
INTRODUCTION

Suicide is a significant public health problem 
and one of the leading causes of premature 
death among young adults. Every year, around 
25 million people around the world attempt sui-
cide without fatal outcomes1-3. Recent research 
shows that there is a rising trend in both suicide 
rates and suicide attempts1,4. In 2018, the suicide 

rate in Serbia was 13.5 per 100,000 inhabitants, 
while the rate in Vojvodina was higher at 16.4 
per 100,000 inhabitants5. Apart from represent-
ing a social and economic problem, suicide at-
tempts are also one of the most significant risk 
factors for repeated suicide attempts and com-
pleted suicides6-11. It is estimated that 10-15% of 
patients who attempt suicide will eventually die 
by suicide12.
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ABSTRACT – Objective: Timely response and identification of risk factors are critical components of suicide preven-
tion, enabling appropriate intervention. By applying machine learning to clinical data analysis, predictive models can be 
developed to classify patients into high- and low-risk groups, which can help prevent loss of life. This study aims to develop 
a machine learning model to categorize patients based on their risk of suicide attempts.

Materials and Methods: We analyzed data from 301 respondents hospitalized at the Clinic of Psychiatry for either sui-
cidal behavior or non-suicidal reasons. They were divided into two groups according to the presence of suicidal behavior. 
By using machine learning methods, we analyzed the influence of 18 observed features on the development of suicidal be-
havior. A predictive model was developed to classify individuals into two risk categories – high and low – for the observed 
population. The k-Nearest Neighbors (kNN) algorithm was used to train the model.

Results: The kNN-based model achieved a classification accuracy of 87%, with sensitivity at 87%, precision at 90% and 
an F-score of 85% for the tested sample.

Conclusions: Early identification of risk factors for suicidal behavior remains the most effective strategy for preven-
tion. Classification models may serve as valuable clinical tools for assessing suicide risk, potentially contributing to a re-
duction in suicide rates in Vojvodina. Expanding the database could improve the functions of the obtained classifier and 
enable its introduction into medical practice.
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A suicide attempt is an act of intentional self-
harm that does not result in death. Studies3,5,13 
have shown that individuals who attempt suicide 
are usually younger females and often suffer from 
personality disorders, depression, or alcoholism. 
Suicidal behavior may also be influenced by ge-
netic, epidemiological, and personal factors, such 
as family history of suicide, previous suicide at-
tempts, marital status, employment, level of ed-
ucation, financial status, physical comorbidities, 
prior psychiatric treatment, and psychological 
status3,5,13.

The most common types of suicide attempts 
are low-lethal methods such as deliberate 
self-poisoning with medications, followed by self-
harm with sharp objects, hanging, jumping from a 
height, and strangulation14. In Serbia, most acute 
poisonings among adults are caused by the in-
tentional drug ingestion (primarily psychotropic 
and cardiotropic drugs) for suicidal purposes, al-
though they can also occur accidentally14.

The scope and severity of this problem have 
aroused the interest of many authors and indicate 
the importance of finding a screening model to 

prevent suicide attempts and fatalities15. In clinical 
practice, psychiatric interviews are supplement-
ed by standardized clinical instruments to assess 
suicide risk more precisely. Numerous scales and 
questionnaires are used both in clinical settings 
and scientific research. One widely recognized 
tool is the Columbia Suicide Severity Rating Scale 
(C-SSRS), which was designated the gold standard 
for suicide risk assessment by the U.S. Food and 
Drug Administration in 201216. In our region, Dr. 
Miklos Biro made a significant contribution to the 
understanding of the phenomenon of suicide, 
who developed a suicide risk assessment scale 
adapted to the local population17. The advantages 
of using scales are increasing the objectivity of as-
sessment and systematized data collection; how-
ever, the disadvantages of their use are unreliabil-
ity for long-term monitoring and dependence on 
the human factor in terms of expert training for 
adequate application16.

