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Abstract

Computer-assisted programs have been proposed as a solution to facilitate the systematic application of scientific knowledge in
individualised and progressively more intensive interventions for children with dyslexia. These programs do not always meet the
unique needs of each child, highlighting the urgent need for improved adaptive technology-based solutions that can provide tailored
support throughout the learning process. This article presents a new adaptive sequential guidance system for personalised dyslexia
intervention. The system introduces a number of key innovations: a dynamic word generator that creates phonetically modified
words and pseudowords from seed words, a three-dimensional matrix structure (E, W,and F) for effective word difficulty manage-
ment and user performance, and an algorithm of recommendations based on stochastic gratising semi-monthly matrix factors. The
system uses a heuristic initiation process to reduce cold start problems and uses an extension technique to detect difficulties in
certain derived words. Furthermore, the text introduces the concept of “virtual children” based on Bayesian Knowledge Tracking,
which allows for comprehensive testing and optimisation of systems before real implementation. The proposed system offers a
unique approach to dyslexia intervention by dynamically adapting word difficulties based on individual user performance, ensuring
that each child remains in its optimal learning area. The main results conclude that the use of thermal maps and 3D visualization
F-matrix allows each user to identify specific difficulty areas, promoting more targeted intervention; additionally, extensive testing
shows that the system is sufficiently robust to reduce error rates in several trials; and the parametric study reveals the system’s
ability to adapt using adjustable parameters such as success and failure modulators and increasing factors; furthermore, the system

demonstrates a strong adaptability of individual users, as demonstrated by its performance with different virtual child profiles.
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1. Introduction

Developmental dyslexia (DD) is a hereditary neurological
disorder characterized by severe and persistent difficulties in
reading and spelling despite normal intelligence, education, and
intense remedial effort [1]. It is now understood that difficulties
in learning to read occur as part of a continuum [2]. For this
reason, DD is very prevalent, ranging from 5-12%, depending
on specific definitions and cut-off points established as identifi-
cation criteria. When applying a restrictive criterion, it is esti-
mated that 5% of the school population contributes dispropor-
tionately to school failure statistics, with rates as high as 40%
[3]. Additionally, DD has serious implications for personal de-
velopment, family dynamics, and social adjustment.

Despite various goals being established, remedial programs
have primarily focused on developing grapheme-phoneme cor-
respondences and achieving fluency in word reading [4]. While
interventions show promise, they do not uniformly benefit
all children with dyslexia. Conventional strategies aimed at
word decoding have demonstrated substantial effect sizes (up to
0.70), irrespective of the specific approach employed [5], par-
ticularly when they also incorporate phonological skills train-
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ing [6]. Computer-assisted programmes (CAPs) have been pro-
posed as a solution to overcome these results, as they provide
individualised and progressively more intensive interventions
for children with dyslexia. However, CAPs targeting grapheme-
phoneme correspondence and word reading in children with
DD have yielded similar results. Adaptive technology solutions
applied in CAPs allow children with mild to moderate dyslexia
to moderately improve their skills, bringing them closer to their
peers. They improve in accuracy although they remain slow
readers. However, neither conventional treatments nor CAPs
have succeeded in bridging the gap in reading fluency for chil-
dren at the more severe end of the dyslexia spectrum. As a
result, about 5% of children and adults with dyslexia remain
very slow and ineffective readers [2].

The recommended systems have become popular in different
areas, such as ecommerce, advertising and entertainment. The
application of recommendation systems to dyslexic interven-
tion may be essential in personalised learning [7]. This can be
done through intervention based on recommendation systems,
which takes into account cognitive profiles, skills, special dif-
ficulties and previous performance, to suggest certain activities
for children with various abilities [8]. However, the application

January 6, 2025



of Recommendation systems in the context of dyslexia is dif-
ficult. One of the major obstacles is the starting syndrome. A
second difficulty is the adaptability of the system to the user’s
responses, making the difficulty of pregnancy adjustable in real
time, based on how students perform them.

Collaborative and content-based filtration approaches are
widely used in several areas. However, there are some limita-
tions to these dyslexia treatment techniques [9][10]. For exam-
ple, collaborative filtering involves a large amount of interac-
tion data to make a correct recommendation that may not work
where data is limited or if users have unique learning profiles.
On the other hand, contentbased filtration depends mainly on
the quality and completeness of metadata, limiting the ability
to capture the complexity of individualised learning processes.

The recommended system design in this work addresses
these challenges by using a hybrid time sequence based method
in view of successful or unsuccessful recommendations se-
quences. This approach takes into account the levels of diffi-
culty of words and means the sequence of words and the re-
sponse of students to them, allowing dynamic and continuous
adjustment of recommendations. For dyslexia intervention, se-
quential order is required because learning is not done in a
straight line and there may be significant variations between
individuals along this line.

In addition to the system of recommendations, this paper
introduces many news that contributes to individualised ed-
ucational intervention. These include the development of a
word generator that can change them phonetically or wrongly,
so that complexity can vary according to the needs of each
child, so that the situation becomes more difficult according
to their circumstances. The rules presented are used to amend
these words while assessing the type of challenge, each change
brings in content a more granular and precise adaptation of con-
tent. Moreover, in the data generated by silico, called “virtual
copies,” it is allowed to simulate various learning profiles, thus
allowing for comprehensive testing of the system prior to its ap-
plication in natural environments and reducing cold start prob-
lems using the Bayesian knowledge tracking model.

In addition, the proposed solution introduces original ideas
such as the threedimensional matrix structure of the system for
efficient management of information about the complexity of
words, along with the user’s performance during interactive ses-
sions. Finally, we have implemented a new cross-validation
technique to estimate the error in matrix factorization to en-
sure the specificity and reliability of recommendations related
to future difficulties. These innovations increase the function-
ality and efficiency of the system and offer new directions for
designing customised educational technologies in other config-
urations.

Following section 1, the remaining sections of the work are
organized as follows: Section 2 discusses previous research
into dyslexic intervention systems and other systems of recom-
mendations for education. The third section presents the basic
data used at the intervention stage, the word-generating module
and the system of recommendations. In section 4, we present
the results of the reader’s evaluation using the factorized ma-
trix method and evaluating the system stability through virtual

copies. This document shall be completed in the fifth section
after the system parametric studies have been carried out.

