
Statistical and artificial
intelligence techniques to
identify risk factors for suicide
in children and adolescents

Michaela Servi1, Silvia Chiaro2,
Elisa Mussi1, Giovanni Castellini3,
Alberta Mereu4 , Yary Volpe1

and Tiziana Pisano2

1Department of Industrial Engineering, University of Florence, Florence,

Italy
2Child Neurology and Psychiatry Unit, Neuroscience Department,

Children’s Hospital A. Meyer IRCCS, Florence, Italy
3Psychiatry Unit, Department of Health Sciences, University of Florence,

Florence, Italy
4Department of Mental Health and Pathological Addiction, UOSD Child

and Adolescent Psychiatry and Psychotherapy, Maggiore Hospital “C.A.

Pizzardi” Largo B. Nigrisoli 2, Bologna, Italy

Abstract
Background: Suicidal Behaviors and Thoughts are a relevant public health issue that includes sui-

cidal ideation, non-suicidal self-harm, attempted suicide, and failed suicides. Since there is a pro-

gression of suicidal behaviors, whereby suicide is more likely to be completed if there have

already been previous behaviors or attempts to harm oneself, WHO has highlighted the need

to detect early predictors of such suicidal behaviors, which can help identify individuals at risk,

plan prevention strategies and implement specific therapeutic interventions, particularly in

young people, thus reducing the number of deaths. This retrospective observational study

aimed to identify early predictors of suicidal risk in 237 inpatients admitted for Suicidal

Behaviors and Thoughts at Child and Adolescent Psychiatry Emergency Unit of the Meyer

Children’s Hospital, Florence, Italy.

Methods: The study was subdivided into three phases: data collection, statistical analysis, and

neural network. For each patient, we collected epidemiological and psychopathological data.
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We stratified the inpatients into two groups: “suicidal volition patients” and “suicidal motivation

patients.”

Results: The hospitalization rate for suicidal behaviors and thoughts showed a growing trend from
2016 to 2020 (27.69 to 45.28%). Under 12 years of age, diagnosis of disruptive, impulse-control

and conduct disorder, previous specialist care, history of attempted suicide, and intoxication as

methods of suicide were statistically correlated to an increased risk of suicidal behaviors.

Artificial intelligence, with an accuracy of 86.7%, confirmed these risk factors.

Limitations: The most important limitation of the study is its retrospective nature.

Conclusions: Our study identifies new early predictors of suicidal risk: age less than 12, diagnosis

of disruptive, impulse-control and conduct disorder. In addition, suicidal volition behavior emerges

as an important and underestimated risk factor. The use of artificial intelligence methods could be

supporting the clinician in assessing suicidal risk.

Keywords
Suicidal behaviors and thoughts, artificial intelligence, children and adolescents, risk of suicide and

predictive factors

Highlights

1. Suicidal behaviors and thoughts are a relevant public health issue.
2. Artificial intelligence could support the clinician in assessing suicidal risk.
3. Aged less than 12, conduct disorders are new early predictors of suicidal risk.

Introduction

The World Health Organization1 recognizes suicide as a critical public health issue.1

Although suicide represents one of the main causes of death in all age groups, this phe-
nomenon is of critical importance at developmental ages because the sharpest increase in
the number of deaths due to suicide occurs in the transition between adolescence and
early adulthood and because the onset of suicidal thoughts/behaviors occurs commonly
before the age of 25, even in most of those subjects who carry out a suicide attempt
later in life.2 The prevalence of suicidal ideation and attempted suicide increases dramat-
ically during adolescence3 and it represents the second leading cause of death among
youth of 10–19 years old.4