Prediction of suicide attempts is still far from 
a reliable level6,15,18,19. Despite the great effort to 
improve prediction over the last 50 years, a me-
ta-analysis of 365 studies showed that known risk 

Graphical Abstract. We analyzed data from 301 respondents hospitalized at the Clinic of psychiatry for either suicidal behav-
ior or non-suicidal reasons. They were divided into two groups according to the presence of suicidal behavior. Using machine 
learning methods, we analyzed the influence of 18 observed features on the development of suicidal behavior. A predictive 
model was developed to classify individuals into two risk categories - high and low, for the observed population. The k-Near-
est Neighbors (KNN) algorithm was used to train the model.
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factors only marginally improve predictive accu-
racy compared to chance15. The main reason for 
poor prediction is that most studies analyzed iso-
lated factors as predictors6,15. More accurate pre-
diction of suicide attempts may require complex 
combinations of numerous risk factors. Accurate 
prediction likely requires multifactorial models 
that traditional statistical methods struggle to ac-
commodate. Although statistical significance was 
obtained using these simpler methods of data 
analysis, the data had limited clinical significance 
or were not adequately utilized. The emergence 
of artificial intelligence offers possible solutions to 
this problem.

Standard analytical methods can confirm that 
individual features used in the database affect the 
output size, but none of them can be sufficient to 
predict suicide risk. For this reason, more com-
plex machine learning methods are employed to 
achieve higher precision through feature combi-
nations – specifically to classify individuals into 
high- or low-risk groups for suicide attempts.

Machine learning enables the cross-analysis of 
numerous complex variables, creating algorithms 
that test a wide range of relationships between 
observed factors and suicide attempts. We assume 
that such algorithms can more reliably predict 
suicide risk and serve as practical tools in clinical 
practice. These models could alert healthcare pro-
fessionals to elevated risk levels based on data that 
is entered into the electronic health record as part 
of the standard procedure of taking anamnesis and 
clinical examination. The use of machine learning is 
a useful tool in many areas of medicine, supported 
by research across various domains20-22.

The aim of this study is to develop a predictive 
model for assessing suicide attempt risk among 
people hospitalized at the Clinic of psychiatry of 
the University Clinical Center of Vojvodina using 
the k-Nearest Neighbor (kNN) method.

MATERIALS AND METHODS

Training set and their features
A retrospective observational study was con-

ducted using data extracted from the electronic 
database of the Clinical Information System of the 
University Clinical Center of Vojvodina (UCCV). 
The study period spanned from January 1, 2020, 
to December 31, 2021 and included a total of 305 
patients, divided into two groups:

1) Group 1, high-risk group for suicide attempts, 
included 167 subjects with a history of suicide at-
tempts. Inclusion criteria were hospitalization at 
the UCCV Clinic of Psychiatry following a non-fa-
tal suicide attempt during the examined period. 
Exclusion criteria included: isolated intoxication 

with alcohol as the only agent, outpatient exam-
ination without indication for hospitalization, and 
more than 50% missing data across the observed 
parameters.

2) Group 2, low-risk group for suicide attempts, 
included 138 control patients without a history 
of suicidal behavior. Inclusion criteria were hospi-
talization at the UCCV Clinic of Psychiatry during 
the same examined period for non-suicidal rea-
sons and no prior history of suicidal behavior. 
This group was selected as a randomized sample 
of subjects hospitalized during the corresponding 
period. The exclusion criterion was any informa-
tion of a suicide attempt or suicidal thoughts.

To identify patients with a history of suicide 
attempts, diagnostic codes from the 10th revi-
sion of the International Classification of Diseases 
(ICD-10) were used. These included codes related 
to acute self-poisoning and intentional self-harm 
by various methods: F10-9.0, X60-X84.9. The fol-
lowing characteristics variables were analyzed: 
a) sociodemographic: gender, age, employment 
status, education level, marital status, number of 
household members, number of children, place of 
residence, financial status, and adverse childhood 
experience (e.g., abuse/neglect); b) biological: al-
cohol use, previous suicide attempts, prior psychi-
atric treatment, previous hospitalizations at the 
Clinic of Psychiatry, family history of psychiatric 
diseases, physical health conditions, and leading 
and accompanying diagnoses according to ICD-
10; c) psychological: personality characteristics 
(aggression/impulsivity and emotional instability) 
and d) general features related to current hospi-
talization: day and month of admission, length of 
hospital stay, method of suicide attempt, and stat-
ed reason for suicide attempt.

