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Predicting suicidal behavior outcomes: ol

an analysis of key factors and machine learning
models
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Abstract

Background Suicidal behaviors, which may lead to death (suicide) or survival (suicide attempt), are influenced by vari-
ous factors. Identifying the specific risk factors for suicidal behavior mortality is critical for improving prevention strate-
gies and clinical interventions. Predicting the outcomes of suicidal behaviors can help identify individuals at higher risk
of death, enabling timely and targeted interventions. This study aimed to determine the critical risk factors associated
with suicidal behavior mortality and identify an effective classification model for predicting suicidal behavior outcomes.

Materials and methods This study utilized data recorded in the suicidal behavior registry system of hospitals in llam
Province. In the first phase, duplicate records were removed, and the data was numerically encoded via Python ver-
sion 3.11; then, the data was analyzed using chi-square and Fisher's exact tests in SPSS version 22 software to identify
the factors influencing suicidal behavior mortality. In the second phase, missing data were removed, and the dataset
was standardized. Five binary classification algorithms were utilized, including Random Forest, Logistic Regression,
and Decision Trees, with hyperparameters optimized using the area under the receiver operating characteristic curve
(AUC) and F1 score metrics. These models were compared based on accuracy, recall, precision, F1 score, and AUC.

Results Among 3833 cases of suicidal behavior in various hospitals in llam Province, the results indicated

that the method of suicidal behavior (P<0.001), reason for suicidal behavior (P<0.001), age group (P<0.001), edu-
cation level (P<0.001), marital status (P=0.004), and employment status (P=0.042) were significantly associated

with suicide. Variables such as the season of suicidal behavior, gender, father's education, and mother’s education
were not significantly related to suicidal behavior mortality. Furthermore, the random forest model demonstrated
the highest area under the ROC curve (0.79) and the highest classification accuracy and F1 score on both the training
data (0.85 and 0.2, respectively) and test data (0.86 and 0.31, respectively) for predicting suicidal behaviors outcomes
among the models tested.

Conclusion This study identified key factors such as older age, lower education, divorce or widowhood, employ-
ment, physical methods, and socioeconomic issues as significant predictors of suicidal behavior outcomes. A combi-
nation of statistical models for feature selection and machine learning algorithms for prediction was used, with Ran-
dom Forest showing the best performance. This approach highlights the potential of integrating statistical methods
with machine learning to improve suicide risk prediction and intervention strategies.
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Background

In past literature, varying terminology has been used
to describe different facets of suicidal and self-harming
actions, which may lead to ambiguity and inconsist-
ency in understanding outcomes. To ensure clarity and
precision in this study, we will adopt the following ter-
minology: “Suicide” refers to the act of intentionally end-
ing one’s life, resulting in death. “Suicide Attempt” will
denote non-fatal actions where the individual has the
intent to die but survives. Lastly, the broader term “Sui-
cidal Behavior” will encompass both fatal and non-fatal
suicidal actions, capturing the full spectrum of these
behaviors. This approach aims to enhance the consist-
ency of interpretation throughout the article, following
recent recommendations in the field [1-4].

Advancements in science and medicine have made
many diseases preventable and treatable. However, in
recent decades, the leading causes of death have changed,
with suicide emerging as a significant global concern.
Statistics indicate that nearly one million people world-
wide die by suicide each year [5].

In the 19th century, suicidal behaviors were considered
crimes in many countries around the world. However,
in the 20th century, most of these laws were repealed.
The reason for these widespread changes is that suicide
and similar behaviors are now more often considered as
symptoms of mental disorders and public health prob-
lems rather than as crimes or offenses. Nevertheless, in
some countries, such as Iran, due to cultural and religious
reasons, suicidal behavior, while not legally classified as a
crime, still carries significant social stigma. This stigma
often leads to underreporting of suicide statistics, result-
ing in figures that do not reflect the actual reality [6, 7].

Globally, suicide is the second leading cause of death
among individuals aged 15 to 29 years (after traffic acci-
dents) and the third leading cause of death in the 15 to
44 age group. The suicide rate varies across different
countries, typically measured as the number of suicides
per 100,000 people. The lowest rates range from 0 to
4.9. Tragically, in 2015, the vast majority—78%—of all
suicides occurred in low- and middle-income countries
(LMICs) [5, 8].