There is still no consensus on the use of specific terms in the suicide literature. The
most common trend is to indicate as suicidal behaviors and thoughts (SBTs) a range of
phenomena with a continuum of symptom severity and sharing the same distal and prox-
imal risk factors.3,5 SBTs are closely related to each other but differ in prevalence,
strength of intention and lethality. Suicidal ideation represents a risk factor for subsequent
suicidal behavior: the risk of committing an attempted suicide by 30 years of age is
12 times higher for people with previous suicidal ideation.6 In any age group, suicides
are to some extent preventable. Due to their multifactorial etiopathogenesis, prevention
strategies require coordinated and integrated actions involving healthcare, education, pol-
itics, and mass media.1
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In the WHO Mental Health Action Plan 2013–2030, WHO Member States have com-
mitted themselves to working toward the global target of reducing the suicide rate in
countries by one-third by 2030.7 The WHO also highlighted the need to detect early pre-
dictors of suicidal behaviors, which can help to identify subjects at risk, plan prevention
strategies and implement specific therapeutic interventions.1,7

In recent years, artificial intelligence proved to be an effective approach to automating
the analysis of medical data and extracting new combinations of biomarkers useful for
early diagnosis,8–11 and for the identification of suicidal behaviors among psychiatrically
hospitalized adolescents.12

In this scenario, identifying risk factors for progression from suicidal ideation to
attempted suicide/failed suicide is one of the main challenges in suicidology.
Self-injurious actions not intended to end in death must be distinguished from suicide.
Such actions include, for example, courage tests and, relatively common among minors,
nonsuicidal self-injury, which often serves to regulate emotional states of aversion.13

Furthermore, in clinical practice, there is a widespread tendency to distinguish between
attempted suicides and failed suicides. Attempted suicides correspond to those events
which, even in the presence of a confirmed suicidal intention, do not determine a fatal
outcome due to the unconscious use of low-cost method lethality, or because they are inter-
rupted prematurely by the will of the subject. On the other hand, failed suicides are defined
as events that do not determine a fatal outcome due to fortuitous causes, independent of the
will of the subject (e.g. intervention by third parties), despite the confirmed suicidal inten-
tionality and the choice of methods and high lethality.14

Our study combined clinical evaluation, statistical analysis, and a neural network
approach to investigate risk factors for SBTs and to evaluate the differences existing
between suicidal ideation versus attempted suicide/failed suicide in children and adoles-
cents admitted to the Child and Adolescent Psychiatry Emergency Unit (CAPEU) of the
Meyer Children’s Hospital in Florence. The heterogeneity detected in patients with SBTs
might be used to train a multivariate model and a specific neural network approach is able
to predict or classify a specific behavior. In this direction, one of the main objectives of
this work is the creation of an instrument able to identify at-risk subjects and give a prob-
abilistic indication of the characteristics of the suicidal event.

Methods

Selection of subjects

The study was approved by the Pediatric Ethics Committee of the Tuscany Region
(number 112/2022). This was a single-center retrospective observational cohort study
including 237 patients admitted for SBTs at the CAPEU of the Meyer Children’s
Hospital from January 1st, 2016, to June 30th, 2020. The selection bias was minimized
by the consecutive enrollment of patients15 Inclusion criteria were: (1) psychiatric diag-
nosis in accordance with the Diagnostic and Statistical Manual of Mental Disorders
DSM-5 criteria16; (2) subjects required inpatient treatment. Exclusion criteria were intel-
lectual disability and moderate–severe neurological disorders. All subjects completed a
study protocol consisting of a complete diagnostic evaluation to collect
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sociodemographic and psychopathological data. For each patient, we retrospectively col-
lected from the medical records (software C7 medico), clinical data including sex, date of
birth, age at first hospital admission, ethnicity, family characteristics, type of school, aca-
demic performance, method, previous treatments, the outcome of the hospitalizations and
past stressful or traumatic events (STEs). An STE is a traumatic or stressful event, occur-
ring in childhood or adolescence, with potential negative consequences on neurobio-
logical or psychosocial development.17,18