Ethics statement
The research was approved by the University 

Clinical Center of Vojvodina Ethics Committee (ap-
proval number 00-230, dated December 29, 2021) 
and was conducted following the Helsinki Decla-
ration as revised in 2013.

Missing data
The original database consisted of 305 patients, 

including 167 classified as high-risk and 138 as low 
risk for suicide attempts. Each patient was initially 
described by 25 features/attributes. Furthermore, 
the database was modified in order to approach 
the creation of a mathematical model. Due to a 
high proportion of missing data (over 40%) for 
several variables (educational status, financial sta-
tus, history of abuse/neglect, aggressiveness/im-
pulsivity, emotional instability, and positive family 
history), these features were excluded in model 
development. Although the method of suicide 
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attempt was considered during data analysis, it 
was not used in model training. For features with 
a lower percentage of missing values, data impu-
tation strategies were applied: introducing a new 
category (for variables: reason for suicide attempt, 
accompanying diagnosis, marital status, employ-
ment status, and previous treatment) or replacing 
the missing data with a mean value (for variables: 
number of children, number of household mem-
bers, number of hospitalizations, and number of 
suicide attempts). Additionally, four respondents 
were excluded from the database due to missing 
values in key variables: gender, place of residence, 
and number of hospitalization days. These cases, 
which represented less than 1% of the total sam-
ple, were excluded to avoid introducing potential 
bias or irregularities, as their inclusion would not 
significantly enhance model performance. 

After preprocessing, the final database con-
sisted of  301 samples described by 18 attributes, 
namely: gender, age, employment status, marital 
status, number of hospitalization days, number 
of suicide attempts, number of hospitalizations, 
previous psychiatric treatment, physical comor-
bidities, number of household members, number 
of children, month of suicide attempt, day of the 
week, place of residence, alcohol use, leading di-
agnosis, accompanying diagnosis and reason for 
suicide attempt.

Preparation for modeling 
Python programming language was used to 

implement methods of automatic classification 
for categorizing individuals into high- or low-risk 
groups for suicide attempts. The SciPy, NumPy, 
and Pandas libraries were used for data analysis, 
matplotlib and seaborn for visual representation. 
The k-Nearest Neighbors (kNN) algorithm was im-
plemented using scikit-learn, a widely used ma-
chine learning library.

Boxplot is one of the statistical tools used to 
graphically represent the distribution of data. By 
analyzing the boxplot, the dynamic and interquar-
tile range, median, and outliers can be observed. 
The dynamic range represents the difference be-
tween the maximum and minimum values ​​of the 
observed attribute, while the interquartile range 
represents the range in which the middle 50% of 

the values ​​are found23. Outliers represent those 
values ​​that deviate significantly from other values ​​
within the observed attribute.

Statistical analysis
Descriptive statistics were used to summarize 

the dataset: categorical variables were presented 
as frequencies and percentages, while numerical 
variables were described using mean values ​​and 
standard deviations. Comparison of the values ​​of 
numerical features between the two groups was 
performed using the Student’s t-test, while test-
ing the difference in frequencies of attributive 
features was performed using the chi-square (c2) 
test. A p-value of less than 0.05 was considered 
statistically significant. Statistical data analyses 
were performed using the computer program 
JASP (Jeffrey’s Amazing Statistics Program), ver-
sion 0.16.1.