2. Related Work

Reading consists of connecting two neuronal systems that are
in principle independent. An oral language comprehension sys-
tem that pre-exists literacy, and a viso-attentional system that is
‘recycled’ at the same time as the connection between the two
systems is built [11]. According to Scarborough (2001) [12],
word recognition - decoding - is the key to connecting these
two systems. It has been pointed out that the proximate cause
of dyslexia is the difficulty in learning, integrating and automat-
ing grapheme-phoneme correspondences [13][14]. The neural
signature of the ortho-phonological connection deficit has even
been found in the occipitotemporal reading network [15].

Computer-assisted programmes (CAPs) have been proposed
as a solution to facilitate the systematic application of scientific
knowledge in individualised and progressively more intensive
programmes [4]. Pioneering studies with CAPs have found pos-
itive effects on the development of word decoding skills in chil-
dren at risk or with learning difficulties [16][17][18][19]). The
effectiveness of CAPs based on phonological awareness and de-
coding in improving reading skills has been corroborated in a
number of studies focusing on word attack [20]; on phonetic
features [21]; or, on phonemic awareness and letter- sound re-
lations [22].

The most recent experiences share certain design features,
such as a structured sequence of sessions through which
progress is made using an adaptive algorithm to individualise
the difficulty, pace and intensity of treatment. The aim of the
GraphoGame programme is to intervene directly on the rela-
tionship between orthographic representations - graphemes -
and phonological representations - phonemes [23]. The se-
quence includes first the simultaneous and repeated presen-
tation of grapheme-phoneme correspondences (first in isola-
tion, then included in syllables and then in words) up to the
phase of fluency training with words and phrases. GraphoGame
is supported by several studies in different languages repre-
senting a wide range of levels of orthographic transparency
[24]1[25][26][27]. The effects of LEXY have also been shown to
be significant [14], with evidence of functional changes in the
amplitude of the N170 evoked potential related to word reading
fluency [14][28]. Finally, the study by Giménez et al. (2020)
[29] shows the characteristic efficacy of CAPs , with 75% of
children leaving the risk zone, i.e. exceeding the 30th percentile
on reading measures.

In conclusion, CAPs have proven to be valuable tools that
bring readers with dyslexia closer to adaptive reading levels.
However, since the seminal study by Vellutino et al. (1996)
[30], it has been shown that a group of approximately 5% of
the population is resistant to conventional or CAPs treatments.
Recommender systems seem a suitable tool to challenge this
problem. Recommender systems do not require a closed ses-
sion design. Moreover, they allow for fully individualised pro-
gressive adaptation, thus keeping the intervention in the optimal



learning zone of the readers. These properties can be expected
to have a positive impact even on treatment-resistant dyslexics.

Recommender systems have become very popular across
sectors such as e-commerce, advertising, or entertainment and
are important in order to make dyslexia interventions efficient.
The theory underlying these systems is based on the fact that
user preferences or needs help in coming up with personalized
and relevant recommendation [7]. One way through which rec-
ommender systems have been used in addressing dyslexia in-
tervention is by looking at the student’s cognitive profile, skills,
specific difficulties and their performance in the previous ac-
tivities to propose tasks and materials that are tailored to their
unique requirements [8].

Benmarrakchi, El Kafi, and Elhore (2016) [31], explore the
contribution of ICT in adaptive virtual learning environments
in benefiting dyslexic students regarding their learning style
preferences in the education set up. In addition, based on
previous performance of particular students and trends among
other students with comparable profiles, a recommender system
could propose exercises having the right level of challenge for
that specific learner. In the most effective intervention strate-
gies that leverage emerging technologies and improve detection
and intervention in dyslexia from childhood through adulthood,
Farah, Ionta, and Horowitz-Kraus (2021) [32] have suggested.

Different methods and techniques are employed in recom-
mending systems these comprise collaborative filtering, content
based filtering and hybrid approaches [33]. These systems have
been found to work well in different settings and could be very
effective for dyslexia intervention by personalizing educational
activities and materials according to each student’s unique re-
quirements [8]

Collaborative filtering assumes that future choices will
choose similar choices from the past from other similar peo-
ple [9]. This way it can recommend exercises to a child dur-
ing an activity based on the performance of other students with
similar profiles. Walker et al., (2004) [34], investigated a col-
laborative information filter system based on educational envi-
ronment, known as Altered Vista, which proved its efficiency
and effectiveness through a three-month trial. This is an exam-
ple of how collaborative filtering applied to education can be
used to make recommendations on how to improve treatments
for dyslexia through personalised recommendations based on
student ability and performance. Conversely, there is also the
content-based approach that takes into account the characteris-
tics or characteristics that distinguish different educational ac-
tivities [10]. In essence, this method includes the viewing of
metadata such as the type of skill domain, skill level or other
useful information. This may require a modification of the cur-
riculum [35].

Both collaborative filtering and content-based filtering have
strengths and disadvantages respectively. Great strength to
propose subjective and/or contextual aspects is obtained from
these approaches, although the latter require more interaction
data than the first to deliver better results. In particular, while
content-based filtering provides clear understandable recom-
mendation according to current available information [8]. Con-
versely, collaborative filtering leverages data from users with

similar interests, potentially broadening the scope of recom-
mendations; Au Otaiba et al. (2018) [36] give an example of
interventions for dyslexic learners’ Elementary level programs
in which content-based approach can be crucial during instruc-
tion design. design. Often witness by merging several short-
comings in addition to benefits related to the two techniques;
Hybrid models have been widely used in many recommenda-
tions integrating collaborative filtering and content based filter-
ing [37]. For example, collaboration filter is used to find a num-
ber of similar students in a hybrid system for intervention of
dyslexia, then content base is used to recommend activities and
materials that meet the needs of a specific student. Cardona et
al. (2021) [38] evaluated remodeling strategies aimed at reduc-
ing dyslexia in children who showed a fusion using computer
technology as more useful for demonstrations and record keep-
ing. The development has made hybrid and multidimensional
content personalization recommendation systems an important
step in improving interventions aimed at curbing this reading
disorder [37].

The use of multiple data sources and recommendation strate-
gies in hybrid recommendation systems makes it possible to
address individual constraints from a single perspective. Mean-
while, multidimensional approaches allow for different dimen-
sions related to reading disability; For example, those may in-
clude factors such as the cognitive profile of an individual stu-
dent, his or her level of performance in different areas (such
as phonological awareness or reading rate), preferred learning
methods and social background. By taking into account many
factors, these systems can provide comprehensive but personal
advice to all pupils with dyslexia who need help appropriate
Machine learning and data mining are some of the advanced
techniques that can be used to analyze this multidimensional
data to discover complex patterns [7].