We also stratified the sample into two different groups according to the reason for refer-
ral for admission. The first group comprised patients with low-damaging SBTs, which
included patients with unstructured suicidal ideation, hereinafter referred to as “suicidal
volition patients.” The second group included patients with suicidal intent with a high
potential for injury, hereinafter referred to as “suicidal motivation patients,” hospitalized
for failed suicide or attempted suicide. We recorded data in a Microsoft Excel database.
All analyses (statistical and neural network approach) were related to this stratification.
Psychiatric diagnosis was based on DSM-516 and the Kiddie Schedule for Affective
Disorders and Schizophrenia-Present and Lifetime interview.19 SBT phenomena were
assessed using the Italian version of the Columbia-Suicide Severity Rating Scale
(C-SSRS) administered to psychiatric residents in the first 2 days after admission to the psy-
chiatric ward. Based on the C-SSRS scores,20 we differentiated the presence of suicidal
ideation, the intensity of ideation, self-injurious behaviors, and suicide attempts. The lethal-
ity of suicide attempts was based on actual mortality/medical harm and coded as follows:

0: No suicidal ideation or suicidal behavior with no damage.
1. Thoughts of death but not suicidal ideation and not suicidal behavior.
2. Sporadic unstructured suicidal ideation or minor suicidal behavior, such as superfi-

cial self-cutting with minor physical damage (slight bleeding, scratching, bruising).
3. Unplanned suicidal ideation or persistent thoughts of death or suicidal behavior

with moderate physical damage, need for medical attention (e.g. second-degree
burns, major vessel bleeding).

4. Active suicidal ideation with some intent to act, without specific plan or prepara-
tory acts or behavior (anything beyond verbalization or thought, like assembling
the specific method (e.g. buying pills or a gun) or preparing for death by suicide
(e.g. giving things away, writing suicide notes).

5. Active suicidal ideation with a specific plan and intent or suicide attempt with
minor physical damage and medical hospitalization required.

6. Repeated major self-injurious behaviors, suicide attempts with severe physical
harm and repeated suicide attempts.

Statistical analysis

Statistical analysis envisaged the extraction of absolute and relative frequencies for the
categorical variables and the evaluation of mean and standard deviation for the numerical
variables. Pearson’s chi-squared test (χ2)21 was performed to assess the statistical signifi-
cance of the observations. Specifically, the relationship or independence between avail-
able categorical data with respect to the variable referral reason for admission was
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evaluated. The test requires the creation of contingency tables between two variables, that
is two-entry tables in which the cells defined by the intersection of rows and columns
contain the number of cases with positive values of the two variables (joint frequencies).
The χ2 test assumes as a null hypothesis that the two variables are statistically independ-
ent, whilst the alternative hypothesis is that there is a relationship between the two vari-
ables. The χ2 test uses the χ2 distribution to decide whether to reject the null hypothesis
and is widely used to verify if the frequencies of the observed values fit the theoretical
frequencies of a fixed probability distribution. The χ2 test makes it possible to establish,
after setting the maximum permissible error, whether discrepancies between observed
and theoretical frequencies are due entirely to chance or are justified by statistical depend-
ence. The tolerated error was set at 5%.22 To carry out this test, each variable of interest
was transformed into a dichotomous variable (e.g. the variable “Presence/absence of pre-
vious specialist care” was analyzed as “Caretaking YES/ Caretaking NO”) and its
dependence on the variable referral reason for admission was evaluated, which was
also transformed into a dichotomous mode (“suicidal motivation patients” versus “sui-
cidal volition patients”).