Creating a prediction model
The method used to solve the classification 

problem is the k-Nearest Neighbors (kNN) algo-
rithm. The obtained results are presented and an-
alyzed using the confusion matrix, which provides 
information on the accuracy, precision, sensitivi-
ty, and F-measure of the trained model.  This ma-
trix serves as a tool for assessing the quality of the 
model by illustrating how reliably it can predict 
the class of an unknown sample23. It shows the re-
lationship between predicted and actual sample 
classes and is presented in Table I.

True Positive (TP) refers to samples where 
both actual and predicted labels are 1 (in this re-
search, patients classified as high-risk for suicide 
attempts). True Negative (TN) denotes samples 
where both the actual and predicted labels are 
0 (indicating low-risk patients). False Positive (FP) 
represents samples with an actual label of 0 but 
a predicted label of 1, meaning low-risk patients 
are incorrectly classified as high-risk. Conversely, 
False Negative (FN) refers to samples with an ac-
tual label of 1 but a predicted label of 0, indicating 
high-risk patients incorrectly classified as low risk. 
Based on these values, basic measures of classifier 
evaluation such as accuracy, precision, sensitivity, 
and specificity can be calculated. Sensitivity (TP 
Rate/Recall) shows the proportion of correctly 

Table I. Confusion matrix.

		                                                       True values
	 The entire population	 A real positive	 A real negative

Predicted values
	 Predicted value of positive	 TP	 FP

	 Predicted value of negative	 FN	 TN

TP: true positive, FP: false positive, FN: false negative, TN: true negative.
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predicted high-risk samples out of all actual high-
risk cases. Precision shows the proportion of cor-
rectly predicted high-risk samples out of all sam-
ples classified by the model as high-risk. Accuracy 
shows the percentage of successfully classified 
samples in relation to the total number of sam-
ples. F-score is the harmonic mean of precision 
and sensitivity, providing a balanced measure of 
model performance23.

The relationship between sensitivity and speci-
ficity is graphically represented using the Receiver 
Operating Characteristic (ROC) curve. More pre-
cisely, the dependence of the share of correctly 
classified positives in all positives (True Positive 
Rate - TPR) on the share of false positives in all 
negatives (False Positive Rate - FPR) is graphically 
represented. It is the same as the value of spec-
ificity subtracted from 1, for different decision 
thresholds.

To quantify the effectiveness of the classifier 
based on the ROC curve, we calculated the Area 
Under the Curve (AUC)23.

For sample classification, the kNN algorithm 
was used. This method assigns a class label to an 
unlabeled sample based on the class membership 
of its nearest neighbors – those with the highest 
degree of similarity with the observed sample23. 
When applied in binary classification, the value of 
k is typically chosen as an odd number to ensure 
a clear majority vote for class assignment. The 
kNN algorithm belongs to the group of lazy learn-
ing methods, meaning it defers computation until 
classification is required23,24.

An important part of creating machine learn-
ing algorithms is the choice of hyperparameters. 
The two most important hyperparameters for 
the kNN classifier are k, the observed number of 
neighbors, and the distance metric, the method 
used to measure similarity between samples. The 
Hamming distance was used for binary vectors. 
Two binary vectors of equal length are compared, 
where the Hamming distance is the number of 
different binary pairs. It is expected that the ham-
ming metric will prove to be the best when op-
timizing the parameters because the categories 
have been transformed into dummy variables due 
to the needs of the algorithm. For a feature with 
k categories, k − 1 binary variables were created, 
with 1 indicating the presence of a category and 
0 its absence. 

