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Out-of-hospital emergency departments receive multiple types of requests daily. Their management requires a
balance to be found between available resources and the actual needs of the requesting party. Those regarding
suicidal behaviour, which are resource heavy, are few in number in terms of the bulk of requests, and detecting
them correctly is therefore important. Previous research, using machine learning algorithms to analyse suicide,
has typically focused on discovering insights to be used by medical personnel. This proposal extends its use
in two directions: knowledge that can be used by non-exclusively medical staff, such as telephone operators,
and the models that have been incorporated into a software prototype to help in the decision-making of an
emergency department. In addition, previous research has often included a range of information from different
sources that are not available when processing an emergency call request, for example, data that is only
obtained at the end of the intervention. A full-scale data mining process has been performed using data from
the out-of-hospital emergency service in Malaga (Spain). Sensitivity has been the primary goal to avoid missing
cases requiring special attention, but this objective has been pursued without overlooking a good trade-off
with specificity. The best models can offer such a compromise between sensitivity and specificity, and show
more than 80% in both metrics simultaneously. The experts validate that the modelling phase showed that
the algorithms have automatically identified already known situations. This lays the groundwork for further
iterations with a promising outlook.

1. Introduction

Suicide is one of the leading causes of unnatural death worldwide,
which is a public health problem. There are estimated to be 20 earlier
attempts for every suicide death (World Health Organization, 2014).
The history of earlier suicide attempts is a strong predictor of the
occurrence of suicidal behaviour in the future (Parra-Uribe et al.,
2017). Identifying and registering these episodes of suicidal behaviour
is important to improve future detection. The WHO predicts that the
desired reduction in suicides will not be achieved by 2030 (World
Health Organization, 2019), and it proposes four interventions, one of
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which is directly related to this work: early identification, assessment,
management and follow-up of people affected by suicidal behaviour.

Traditionally, research on suicidal behaviour has used conven-
tional statistical techniques to identify, characterise and predict this
behaviour (Franklin et al., 2017). These techniques, based primarily
on a manual study of the data, are limited to working with datasets
consisting of not so many instances, nor described by too many at-
tributes. Most research in this context uses conventional null hypothesis
testing statistical methods, where the researchers manually infer the
hypothesis.
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For some years now, research in psychology and psychiatry has
started to use a second approach to improve the modelling task. In
particular, machine learning is complementing the traditional statistical
study in this phase of the data mining process. The main reason is to
increase the possibility of working with larger datasets and to analyse
many patterns, which would be unmanageable manually. Thus, there
is a better chance of being able to classify suicidal ideation and other
related characteristics (Nordin et al., 2022).

Different approaches have long been developed to advance be-
havioural identification and they vary widely in terms of the size of
the datasets or the way they are constructed. Even the most recent
work continues to show this diversity, ranging from small and manually
collected datasets that study close interactions between patients and
clinicians (Venek et al., 2017), to big datasets that collect publicly
available data from social networks and analyse the annotations by
experts (Dhelim et al., 2023a; Kodati and Dasari, 2024).

It is common to determine whether longitudinal historical data can
be used to predict patients’ future risk of suicidal behaviour (Barak-
Corren et al., 2017). These longitudinal studies use Electronic Health
Records (EHRs) over several years and work with millions of instances
(records) defined by hundreds and even thousands of attributes. Using
that great volume of data enables further variants, such as case-cohort
studies (Gradus et al., 2020). In this type of study, a manual and directed
sampling process selects all the positive cases (minority class) and a
small percentage of negative cases (majority class) to build a dataset
where the skew between minority and majority classes is softened.

These types of studies can be conducted in some cases, but other
constraints apply in others. Accessing every patient’s clinical history
is sometimes impossible or the access cannot be in real-time. This is
the case of out-of-hospital emergency services, where the variety and
volume of data for every person requesting help is limited. A second
kind of study can be conducted, the cross-sectional study. It uses the
instances recorded during a short period (a few years) as referred to
the same time. This type of study has also been used to characterise
and classify suicidal behaviour (Ramos-Martin et al., 2022) and is an
alternative when longitudinal historical data are not available.

As already mentioned, machine learning has been previously used
in the context of suicide risk from several perspectives and domains
(Nordin et al., 2022). For example, Lin et al. (2020) studied suicide
ideation in military personnel and Su et al. (2020) focused on children
and adolescents. The study sometimes seeks to measure the impact of
certain attributes on the models, as Gradus et al. (2020) did when
studying the sex-specific suicide risk and two different datasets were
generated (one for men and another for women). However, sex infor-
mation can also be included in the dataset and the algorithms allowed
to determine its importance.

What is not so common is the study of suicidal behaviour in the
context of out-of-hospital (or pre-hospital) emergency services. Few
studies have been conducted and they all use traditional statistical
approaches. They study different issues ranging from the more detailed
to the more generic. There are papers on one specific cause, such as
substance-related issues (Kabadayi and Usul, 2023), and others focused
on several separate sets of causes, including cutting self-harm and
deliberate self-poisoning (Norotte et al., 2023). There are also two
studies that analyse the number and characteristics of suicide attempts
according to the available sociodemographic, temporal, and health care
variables (Mejias-Martin et al., 2018; Moreno-Kiistner et al., 2019). The
importance of obtaining a good insight into suicidal behaviour can be
applied to different tasks, including: assigning emergency and transport
services (Kabadayi and Usul, 2023), evaluating and improving the tele-
phone assessment (Tilley et al., 2024), or proposing sufficient training
and clinical support for telephone operators (Doan et al., 2024).
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Motivations and key contributions

The data mining process carried out here seeks to predict when
a request to an out-of-hospital emergency service involves suicidal
behaviour. The results obtained by different models are statistically
compared before selecting the best candidates. After validating the use-
fulness of the new knowledge, the experts have proposed its inclusion
in a prototype system that can help in the decision making in such an
emergency service.