Validation and evaluation of recommended systems are cru-
cial to their effectiveness, reliability and usefulness in dyslexia.
These processes include a mix of methodological approaches
and metrics intended to measure system performance and its
impact on endusers [39]. In order to assess the effectiveness
of the recommended system in dyslexia intervention tests, it
is possible to use experimental and quasi experimental designs
comparing student results with those received as a control group
[8]. In addition to experimental approaches, the evaluation of
recommended dyslexia systems should also include qualitative
and participatory methods involving users directly in this pro-
cess, as proposed by Mejia Corredor, Diaz, Jiménez and Fab-
regat Gesa (2012) [40]. We must stress that the evaluation
and validation of these systems is a continuous process requir-
ing close cooperation between researchers, educators and tech-
nology developers to develop dyslexic student-specific systems
based on effective instruction methods [41].

Therefore, recommended systems offer a promising way to
provide individual support tailored to each student’s cognitive
profile, skills, challenges, previous activities’ performance, and
finally propose tasks and materials that match their unique char-
acteristics.



3. Methodology

3.1. General Outline

The general framework is as follows: The aim is to design
an intervention method for dyslexic children that presents a se-
ries of word-reading tests, with the words dynamically selected
based on the user’s previously mastered difficulty level. Firstly,
a screening test is conducted to classify the child into one of
three reading groups (initial, intermediate, and advanced), us-
ing words that will serve as seeds for the intervention trials.
The intervention phase generally involves presenting 100 words
per trial, where these words are derived from the seed words.
The derived words are provided by a ”word generator” module
and selected by a recommendation system. The system recom-
mends levels of difficulty as the tests evolve. These difficulties
are on the one hand calculated a priori, by the combined ex-
perience of the words of the screening test (which will be the
seed words), and the difficulties added according to the changes
made by the word generator. These difficulties, which for the
moment have been expressed as general, are modified by the
user’s experience (whether the user gets it right or wrong) in
order to reflect the difficulty actually experienced, and a fac-
tor of increasing difficulty in order to progress the test to more
challenging levels..

After the interventions, a final evaluation test is conducted to
assess the new difficulty level the child has reached.

o)
=

Screening test

Recommendation
System

Intervention test

100 words
reached?

Word Generator

Next trial

Evaluation test

Figure 1: General outline of the Recommendation System.

3.2. Data and Screening Test

The initial data comes from comprehensive screening tests
conducted on 5,478 children aged 4 to 10, in the framework of
the Leeduca project. These tests evaluate reading skills, focus-
ing on speed and accuracy.

The tests consist of 4 primary batteries: Visual Route (VR),
which assesses the reading of words from one to three sylla-
bles; Phonological Route (PR), which focuses on phonological
decoding using pseudo-words [42]; Reading Speed (RS), which

measures fluency by estimating the number of words read per
minute; and Reading Comprehension (RC), which evaluates
comprehension through a questionnaire. Additionally, phono-
logical deficits are evaluated, including Phonological Aware-
ness (PA) and Verbal Short-Term Memory (VSTM) through
Rapid Naming (RN) tasks [43][44].

The results are used to calculate a comprehensive perfor-
mance measure in each test, weighting the correct answers over
the total responses and multiplying by the time spent. This
makes it possible to identify strengths and weaknesses in each
child’s reading skills.

3.3. Intervention Test

After the screening tests, each child undergoes iterative in-
tervention tests that adapt the difficulty of words according to
their performance. The words used, called ”seed words” have
an intrinsic difficulty based on the aggregate performance of all
children in the screening tests, modified by the Success Modu-
lator or Failure Modulator (T}, SM, FM, that express whether
a child has got the word right or wrong, thus changing the in-
dividual perception of difficulty). These seed words generate
derived words and pseudowords using a specialized generator
that applies phonetic changes, introducing additional difficulty
[45].

Each intervention trial consists of a sequence of 100 words,
whose difficulty is dynamically adjusted according to the
child’s previous and current performance. The words presented
have an intrinsic average difficulty, proposed by the word gen-
erator, but this difficulty is modified according to the user’s ex-
perience with the SM or FM, if applicable.

Correct responses lead to more difficult and complex words,
while incorrect ones lead to easier words. This increase or de-
crease in difficulty is determined by the Increase Factor (+/-,
IF), keeping the child in their zone of proximal development
[46].

These tests offer a personalized and adaptive learning experi-
ence, allowing children to progress at their own pace and max-
imizing the effectiveness of interventions by adapting instruc-
tion to each child’s specific needs [47][48].

3.4. System Parameters

Thus, the performance of the proposed system depends on
three modifying parameters, SM, FM and IF. Although the val-
ues of these parameters can be fixed empirically, a comprehen-
sive study can be done by means of a parametric study to choose
the optimal values, as can be seen in the Results Section.

3.5. Word Generator

The word generator is crucial in the intervention system, as
it creates derived words from the seed words to adjust the diffi-
culty of the tests according to each child’s individual needs. The
generator performs variations on the given seed word through
changes in vowels, consonants, or alterations in the order of
letters, introducing an added difficulty to the intrinsic difficulty
of the seed word, thus modulating the complexity of the words
presented [49].



The generator considers seven possible fundamental changes
for each seed word and combinations, each with an assigned
difficulty according to the phonological distance from the orig-
inal word. The exact change can generate a variable number
of derived words (0, 1, 2, 3, or more) from a given seed word.
The added difficulties of each change are denoted as Iij, where
i represents the seed word, and j is the type of change applied,
generating a matrix of initial difficulties.

Input word QTD
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Figure 2: Example of modification (adding a consonant) for the input word
’casa’. Valid words are shown in green. Pseudo-words are shown in red.

Initially, each change implies a similar difficulty jump for all
derived words, but later, as the child interacts with the recom-
mender system, the assignment of difficulties for each derived
word is refined individually. The phonological distances be-
tween the seed words and their derivatives are determined using
metrics based on the similarity of the phonemes that compose
them [50].

The generator can produce both existing words in the Span-
ish vocabulary and pseudowords (letter sequences that respect
the language’s phonotactic rules but without associated mean-
ing) [51]. Pseudowords represent a greater challenge to the
child’s phonological decoding ability than words, eliminating
the possibility of stimulus recognition through familiarity or
prior memorisation. The system allows to generate just word
type stimuli, omitting pseudowords if necessary.

4. Recommendation System

4.1. General Organizarion of the Matrices

The user recommendation system adapts reading tests to each
participant’s specific needs by organizing three main matrices:
E, W, and F (in addition to I, used at the beginning).