To create the classification model, the database 
was split into a training set and an independent 
test set, with the latter comprising 20% of the to-
tal sample. The test was reserved for final evalua-
tion to ensure a more objective assessment of the 
model’s generalization capability. Additionally, we 
extracted a validation set in order to determine 
the optimal hyperparameters. The training set is 

used to train the classifier for different combina-
tions of hyperparameters, which are then evalu-
ated against the validation set. After determining 
the optimal hyperparameters, we performed the 
final evaluation of the classifier on the test set, 
which was not used either in the training or for 
determining the hyperparameters, ensuring an 
objective assessment of the classifier that gives 
significantly more realistic results. To divide the 
training set into training and validation subsets, 
we used the cross-validation method with N folds. 
In each iteration, N – 1 folds were used for train-
ing, and one fold for validation. In this way, the 
problem of using some samples only for valida-
tion purposes is overcome, as well as the prob-
lem of fitting one of the sample subsets. In other 
words, each sample will at some point be part of 
both the training and the validation set25. The final 
confusion matrix for each hyperparameter com-
bination was obtained by summing the confusion 
matrices from all cross-validation iterations.

RESULTS

Between January 1, 2020, and December 31, 
2021, a total of 167 individuals were hospitalized 
at the UCCV Clinic of Psychiatry due to suicide 
attempts. During the same period, we collect-
ed data for 138 control patients, with no histo-
ry of suicidal behavior. In Group 1, 46.1% were 
male (77/167), 53.9% (90/167) were female, with 
a mean age of 39.44 ± 16.23 years. In Group 2, 
43.5% (60/138) were male, 56.5% (78/138) were 
female, with a mean age of 40.56 ± 15.98 years. 
There is no significant difference in these charac-
teristics between the groups (p>0.05).

Table II shows data that most often appear 
within the high-risk and low-risk categories for 
suicide attempt.

The largest number of respondents tried to 
commit suicide by less lethal methods, with 
self-poisoning being the most prevalent (77.2%, 
129/167), followed by self-harm with a sharp ob-
ject (14.4%, 24/167), hanging (4.8%, 8/167), and 
jumping from a height (3.6%, 6/167).

Since self-poisoning proved to be the most 
common method of suicide attempts, we ana-
lyzed the values ​​of several variables in this group 
of respondents in more detail. Respondents in 
this group were most often hospitalized at least 
once in the earlier period, except for 11/129 pa-
tients (the self-poisoning subgroup) for whom it 
was their first hospitalization at the time of the 
examination. Notably, many respondents in this 
group had a history of repeated self-poisoning. 
Only 15/129 patients had no history of suicide at-
tempts in the past.
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People who attempted suicide were most often 
treated for the leading diagnosis of mental and be-
havioral disorders due to alcohol use (F1) (68/138, 
49.3%), while neurotic, stress-related and soma-
toform disorders (F4) (26/138, 18.8%) and mood 
(affective) disorders (F3) (15/138, 10.9%) occurred 
somewhat less frequently. 

The highest frequency of suicide attempts 
was recorded in September, January, and No-
vember, respectively, while the most common 
days are Monday, Friday, and Wednesday, re-
spectively.

Given the high proportion of patients with a 
history of alcohol abuse and dependence, the 
high-risk group was further subdivided into indi-
viduals with and without such a history. Compar-
ative analysis was then conducted between these 
subgroups. 

Among high-risk individuals without a history 
of harmful alcohol abuse/dependence, the most 
common leading diagnosis is the F4 category. Ad-
ditionally, this subgroup most lacked physical co-
morbidities. Regarding previous suicide attempts, 
it can be noted that the most common value for 
the number of previous suicide attempts is zero, 
indicating no prior attempts, while a single previ-
ous suicide attempt was observed somewhat less 
frequently.

Analyzing respondents who belong to the high-
risk patient category and who have previously at-
tempted suicide, the rate is twice as high as that 
of people without a history of alcohol abuse or 
dependence. It can be noted that more than 10% 
of respondents from the high-risk category, who 
have a history of alcohol abuse/dependence, have 
attempted suicide 3 times in the past. The most 
common leading diagnosis in high-risk patients 
who consume alcohol is diagnosis F1 (occurs in 63 
patients), while, for example, diagnoses F4 and F6 
(disorders of adult personality and behavior) oc-
cur much less frequently.

