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Abstract

In recent times, suicide has emerged as a significant global public health concern,
causing profound harm to individuals, families, and communities. Despite intensified
efforts to address mental health challenges, suicide rates continue to surge in numerous
regions worldwide. To effectively tackle this escalating problem, there is an urgent
requirement for a thorough examination and understanding of the factors driving suicide
occurrences. The primary objective is to conduct a comprehensive analysis of suicide
rates utilizing advanced analytics techniques. This analysis endeavors to uncover the
intricate network of socio-economic, demographic, and psychological factors shaping
suicide trends across various countries and regions. Through meticulous investigation
and interpretation of these factors, this research aims to gain insights that can inform
targeted interventions and policies aimed at mitigating the prevalence of suicide and
promoting mental well-being on a global scale.

Keyword: Suicide Rate Analysis, Predictive Model, Machine Learning, Data
Analysis, Mental Health, Suicide Prevention, extra trees regressor.

1 Introduction

This research embarks on a comprehensive exploration of suicide, recognizing its intricate nature
influenced by individual, societal, and economic dynamics. The significant global variability in suicide
rates among diverse countries propels the mission to conduct an in-depth analysis and construct a
predictive model. Harnessing the power of machine learning, the approach involves predicting global
suicide rates using a vast dataset spanning over a hundred countries from 1987 to 2014 with a total of
27000+ rows of data that roots from United Nations Development Program (2018), Human
development index (HDI), World Bank. (2018), World development indicators: GDP (current US$) by
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country:1985 to 2016, Suicide in the Twenty-First Century and Suicide in the Twenty-First Century
that was collected from Kaggle as an amalgamation. The dataset incorporates critical variables such as
country name, age, sex, population, Gross Domestic Product (GDP), and generation. Each of these
factors contributes uniquely to the overall suicide rate, highlighting the nuanced interplay of socio-
economic and demographic elements. This endeavor seeks not only to understand the complex nature
of suicide but also to contribute valuable insights for potential preventive measures on a global scale.

2 Literature Survey

The research by Okada. M, et al., [1] looks at the effect of regional unemployment rates, GDP per
capita, and financial assistance for suicide prevention programs on suicide mortality in Japan. This
study looks at the relationship between these variables and suicide rates in various geographic areas
using official statistics data. The findings indicate that higher unemployment rates and lower GDP per
capita are associated with an increase in suicide mortality. Furthermore, regions with more financial
resources for suicide prevention programs have lower suicide rates. These findings highlight the
relevance of economic stability and focused suicide prevention programs in lowering regional suicide
rates in Japan. In this study by Matsumoto, R and others [2] focuses on working-age individuals in
Japan from 2007 to 2022 are examined for patterns in suicide mortality and reasons. Using data from a
variety of sources, the study investigates trends in suicide rates and the causes of suicides during this
era. The results show variations in the rates of suicidal death over time, emphasizing the necessity of
ongoing surveillance and countermeasures. The study also investigates the motivations for suicides,
offering light on the elements that contribute to suicidal behaviour among Japan's working-age
population. These findings can help to inform targeted treatments and support services to address the
complicated issue of suicide in this demographic.

The study by Blasco-Fontecilla H, et al., [3] looks into how economic cycles have affected suicide
rates globally over the course of three decades, taking into account regional variances in terms of
development. Using a mixed-effect model, the study examines data to determine how economic
variations affect suicide rates around the world. The findings indicate subtle variations depending on a
nation's economic level, with differing consequences on suicide patterns in periods of economic
recession and expansion. The results underscore the intricate connection between economic cycles and
suicide rates, stressing the need for customized interventions and support networks that take into
account the economic circumstances of various areas in order to lessen the negative effects on mental
health outcomes. The study done by Kato, R and others [4] investigates how financial assistance might
lower the suicide death rate. Using data analysis and statistical methodologies, the study analyses if
increasing financial aid is associated with lower suicide rates. The findings point to a possible
relationship between reduced suicide mortality and financial support, suggesting that social welfare
initiatives and sufficient financial resources may help avoid suicides. These results highlight the
necessity of ongoing research and funding for social welfare programs in order to enhance public health
outcomes. They also emphasize the significance of support networks and stable economic conditions
in addressing mental health issues and lowering suicide rates.

The impact of economic crises on suicide rates is examined in this research by Miret, M., et al., [5]
also explores the connection between shifting suicide trends and economic downturns. Using data and
analysis, the study analyses how economic crises affect suicide behaviour in various communities.
Results show a complex interaction between economic downturns and suicide rates, with the former
frequently causing the latter, especially in disadvantaged populations. The study emphasizes the
importance of comprehensive mental health care and crisis responses during economic downturns to

o4



Suicide Rate Analysis Using Extra Trees Algorithm Ingisha Rajati G et al.

reduce the risk of suicide. It is imperative to comprehend these dynamics in order to put into practice
focused methods that treat the mental health issues that are made worse by economic downturns. The
impact of regional features on suicidal behavior is the main focus of the study's investigation done by
Oka, M., and others [6], of the relationship between geography and suicide rates. The research
investigates relationships between regional characteristics and suicide rates in various locations through
statistical analysis and data inspection. The results indicate that a number of regional factors, including
socioeconomic status, environmental factors, and the availability of mental health treatments, are
important in influencing the suicide rate. Comprehending the impact of geography on mental health
issues and the reduction of suicide rates in certain areas necessitates the development of tailored
interventions and support networks.