Artificial intelligence: Neural network approach

Statistical analysis evaluated the single variables independently and did not allow the cre-
ation of a predictive model that considers different factors at the same time and therefore
predicts a possible suicidal event based on the available information. This failure could be
overcome with the use of artificial neural networks, which had the advantage of not
requiring the assumption of a linear relationship between values and could be used for
modeling prediction problems that had several characteristics following undefined
functions.23,24

A neural network is an interconnected system of perceptrons. The perceptron is a type
of binary classifier that maps its inputs into an output value calculated with an activation
function (χ) that evaluates the scalar product between the input vector (x) and a vector of
weights (w) added to a constant bias value (b). The activation formula is therefore:

f (x) = χ(〈w, x〉 + b)

By modifying the vector of the weights w through a specific learning algorithm, it is pos-
sible to modulate the output of a perceptron, with the aim of obtaining learning properties.
Several layers of perceptrons form a neural network.

Preparation of data. The preparation of data is a crucial step for the success of the system
as it can strongly influence the results of the analysis and the simplicity of the data man-
agement. The dataset based on the medical records at the CAPEU of the Meyer
Children’s Hospital contains 53 variables, including numerical data (e.g. age) and cat-
egorical features (e.g. nationality), that is variables represented by labels with predefined
values. In this work the pre-processing of data involved: (1) normalization of numerical
data in the interval [-1-1], with the aim of avoiding features with wider ranges weighing
more on the output; (2) one-hot encoding of categorical features (for each example all bits
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are set to 0 except one, which indicates the category to which it belongs) was applied to
avoid the forced creation of ordinality relations where these do not exist; (3) dichotomous
variables that assumed value 0–1 were remapped to −0.5–0.5 to avoid the risk of setting
some weights to zero.

Feature selection. The size of the dataset after the above-mentioned preprocessing
required a feature selection phase to reduce the network inputs. In general, feature reduc-
tion processes are applied to avoid resource consumption by weak features, optimize
model performance by avoiding the noise generated by unnecessary fields, and generally
identify the strongest predictors. A widely used technique for this task is recursive feature
elimination (RFE).25 Given an external estimator that assigns weights to features, and a
desired number of features to select, the goal of feature selection is to select features by
recursively considering smaller and smaller sets of features. The estimator chosen in this
work is Random Forest Classifier26 a machine learning method that generally works well
with high-density problems and allows non-linear relationships between predictors. In
our work, the desired number of features was fixed at 30. Minimizing the number of fea-
tures is a practice generally executed to facilitate the learning process, but at the same
time, it is necessary to avoid reducing the amount of input information too much. In
the present study, the value of 30 features was empirically found, as the minimum
number of features required by the network to maximize accuracy.

Model architecture. As mentioned above, a neural network is a multilayer system of per-
ceptrons, the choice of the number of neurons in the hidden layers is a very important part
of the decision on the overall architecture of the neural network. Using too few neurons in
the hidden layers causes so-called underfitting, i.e. when there are too few neurons in the
hidden layers to adequately detect signals in a complicated data set. Using too many
neurons in the hidden layers can cause several problems. First, it can cause overfitting,
i.e. when the neural network has such a high information processing capacity that the
limited amount of information in the training set is not enough to train all the neurons
in the hidden layers. An excessive number of neurons in the hidden layers may also
increase the time required to train the network. A trade-off must be reached between
too many and too few neurons in the hidden layers. There are many rules of thumb for
determining the correct number of neurons to use in the hidden layers.23 However, choos-
ing an architecture for the neural network usually comes down to trial and error. The
choice of the number of neurons during the neural network’s trial and error process
can be guided by some considerations regarding the network’s ability to learn the com-
plexity of the problem. Also, for the learning algorithm that defines the data model by
changing the weights, an empirical procedure is generally used.23