Therefore, the most significant contributions are summarised as
follows:

Use of data mining process to learn from large datasets in terms
of number of instances and attributes in the context of suicidal
behaviour at emergency services.

Learning only considers the information available at the time a
request call is processed, and ignoring other information that is
available when the case is closed.

Conducting a data mining process that overcomes the difficulties
inherent to an imbalanced problem, because suicidal behaviour is
only related to 1% of the emergency service calls.

Obtaining relevant patterns in terms of model sensitivity and
comprehensibility, which can be validated by experts in the field.
Incorporating discovered knowledge in a software prototype that
could assess the telephone operators.

The rest of the paper is organised as follows. Section 2 presents
a literature review, with background information, for the scientific
positioning of this work. Some preliminaries, relevant to understand the
work developed, are introduced in Section 3. CRISP-DM methodology
is summarised in Section 4 and the implementation details devel-
oped for every phase in this methodology are described in detail.
Finally, Section 5 concludes the paper and includes some future lines
of research.

2. Related work

For some years now, it has been evident that machine learning
techniques are becoming relevant in the study of suicidal behaviour
prediction (Nordin et al., 2022). Almost two-thirds of research has been
conducted using longitudinal studies where the number of instances
is usually high (collected from Electronic Health Records — EHR —
for many years). The remaining third has used cross-sectional studies
where datasets are usually smaller.

Data sources can be varied and come from EHR systems (Walsh
et al.,, 2017), self-reported questionnaires (Lin et al., 2020), social
media (Kodati and Dasari, 2024) or even audio-visual cues (Dhelim
et al., 2023b). Depending on the type of data source and the filtering
performed to prepare the experimental design, the imbalance between
users with suicidal and non-suicidal behaviour can vary. For example,
when the study is specific and tries to determine if a particular mental
disorder influences the result, the dataset is usually small and bal-
anced (Barros et al., 2017). However, when the dataset is not filtered,
the prevalence of suicide behaviour is minimal (near 1%). This is an
unaddressed problem (Nordin et al., 2022) with few exceptions that use
oversampling techniques to rebalance data (Oh et al., 2020). Moreover,
the oversampling solution seems insufficient because it increases the
likelihood of overfitting.

A systematic review of research has identified eight types of ma-
chine learning algorithms for suicidal behaviour prediction (Nordin
et al., 2022): Bayesian-based, instance-based, artificial neural network,
regularisation, decision tree, support vector machine, regression, and
ensemble techniques. Section 3.3 provides a more detailed description
of this algorithm, but the following paragraphs present its use to detect
suicidal behaviour.

Bayesian-based models can be considered a naive approach, but
they can perform well in some contexts. For example, Barak-Corren
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et al. (2017) predicted suicidal behaviour in healthcare centres, with
80% accuracy, but with highly imbalanced values for sensitivity and
specificity. Oh et al. (2020) studied suicidal ideation in the Korean
population and obtained more accurate results while keeping a balance
between sensitivity and specificity. While Bayesian-based models can
obtain accurate models in some cases, instance-based models (like KNN)
or artificial neural networks (ANN, including deep neural networks)
usually show low or moderately accurate results. The regularisation
technique also usually obtains moderate results with an imbalance
between sensitivity and specificity far from 80%. Only using regular-
isation over large longitudinal studies, with millions of instances and
hundreds of attributes, reaches balanced sensitivity and specificity near
to 80% (Chen et al., 2020).

Decision trees (DT) are a type of algorithm widely used in this
context. This is mainly because they can be used to classify and
predict while maintaining robustness even with very complex and non-
parametric data. Prediction ability is common in machine learning
algorithms, but explainability of the discovered knowledge is rare. For
example, Edgcomb et al. (2021) applied this method in the specific
context of detecting suicidal behaviour after the hospitalisation of
adults with serious mental illness. They conducted a longitudinal study
with structured Electronic Health Records (EHR) data that included
many insights about the patients. Sensitivity and specificity results are
balanced and close to 80%. The explainability of the model, with rules
up to 9 depth level, was as important as predictive power. Support
Vector Machine (SVM) is another algorithm whose use is as widespread
as that of decision trees. It usually obtains moderately accurate results,
but it is revealed as the best option with a higher frequency (Nordin
et al., 2021).

The most extended methods to learn about suicidal behaviour,
reaching the most diverse domains in this context, are ensemble meth-
ods (such as bagging or boosting) (Nordin et al., 2022). The ensemble
methods train multiple learners (known as base learners) and combine
them to create a new learner. Random forest (RF) is an extension
of bagging, and it is used frequently as it usually avoids overfitting
problems, which sometimes appear when using isolated decision trees.
For example, Cho et al. (2021) obtains high accuracy values, although
sensitivity and specificity need to be more balanced. A minor disadvan-
tage of Random forest models is their explainability because combining
different rules from different trees is less direct than consulting a unique
decision tree.

Obtaining reliable models offers an excellent opportunity to share
such knowledge with experts in the field. Incorporating such models
in software that could assess the decision-making task is a crucial
advantage that could complete the previously stored information. Com-
puterised clinical decision support systems (CDSS) have been used for
many years (Garg et al., 2005). However, their implementation in the
suicidal behaviour domain is only testimonial. Kurian et al. (2012)
implements patient-self reports to be completed before seeing their
clinician. This information is available to the clinician in order to be
validated and for a better treatment visit. Etter et al. (2018) proposed
a closer case of CDDS to screen suicide behaviour where a similar kind
of report (called previsit screener form) is completed by the patient
and by the nurse prior to the provider (or clinician) encounter. Other
screening tools are used by non-mental health professionals for suicide
assessment (Joe and Bryant, 2007). The closest idea to something
similar to a system providing some kind of alert is proposed as future
avenues for research in a very recent review (Barua et al.,, 2024).
However, to the best of our knowledge, there is no software that assists
in supporting decision making in the suicidal behaviour domain, let
alone in the context of out-of-hospital emergency departments.