In order to forecast possible suicide instances in Aguascalientes, Mexico, the study by Ramirez
Lopez, et al,[7] provides a geographical analysis utilizing Empirical Bayesian Kriging (EBK).
Geographical data and statistical modelling are employed to determine high-risk locations for suicide
by taking into account a number of variables, including socioeconomic status, mental health care
accessibility, and demographic data. The study's goal is to shed light on regional patterns of suicidal
behaviour, allowing for more targeted intervention tactics and resource allocation in areas with high
suicide rates. The research enables the development of proactive strategies for mental health support
and suicide prevention at the local level by fusing geospatial analysis with predictive modelling
techniques. The main objective of the study done by Swain PK and others [8] is to use empirical research
to forecast suicide rates in India. It makes predictions about future trends in suicide rates based on a
range of sociodemographic and economic parameters by using statistical methodologies and data
analysis. The study's goal is to create models that can properly predict suicide rates in various regions
of India by analysing historical data and patterns. Insights from the research can guide focused
preventative tactics and mental health interventions to reduce the risk of suicide. It also advances our
understanding of the many variables impacting suicidal behaviour in the nation.

The research by Kim, J. W. and others [9] examines suicide rates in South Korea based on age,
gender, and marital status. The research analyses trends and variations in suicide rates over time among
various demographic groups using statistical techniques and data analysis. The findings show
differences in suicide rates among age groups, genders, and marital statuses, indicating distinct patterns
and risks. It is important to address unique vulnerabilities and lower suicide rates among various
demographic categories. By understanding these dynamics, one can get insights into the intricacies of
suicidal behaviour in South Korea and emphasize the need of customized preventative measures and
targeted treatments. The study done by Dedi¢, G. J., & Tepsi¢-Ostoji¢, V., [10] looks at how the suicide
rates in Serbia changed by gender between 2016 and 2020. The study uses data analysis and statistical
approaches to analyse patterns and variances in suicide rates among men and women throughout this
time period. Conclusions highlight higher suicide rates in men than in women and point to possible
contributing variables. They also show clear patterns and risk factors. Comprehending the disparities in
suicide rates between genders is imperative in order to formulate focused preventive approaches and
interventions that cater to the distinct difficulties and susceptibilities encountered by men and women
in Serbia. The ultimate goal is to lower the suicide rate and enhance mental health consequences.

The study by Innamorati M, et al., [11] looks at differences in the suicide rates among the senior
citizens of the European Union between 1980 and 2006. The study uses data analysis and
macroeconomic elements to analyse trends and the impact of various socioeconomic variables on
suicide rates. Results show differences in the rates of suicide among senior citizens in several European
nations, underscoring the impact of social and economic variables. Understanding these disparities is
critical for establishing targeted interventions and policies to reduce suicide rates among the elderly
while also addressing the socioeconomic factors that contribute to suicidal behaviour in this
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demographic. In the framework of neural networks, the study by M. Fernandez-Delgado and others [12]
provides a thorough experimental survey of different regression approaches. The study uses rigorous
experimentation to assess the efficacy of several regression algorithms across a variety of datasets. To
identify the benefits and drawbacks of each approach, important factors including accuracy, robustness,
and computational efficiency are examine. The results offer insightful information about the
performance of regression models inside neural network frameworks, which helps practitioners and
researchers choose the right methods for the jobs at hand. This comprehensive survey advances our
understanding and optimization of regression algorithms in neural networks.

The impact of public service announcements (PSAs) on attitudes toward requesting help is
examined in this research by Klimes-Dougan Bonnie and others [13]. The study investigates how varied
messages in PSAs influence people's willingness to seek help for mental health concerns related to
suicide ideation. Results imply that views toward asking for help are strongly impacted by the message's
substance and framing. PSAs that emphasize hope, coping skills, and available support services are
more effective at encouraging help-seeking behaviour than those that only focus on risk factors or
warning signs. These findings emphasize the necessity of properly developing messages in suicide
prevention efforts in order to favourably influence attitudes and increase help-seeking behaviour. In this
research by Shu-Sen Chang and others [14], we investigate whether rising suicide rates in
East/Southeast Asian nations are related to the 1997-1998 economic crisis. Based on a time-trend
analysis of Japan, Hong Kong, South Korea, Taiwan, Singapore, and Thailand, the study looks into the
relationship between suicide rates and economic downturns. Results imply that although there were
some variations in suicide rates during the crisis, there were national differences in the association
between economic downturns and suicide rates. The prevalence of suicide was also shaped by various
environmental factors, cultural variations, and social support networks. The study emphasizes the
complexities of factors influencing suicide rates during economic crises in various locations.