In Iran, it was estimated that in 2000, 6.6 per 100,000
people committed suicide. However, this figure has
increased to 9.9 per 100,000 people in the last two dec-
ades. Additionally, according to a conservative estimate,
over 198,000 people in Iran exhibited suicidal behavior in
2016. Thus, expanding knowledge and strategies for sui-
cide prevention is deemed essential in Iranian society [9].

Numerous studies have shown that a wide variety of
factors influence suicide and suicide attempts. Some
of these factors include age, gender, marital status, sea-
sonal patterns, employment status, education level, and
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the educational background of the individual’s parents.
Additionally, some studies suggest that these risk fac-
tors, alongside factors such as the reason for attempting
suicidal behaviors and the method used, can help pre-
dict the outcomes of suicidal behaviors [10—13]. Despite
advancements, a reliable method for accurately predict-
ing the outcomes of suicidal behaviors or effectively cat-
egorizing patients by their risk levels still does not exist
[14, 15]. Recent research highlights the growing need for
models that not only assess the risk of suicide attempts
but also predict the likelihood of death, as such models
could significantly improve intervention strategies and
potentially save lives by identifying high-risk individuals
earlier [16].

In recent years, the use of machine learning models has
increased in various fields, including healthcare, due to
the absence of certain limitations in traditional classifi-
cation models. In predicting the risk of suicide, machine
learning models have performed better in most cases
compared to theory-based models [17, 18].

Machine learning (ML) models, such as random forests
(RF) and support vector machines (SVM), have shown
strong potential in predicting suicidal behaviors by ana-
lyzing large healthcare datasets and identifying com-
plex temporal patterns, making them useful in clinical
settings. Following RF and SVM, neural networks have
successfully analyzed text- and image-based data. How-
ever, for demographic and clinical feature-based classifi-
cation, models like K-nearest neighbors (KNN), logistic
regression, and decision trees have outperformed other
algorithms in certain studies, showing strong predictive
capabilities in suicide risk assessment [19-25]. However,
these models face limitations, including the need for
high-quality datasets and challenges with interpretabil-
ity, as some models act like “black boxes” that clinicians
struggle to understand. Additionally, ethical concerns
about data privacy and reliance on algorithms in sensitive
areas like suicide prevention hinder their broader use [15,
26]. Classification algorithms, commonly used in ML,
predict categories for data points (e.g., benign vs. malig-
nant tumors) by calculating probabilities [27].

In the present study, we aimed to identify the factors
influencing suicide through the application of statisti-
cal methods for feature selection, followed by utilizing
five binary classification algorithms to predict the out-
comes of suicidal behavior. Ultimately, this study aims
to propose the best predictive model for the outcome of
suicidal behavior by combining statistical methods and
machine learning techniques.
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Methodology

This study was conducted to identify critical factors
influencing suicidal behavior mortality and to develop
predictive models using machine learning techniques.
The study was carried out in two phases:

1. statistical analysis of demographic and social factors
using traditional methods.

2. predictive modeling using machine learning algo-
rithms.

Data collection

The dataset consisted of all recorded suicidal behav-
iors from hospitals across Ilam Province. In total, data
from 8090 suicidal behaviors were included (Before
deleting duplications). Given the seasonal distribution
of suicidal behaviors, we chose not to split the dataset
into training and testing sets randomly. Instead, we uti-
lized a temporal approach, where data from 21st March
2017 to 20th March 2020 (corresponding to the Iranian
calendar years 1396 to 1398) were used as the test set,
while data from 21st March 2020 to 20th March 2023
(corresponding to the Iranian calendar years 1399 to
1401) served as the training set. This decision was made
to preserve the seasonal patterns inherent in the data,
as certain variables, such as weather conditions or holi-
days at the time of the suicidal behavior, could signifi-
cantly influence suicidal behavior outcomes [12, 28].

By maintaining the temporal integrity of the data-
set, we aimed to ensure that the training and test sets
reflected similar distributions in terms of seasonal
effects. This approach allows for a more accurate
assessment of the model’s performance on unseen data,
reducing the risk of overfitting and enhancing the mod-
el’s applicability to real-world scenarios.

The following variables were collected for analysis
(based on the results and recommendations of previous
related studies [29-32]):

+ Age group.

« Gender.

+ Marital status (never married, married, others
(divorce or widowhood)).

« Education (illiterate vs. educated).

+ Employment status (employed vs. unemployed).

« Mother’s education (illiterate vs. educated).

« Father’s education (illiterate vs. educated).

+ Season of suicidal behavior (spring, summer, fall,
winter).