E-matrix stores the difficulties faced by the user for each
word presented, modulated according to their performance
level. F-matrix contains the derivative difficulties for each word
obtained by measuring the matrix [52], estimating the difficulty
of words not yet found on the basis of previous performance

models and similar words. W-matrix retains the words asso-
ciated with each level of difficulty, including both the original
words of seeds and derivatives generated. The system starts
with an initial difficulty, a combination of a priori estimation
of the scores of the seed words and the difficulty added by the
specific change, which is stored in the I matrix.

Each cell of the matrix system shall contain a numerical
value reflecting the difficulty (initially, experienced, derived)
of the corresponding word or words so that the complexity
and fine-tuning of the reading tests can be accurately grad-
uvated. The rows always correspond to the words of seed
51,82,...,8i,...,5,), while the columns represent the deriva-
tion obtained by phonological and spelling variations. Each col-
umn initially groups the words generated by the same variation
or modification (Cy,Cs,...,Cj,...,C,). However, since the
system collects information on user performance, the columns
are broken down (expanded) to take into account separately the
words resulting from the same variation, allowing for a more
precise adjustment of the difficulties [53].

The organisation of the matrix allows efficient storage and
processing of information on the difficulties encountered and
deducted and the words related to each level of complexity, with
dynamic adjustment of reading tests to promote child progress.
The E, W and F matrix combination, together with factoriza-
tion and disaggregation processes, is an innovative approach to
personalizing read interventions and maximizing learning effi-
ciency.

W-matrix

F-matrix

E-matrix

Figure 3: Organisation and equivalence of matrices E, F and W.

4.2. I-matrix

The I-matrix has rows representing the seed words
S1,82,...,84,...,8, and columns representing the possible
changes and their combinations derived from the word gener-
ator C1,C,...,Cj,...,Cy. Each cell [;; in the matrix corre-



sponds to the initial difficulty of the word derived from the seed
word S ; after applying the change C;.
The difficulty /;; for each cell can be expressed as:

Iij = Di_apriori X M X AD (1
where:

® Dj_spriori 18 the a priori difficulty of the seed word S ; before
considering user experience during the screening test.

e M, is a fixed modifier that adjusts the difficulty based on
the user’s performance with the seed word S; during the
screening test. Specifically, M can take the value SM (Suc-
cess Modulator) if the user successfully identified S;, or
FM (Failure Modulator) if the user failed to identify §;.

e AD; represents the incremental difficulty added by apply-
ing the change C; to the seed word S ;.

The term D;_spriori gives the basic problems for each seed
word before any changes. The modifier M is a constant value
that reflects the success or failure of the user with the seed word
S; during the first screening. If the user succeeded, M=SM, re-
duce the difficulty; if the user failed, M=FM, increase the diffi-
culty. The term AD; takes into account the additional complex-
ity introduced by the specific phonetic or orthographic change
C;.

This formulation of /;; envelops both the inherent difficulty
of the original seed word Si as the complexity introduced by the
change C;, but also includes a fixed adjustment based on user
performance during screening.

4.3. W-matrix

The W-matrix stores the words generated by the word gen-
erator, derived from a specific seed word after applying a par-
ticular type of variational word change. It captures the set of
possible outputs for each seed word when modified according
to the specified phonetic transformations. W is defined as:

Wij = {wyp Wi W} @

where:

e W;;is aset that contains the words generated from the seed
word S; after applying the change C;.

. wffj represents the k-th word generated from the seed word
S ; with the change C;, where k=1,2,3,. ..

The set W;; can contain:

e One or several words, depending on the number of valid
derivations the word generator can produce for that spe-
cific combination of S; and C;.

e No words at all, in which case W;; = 0.

The W-matrix captures the output of the word generation pro-
cess, where in each cell W;; there is a set of words derived from
a specific seed name S; after a specific change in C; using a
module word generator has been applied. Each element wfj dic-
tated W;; suffer a classify name that constitute produce by give
the C; change to the seed name §;. The set size W;; depends on
the ability of the word generator to produce valid words from
the given seed name and changes. Some cells may arrest several
words, while others may follow emptybellied if a valid deriva-
tion embody non potential. The generation process depends on
the language rules embedded in the word generator, which de-
termines whether the modification given to C; can create a valid
word from §; and how many words can be created by providing
a detailed system to understand the potential complexity and
variety of tasks that can be submitted to the user.

Seed word Change 1 Change 2 Change 3 Change 4 Change ...
1.1664 1.7496 2.3328 25
1.4256 2.1384
1.4256 2.1384
-20
1.4256 2.1384
1.1664 1.7496 2.3328
15
1.4256 2.1384
1.1664 1.7496 2.3328
1.0
1.4256 2.1384
Seed word Change 1 Change 2 Change 3 Change 4 Change ...
[tres] [trus] [tros] [tris, tras] [trus]
[bar] [bur, bir] [bor, ber]
[dos] [dis] [des] [das, dus] [dis]
[fin] [fon] [fan, fun] [fen] [fon]
[luz] [lez] [laz, liz] [loz] [lez]
[mar] [mur, mir] [mer, mor]
[mes] [mus] [mos] [mis, mas] [mus]
[pan] [pun, pin] [pon, pen]

Figure 4: Example of initial difficulties in I-matrix and its correspondence with
W-matrix.



4.4. Completion of E-matrix and User Experience Modifier
Factor

E-matrix stores the numerical difficulties associated with
each seed word and applied change, affected by a change factor
that takes into account the user’s experience with each word
(SM, FM). If the child does not overcome the a priori difficulty
level for a word, it is considered more difficult than estimated
and becomes more difficult by multiplying it with an individual
performance factor, SM (>1). If the child answers the word
correctly, its difficulty is interpreted as lower than expected and
reduced by multiplying it by a factor FM (<1) [54].

The difficulty E;; in E-matrix can be expressed as:
E,'j =M Xx Dij 3)
where:

e M is the fixed modifier that adjusts the difficulty based on
the user’s performance with the displayed word.

e D;; represents the difficulty value that could originate from
either:

— 1;j, the initial difficulty from the I-matrix for the first
set of words presented to the user.

— Fjj, the inferred difficulty from the F-matrix, ob-
tained through factorization based on Stochastic Gra-
dient Descent (SGD) optimization, used after suffi-
cient user interaction data has been collected.