Due to the large number of missing data, sev-
eral characteristics were not included in the 
construction of the suicidal behavior prediction 
model, but we used standard statistical methods 
to represent them. Within the group of high-risk 
patients, 57 respondents have the characteristics 
of an emotionally unstable personality based on 
psychological testing, which is statistically signifi-
cantly higher than the control group (c2=8.469, 
p<0.01, Kramer’s V coefficient=0.33), while this 
information is missing for 110 respondents. Out 
of 167 subjects, 29 show aggressive traits, which 
is not statistically significantly different from the 
control subjects (c2=1.078, p>0.05, Kramer’s V co-
efficient=0.09). For only one respondent, we have 
recorded information about an adverse childhood 
experience (experience of abuse/neglect), while 
for all other respondents, this information is un-
known or not recorded in medical history.

Suicidal behavior prediction model
By observing the accumulated confusion ma-

trices for different combinations of hyperparam-
eters, accuracy and F-measure were calculated 
to guide the selection of optimal parameters for 
the final model. Hamming distance metric and 
k=5 yielded the best performance, achieving 94% 
accuracy and a 94% F-measure. These results in-
dicate a high level of classification reliability. The 
final confusion matrix is ​​presented in Table III.

After determining the optimal hyperparam-
eters, the model was trained using the entire 
training set and tested on a previously separat-

Table II. Presentation of features that occurred most frequently within the risk factors of high and low risk groups (modal 
value).

	 High risk (Group 1)	 Low risk (Group 2)

Gender	 Female	 Female
Work status	 Unemployed	 Unemployed
Marital status	 Single	 Single
Earlier treatment	 Yes	 Yes
A month of hospital admission	 September	 October
Day of the week	 Monday	 Thursday
Place	 City	 City
History of alcohol abuse	 Yes	 No
Leading diagnosis	 F1	 F2

Table III. Final confusion matrix.

	 True positive 	 True negative

Predicted value of positive	 104	 0

Predicted value of negative	   15	 121
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ed independent test set for objective evaluation. 
The confusion matrix and the results obtained 
using the kNN classifier are presented above 
(Figure 1).

Using the kNN algorithm, the classification 
accuracy is 87%, sensitivity 87%, precision 90% 
and an F measure 85% for the examined sample 
(Table IV). 

The quantification of the classifier’s success is 
presented in Figure 2. It can be seen that the AUC 
value for our classifier is 0.91.

DISCUSSION

Research on the prediction of suicide attempts 
remains limited in our region, according to the 
assessment of several local authors3,26,27. The sig-

nificance of this study lies in our effort to apply 
the predictive capabilities of machine learning 
algorithms to assess the risk of suicide attempts. 
Although earlier research by Franklin et al15 
showed that model predictions up to 2017 were 
poor, with AUC values=0.56-0.58, and that no 
single risk factor was superior in risk estimation, 
our model achieved an AUC of 0.91 – a similar 
value obtained in later studies conducted across 

Figure 1. Final confusion matrix obtained on an independent test set.

Table IV. Values obtained for the accuracy, precision, sensiti-
vity and F-measure of the trained model, obtained based on 
the confusion matrix.

	 Percentage

Accuracy	 87%
Precision	 90%
Sensitivity	 87%
F-Measure	 85%

Figure 2. Display of ROC curve and AUC values; ROC: Re-
ceiver-operating characteristic curve; AUC: area under the 
curve.
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the US28, as well as in Walsh et al29. Authors who 
used the kNN classifier generally obtained worse 
classifier performance than us30. However, they 
also used other classifiers such as Random For-
est (RF)28 and Support Vector Machine (SVM)30. 
A study conducted in Sweden used neural net-
works as a classifier that achieved a slightly low-
er result than ours, with an AUC value of 0.8731. 
Compared to a previous study32 conducted with 
the kNN classifier, we obtained a higher AUC val-
ue (0.91 vs. 0.72), but a slightly lower accuracy 
(87% vs. 94.7%).