Once the literature mentioned in this section has been examined, we
can position this work. The availability and processing of data differs
in an out-of-hospital emergency department from other departments,
such as primary or secondary care. Although data may be related to
each requested call, not all data can be used while handling that call.
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Two leading causes are limiting data availability during call handling:
anonymity, which limits access to clinical data from unknown callers,
or limited availability, as certain data are only known at the end of
the call handling. The address is a piece of information that is known
for practically every call. A more complete dataset can be created
with that information and a socioeconomic database storing aggregated
indicators for each territorial unit (with 1000 and 2500 inhabitants).
The techniques and algorithms used in the data mining process are
well-known, but they must be appropriately organised to overcome
several challenges. The imbalance of the data due to the paucity of
suicidal behaviour in this cross-sectional study is a significant problem.
The learning problem can worsen when the dataset is larger than
those traditionally used in cross-sectional studies. The need to obtain
balanced results on sensitivity and specificity metrics while prioritising
explainable Artificial Intelligence (XAI) models also calls for a specific
process set-up. The latter is essential because experts in the field must
validate and understand the results. Including such knowledge in a
computerised clinical decision support system (CDSS) is then desirable.

3. Preliminaries

This section describes the sources of information and the back-
ground methods used to conduct the data mining process proposed in
Section 4.

3.1. Raw datasets

Two sources of information have been used in this study. Although
a more detailed description will be given in Phase 2 of the CRISP-DM
methodology (see Sections 4.3 and 4.4), an initial approximation is
made here.

The first source is the Emergency Coordinating Centre (ECC)
database serving the capital of Malaga, Spain. This database, in its
original version, comprises a total of 83946 instances collected over
three years (2018, 2019 and 2020). Every instance registers the basic
information received by an operator processing a telephone service
request: information on the requesting party (id, sex, age), place, date
and time of the request, or comments on the diagnosis. It is an update of
the database used in an earlier paper where the classification of out-of-
hospital emergency service (OES) requests related to suicidal behaviour
is validated (Ramos-Martin et al., 2022).

The second source is a database that aggregates socioeconomic data
from the vicinity of the point where the request is made. These data
are collected and made available by the National Statistics Institute
(INE) (Instituto Nacional de Estadistica, 2021) and provide indicators
on the distribution of household income. The database uses territorial
units, known as census sections, that subdivide the municipality into
zones with a population size between 1000 and 2500 inhabitants. The
health district that includes Malaga city and its immediate area of
influence is composed by 470 census sections.

3.2. Resampling methods for dealing with imbalanced datasets

Most standard algorithms assume problems where classes are ap-
proximately equally represented or have equal misclassification costs,
but their performance decreases when that is not the case (He and
Garcia, 2009). Imbalanced datasets, where classes have strong distri-
bution skews, are present in real-world domains. Although the context
of suicidal behaviours is a clear case in which the issue of imbalance
appears, there is hardly any research that has considered this prob-
lem (Nordin et al., 2022). Assigning distinct costs to training examples
or resampling the original dataset (by undersampling the majority class
or oversampling the minority class) (Chawla et al., 2002) are the two
main alternatives are used to address the issue of class imbalance.

In the first case, we can talk about cost-sensitive learning, where
the aim is to minimise costs related to the dataset instead of the
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error itself. Even though there are different types of costs, we consider
the misclassification costs (Petrides and Verbeke, 2022). When the
problem includes a binary class (with positive or negative labels), four
situations can appear depending on the real and predicted labels. Thus,
True Positive (TP) and True Negative (TN) denote instances correctly
classified as positive or negative, respectively; and False Positive (FP)
and False Negative (FN) are the equivalents for misclassified instances.
The impact of a mistake varies according to the class for which the
error occurs. The matrix known as cost matrix (CM) summarises the
importance:

CM = [CTP CFN]
Crp  Crn

It is common to consider costs only for errors (hits are usually
costless) and the cost changes depending on the type of error (FN or
FP). Thus, when predicting a positive instance as negative is worse
than predicting a negative instance as positive, the cost of FN (Cyy)
is larger than the cost of FP (Cfp). This circumstance can occur when
it is important to identify sick persons (instead of considering them as
healthy), to detect fraud cases (instead of considering them as harmless
transactions) or to identify suicidal behaviour (instead of classifying it
as a less severe circumstance).

In the second case, to facilitate the classifying task to the algorithms,
the aim is to reduce the class imbalance. Multiple methods grouped into
two approaches can be used and He and Garcia (2009) which usually
are combined:

(a) Undersampling the majority class. This approach can be exe-
cuted using several techniques, such as random undersampling
(removing a set of instances of majority class), informed under-
sampling (that tries to reduce information loss) and Tomek links
(that clean up unwanted overlapping between classes).
Oversampling the minority class. There is a variety of methods to
perform this oversampling, such as random oversampling (dupli-
cating instances of minority class), synthetic sampling with data
generation (SMOTE Chawla et al., 2002) and adaptive synthetic
sampling (ADASYN Haibo He et al., 2008).

)

=

3.3. Machine learning algorithms

A wide variety of algorithms can be used to induce models that
represent the knowledge that can be extracted from data. They are
mainly separated into supervised and unsupervised methods. Super-
vised methods try to classify the instances into as many classes as
labels are defined for the class attribute (or dependent attribute).
Unsupervised methods do not know which those classes are and group
the instances in different clusters that maintain coherence inside the
group and search for separation from other groups.

Some examples of supervised algorithms are:

» Naive Bayes (NB) classifier optimally performs when attributes
are independent given the class, but it also shows good perfor-
mance even when dependencies exist between attributes (Domin-
gos and Pazzani, 1997). A variant, the complement Naive Bayes
classifier (Rennie et al., 2003), was designed to correct assump-
tions made by the standard Multinomial Naive Bayes classifier
and is particularly suited for imbalanced datasets.