E-matrix captures actual difficulties encountered by the user
through different words of seeds and C; changes applied to
those words. Initially, D;; difficulty is extracted from I;;, re-
flecting the basic difficulty adjusted by the M modifier. As the
user interacts with multiple words and the system collects suf-
ficient data, the difficulty D;; can deduct from F;;, which is cal-
culated by factoring. This process refine the estimates of dif-
ficulty based on patterns detected in the user’s responses. The
M-modifier continues to adjust the difficulty to the ongoing per-
formance of the user, SM reducing the difficulty after correct
responses and increasing the difficulty of FM after incorrect re-
sponses. Thus, the E matrix provides a complete record of the
actual difficulties encountered by the user.

This dynamic adjustment allows the system to adapt con-
tinuously and accurately to the specific skills and needs of
each child. By increasing the difficulty of unfulfilled words,
the system requires more difficult aspects and opportunities for
practice and learning. Reducing the difficulty of responding
correctly to words repeatedly avoids words already mastered,
which can be demotivating and ineffective.

E-matrix is gradually filled as the child performs more inter-
ventions and accumulates real experiences. Initially, E-matrix
will be mainly scarce [55], but if the child completes more in-
terventions, it will be populated with customized difficulty val-
ues, making more accurate and personalized recommendations.
Thanks to this dynamic adjustment process based on the actual
performance of the child, the system provides the most suitable
words for their skill level, keep them motivated and promote
their progress in reading.

Seed word Change 1 Change 2 Change 3 Change 4 Change ... 3.0
0 0 0
0 0 0 25
1.283 0 0
1.283 1.5746 2.5661
0 0 0 18
0 1.5746 0
1.0
0 2.3522 0
Seed word Change 1 Change 2 Change 3 Change 4 Change ...
[tres] [trus] [tros] [tris, tras] [trus]
[bar] [bur, bir] [bor, ber]
[dos] [dis] [des] [das, dus] [dis]
[fin] [fon] [fan, fun] [fen] [fon]
[luz] [lez] [laz, liz] [loz] [lez]
[mar] [mur, mir] [mer, mor]
[mes] [mus] [mos] [mis, mas] [mus]
[pan] [pun, pin] [pon, pen]

Figure 5: Example of partially completed E-matrix and its correspondence with
W-matrix.

4.5. Heuristic Initiation Process

In the recommendation system, the cold start problem arises
when the user’s actual experience matrix (E) is empty due to
a lack of previous interactions. A priori estimation of word
difficulties is used to address this, and it is represented in an
initial matrix called an I-matrix [56], already explained.

To overcome the cold start, a heuristic initiation process is
performed, in which words corresponding to semi-random cells
of I are presented and stored in matrix W. The difficulty of these
words is changed by factor M according to the user’s response
(SM, FM), and the custom values are stored in E-matrix. The
cell selection process aims to maintain a low entropy in E, i.e.
an orderly and coherent distribution of difficulty values [57].
The cold start mitigation phase ends when a certain degree of
entropy is reached in the E-matrix, indicating a reasonable esti-
mate of the initial difficulties for a representative set of words.

This heuristic initiation process lays the foundation for con-
tinuous and adaptive learning of the system, adjusts the esti-
mated difficulties and refines its ability to recommend words



adapted to the skill level of the user.

@ Actual difficulty
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(Inferred difficulties)
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Figure 6: First intervention using the I-matrix to mitigate cold start.

4.6. Completion of F-matrix

Once the E-matrix has been partially completed, although
still sparse, the F-matrix is calculated using a matrix factoriza-
tion method based on Stochastic Gradient Descent (SGD) opti-
mization. This method allows generating a complete F-matrix
from the available information in E, leveraging the underlying
patterns and relationships in the data [52].

SGD is used to optimize the factorization of the sparse E-
matrix into two lower-dimensional matrices, P € R™* and Q €
Rk which, when multiplied together, approximate the known
values of E. The existing entries in E act as pivots to guide the
estimation of missing values in F. The similarity between the
corresponding elements of E and F can be used to measure the
factorization error and the overall process error [58].

The optimization process uses mean squared error (MSE) as
the loss function, defined as:

LEP.Q.D) = ) (Ej=P;- Q)7 + AP +1Q,1P)

@i,))eD
where:

e D: Set of indices i, j corresponding to the observed entries
in matrix E (the combinations of §; and C; where a known
value is available).

e [E;; are the observed values in the E-matrix.

e P;and Q; are the latent feature vectors for seed words and
changes, respectively.

o 1 is the regularization parameter to avoid overfitting.

SGD iteratively updates P and Q by minimizing the error for
each known entry in the E-matrix, guiding the prediction of the
missing values in the F-matrix. Several parameters influence
the quality of the estimates and the convergence speed, such as
the learning rate, the number of latent factors and the number
of iterations [59] [60]. A hyperparameter tuning process (hy-
pertuning) is performed using techniques such as grid search to
obtain the best results [61].

Factorization not only allows the completion of the F-matrix,
but also captures and exploits the latent relationships between
seed words and their derivations, improving the quality of the
recommendations provided by the system. The completion
of F using factorization is crucial to the development of the
recommendation system. With a complete and accurate F-
matrix, the system can offer personalized suggestions adapted
to each user’s skill level, promoting more effective and motivat-
ing learning.

Let’s define the F-matrix mathematically, where the elements
F;j represent the derivative difficulties for combinations of seed
words S; and changes C;. The F-matrix is constructed by fac-
torization method of the sparse E-matrix. This factorization al-
lows the system to estimate the difficulties for combinations that
have not yet been experienced by the user, which can then be
used to determine the correct level of difficulty for future tasks
based on the IF applied to the last difficulty level presented.

The difficulty F;; in the F-matrix can be expressed as:

Fij=P;-QF “
where:

e F;jrepresents the inferred difficulty for the combination of
the seed word §; and the change C;.

o P;- Q}T denotes the process by which the difficulty F; is
inferred through the factorization based on SGD optimiza-
tion of the sparse E-matrix.

e The E-matrix contains the actual difficulties experienced
by the user and is typically sparse because not all combi-
nations of §; and C; have been encountered by the user.

Using factorization procedure based on stochastic gradient
descent (SGD), the system decomposes the small E-matrix in
the subdimensional space, perceiving latent factors explaining
the patterns of difficulties observed. These latent factors are
then used to detect the unseen difficulties in F;;. Possible diffi-
culties in F;; are essential for dynamic adjustment of the level of
difficulties offered to the user. After each interaction, the sys-
tem can be applied to the IF’s last level of difficulty (whether
successfully overcome or not) to determine the next relevant
problem from the F-matrix. F;; value is used if the user has
not directly experienced a specific combination of seed name
and change. This allows the system to maintain a continuous
and adaptive learning experience by filling gaps with empirical
data. In this way, the system can anticipate appropriate levels
of difficulty for future tasks, ensuring that the user is constantly
challenged within their zone of proximal development. Using
models identified using factors such as low e-matrix, F ensures



that the learning process remains personalised and progressive,
even if there is no direct user experience with certain word com-
binations.