A more accurate assessment could help reduce 
the suicide rate, which is the highest rate in Vojvo-
dina, and at one point, it was even twice as high as 
in other regions of Serbia33. 

Research has shown that the implementation 
of the suicide prediction models has significant-
ly improved the identification of individuals who 
may be at risk of attempting suicide. However, a 
critical area for future research remains in de-
termining the time when a person might commit 
suicide34. On the other hand, the contribution of 
the model to predict who may be at risk is valu-
able, but it is insufficient to assess the immedi-
ate risk29. 

Although the field of artificial intelligence is an 
increasingly popular and promising area, its short-
comings are noted by other authors35. Analyzing 
suicide attempts is especially important, since 
prior attempts are repeatedly cited in the litera-
ture as a major predictor of future suicidal behav-
ior6-11. Research conducted in Spain showed that 
patients who committed suicide in almost 32% of 
cases have a history of at least one previous sui-
cide attempt36, which supports the fact that pa-
tients after a failed suicide attempt can conclude 
how they can increase the chance of a fatal out-
come and apply it. 

The difference in the distribution between the 
genders indicates that women attempt suicide 
more frequently than men, which is in agree-
ment with data from the literature3,5,27,37,38. The 
claim that women try to commit suicide more 
often while men succeed in it more often, which 
is confirmed in the literature and marked as 
“gender paradox”39, is explained by the fact that 
women more often use low-lethal methods of 
attempts such as self-poisoning or cutting veins, 
while men more often use high-lethal methods 
such as hanging, using firearms or jumping from 
a height30. Although our results show that city 
dwellers more often carry out suicide attempts, 
a large study conducted in the territory of En-
gland, Canada, America, and Australia shows 
that suicides are more characteristic of rural 
areas40. Psychiatric services are less available 
in rural areas, and we assume that people from 

rural areas would turn to a psychiatrist less fre-
quently in case of suicidal thoughts due to more 
pronounced stigmatization in smaller areas. This 
may be the reason for the higher rate of suicide 
committed in rural areas, according to the results 
of other studies, in contrast to suicide attempts, 
which were the subject of our research41. The 
most frequently cited reasons for suicide at-
tempts were partner and family problems, which 
were the most frequent motives in studies con-
ducted in America42, Iran43, and Serbia3.

In our study, the most common day of sui-
cide attempts was Monday, which can be seen 
in most other studies as well44,45. Given that the 
majority of patients who attempted suicide were 
unemployed, this is a possible consequence of 
feelings of loneliness at the beginning of the 
week and the working day, which the authors 
from Glasgow cite as one of the risk factors for 
suicide attempts46. September was found to be 
the most common month of attempts, which 
is consistent with studies, where autumn and 
spring are cited as the seasons with the most re-
corded suicide attempts45. What could influence 
this distribution are bioclimatic factors, such as 
temperature and amount of sunlight. Serotonin 
is one of the neurotransmitters responsible for 
the hypothesis of mood disorders, and its lev-
el in the body depends on climate changes and 
exposure to light. On the other hand, the peak 
of suicidality can also be attributed to a social 
factor, specifically an increase in workload and 
stress before the summer months and vacations, 
as well as a sudden return to high demands and 
jobs that were less during the summer47,48.

In 2010, Molnar et al49 found that disorders 
of adult personality and behavior (F6) were the 
most common leading diagnosis in patients with 
suicide attempts. In our study this was not the 
case, but the most common diagnosis was men-
tal and behavioral disorders due to alcohol use 
(F10). It can be explained by the fact that we also 
took into account self-poisoning with alcohol in 
combination with other substances for suicide 
attempts, which are also the most frequently re-
corded types of suicide attempts in our study49. 
According to some authors, overdoses of alcohol 
and “recreational drugs” are also included in in-
tentional self-poisoning and suicide attempts50. 
However, in a certain number of patients, there 
was still a characteristic of emotional instability 
and aggressiveness, which supports the results 
of Molnar et al49 regarding the occurrence of F6 
diagnosis in such patients.