K Nearest Neighbours (kNN) is a simple classifier mainly used for
predictive purposes because of its poor performance in descriptive
tasks. It employs the local information close to the instance to
predict the class and, as occurs with other classical classifiers, its
performance is usually unsatisfactory with imbalanced data (Sun
and Chen, 2021). Resampling strategies could improve its perfor-
mance and much research has been conducted to improve kNN
alternatives, although more work is still required.
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« Artificial Neural Networks (ANN) are interconnected neurons or-
ganised into several layers (input, hidden and output) (Murtagh,
1991). The connections (configured as weights) define the influ-
ence between inputs and outputs, and adjust the input values to
generate a desired output. ANNs often use the backpropagation
technique to adjust the network weights so that the desired
output matches the input variables of the labelled examples. The
behaviour of the network and its learning process can be adapted
with the help of different activation functions.

Decision trees (DT) are algorithms that can be used for a predic-
tive and descriptive task because they model the knowledge as
trees where rules can be extracted. Each branch in the tree repre-
sents a rule expressed as a conditional statement that can be un-
derstood without expert knowledge. CART (Breiman et al., 1984)
and C4.5 (Quinlan and Ross, 1993) are widely used decision tree
algorithms.

Support Vector Machines (SVM) are a type of classification algo-
rithm that utilise linear classifiers to identify the hyperplane that
divides data into different categories (Cortes et al., 1995). Support
vectors refer to the subset of the instances that identify the
location of the separating hyperplane with maximum symmetric
margin on both sides that best captures the data trend. Classical
SVM algorithms are designed for binary classification problems,
although transformations can be used to extend their use.
Random Forest (RFs) is a decision tree-based technique that in-
volves generating multiple decision trees using different subsets
of attributes (Breiman, 2001). It is a learning method in which
multiple weak models, trained with different sets of randomly
selected observations and different subsets of attributes from the
dataset, are combined to get a prediction. The use of different
subsets of attributes for different trees is a key aspect that has
shown great success (Wyner et al., 2017).

XGBoost (XGB), or eXtreme Gradient Boosting, is an algorithm
that uses the boosting principle to generate multiple weak predic-
tion models sequentially (Chen and Guestrin, 2016). Each model
builds on the results of the previous model to create a new
model, so it hinders the comprehensibility of the global model,
but it achieves improved predictive power and greater stability
in its results. An optimisation algorithm such as Gradient Descent
combines these weak models into a more robust model.

The above algorithms may include partial or full resampling meth-
ods to deal with imbalanced datasets (see Section 3.2). Resampling
methods (such as undersampling and oversampling) can be used at
the pre-processing stage, so that all algorithms can take advantage of
this technique, since the pre-processed dataset is the same for all. The
inclusion of a class weight related to misclassification costs provides
additional information with which not all algorithms can work directly.
The original NB, kNN or ANN algorithms do not use such information
and only use the resampling approach.

3.4. Metrics for assessment

Metrics are needed to find suitable algorithms that model the un-
derlying knowledge. Accuracy is the most commonly used evaluation
metric for classification, but it may not be a good choice for imbalanced
scenarios (Haixiang et al., 2016), because bias towards the majority
class masks what happens to the minority class. Other frequently used
metrics are Sensitivity, Specificity, Precision, F-Measure or AUC/ROC.
There are doubts about the suitability of AUC/ROC as it is based on
TP and FP rate, and therefore do not depend on class distribution,
what is important in imbalanced scenarios (Fawcett, 2006). Other
questions are likewise open related to the use of optimal thresholds
in AUC/ROC (Hand, 2009). The four measures to be used in this study
are described below:

TP TN

itivity = ificity = ———
sensitivity TP+ FN speci ficity TN+ FP
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TP 2XTP

precision = ——— Fl= 0
TP+ FP 2XTP+FP+FN

These metrics should not be measured arbitrarily. A few guide-
lines need to be followed to avoid overfitting and to obtain statistical
support.

Overfitting occurs when a model includes more terms or uses more
complicated approaches than necessary (Hawkins, 2004). This occurs
when the algorithm learns the training data set too well, but loses
generalisation ability and responds poorly to cases that were not used
for training. Strategies such as cross validation can be used to obtain
a correct approximation on the performance of the final models. In
particular, a good setup of this method suggests using a stratified
10-fold cross-validation (Kohavi, 1995).

After inducing classifiers, considering statistical tests to obtain
statistical support for their performance is essential. For example, the
Wilcoxon signed-rank test can be used when comparing two clas-
sifiers pairwise. Friedman’s test with corresponding post-hoc tests
may also be suitable when comparing more classifiers over multiple
datasets (Demsar, 2006). Multiple results obtained from different runs
(reordering, sampling, or cross-validating the original data set) are
needed to perform the tests.

3.5. Technologies for implementation

Two different stages can be distinguished in the implementation
process: one related to pre-processing and modelling phases and the
other related to the deployment phase.

Currently, R and python are the most widely used languages
for data mining, machine learning or artificial intelligence processes.
Python (Van Rossum and Drake, 2009) has been selected for this
research as it has the necessary libraries to perform all necessary pre-
processing and modelling actions (numpy, pandas, matplotlib,
imblearn or sklearn). In general, unless otherwise indicated (see
Table 2), the parameters used are the default ones. Full implementa-
tion details can be found in the source code available in the public
repository.!

The development of the software prototype has been carried out
with a more engineering process. The web application is based on a
client/server structure. The implementation allows the interactive part
to be deployed on the user side (using the React library). The server
has been created with an API (FastAPI based on python) that provides
documentation for each of the endpoints when deployed.

The server needs to use the socio-economic data associated with the
patient’s address. A database available in the cloud (MongoDB Atlas)
has been used to facilitate access to this information.