Iterative empirical tests were performed to identify the final and optimized configur-
ation of the neural network by varying both the number of neurons per layer and the
number of hidden layers. The best configuration consists of a single layer with
15 neurons and uses the Adam Optimizer.27 In this research, neural networks were
used as a tool to predict the type of suicidal behavior (“suicidal motivation patients”
versus “suicidal volition patients”), and therefore the variable referral reason to admission
was considered as the single variable in the output layer.
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Model evaluation. The loss graph and the accuracy parameter were used to assess the
learning ability and accuracy of the network. The loss value indicates the optimization
error, so a gradual decrease in this function is to be expected. The accuracy of a model
is usually determined after the model parameters are learned and fixed and no learning
is taking place and indicates the percentage of the number of correct predictions. Often
to evaluate the performance of a model and its generalization ability an approach involv-
ing dividing the data into three parts, Train, Validation and Test, is followed. However,
this technique generally does not work well in cases where large datasets are not avail-
able. Thus, when limited datasets are available, as is the present case, splitting the
dataset may result in some useful information being excluded from the training procedure
and the model failing to learn the data distribution correctly. Therefore, after this first
stage of model evaluation, the K-fold Cross-validation (CV) method was used to validate
the network’s generalization ability. In K-Fold CV, the “K” parameter decides the
number of folds into which the dataset will be divided. Each fold has a chance to
appear in the training set (K-1) times, which ensures that every observation appears in
the dataset, thus allowing the model to better learn the distribution of the underlying
data. The results of the K-fold test were also compared with the estimation obtained
by leave-one-out cross-validation (LOOCV), a computationally expensive version of
cross-validation in which K=N and N is the total number of examples in the training
dataset. In other words, each sample in the training set is assigned an example to be
used alone as the test evaluation dataset. This procedure is rarely used for large datasets
because it is computationally expensive, but it can be used in the case presented in this
article. Thus, a comparison could be made between the average classification accuracy
for different values of K and the average classification accuracy of LOOCV on the
same dataset.

Results

Statistical analysis

The main description of our population is summarized in Table 1.
Our study included 237 hospitalizations per SBT and represented 33.86% of the total

hospitalizations of the CAPEU. In addition, 14.77% of patients exhibited SBTs twice or
three times during the study period. Regarding temporal trends, the hospitalization per-
centage for SBTs switched from 26.92% in 2016 to 52.83% in the first half of 2020.
Specifically, hospitalizations are shown in Table 2.

The female/male ratio among our population was 2.9:1 (177 females and 60 males),
whilst the age ranged between 7.4 and 17.9 years (mean 15.44± 1.67). Age-related strati-
fication showed that 43.04% (102 patients) of SBTs occurred in 16 to 18-year-old
patients, followed by 14 to 16-year-olds (37.13%; 88 patients), 12 to 14-year-olds
(16.88%; 40 patients) and those less than 12 years old (2.95%; 7 patients). We detected
a female prevalence in patients older than 12 years old (75.65%; 173 females) and a male
prevalence (57.14%; 4 males) in subjects younger than 12 years old.

The most common referral reasons were, in order of frequency, suicidal ideation
(53.16%; 126 patients), followed by attempted suicide (32.07%; 76 patients) and failed
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suicide (14.77%; 35 patients). Forty-eight-point-five percent of the entire population
(105/237) showed a family history of neuropsychiatric disorders, 5.5% of them
(13 patients) having a family history of suicidal behaviors. In our study, 81.01%
(191 patients) of the population reported one or more STEs during their life. Previous sui-
cidal behaviors were a common finding and 64.98% (154 patients) revealed a lifelong
history of nonsuicidal self-injury.

The most frequent diagnosis at discharge was mood disorder (55.27%; 131 of patients),
with a significant prevalence in females (70.99%), followed by feeding and eating disorders
(11.81%; 28 of patients) and trauma and stress-related disorders (9.70%; 23 of patients).
Considering all patients, 162 (68.35%) showed comorbidities: anxiety disorder (16.88%;
40 patients), multimorbidity (14.77%; 35 patients) and neurodevelopmental disorder
(6.33%; 15 patients). Sixty-one-point six percent (146 patients) already had a drug prescrip-
tion in mono and polytherapy including atypical antipsychotics (39.24%), mood stabilizers
(33.76%), antidepressants (29.96%), and anxiolytics (21.52%). Most patients (83.54%; 197
patients), when admitted, were already on psychiatric or psychological care.