Seed word Change 1 Change 2 Change 3 Change 4 Change ... s
.5
3.0
1.6574 1.877 1.5597 2.0519
1.8908 2.2026 1.9205 2.7798
-25
2.0
1.4167 1.6955 2.1282
1.3564 1.4002
-15
1.3421 1.8819 2.6339
2.3479 2.3756 - I”’
0.5
Seed word Change 1 Change 2 Change 3 Change 4 Change ...
[tres] [trus] [tros] [tris, tras] [trus]
[bar] [bur, bir] [bor, ber]
[dos] [dis] [des] [das, dus] [dis]
[fin] [fon] [fan, fun] [fen] [fon]
[luz] [lez] [laz, liz] [loz] [lez]
[mar] [mur, mir] [mer, mor]
[mes] [mus] [mos] [mis, mas] [mus]
[pan] [pun, pin] [pon, pen]

Figure 7: Example of inferred difficulties in F-matrix after factorization from
E-matrix and its correspondence with W-matrix.

4.7. Organization of Each Child’s Intervention Tests and Ma-
trices Expansion

Personalized intervention tests for each child follow an itera-
tive process that leverages information from screening tests and
user experience with presented words, adapting difficulties to
each child’s specific needs and abilities.

In the first intervention, initial seed word difficulties are cal-
culated from screening test results, considering the user expe-
rience factor, and the initial I-matrix is generated [62]. Diffi-
culties are selected from I-matrix following heuristic rules, cor-
responding words from W-matrix are shown to the user, and
difficulty is modified according to the user experience factor
(SM, FM) and stored in E. This process is repeated until an ad-
equate distribution is obtained in E; at this point, the F-matrix
is calculated through factorization.

Matrices I, E, F, and W play vital roles: I represents initial
difficulties, E stores userexperienced difficulties, F contains in-
ferred difficulties through factorization, and W associates words
with their respective difficulties.

Starting from the calculation of F, difficulties are chosen us-
ing a rule that increments or decrements difficulty based on user
performance on previous words, using an Increase Factor (IF)
[63]. The resulting difficulty is searched for in F, and the corre-
sponding word is selected to be shown to the user.
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Figure 8:
matrix.

General schema of intervention using inferred difficulties from F-

If multiple words in W are associated with a single difficulty
in F and the user has different experiences, the matrices are
expanded once F is calculated. W, initially threedimensional,
is converted to two-dimensional by duplicating columns, and E
and F are expanded similarly [64].

Seed word | Change 1 Change 2 Change 3 Seedword | Changel  Change 2 Change 3
(tres) [trus) (tros] Itris, tras] [tres) [trus) [tros) {tris] [tras)
[bar] [bur, bir] [bor, ber] [bar] [bur] (bir] [bor] [ber]

[dos] [dis) [des] [das, dus] [dos] [dis] [des] [das] [dus]

[fin] [fon] (fan, fun) tent tin} tont [fan) [fun) [fen]

Figure 9: Example of expansion of cells with more than one word, resulting in
Expanded W-matrix.

Seed word Change 1 Change 2 Change 3 Seed word| Change 1 Change 2 Change 3
0 o
0 [
0 0
0 0
1.5746 [

Figure 10: An example of the expansion of respective cells in the E-matrix
results in an expanded E-matrix. Note that only cells with >1 word in the W-
matrix are expanded.



Seed word Change 1 Change 2 Change 3 Seed word| Change 1 Change 2 Change 3

11977 1.1926 1.7094 11977 | 11926 = 11926 1.7094

1.6574 1.877 1.5597 1.6574 1.877 1.877 1.5597

1.8908 2.2026 1.9205 2.2026 2.2026 1.9205

S

1.4167

1.8908

2.1024

1.2976 1.6955 1.2976 1.4167 1.4167 1.6955

Figure 11: The expansion of respective cells in the F-matrix results in an ex-
panded F-matrix. Note that only cells with >1 word in the W-matrix are ex-
panded.

After expansion, a target difficulty is chosen and searched
for in the expanded F-matrix, a word is selected and shown to
the user, and their experience is stored in the expanded E-matrix
[65]. In subsequent interventions, the F-matrix will have the ex-
panded dimensions of the E-matrix but with non-repeated val-
ues, and the E-matrix becomes more complete, allowing for a
more accurate F-matrix with more precise inferences.

5. Results and Discussion

5.1. Diagnosis of Areas of Interest via Heat Maps

After several interventions, F-matrix becomes a valuable tool
for diagnosing specific areas of interest and difficulty for each
user. When the child interacts with the system, the F matrix fits
and refines, both reflects the actual experience of the user (by
the points of E) and the inferences obtained by the factorization
process.

In the early trials, the F-matrix may show marked peaks in
its three-dimensional display or more intense zones in the heat
map, indicating areas of incredible user difficulty [66]. These
peaks or more intense heat zones correspond to specific com-
binations of seed words and phonetic changes challenging the
child. However, as more interventions are performed, matrix F
tends to smooth out, better adjust the system to the user’s profile
and a more balanced distribution of problems.

The structure of the F matrix allows accurate identification of
the most conflicting areas for the user. Each column represents
a series of specific phonetic changes, ordered from the least
to the most complex. Analyzing the F values in a given col-
umn makes it possible to detect the phonetic changes that are
the main challenge for the child and the associated seed word
[67]. These problems may be related to specific phonetic pat-
terns such as discrimination between similar phonemes, word
segmentation or the production of certain sounds.

Visualizing matrix F in the form of a heat map or as a three-
dimensional surface facilitates the identification of these areas
of interest. The more intense colors or higher peaks give the
zones of the main difficulty for the user. This information is of
great value to educators and therapists, because it enables them
to adapt interventions and to focus on aspects that require more
attention and reinforcement.

1.7094
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1.6955
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Figure 12: 2D display of the F matrix of the previous digit. Hot areas can be
identified, creating particular problems for the specific child.