3.6. Ethical considerations

This research met the ethical research criteria and was approved
by the Ethics and research Committee of north-east Mélaga (session of
May 28, 2020). The dataset after pre-processing phases does not con-
tain identifiable information on patients. All members in the research
groups signed a specific confidentiality commitment.

4. Application of data mining process

This section describes briefly a methodology for data mining and
presents the results achieved during the deployment of such process.

L https://github.com/jcampoavila/ECC-DataMining.
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4.1. Methodology for data mining process: CRISP-DM

Conducting data mining processes in many different fields is com-
mon nowadays due to the abundance of data and the well-known ad-
vantages of its application. Several methodologies have been proposed
to guide such a process. One such is CRISP-DM (Chapman et al., 2000),
which has become the “de facto standard for developing data mining
projects” (Marban et al., 2009) and has been applied to a wide variety
of domains since its definition, twenty years ago (Martinez-Plumed
et al., 2021).

The upper part of Fig. 1 summarises the six phases in which the
CRISP-DM methodology is structured. The first three phases (1, 2 and
3) are equivalent to what is known as pre-processing in other method-
ologies and they are in charge of constructing a final dataset from
which to learn. The modelling phase (4) is responsible for applying
statistics and machine learning algorithms to discover new patterns in
the data. Finally, the two last phases (5 and 6), also known as the post-
processing phase, provide new information to the experts, who can use
it to improve their previous knowledge and even include it in software
applications.

The CRISP-DM methodology has been applied to carry out the
process described in this work and will also be used to structure its
presentation in the following subsections. The lower part of Fig. 1
outlines the most relevant information obtained in each phase.

4.2. Business understanding (Phase 1)

It is important to stress that this phase is crucial. Experts in the
field here determine the objectives, what will condition all subsequent
phases.

Experts in this field include psychologist researchers specialised in
suicidal behaviour and professionals at the Emergency Coordinating
Centres (ECC). Processing one telephone requests at the ECC involves
two activities: the initial classification made by one telephone operator
at the ECC and the assessment provided by one health professional
that finally attended the emergency. In some cases, the participation in
situ of the professional is not needed as the request is minor and only
requires the first activity to be implemented. Therefore, several roles
participate in defining the objectives: psychologists, telephone opera-
tors, doctors coordinating the final emergency response, and healthcare
professionals who attend patients in situ.

The main goals for this research are to:

(a) Analyse the impact of data mining processes when trying to
discover novel and useful knowledge in the field, and prioritis-
ing the sensitivity metric to avoid false negative cases. This is
an usual goal in this area (Gradus et al., 2020; Ramos-Martin
et al.,, 2022). This objective will be achieved if findings, that
are already known to the experts, are automatically identified.
In addition, it is desirable for the process to include statistical
information on the results.

(b) Obtain models (black or white models) that can estimate, in a
reliable way, the probability of a case of suicidal behaviour. This
goal will be accomplished if any induced model simultaneously
obtains sensitivity and specificity values higher than 80%.

(c) Create one software prototype that could be tested at the ECC
to assess whether the telephone operators correct label every
incoming call. This objective will be achieved if the prototype
is implemented in a web-accessible way, so that the emergency
service’s own software does not need to be modified.
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Fig. 1. Diagram of the CRISP-DM methodology (upper part) showing the most relevant results of each phase (lower part).

4.3. Data understanding (Phase 2)

The Emergency Coordinating Centre (ECC) dataset stores data from
83918 incoming calls (or requests) recorded for three years (2018-
2020) in the health district that includes Malaga city (Spain) and its
immediate area of influence. This dataset collects information related
to the activity that corresponds to an ECC. This dataset is defined by 16
raw attributes that code information on the caller (id, sex or age), place,
date and time of the request. Comments regarding the a priori and a
posteriori diagnosis, included during the call by the telephone operator
or afterwards by the professional deployed to the site, are also stored
for every request.

The essential task of defining what is considered suicidal behaviour
can be performed using the above information. In our case, such
suicidal behaviour label is the dependent variable — the class attribute
— about which the learning process revolves. At this point, the clinical
assessment made by physicians and researchers is fundamental. The
first key to labelling a request as suicidal behaviour is the code given
by the professional deployed to the site. If that clinical assessment,
according to the International Classification of Disease ninth revision
(ICD-9) (World Health Organization, 2011), is identified as V62.84
code (suicide ideation) or E950-E959 (suicide and self-inflicted injuries),
it is positively labelled as suicidal behaviour. Moreover, in order not
to miss any possible case of suicidal behaviour, the second key re-
lates to drug poisoning, according to the selection made in the study
by Mejias-Martin et al. (2018). When clinical assessment identifies the
request with ICD-9 codes 305.4, 305.9 or 969 and, simultaneously, the
telephone operator presumes a suicide threat, the request is positively
labelled as suicidal behaviour too.

The dataset from the Spanish National Statistics Institute (INE) that
includes socioeconomic data for subdivisions of the municipality is used
to add new information to every request. It is defined by 30 variables
that aggregate indicators such as income (depending on its source),
percentages of the population over and under income-based thresholds,
percentages of the population in different age ranges or indexes about
economic inequality.

4.4. Data preparation (Phase 3)

Several transformations have been applied to the data in order to
assure the quality of the dataset that will be used in the modelling

11,600 health requests not related to main reasons
(general discomfort, poorly defined, pharmacological,...)