+ Suicidal behavior method (physical vs. chemical).
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+ Reason for Suicidal behavior (Mental or Physical,
family disputes, Socioeconomic).
« Outcome (survived or death).

Data preprocessing

The data underwent several preprocessing steps before
statistical and machine learning analyses. Duplicate
records were removed using Python scripts, leaving
3833 records in the training set and 3935 in the test set.
Missing values were addressed by removing incomplete
records. Categorical variables such as gender, marital sta-
tus, and suicide method were converted into numerical
codes to facilitate machine learning algorithms.

Statistical analysis

In the first phase of the study, chi-square or Fisher’s exact
tests were performed using SPSS software (version 22) to
identify statistically significant associations between the
selected variables and the outcome of suicidal behavior
(survived or death). Fisher’s exact test was used for vari-
ables where more than 20% of the cells had an expected
count of less than 5. Six out of the ten analyzed variables
showed significant associations with suicidal behavior
mortality, and these were carried forward to the next
phase of analysis. It is important to note that the signifi-
cance level for this phase was set at (P<0.05).

Machine learning analysis

In the second phase, machine learning techniques were
applied to predict suicidal behavior outcomes based on
the six significant variables from the statistical analysis.
We used Python programming language (version 3.11)
and Scikit-Learn (version 1.5.0), Pandas (version 2.2.1),
Numpy (version 1.26.4), and Matplotlib (version 3.4.3)
libraries to design various models for predicting suicidal
behavior outcomes. The following steps were performed:

1. Data Standardization: Data were standardized using
Python’s StandardScaler function to ensure that all
features were on the same scale, improving the per-
formance of machine learning algorithms.

2. Algorithm Selection: Five binary classification algo-
rithms were selected based on prior research [19]:

+ Random Forest (RF) [21, 33].

« Decision Tree (DT) [22, 34].

« Logistic Regression (LR) [23, 35].

+ k-Nearest Neighbors (KNN) [24, 36].

« Support Vector Machine (SVM) [25, 37].
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3. Hyperparameter Tuning: Each algorithm underwent
hyperparameter tuning using Random Search [38],
optimizing for the highest area under the receiver
operating characteristic curve (AUC) score in the ini-
tial phase [39].

4. Class Weights Optimization: Following the ini-
tial hyperparameter tuning, Grid Search was used
to determine the optimal class weights due to data
imbalance (7479 deaths vs. 289 survivals across train
and test sets), with the F1 score as the performance
metric [40, 41].

5. Model Evaluation: The models were evaluated on
both the training and test sets, with performance
compared based on metrics such as AUC, accuracy,
precision, recall, and F1 score.

Results
Overall, the first phase of this study examined data
from 4013 cases of suicidal behaviors recorded in the
Ilam Province registry system during the study period.
Among these, 180 duplicate cases were removed, leav-
ing 3833 cases for analysis (130 suicides and 3703 suicide
attempts). It should be noted that patients who attempted
suicide and their companions often do not have the phys-
ical and mental condition to cooperate adequately with
the interviewer. Additionally, due to potential errors by
the interviewer or data entry personnel, some informa-
tion about each patient is often incompletely recorded in
the registry system. Table 1 details the missing data for
key variables recorded in the registry system for the 3833
cases analyzed in the first phase of this study. It should be
noted that only cases with complete data for each vari-
able were included in the statistical analysis.
Additionally, another issue related to the data of this
study was the discrepancy in the mortality statistics
from suicide between the hospital registry system and
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the forensic medicine data (Fig. 1). This discrepancy
occurred because many suicide victims died before
reaching the hospital. As a result, these cases were
transferred directly to forensic medicine without being
recorded in the hospital registry. However, due to the
lack of individual-level data in the information pro-
vided by the forensic department, the hospital registry
system remains the most reliable option for analyzing
suicide-related data.

More than 20% of the cells had expected counts less
than 5 for age group and education variables, so Fisher’s
exact test was employed. For the other variables, the
Chi-square test was applied. The results of chi-square
and Fisher’s exact test are shown in Table 2. This table
shows that in the marital status variable, the category
“others” included individuals who were either divorced
or widowed. Regarding the method of suicidal behavior,
methods were categorized as either ‘chemical’ or ‘physi-
cal! Chemical methods included poisoning by substances
such as drugs, alcohol, narcotics, or pesticides. Physical
methods included actions like hanging, shooting, stab-
bing, self-immolation, drowning, and falling.