5.2. System Evaluation

In order to evaluate the system, we have to set certain values
for the operating parameters. However, other operating points
can be obtained with other values, from now on, our study will
focus on the working point where we obtained a local minimum
in dispersion, (a detailed parametric study is shown below):

e Success Modulator: 0.90
e Failure Modulador: 1.1931

e Increase Factor: 0.1483

5.3. Virtual Children

During the development of the intervention system of chil-
dren with reading difficulties, two challenging: the cold start-
ing and the complication of data is due to the limited number
of users of the system. In order to get rid of them, “virtual chil-
dren” was created by the profiles of psychologists by the team
of psychologists which contain different initial levels and the
tractors of the evolution. In this sense, Virtual Kids are mod-
eled with Knowledge Tracing technology to test the recommen-
dation system. This technique will initiate the probability that a
student has mastered a specific skills based on their answers, a
series of questions or problems with time. The primary objec-
tive of this approach is to initiate the knowledge of the student
(which has learned a skills) and use these information to cus-
tomize the future education and evaluations.

The Bayesian Knowledge Tracing model was developed by
Corbett and Anderson (1994) [68]. This model uses a Bayesian
system to update the probability that a student learnt a skill af-
ter each response. The model works on four key parameters:
P(Ly), the initial probability that the student knows the skill;
P(T), the probability of the student to try to learn skills, repre-
senting the learning ratio; P(G), the probability of the student
correctly finds the answer without having to know the skill; and
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P(S), the probability of the student does not respond correctly,
even if they know the skill. These parameters are indispensable
to simulate the learning process in children, allowing the real
and dynamic testing environment for the recommendation sys-
temStarting from different level of knowledge P(Ly), the child
considers that he achieved maximum difficulty in which he can
face in this study when P(L.,y) reaches 0.5, i.e. reaches the
random.
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Figure 13: Knowledge Tracing model for intervention testing. P(L0) = 0.7 and
P(Lend) = 0.5.

In the above number, the dotated red line means the devel-
opment of probability during the test and the blue line is the
following cumulative impact. The next number shows that
a blowed sequence is generated by the generated cumulative
scroll model around the chosen parameters.

In addition to generating multiple base profiles, it is possible
to create random variations from a given virtual child, obtain-
ing a set of derived virtual children that share the same adjust-
ment curve but present some variability in their responses [69].
Combining these strategies is critical to thoroughly testing the
system before its implementation with real users evaluating its
ability to adapt to different initial levels, learning rates, and re-
sponse patterns.

Success probability

Virtual children
Example of virtual child
—— Cumulative sum Success/Failure
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Figure 14: Generation of hit-miss sequences that follow the above cumulative
hit pattern.

The creation of virtual children using Knowledge Tracing
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and the generation of random variations from base profiles con-
stitute fundamental tools to overcome the challenges of cold
start and data scarcity in the development of an intervention
system for children with reading difficulties, allowing the sim-
ulation of a wide range of potential users, evaluating the ro-
bustness of the system, and ensuring its reliability before its
implementation with real users.

5.4. Stability Check

To ensure the robustness and reliability of the intervention
system, we checked its stability using three virtual children pro-
files and evaluated how the system responds to different levels
of variance in the inputs. These three basic profiles represent a
reader’s evolution through the intervention test trials.

Each base virtual child generates ten derived virtual children
by applying a percentage of variance to their responses. These
derived children share the same adjustment curve as the base
child but present random interaction variations with the system
[70]. The evolution of the system’s output in terms of recom-
mended difficulty levels is evaluated by generating multiple sets
of derived children with different levels of variance.

The stability check is performed by analyzing the relation-
ship between the variance introduced in the inputs (virtual chil-
dren’s responses) and the variance observed in the outputs (dif-
ficulty levels proposed by the system). If, for a given level of
variance in the inputs, the variance in the outputs does not spike
or show erratic behavior, it is concluded that the system is sta-
ble and robust [71], adequately adapting to individual user vari-
ations without losing its ability to offer coherent recommenda-
tions tailored to each child’s needs. To visualize and analyze the
results, input/output graphs show the relationship between the
introduced and observed variance, including point clouds rep-
resenting the different levels of variance and the mathematical
expression of the variance in both inputs and outputs [72].

We generate three profiles that correspond to the natural evo-
lution of a progressively improving child. The main parameters
of the virtual children for each trial are, for the first attempt:
P(Ly) = 0.7 and P(L.,z) = 0.5, for the second one: P(Lg) = 0.8
and P(L.,q) = 0.5, and for the third try: P(Ly) = 0.9 and
P(Leng) = 0.5.
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Figure 15: Evolution of the success-failure sequences for each trial with virtual
children.
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Figure 16: Evolution of the achieved score sequences for each trial with virtual
children.

Each profile comprises ten variations (virtual children), and
we have tried to keep the dispersion of the three profiles similar
(respectively, 1.24, 1.19, and 1.19). The evolution of the scores
achieved by each of the ten virtual children remains within a
stable range, increasing slightly as we advance in trials (0.18,
0.23, and 0.24), but in any case contained.

Stability implies that the system can maintain coherent and
predictable behavior within a reasonable range of variance,
adapting to individual user differences without compromising
its ability to offer practical and personalized interventions.

5.5. Error Calculation - Cross-Validation in Factorization
Based on SGD

A rigorous error analysis is necessary to evaluate the accu-
racy of the F-matrix’s reconstruction from the E-matrix’s fac-
torization optimizing it with the Stochastic Gradient Descent
(SGD) algorithm. The main challenge lies in the fact that if all
available E elements are used, they will be used both for re-
construction and error calculation, potentially leading to an un-
derestimation of the actual error [73]. To address this problem,
the k-fold cross-validation technique is employed, dividing the
elements of E-matrix into a training set and a test set with a 95-
5 ratio, ensuring enough training data for robust factorization
and reserving a small set to evaluate the model’s generalization
ability [74]. An exhaustive search for optimal factorization pa-
rameters uses a grid search strategy, defining a range of values
for each parameter and systematically evaluating all possible
combinations [75]. Once the optimal parameters are identified,
the final factorization of the E-matrix is performed using all
available elements, obtaining the F-matrix with the inferred dif-
ficulties for each word and each type of phonetic change.

This error evaluation process is done for all interventions per-
formed with virtual children. The error in the test set is ex-
pected to be slightly higher than in the training set. However,
both errors are expected to progressively decrease as more in-
terventions are performed and more values in E are completed,
as the model has more information to learn the underlying pat-
terns and improve its generalization ability.A detailed schema
of all the processes is shown in the following figure:
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Figure 17: Reconstruction error estimation through cross-validation.

The reconstruction error is calculated for each trial, consid-
ering that after each trial, the E matrix is more complete and
less sparse so that more pivot points are available to factorize
and infer the F matrix. The error decreases slightly through the
trials (Trial 1: 21.99, Trial 2: 21.57, Trial 3: 21.18).
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Figure 18: Reconstruction error across trials.