Patients who attempted suicide were most of-
ten hospitalized for an average of two days, while 
control group patients were hospitalized for an 
average of seven days. In studies conducted in 
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other countries, the average length of hospitaliza-
tion after a suicide attempt is significantly longer 
and lasts 36 days51. Through a more detailed anal-
ysis of the data, it was determined that discharg-
es after a short hospitalization were made at the 
patient’s personal request, which the legal regula-
tions within the Act on the Protection of Persons 
with Mental Disorders allow in Serbia. In this way, 
patients can stop treatment against the doctor’s 
advice if it is determined that they do not current-
ly threaten their health, safety, or life.

Patients who attempted suicide in a higher 
percentage report that they consume alcohol 
compared to the control group of patients, which 
was also shown in studies conducted in Brazil in 
202052, Iran in 202043, but also in those studies 
conducted much earlier in Norway53. Under the 
influence of alcohol, disinhibition occurs, and the 
ability to reason is reduced during drunkenness, 
which is one of the possible causes of suicide at-
tempts in substance abuse54. Another explanation 
may be the association of alcoholism with depres-
sion. Studies confirm the frequent occurrence of 
dual diagnosis, and the etiology of their occur-
rence goes in both directions55.

Limitations
The main limitation of this study is that, in ad-

dition to the small sample, we considered only 
non-fatal outcomes of suicidal behavior to create 
the model. In this way, our analysis did not include 
objectively positive respondents who committed 
suicide and for whom we can say with greater 
certainty that they had suicidal intent. Another 
limitation of our study is that only one classifier 
was used. The kNN algorithm is simple to imple-
ment, and since it uses local information for clas-
sification, the procedure is highly adaptable, and 
the complexity of the actual class distributions 
is not important. The disadvantage of the algo-
rithm is that it is computationally demanding, so 
increasing the dimensionality would increase the 
computational complexity. If the database were 
to increase, the kNN classifier would not be the 
right choice, because the whole process would be 
slower. Other classifiers could improve the pre-
diction performance. Algorithms that could be 
used when working with larger amounts of data 
include neural networks and machines based on 
support vectors. Support vector machines show 
good performance on larger data sets. Also, one 
of the advantages is that the results are stable and 
repeatable. On the other hand, neural networks 
are a powerful tool for solving classification prob-
lems, but for neural networks to show their qual-
ity, a large amount of data is needed. The time 
required to optimize a neural network model can 
be long because there are no clear guidelines for 

the selection of parameters when forming a neu-
ral network, but this problem is solved by a com-
bination of different parameters until satisfactory 
results are achieved. One more limitation of this 
study could be the division of subjects into groups 
based on X diagnosis. Namely, the ICD-10 classifi-
cation within this code does not differentiate be-
tween self-harm with suicidal intent and without 
such intent. In the research, we classified each 
respondent with a code of self-harm into a group 
with a suicide attempt, although this information 
was not clearly indicated in the medical history 
for everyone. 

CONCLUSIONS

Based on the results obtained, it can be con-
cluded that the developed model could be capa-
ble of predicting the level of suicide attempt risk 
among individuals with mental disorders requir-
ing hospitalization, achieving an accuracy of 87%. 
This finding highlights the potential of machine 
learning-based classification models as valuable 
tools in clinical practice, enabling early identifica-
tion of high-risk individuals. By integrating predic-
tive models into routine psychiatric assessment, 
healthcare professionals may be better equipped 
to intervene proactively, thereby contributing to 
a reduction in suicide rates. Expanding the data-
base could enhance the classifier’s functions and 
enable the application of other algorithms that 
demonstrated advantages over the one used in 
this study, thereby introducing the model into 
medical practice.

In addition to a larger number of analyzed pa-
tients that would serve for better training of the 
model, it is necessary to point out the need for 
a better interview structure that would include 
more characteristics, which have already been 
shown to be significant risk factors through liter-
ature, but also for the purpose of finding new risk 
factors. 
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