According to this table, Suicide was significantly
associated with age group (P<0.001), education level
(P<0.001), marital status (P=0.004), employment status
(P=0.042), suicide method (P<0.001), and the reason
for the suicide attempt (P<0.001). However, no signifi-
cant association was found with the season of the suicide
attempt (P=0.62), gender (P=0.19), father’s education
level (P=0.421), or mother’s education level (P=0.515).

After identifying significant variables using the Chi-
square and Fisher’s exact tests, these variables were
retained for modeling with machine learning classifi-
cation methods, and the remaining variables were dis-
carded. Table 3 shows the first phase’s univariate binary
logistic regression results on significant variables.

Table 1 Frequency of complete and Missing Data for each variable in train dataset

Variable Complete Missing
Frequency Percentage Frequency Percentage

Age group 3833 100.0% 0.0%
Gender 3833 100.0% 0.0%
Marital status 3794 99.0% 39 1.0%
Season 3833 100.0% 0 0.0%
Suicidal behavior method 3691 96.3% 142 3.7%
Reason for suicidal behavior 1470 384% 2363 61.6%
Education 3467 90.5% 366 9.5%
Employment status 3550 92.6% 283 7.4%
Father's education 610 15.9% 3223 84.1%
Mother’s education 600 15.7% 3233 84.3%
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Fig. 1 Comparison of Suicide Mortality Statistics in the Hospital Registry and Forensic Medicine

The Receiver Operating Characteristic (ROC) curve
and the area under it (AUC) are two metrics that can be
used to compare the quality of classification algorithms.
In the first step, we utilized the AUC as a score for tuning
the hyperparameters. This value was highest in the Ran-
dom Forest algorithm (0.79) (Fig. 2).

Next, various indices for comparing classification
models are examined. The first index to be reviewed is
classification accuracy. The Random Forest algorithm
performed best in training and test data sets, with a value
of 0.85 for the training data and 0.86 for the test data
(Fig. 3).

The other index was classification precision. The value
of this index in the training data for all algorithms ranged
from 0.11 to 0.12. However, in the test data, the highest
value belonged to the Random Forest algorithm (0.21)
(Fig. 4).

Another index to be reviewed is recall. The highest
value of this index in training data was related to the
logistic regression algorithm (0.57), and in the test data, it
was related to the decision tree algorithm (0.61) (Fig. 5).

In cases like the present study, where the two previ-
ous indices show conflicting results, the F1 score, which
is the geometric mean of these two indices, can be help-
ful. The random forest algorithm had the highest F1 score
in training and test data sets (0.2 and 0.31, respectively)
(Fig. 6).

Discussion

This study examined the most significant factors influ-
encing the suicide rate in Ilam Province. Globally,
approximately 800,000 individuals die by suicide each
year, which constitutes 1.5% of all deaths. Suicide is the

tenth leading cause of death in North America and the
primary cause of death for individuals aged 15 to 24
worldwide [14]. Most individuals who survive a suicide
attempt do not die from subsequent suicidal behaviors.
This suggests that preventing methods leading to death
could save many lives [42, 43].

Our research found that the highest likelihood of sui-
cide occurred in individuals over 55 years. A significant
association was observed between age and suicide mor-
tality. These findings align with studies by Beghi M et al.
[44] and Chen IM et al. [45], which identified high age
as a critical risk factor for suicide. This may be related to
comorbid conditions and fewer attempts involving non-
lethal, attention-seeking methods among older adults.
Interventions focused on enhancing social support
and providing targeted mental health services for older
adults could help reduce suicide rates in this vulnerable
population.

Haghparast-Bidgoli H et al. [46] reported that an
increase in the average educational level of populations
in Iranian provinces significantly reduced suicide rates.
Similarly, our study found the highest risk of suicidal
behavior deaths in illiterate individuals. A significant rela-
tionship was observed between education and suicide,
consistent with the study mentioned above and other
research by Favril L et al. [30] and Denney JT et al. [47].
Implementing educational programs focused on mental
health awareness and coping strategies could be benefi-
cial in reducing suicide risk among illiterate populations.