5.6. Parametric Study of the System

During the development of the Recommendation System,
different parameters with specific values were selected. In order
to better understand the behaviour and robustness of the system,
it is essential to carry out a parametric study which examines
how performance varies when these values are changed.

The proposed parametric study systematically changes the
parameter values following a grid research strategy, defines a
set of values for each parameter and evaluates the system per-
formance for all possible combinations [76]. It is proposed to
vary the user experience factor, which determines how word



problems are adjusted based on the child’s performance, assess-
ing how the system adapts to different sensitivity levels when
updating problems [77]. It is also proposed to modify the in-
crease or reduction of difficulties during the intervention test,
analysing how the system gradually adjusts the difficulty and
how this affects stability and error [78]. We’ll focus on:

e Success modulator: The hit modulator controls the per-
ceived difficulties of the user, which must be stored in ma-
trix E, by dividing and reducing the difficulty chosen from
matrix F. Study range: 0.5-0.9.

e Failure modulator: The malfunction modulator controls
the user’s perceived difficulty to be stored in matrix E,
multiplying and increasing the chosen difficulty level of
matrix F. Study range: 1.10-2.0.

o Increase factor: When the user gets the reading of a word
on the right, a greater difficulty must be sought, a leap to
a greater challenge in the test, the parameter that regulates
the evolution of the difficulty. Study range:0.1-0.15.
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Figure 19: Mosaic diagram showing the distribution of the different dispersion
values according to the chosen parameter values.

As we can see in the mosaic diagram, lower IF values lead to
lower dispersion and stability, i.e. a finer incremental step en-
sures that the system remains within limits. The next important
factor is the SM, where we can see that the lowest dispersions
are achieved for values closer to 1.0 (maximum). The FM offers
the most small variation in its changes, but we also notice that
values of almost 1.0 (smallest) contribute to lower dispersion.
It is concluded that the system should do the same for similar
child profiles, the changes should be included (low IF SM and
FM values close to 1.0). This has been studied with the evolu-
tions of virtual children who, being different, can follow more
or less similar evolutions.
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To visualize the results, 3D teams show how the output of
the system varies according to different parameter combina-
tions. The figure can be presented in a three-dimensional for-
mat, making it easier to identify complex interactions between
parameters and to fully understand the behaviour of the system.

The 3D representation for a given value of FM (a parameter
that had less relevance) shows that the dispersion continuously
decreases for all values of IF, but this is not the case for MF,
which decreases the dispersion when values of MF close to 1
combined with low IF are given, but, in the same range of MF
(close to 1), the dispersion reaches its maximum values when
the IF is raised. Although in a not-so-clear way, it is evident
that the 3D representations allow us to assess not-so-obvious
behaviors and complex dynamics.
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Figure 20: 3D distribution of dispersion for an FM = 1.1931.

The parametric study is a way to evaluate the robustness and
performance of the recommendation system by varying the val-
ues of critical parameters, obtaining a deeper understanding of
how these parameters influence the system’s stability and error.
This comprehensive analysis provides valuable information for
optimizing the system and ensuring its robustness in different
scenarios and configurations, serving as a basis for future ad-
justments and improvements to maximize the performance and
effectiveness of reading interventions. It should be noted that
the mosaic diagram summarises general trends and that a min-
imum can be reached in a specific way with a different combi-
nation of parameters.

6. Conclusions

In this study, we developed an intervention strategy tailored
to dyslexic children that uses a dynamic approach to word se-
lection for word reading tasks, adapting in real time to the user’s
progress. This personalised strategy allows for ongoing modi-
fications, improving both the accuracy and effectiveness of the
learning experience. Starting with a screening test that uses
words as a baseline for group classification, the system initi-
ates intervention with a customised starting point, increasing
the relevance and effectiveness of the content delivered. This
approach is supported by a word seed system and an advanced



recommendation engine that adapts based on the child’s per-
formance to address language and comprehension challenges,
accelerating learning and optimising retention.

A significant contribution of this study lies in the techno-
logical innovations introduced. Our approach enables the im-
plementation of a flexible, non-linear intervention strategy that
improves upon existing methods such as CAPs. Unlike CAPs,
which rely on pre-determined session sequences, our system
personalises each interaction in real time, allowing adjustments
to be made with each user response. This continuous real-time
feedback enables training to be tailored to each child’s indi-
vidual learning curve, making it adaptable to a wide range of
readers, including those who are typically resistant to standard
treatments, such as severe dyslexics.

Furthermore, based on the simulation results, our system
demonstrates extensive potential for a wide range of applica-
tions, as it is adaptable to readers of all ages, including adults,
and can be extended to individuals with other neurodevelop-
mental or comorbid conditions, such as attention deficit disor-
der. This flexibility, combined with real-time adjustments at the
stimulus level, enables an inherently responsive training strat-
egy that dynamically adapts to each learner’s pace and opti-
mises their progress.

A key element is the matrix-based recommendation system
(using matrices E, W and F), which is designed to update ac-
cording to the user’s skills and challenges. This system ac-
curately calibrates the complexity of the test and increases
the effectiveness of the intervention by applying factorisation
method, allowing us to predict future challenges with greater
accuracy.

An evaluation of a system’s resilience using a “virtual child”
profile with randomly varied responses reveals that the system
can adjust to various training regimens without compromising
the coherence of the guidelines. This is crucial for applying the
system in particular instructional contexts since it validates that
the system is dependable and likely to be stable in the face of
changes in user behavior. Additionally, in order to increase sys-
tem accuracy and offer precise and accurate suggestions, cross-
validation techniques can be utilized to carry out intricate stud-
ies of F-matrix reconstruction mistakes.

A parameter study offers a greater insight of the behavior and
dependability of the system and helps to understand how differ-
ent parameter values affect the sustainability and errors of the
system. This thorough examination strengthens the system’s
performance under different conditions and offers a strong ba-
sis for future research into weakening and enhancing similar
recommendation systems.

Finally, we showed that the system can quickly adapt to new
users by offering particular recommendations from the first en-
counter by using a heuristic procedure to alleviate cold start
issues, leveraging preferential pricing, and resolving user ex-
perience issues. By utilizing heat maps and three dimensional
F-matrix representations, you may effectively identify complex
areas for individual users and encourage more focused and ef-
ficient actions. These developments present fresh prospects for
creating recommendation systems that are tailored to different
situations while also highlighting the significant successes of
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tailored learning activities.

7. Code Availability and Implementation Details

All the code used in this project was developed in Python and
is available for review and use in a GitHub repository.
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