver;FitnessEvolutionAvgObserver

The available observers are:

* BiclusterCountObserver: Tracks the number of biclusters found in each
solution over time.

* FitnessEvolutionMinObserver: Records the best (minimum) fitness val-
ues for each objective across generations.

* FitnessEvolutionAvgObserver: Logs the average fitness values of the
population at each generation.

* FitnessEvolutionMaxObserver: Tracks the worst (maximum) fitness val-
ues for each objective.

* NumEvaluationsObserver: Keeps a count of the number of evaluations per-
formed.

* ExternalCacheObserver: Monitors the usage of the external cache (num-
ber of hits and misses).

* InternalCacheObserver: Logs internal cache activity for each objective.

Each observer writes their data to a CSV file in the output directory, allowing
post-analysis and visualization of the algorithm’s behavior.
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Parallel Execution and Output Files

The number of threads used during the execution can be controlled via the fol-
lowing option:

—--num-threads 8

Output files are written to the directory specified with the -output-folder
parameter. The output includes:

* FUN.csv and VAR. csv: Fitness values and solution vectors for the final pop-
ulation.

* VAR-translated.csv: Human-readable representation of the biclusters con-
tained in each solution.

* CSV logs from each observer used during the execution.

Example Execution

Here is a complete example of how to launch MOEBA-BIO with a generic repre-
sentation and two standard objectives:

java -cp target/moeba.jar moeba.RunnerMOEBA \
--input-dataset data/expression.csv \
—--input-column-types data/column_types.json \
--representation GENERIC \
—--generic-initial-min-num-bics 5 \
—--generic-initial-max-num-bics 20 \
—--str-fitness-functions BiclusterSizeNormComp;MeanSquaredResidueNorm \
—--summarise-individual-objectives HarmonicMean \
—-str-algorithm NSGAII-AsyncParallel \
--crossover-operator RowBiclusterMixedCrossover;CellBinaryCrossover \
--mutation-operator RowPermutationMutation;BiclusterBinaryMutation \
—--population-size 100 \
--max-evaluations 50000 \
--crossover-probability 0.9 \
--mutation-probability 0.3->0.05 \
--have-external-cache \
--have-internal-cache \
—-observers BiclusterCountObserver;FitnessEvolutionMinObserver;
NumEvaluationsObserver \
—--num-threads 8 \
--output-folder results/example_run
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Advanced Usage and Customization

The MOEBA-BIO framework supports advanced use cases such as:

* Integration of domain-specific objectives like RegulatoryCoherenceNormComp,
designed for gene co-expression analysis.

* Fine-tuning of operator parameters to adapt the variation strategy to spe-
cific data characteristics.

* Exploration of future extensions such as the DYNAMIC representation, which
combines the flexibility of the generic approach with the structure of spe-
cific encoding via co-evolving subpopulations.

Users are encouraged to combine these strategies creatively and to exploit
cache-aware distributed optimization for scaling to larger biomedical datasets.

For updates, examples, and documentation, visit the official GitHub reposi-
tory:
https://github.com/AdrianSeguralrtiz/MOEBA-BIO


https://github.com/AdrianSeguraOrtiz/MOEBA-BIO
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