Yoshimasu K et al. [48] described a minimal relation-
ship between marital status and suicidal behavior mortal-
ity. However, our study, along with Haghparast-Bidgoli H
et al. [46], demonstrated a significant association between
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Table 2 Frequency of variables and Chi-Square/Fisher's exact test results
Suicide Attempt Suicide Total P-value
Age group 0.001>
Under 15 Years 129 4 133
15 to 34 Years 2751 78 2829
351to 54 Years 709 33 742
Above 54 Years 114 15 129
Education 0.001>
llliterate 94 12 106
Educated 3266 95 3361
Marital status 0.004
Never married 2094 60 2154
Married 1541 64 1605
Others 31 4 35
Season 0.62
Spring 1070 36 1106
Summer 931 36 967
Autumn 781 30 811
Winter 917 26 943
Gender 0.19
Male 1806 71 1877
Female 1897 59 1956
Employment status 0.042
Unemployed 2683 82 2765
Employed 750 35 785
Father’s education 0421
llliterate 300 12 312
Educated 290 298
Mother’s education 0.515
llliterate 331 11 342
Educated 252 6 258
Suicidal behavior method 0.001>
Chemical 3427 82 3509
Physical 148 34 182
Reason for suicidal behavior 0.001>
Mental disorders or physical illness 550 23 573
Family disputes 794 27 821
Socioeconomic problems 66 10 76

divorce or widowing and suicidal behavior mortality.
Denney JT et al. [47] also found a link between divorce
and suicide mortality in men, with no similar relationship
observed in women. These differences may be rooted
in the cultural context and the stigma associated with
divorce in Iranian society. Interventions aimed at reduc-
ing the stigma surrounding divorce and providing psy-
chological support for divorced or widowed individuals
could help lower suicide in these vulnerable groups.

Although our study did not find a significant associa-
tion between suicide and different seasons of the year,
the highest number of suicides occurred in the spring
and summer months. Previous studies by Villeneuve PJ]
et al. [28] and Likhvar V et al. [12] showed a correlation
between warmer seasons and increased suicide. Likhvar
V et al. [12] also noted an inverse relationship between
holidays and suicide mortality rates.

Wu Y et al. [49] and Chen IM et al. [45] reported that
suicide is higher in men than in women. Similarly, our
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Table 3 Results of Univariate Logistic regression on significant

variables in the First Phase

Cl95%
Odds Ratio Lower Upper P-Value

Marital status

Never married Reference

Married 145 1.01 207 0.042

Others 4.5 1.54 13.16  0.006
Education

Educated Reference

llliterate 4.389 2327 8278 0.001>
Age group

Under 15 Years Reference

15 to 34 Years 0.91 0.33 2.54 0.863

35to 54 Years 1.5 0.52 4.31 045

Above 55 Years 424 1.37 1315  0.012
Employment status

Unemployed Reference

Employed 1.53 1.02 2.29 0.04
Reason for suicide

Family disputes Reference

Mental disorder or physical ~ 1.23 0.7 217 0474
illness

Socioeconomic Problems 4.46 207 9.6 0.001>
Suicidal behavior method

Chemical Reference

Physical 9.6 6.23 14.79  0.001>

0.8

0.6

0.4

0.2

0.2

Fig. 2 ROC Curves of the Classification Algorithms

0.4
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study found that suicide and the probability of suicidal
behavior mortality were higher in men compared to
women. However, a significant relationship between gen-
der and suicide was not observed. Denney JT et al. [47]
assessed the impact of various factors on suicide mortal-
ity by gender, revealing differences in risk factors between
men and women, which may underscore the importance
of gender in determining suicide-related factors.

Yoshimasu K et al. [48] found a minimal relationship
between social factors such as marital status and employ-
ment status and suicide. In contrast, our study showed
the highest likelihood of suicidal behavior deaths among
employed persons, and a significant relationship was
found between employment and suicide mortality. More-
over, studies by Graetz N et al. [50], Denney JT et al. [47],
Haghparast-Bidgoli H et al. [46], and Favril L et al. [30]
identified unemployment as a risk factor for suicide. The
discrepancy between our findings and previous research
may stem from specific occupational stressors or pres-
sures unique to employed individuals in our study popu-
lation, potentially exacerbated by cultural or economic
factors in the region. To mitigate suicide risk among
employed individuals, introducing workplace mental
health programs, stress management workshops, and
providing access to psychological support services could
be effective measures.

Vidal-Ribas et al. [13] found a direct relationship
between low parental education levels and suicide mor-
tality. In our study, although a significant relationship
between parental education and suicide mortality was
not observed, the highest rates of suicide were found

——— DT (AUC = 0.75)
——KNN (AUC = 0.74)
——RF (AUC=0.79)
—— LR (AUC = 0.71)
SVC (AUC=0.72)

0.6 0.8 1
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Fig. 4 Comparison of the Precisions of Classification Algorithms

among individuals with parents who had no education,
consistent with the previous study.