“Suicidal volition patients” versus “suicidal motivation patients”. Comparing patients admit-
ted for “suicidal volition” (53.16%; 126/237) and subjects hospitalized for “suicidal
motivation” (46.84%; 111/237), we found statistically significant differences in the
method of suicide and previous specialist care (see Table 1). Furthermore, a correlation
between people admitted for “suicidal motivation” and aged younger than 12.5 years old,
χ2(1, N= 237)= 4.516, p= .034, previously attempted suicide, χ2(1, N= 237)= 5.672,
p= .017, intoxication, χ2(1, N= 237)= 64.651, p < .01, and disruptive, impulse-control
or conduct disorder diagnosis, χ2(1, N= 237)= 8.554, p= .003, was demonstrated.
A higher risk in the group of “suicidal volition,” instead, was demonstrated for self-cutting behav-
ior, χ2(1, N= 237)= 90.047, p< .01, and previous specialist care, χ2(1, N= 237)= 7.373,
p= .007) (see Table 1).

Artificial intelligence: Neural network approach. The dataset, consisting of 237 subjects, was
divided into a train set (166 cases, equivalent to 70% of the total) and a test set (71 cases,

Table 2. Absolute annual distribution and percentage of hospitalizations per SBTs compared to

the total annual hospitalizations at the CAPEU of the Meyer Children’s Hospital in Florence in the

period 2016–2020.

Year SBTs N° Total hospitalizations (N°) SBTs/total hospitalizations (%)

2016 35 130 26.92%
2017 53 166 31.93%
2018 45 162 27.78%
2019 76 189 40.21%
2020 28 53 52.83%
Total 237 700 33.86%

Note: CAPEU=Child and Adolescent Psychiatry Emergency Unit; N= number; SBTs= suicidal behaviors and

thoughts.
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equivalent to 30% of the total) to train and test the implemented network. The number of
epochs fixed at 100 allows us to avoid the phenomenon of data overfitting. This phenom-
enon occurs when the weight model follows the test set too specifically and cannot adapt
to other examples, which leads to a loss of accuracy. The network described achieved a
final accuracy of 86.7% (Figure 1).

K-fold CV and LOOCV generally produce a less biased model than other methods as
they ensure that every observation in the original dataset has a chance to appear in the
training set and the test set. Sometimes the value obtained with LOOCV is considered
to be the “ideal” value achievable by the model despite the fact that in general
LOOCV can be subject to high variance (so that very different estimates would be
obtained if the estimation were repeated with different initial samples of data from the
same distribution) or overfitting since the model is being provided with almost all of
the training data to learn and only a single observation to evaluate. In the present case,
for K= 5 the model obtains an average accuracy of 84%, which is consistent with the
ideal line obtained with LOOCV, i.e. indicating the model’s stability in predicting
with this accuracy value, which is slightly lower than that obtained in the previous test.

Discussion

Overall, out of 700 inpatients admitted to CAPEU between January 2016 and June 2020,
33.86% were for STBs with a significant increase over the years and hospitalization for
SBTs switched from 26.92% in 2016 to 52.83% in the first half of 2020. More than 75%

Figure 1. Neural network approach: Graph showing loss (mean squared error) and accuracy

versus number of training epochs. It achieved an 89% accuracy.
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of patients were female, except for subjects younger than 12 years old, who showed a
male/female ratio of 1.3:1. Male prevalence in younger patients seems to be related to
the common finding of Disruptive, Impulse-control and Conduct-Disorders, which are
known to have a male-prevalence.28