3,654 duplicated requests

11,321 requests without clinical assesment

7,813 requests with some missing value

final dataset (n = 49,530)

Fig. 2. Flow chart of the filtering process to discard invalid requests in ECC dataset.
The result is a dataset without missing values that include potentially relevant instances.

phase. In summary, there is a filtering process to obtain valid re-
quests for this domain, a combination of two datasets (telephone re-
quests information and socioeconomic data) and a transformation in
the attributes dimension (calculating new variables and deleting some).
First, a filtering process reduced the size of the ECC original dataset
from 83618 requests to 49530. Basically, the deleted instances are
unrelated to the problem, duplicated or incomplete. Details on filtering
are given in Fig. 2. After that filtering, a descriptive statistical analysis
was conducted to know the main characteristics of the dataset. The
dataset is not perfectly balanced attending to the sex, but the difference
is slight: 57.9% for women and 42.1% for men. Considering the age,
analysed in 15-year brackets, the brackets with the most requests is
shown to be over 75 years old (56.9%), and the second is between 61
and 75 years old (21.1%). The tendency is maintained for the rest of
the brackets; the number of requests falls the younger the people. The
youngest age bracket, under 15 years of age, is very rare (0.85%).
Calculated attributes are added to the dataset, but the most critical
one is the attribute that codes in a binary label the presence or absence
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Fig. 3. Percentage of calls in the complete dataset and in the subset with suicidal behaviour depending on the sex and the age range.

Table 1

Characteristics of most of the attributes considered in call requests (full dataset and subset with suicidal behaviour). Nominal
values calculated from the date of the call (such as day of the week or month) are not included due to the excess of values

for each attribute. There are no missing attributes in the dataset.

Attributes Total Suicidal
n = 49530 n =523
Sex — n (%)
Men 20841 (42.0%) 197 (37.7%)
Women 28689 (58.0%) 326 (62.3%)

Age — mean (sd)
Socioeconomic — mean (sd)
% population with income below 50% of the median
% population with income below 5000 euros
% of single-person households
% of population over 65 years old
% of population under 18 years old
Average net income per person (in thousands)
Average household size
Number of requests made in the last month — mean (sd)

72.55 (18.91) 43.62 (15.97)

20.62 (10.26) 22.10 (10.64)

11.10 (6.51) 12.00 (6.80)
26.58 (7.36) 26.98 (8.10)
18.81 (6.36) 18.10 (6.37)
17.71 (4.38) 17.90 (4.51)
10.56 (3.20) 10.25 (3.15)
2.64 (0.28) 2.63 (0.29)

0.96 (3.96) 0.95 (4.32)

of suicidal behaviour. It is defined based on expert knowledge (Phase
2). The number of requests that present suicidal behaviour is 523, which
is 1.1%. This percentage coincides with percentages observed in other
research (Moreno-Kiistner et al., 2019; Ramos-Martin et al., 2022).
Descriptive statistics of the population that present a suicidal behaviour
does not match with those of population that made an emergency
request. For example, the difference between sex increases (62.3% of
women versus 37.7% of men) and the most frequent age brackets are
then those between 46 and 60 (32.1%), between 31 and 45 (30.8%)
and between 16 and 30 (22.2%). Fig. 3 shows the distributions of the
total number of requests and number of requests presenting a suicidal
behaviour, according to the sex and the age. It is easy to make a visual
comparison between the different distributions.

The original set of attributes is enriched with other variables to
study the importance of the date, time or location of the request.
However, the most relevant information addition comes from the in-
tegration of the two datasets defined in Phase 2. The quality of so-
cioeconomic data, provided by the Spanish National Statistics Institute
(INE), is very high. Knowing the address from where the request is
made allows a correspondence between the aggregated measures and
the individual involved in the request to be established. However, the
associated information cannot be exact because the measures are de-
fined for the census section where that person lives, so that information
corresponds to the person’s neighbourhood, not to the specific person.

On the other hand, some of the original attributes are deleted in
order to only consider relevant attributes. For example, unique keys or
attributes that are not available at the beginning of the request (such
as those related to diagnosis, priority or resolution) are discarded. The
number of attributes that are finally used is 19 (including the class
attribute). They describe characteristics of the person (sex and age),
information on the time of the request (day of the week, day of the
month, month, quarter, week of the month, week of the year, whether
it is a working day, day or night), socioeconomic parameters referring
to the person’s neighbourhood (percentage of population over 65 years
old or under 18 years old, percentage of single-person households,
average household size, average net income per person, population

with income below 5000 euros or below 50% of the median), use of
the ECC (number of requests made by that person in the last month)
and presumed suicidal behaviour (class attribute). Table 1 summarises
most of the attributes considered in the call request. A dataset with
demonstration data is available.? Filling this dataset with real data
allows the data mining process to be reproduced.

4.5. Modelling (Phase 4)

The standard setting for modelling must be defined prior to detailing
the learning process for individual algorithms. Experiments have been
conducted following a 3 x 10-fold stratified cross validation. Therefore,
multiple results (30) obtained by slight variations of the dataset can be
combined to get statistically supported conclusions. The experiments
measure four dimensions relevant to the experts in this field. Details of
the metrics for assessment can be found in Section 3.4.

The dataset ready to be used in the modelling phase is defined by
19 attributes and consists of 49 530 instances (requests received at the
ECQ). The first issue before modelling is the imbalance of the dataset,
as only 523 instances are labelled as “suicidal behaviour”, representing
1.1% of the entire dataset. To overcome this problem, resampling
methods and cost-sensitive learning, described in Section 3.2, have
been used.

As every learning process in a 10-fold cross validation uses 90%
of instances to train and 10% to test, resampling methods were ap-
plied before the training phase, with the test subset (4953 instances)
remaining unaltered. Specifically, the oversampling SMOTE parameter
was defined as 0.1, and the undersampling rate was defined as 0.2.
Therefore, the initial 471 positive instances come to 4410, and the initial
44 106 negative instances to 22 050. The rate of positive instances passes
from 1% to 16%. The costs associated to FN and FP are 0.2 and 0.8,

2 BDsocioeconomic_dummy.csv dataset in INPUT_dataset folder
from repository https://github.com/jcampoavila/ECC-DataMining.
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Table 2
Hyperparameter tuning. The best configurations are underlined.