Cai Z et al. [51] identified firearms, hanging, and
drowning as the most lethal suicide methods. Elnour
AA and Harrison | [52] similarly ranked firearms and
hanging as the most fatal methods. Although our study
did not analyze suicide methods separately, it compared
physical and chemical methods and found that physical
methods resulted in higher mortality rates, aligning with
previous research. Implementing stricter regulations on
access to highly lethal means, such as firearms and tools
for hanging, could help reduce suicide rates.

Page 8 of 12

0.84 0.84

0.86
0.85
0.84 I

Test Accuracy

SVC mLR

0.21
0.18
I 0.17

Test Precision

0.18 0.18

SVC mLR

Favril L et al. [30] reported that psychiatric disor-
ders, physical illnesses, and socioeconomic factors sig-
nificantly impact suicide rates. Our study also found
a significant relationship between the cause of suicide
attempts and mortality rates, with socioeconomic rea-
sons being the most strongly associated with higher
mortality. This finding is consistent with the study
mentioned above. Addressing socioeconomic inequali-
ties through targeted support programs, financial assis-
tance, and access to mental health care for individuals
facing economic distress may help reduce suicide rates.

Our findings align with theories emphasizing social
isolation, like those of Durkheim and Joiner. Durkheim
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highlights how a lack of social integration increases
suicide risk [53], which corresponds with our results
showing higher mortality among divorced, widowed,
and socioeconomically distressed individuals. Simi-
larly, Joiner’s interpersonal theory posits that perceived
burdensomeness and acquired capability for self-harm
contribute to suicide [54]. Our findings reflect this,
where employment and physical methods were linked
to higher mortality, suggesting increased risk tolerance.

The random forest algorithm performed best in the
study’s second phase, achieving the highest AUC (0.79)
and F1 score (0.31 on the test set). This aligns with previ-
ous research, such as that by Pigoni A. et al. [19], Amini
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P. et al. [55], and Ehtemam H et al. [15], highlighting the
effectiveness of machine learning methods like Random
Forest and SVM in handling complex, multidimensional
data related to suicide risk prediction. Notably, the posi-
tive predictive values in the different models used in this
research ranged from 0.17 to 0.21, which is significantly
higher compared to the findings of Belsher BE et al. [56],
where this index was reported to be less than 0.01 in
most previous studies in the field of suicide. This finding
is also consistent with the study of Schafer KM et al. [18].

Additionally, although Logistic Regression had the
highest recall in the training set and Decision Tree had

SVC mLR
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the highest recall in the test set, Random Forest con-
sistently outperformed the other algorithms regard-
ing accuracy and precision, reaffirming its robustness
in balancing false positives and false negatives. These
results suggest that machine learning models, particu-
larly ensemble methods, can effectively enhance the
prediction of suicide outcomes when combined with tra-
ditional statistical methods. However, further refinement
of models and inclusion of additional contextual data,
such as detailed psychiatric histories or socioeconomic
status, could improve predictive performance. Moreo-
ver, real-world implementation of these models in clinical
settings may help professionals assess suicide risk more
effectively, enabling timely interventions and potentially
reducing suicidal behavior mortality.

A critical strength of the study lies in the relatively large
dataset and the application of machine learning models,
an innovative approach underutilized in this field. How-
ever, several limitations must be acknowledged. The high
proportion of missing data, reliance on self-reported
information from patients or their families, the lack of
data on individuals who did not present to hospitals, and
the regional nature of the dataset, which may limit gener-
alizability, are essential constraints that should be consid-
ered when interpreting the results.

Conclusion

In conclusion, this study successfully identified signifi-
cant demographic and social factors associated with
suicidal behavior mortality in Ilam Province. By integrat-
ing statistical analysis and machine learning techniques,
we highlighted vital patterns and risk factors, providing
a comprehensive understanding of the contributors to
suicide.

Future research and policy efforts should focus on
validating the effectiveness of these models using more
extensive datasets and additional variables. Exploring
the potential of other algorithms, including ensemble
models, will be essential in improving prediction accu-
racy. Furthermore, implementing targeted interventions
for high-risk groups—for example, older adults, illiterate
individuals, and those experiencing socioeconomic dis-
tress—can be crucial.

Additionally, the application of predictive algorithms
could play a vital role in the early detection and preven-
tion of suicide, opening promising avenues for future
public health strategies.
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