The greatest incidence of SBTs is observed in spring and winter (56.96% of cases),
probably due to the potentially stressful role of school. This data, already highlighted
by the international literature,29 is confirmed by the higher incidence of SBTs during
weekdays (69.20%) compared to weekends and school holidays (30.8%). In addition,
school difficulties are the second leading cause of triggering SBTs (8.44). More than
14% of our patients had a second or third re-hospitalization for SBTs. Determining the
rate of rehospitalization with a diagnosis of suicidal ideation or attempted suicide
within a year could be useful for the implementation of preventive measures. The pres-
ence of psychiatric disorders in 99.58% of patients could be related to their enrollment in
an emergency department of a mental health third-level center. Additionally, mood dis-
orders are the most frequent diagnosis at discharge, often associated with anxiety, behav-
ior and eating disorders. In our sample, 68.35% of patients had one or more psychiatric
comorbidities confirming that suicidal risk is strictly connected with the number of psy-
chiatric diagnoses.30

Suicidal ideation was the main reason for hospitalization in our series (45.15%), fol-
lowed by suicide attempts (32.07%). Patients with suicide attempts/failed suicide did not
show an increased presence of suicidal behaviors such as previous ideation or self-
cutting, unlike patients with suicidal ideation. Furthermore, suicide attempts in the
group of patients hospitalized for attempted suicide occurred mostly through intoxication
(voluntary drug ingestion), and this figure is also consistent with that of other studies.31

However, it appears that more patients with “suicidal volition” than those with “sui-
cidal motivation” have greater access to previous specialist treatments. This datum is
coherent and explicable with the fact that in many psychiatric illnesses with developmen-
tal onset and in particular, depressive disorder and bipolar disorder, acute psychotic dis-
order, posttraumatic stress disorder, eating disorders, anxiety, personality disorders with
high impulsivity, and chronic or repetitive suicide may be a component of the
syndrome.32

Our observation of a strong correlation between age <12.5 years and a higher risk of
“suicidal motivation” is scarcely observed in the literature. Consistent with this finding, a
few other studies have identified a similar prevalence of suicidal ideation in boys and girls
through age 12 and a higher prevalence of suicide attempts in boys than in girls in this age
group.33 It may be related to a higher rate of diagnoses of Disruptive, Impulse Control and
Conduct Disorders and underreporting of thoughts of death and suicidal ideation in this
age group.

Children with these conditions may have a diminished view of their emotions and an
understanding of their own frustration, which can lead them to internalize their difficulties
and experience self-harming thoughts and impulsive behaviors. This may be related to
their difficulty recognizing or communicating their distressing thoughts and sometimes
referral adults and clinicians may have difficulty assessing the nature and intent of
their behavior. Accurate estimation of suicidal risk remains one of the most difficult
and most important tasks that clinicians face. Estimation of suicidal risk also requires
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taking into consideration specific factors associated with the progression from suicidal
ideation to attempted suicide.

Finally, the information collected in the database for each patient has proved to be rele-
vant for the creation of a predictive model using machine learning tools. Although it is not
possible to trace the characteristics of greatest impact clearly and directly after RFE, we
can state that the information used to train the model is significant, as it yields an accuracy
ranging between about 84 and 86%, on a relatively small input case study, proving to be a
reliable monitoring and prediction tool. This work has, therefore, allowed the develop-
ment of a key instrument able to predict, with good reliability, a suicidal event, giving
the possibility to define a new intervention strategy, thus preventing and reducing the
risk of suicide.

Conclusions

Our study reveals a significant increase in the hospitalization rate for SBTs among
females aged 16–18 years old at the CAPEU of the Meyer Children’s Hospital. Risk
factors include males under 12 years with disruptive, impulse control and conduct dis-
order, individuals using intoxication as a suicide method, those with previous suicide
attempts, and those with prior specialist care. Early identification of suicide risk factors
during childhood and adolescence is crucial. This study contributes to knowledge and
prevention efforts, utilizing machine learning techniques.

The limitation of the study is the retrospective nature of the study; however, it is a
single-center recruitment, and all patients have been investigated with a standardized
protocol.

Future work to improve the study is needed for further exploration, and it will have to
consider a greater number of subjects in order to improve the performance of artificial
intelligence.
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