Algorithm Hyperparameters Analysed values
NB Type {gaussian, complement }
kNN Nearest neighbours {5,7,9,11,13,15,17,19}
Weight function {uni form, distance}
ANN Neurons in hidden layer {100,200, 300}
Iterations {100,200, 300}
Regularisation term {0.001,0.0001,0.00001}
DT Max depth {4,7,10,13,16}
Min samples per leaf {4,7,10,13,16}
SVM Regularisation param {0.04,0.2,1,5,25}
Kernel type {rbf,linear, poly, sigm}
RF Estimators {10, 20,30}
Max features {3,4,5,6}
Max depth {5,10,15}
Min samples per leaf {5,10,15}
XGB Balance pos/neg weight {2,3,4,5,7)
Learning rate {0.1,0.5,1.0}
Max depth {2,5,10}

respectively. The reason is to encourage that cases of suspected suicidal
behaviour are not overlooked.

Seven different algorithms have been used to learn from the dataset:
Naive Bayes (NB), k Nearest Neighbours (kNN), Artificial Neural Net-
works (ANN), Decision Trees (DT), Support Vector Machines (SVM),
Random Forests (RF), and XGBoost (XGB), all of which have already
been introduced in Section 3.3. A limitation imposed by the algorithms
themselves or by their implementation does not allow the use of costs
for every algorithm. NB, kNN and ANN do not take this alternative
into account. Furthermore, XGB cannot include such costs directly, but
offers an option to integrate costs.

Since all these algorithms have different hyperparameters that con-
trol their execution (and therefore can impact their performance), the
optimal configuration for each needs to be determined. Table 2 shows
the values selected for the parameters of every algorithm. A grid search
has been conducted to obtain the configuration that would provide the
best results for each algorithm (Bischl et al., 2023). This configuration
is marked in Table 2 with the corresponding values underlined.

Following the criteria defined by the experts in Phase 1, sensitivity
is one of the most critical metrics to decide the quality of the model.
At the same time, high values of sensitivity must not compromise low
values of specificity (and accuracy). Taking this into consideration, the
objective is to find models with sensitivity of over80% of sensitivity,
while the specificity remains over 80% as well. The highest sensitivity
value is preferred if the above criterion is not satisfied. If the criterion
is satisfied, the highest F; score is preferred. These criteria have been
used to select the best hyperparameter combination for each algorithm
(see Table 2).

The results achieved by those algorithms and configurations are
detailed in Table 3. Some ideas can be extracted from these results. One
of the most notable ideas is related to the importance of cost-sensitive
learning: algorithms that cannot use a customised cost for different
types of errors do not reach the desired 80% threshold. The rest of the
algorithms do and perform similarly. SVM presents the best sensitivity
result.

A statistical validation has been conducted using the Wilcoxon test
(with a minimum p-value of 0.05) to detect significant differences
concerning the SVM result. The results that are worse and statistically
proven are depicted in Table 3 with the symbol ©. One algorithm, DT,
does not exhibit such a difference (indicated with ®), which will be
relevant for the next phase. This is so because we can consider both
results as equivalent, and DT is more understandable than SVM. Thus,
we can keep the best of each option: the resulting decision tree rules
can be discussed with the experts in the field, while the SVM model can
be used as a black box in a decision support tool.
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Table 3
Performance of the machine learning algorithms. SVM shows the best result for
sensitivity, although the decision tree does not show significant differences.

Algorithm Sensitivity Specificity Precision F, score
(%) (%) (%) (%)
NB 76,7 + 7,5 © 80,5 + 0,6 4,0 £ 0,4 7,7 £ 0,7
kNN 27,4 + 6,6 © 93,2 + 0,4 41 +0,9 72+ 1,6
ANN 547 + 32,7 © 82,9 + 20,8 49 + 2,2 7,7 + 2,8
DT 81,8 £+ 750 80,1 + 1,7 4,2 + 0,3 8,0 + 0,6
SVM 82,2 + 4,8 81,4 + 0,5 4,5+ 0,3 8,5+ 0,5
RF 80,2 + 5,7 © 81,1 + 1,0 43+ 0,3 8,2+ 0,5
XGB 80,6 + 6,6 © 81,8 + 1,3 4,5 + 0,4 8,6 + 0,8
CD
7 6 5 4 3 2 1
1 i I h i N h
kNN J ——— SVM
ANN—M M ——————DT
NB XGB
RF

Fig. 4. Diagram to compare performance of different algorithms using the Critical
Distance (CD).

Similar conclusions can be observed when the alternative option
checking for statistical differences for multiple algorithms is consid-
ered simultaneously, although separation requirements are relaxed and
there are not as many differences. Fig. 4 describes the results calculated
with the autorank tool (Demsar, 2006; Herbold, 2020). Two groups
can be identified, one consisting of algorithms that exceed the 80%
threshold (those that can use cost-sensitive learning) and the other of
algorithms below the threshold.

4.6. Evaluation (Phase 5)

The experts present throughout the data mining process are once
again taking on a leading role. They evaluate the results achieved and
validate their suitability. Although the results from this study should
not be interpreted as causal effects, the patterns discovered can help.
We have found four models that meet the requirements of the experts,
two of which are of particular interest, SVM and DT.

Age and sex, in order of importance, are the attributes for these two
models that contribute most to learning. This is in line with what has
been observed in studies conducted by experts in the field because a
higher risk of suicide attempts is related to age and sex (Nordin et al.,
2022). The third most important attribute for SVM is the number of
call requests made in the last month while that third attribute for the
DT is the percentage of people under 18. This last attribute is available
in the socioeconomic database included in this data mining process,
which reveals the usefulness of having included it.

Considering results obtained by the ensemble methods (RF or XGB)
is relevant to note that the attributes from socioeconomic database are
often among the most informative attributes, apart from age and sex.

The model created by SVM can be used in the prototype designed to
help the Emergency Coordinating Centre (ECC). Experts perceive that
the final decision can be improved by incorporating a new prediction
system, as it better addresses possible suicidal requests and better
exploits resources.

The induced decision tree that best fulfils the experts’ expectations
is small enough to understand easily. It only presents 12 decision rules
with a maximum of 4 attributes per rule. What interests the experts are
the patterns where the highest number of cases of suicidal behaviour
are concentrated. The global rate in the dataset is known to be 1%, so
rules that double or triple such percentage are candidates to be useful.
In this case, three rules show that increase and the details are given
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Age <= 61
suicide in the branch = 1.06%
max suicide in any child = 6.78%

n=49530
False

n=3192

negative = 3134
positive = 58

suicide = 1.82%

n= 323 n= 96 n=4146
negative = 322 negative = 90 negative = 3994
positive = 1 positive = 6 positive = 152
suicide = 0.31% suicide = 6.25% suicide = 3.67%

n= 3523
negative = 3284
positive = 239
suicide = 6.78%

Fig. 5. Decision tree induced with the best configuration and statistics from the original dataset. The “suicide in the branch” label on an internal node means the rate of requests
with suicidal behaviour that match the decisions set from the root node to that internal node. It is similar to the “suicide” label at the leaves, but referring to internal nodes. The
“max suicide in any child” label on an internal node means the maximum rate of suicidal behaviour that will be observed in the leaves reachable from that internal node. Experts
have become interested in branches where these metrics are high. Three leaves are highlighted due to a great growth in the rate of suicide behaviour, far higher than 3% which

is three times or more than the global rate.

in Fig. 5. Age seems to be the most discriminating attribute, although
sex and the significant presence of the young population can sometimes
influence it.

The two most informative rules include 75% of positively labelled
suicidal behaviours, while only covering 15% of requests from the
whole dataset. Age is common to both rules and reveals itself as the
most discriminatory attribute, affecting people between the ages of
16 and 53. The two rules differ in a second attribute, sex. There
is a different distribution in the leaves of the tree according to sex.
Men show a lower rate than women, rising from a 3.67% to 6.78%
respectively.

A third branch (with two rules), that affects a small subset of re-
quests related to people under 16 years old (age < 15), is also revealed
as of interest. It considers 419 instances (323 + 96) and there are
only 7 (1 + 6) cases identified as suicidal behaviour in that age range.
However, the interesting point is how the rate of suicidal behaviour
varies in terms of the percentage of young people (under 18) in the
neighbourhood of the requester. In the full dataset, 83% of the requests
are registered in neighbourhoods where the youth population (under
18) accounts for less than 21%. Nevertheless, most cases in this rule,
labelled as positive suicidal behaviour, live in neighbourhoods where
the young population is greater than 21%, that is, there is a greater
presence of young people in the neighbourhood. This rule will require
a more detailed study in a second iteration of the data mining process.

It would be desirable to compare these results to previous research,
but that is not possible. To the best of our knowledge, this is the
first research of its kind in the out-of-hospital emergency department
setting. The most similar studies, which share some similarities, are
two cross-sectional studies. They use large datasets, which are not
so common in cross-sectional studies, and the class is imbalanced.
However, the imbalance is about 10%, which is not as imbalanced as
the 1% of our study. Jung et al. (2019) obtains the best result using
the XGB method with a sensitivity of 78.5% and a specificity of 79.4%.
Something similar happens in the research by Oh et al. (2020), as the
LogitBoost ensemble method obtains the best result with a sensitivity
of 81.0% and a specificity of 78.7%.

4.7. Deployment (Phase 6)

The last phase is designed to use and disseminate the acquired
knowledge. The methodology, the novel knowledge and its potential
lines of improvement are disseminated, inter alia, with the publica-
tion of this paper. Furthermore, the code that can be distributed is

freely available at https://github.com/jcampoavila/ECC-DataMining.
The dataset is not distributed due to personal data protection measures,
although a demonstration version is available.

The use of such novel knowledge, coded as a predictive model, like-
wise aims to create a tool that can be used by Emergency Coordinating
Centre (ECC) staff when making decisions and creating a diagnosis
of possible suicidal behaviour when receiving a call. Fig. 6 shows a
screenshot of such a prototype, a web application, where data can be
input and where the prediction is made.

The use of this prototype requires the user to consult an additional
application to the one normally used, which entails a slight overload.
The integration of the prototype into the existing application is not
expected for the moment, but it would be feasible when the emergency
service considers it appropriate to undertake this improvement.

5. Conclusions

This paper applies a data mining methodology to discover new
knowledge for detecting suicidal behaviour in the context of an Emer-
gency Coordinating Centre (ECC) that receives telephone requests. As
a final result, once this knowledge had been validated, a software
solution has been implemented in the form of a prototype.

In view of the results, one of the strengths of this work is that it
has achieved the established objectives. Several techniques have been
used in the preprocessing phases, while four machine learning algo-
rithms have been revealed to help achieve the minimum requirements
established by experts in this field. A minimum of 80% sensitivity and
specificity rates have been achieved simultaneously for this imbalanced
dataset. Once those results had been shown to be statistically similar
and validated by experts, they have been incorporated into a software
prototype that is expected to be helpful at the ECC.

According to the experts’ observations after testing the potential
of data mining, they would like more detailed rules to be extracted.
This would allow them to identify more specific features, even if the
group discovered that such a rule was smaller. For this purpose, a
second iteration of the CRISP-DM methodology is the next natural step
after this first iteration. Due to the good results, future lines appear
promising, such incorporating a new dataset with more instances (from
more years and regions) and more attributes (meteorological, medical).
Testing new preprocessing techniques and various algorithms and con-
figurations are presumed to find more accurate models. Even a new
approach from the unsupervised learning perspective seems favourable.
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Fig. 6. Screenshot with the prototype software designed for the Emergency Coordinating Centre (ECC).
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