The research by Kyla Thomas and others [15] investigates the suicide rates in Wales and England
between 1861 and 2007 through a thorough time-trend analysis. The study investigates long-term trends
and variations in suicide rates over more than a century using statistical techniques and data analysis.
The findings show considerable swings and trends in suicide rates throughout time periods, with notable
increases in particular decades. Insights on the changing terrain of suicide epidemiology in England and
Wales over the studied period are also provided by the research, which also reveals differences in
suicide rates by age, gender, and techniques utilized. This report on a study by Turecki, G, et al., [16]
gives a thorough examination of suicide and risk factors. It covers a number of topics, including the
epidemiology of suicide, protective factors, and risk factors such as genetic, environmental, and
psychological influences. The writers address the intricate interaction of biological, social, and
environmental elements that influence suicide risk. In order to prevent suicide, the research also
explores the significance of comprehending and addressing mental health concerns, early risk factor
identification, and successful intervention measures. The detailed analysis is an invaluable resource for
healthcare practitioners, politicians, and suicide prevention researchers alike. This research by S. Mary
Fabiola and others [17] investigates how artificial intelligence (AI) can be used to mitigate the
psychological effects of the COVID-19 pandemic. It examines how Al technology can be utilized to
address mental health issues created by the epidemic, including as stress, anxiety, and depression. The
promise of Al in delivering individualized mental health support, early mental health issue detection,
and the creation of successful intervention strategies is highlighted by the authors. The study uses Al
tools and methodologies to provide unique solutions for assisting individuals' psychological well-being
during times of crisis, such as the COVID-19 pandemic.
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3 Prediction System

The proposed system is an anticipatory model designed for the analysis of suicide rates. It evaluates
various factors such as country, year, individual gender, population, gross domestic product (GDP),
GDP per capita, and the generation to which the individual belongs. Although suicides are inherently
individual acts, observed correlations among these attributes allowed for a refined analysis, particularly
concerning the gender of the individuals. Notably, significant correlations were identified between
factors such as the year and the GDP of the country, influencing the prevalence of suicides on a
considerable scale. The workflow of the model states the steps involved (figure 1).

Figure 1: flowchart

To provide precision in the data, the dataset spans from 1987 to 2014, encompassing over 27,000
rows of data from 100 different countries. Data pre-processing is conducted to ascertain correlations
among attributes. The primary objective of this model is to predict the number of suicides in a given
year based on the considered attributes. The genesis of this research stemmed from the substantial
disparity in suicide rates among individuals from different generations, affected by the cost of living
prompting a need for comprehensive analysis. To improve the performance of the model the data
undergoes feature engineering, hyperparameter tuning, ensemble learning, regularization and most
importantly cross validation. Various factors like data nature, dataset size, problem complexity, and
predictive accuracy guided model selection. Common algorithms (logistic regression, decision trees,
random forests, gradient boosting) were compared, with Extra-trees showing superior accuracy and thus
chosen for prediction.

4 Result and Discussion
The proposed predictive model for analysing suicide rates utilizes a wide array of attributes such as

country, year, gender, population, GDP, GDP per capita, and generation. The data from United Nations
Development Program [18], World Bank [19], Suicide in the Twenty-First Century [20] and World
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Health Organization [21] has been amalgamated and retrieved from Suicide Rates Overview 1985 to
2016 [22]. By employing thorough data analysis and machine learning methods, the model identifies
correlations between these attributes and suicide rates, facilitating the creation of a robust predictive
tool (figure 2). Pre-processing is achieved by analyzing data for null values, categorical variables, and
duplicates. Steps included dropping nulls, removing duplicates, encoding categorical variables, scaling
numerical data, and performing train-test split for modeling. The correlation analysis uncovered
significant links between different attributes and suicide rates, particularly highlighting strong
associations between population and GDP as well as between population and the number of suicides,
indicating that suicide rates are majorly affected by socio-economic factors.

country year sex age suicides_no population gdp_per capita($) generation gdpyear

QRN 0.022769 -0.000000 0.000025 0.118555  0.158896 0.053341  0.006069 0.163583

0.022769 EREVIVILE -0.000000 -0.000586  -0.004546  0.008850 0.339134  0.268301 0.094529

sex -0.000000 -0.000000 EmEeeLiil -0.000000 0.144629 -0.011242 -0.000000  -0.000000 -0.000000

age 0.000025 -0.000586 -0.000000 -0.018256  -0.093361 -0.000157  0.214853  0.000061

suicides no 0.118555 -0.004546 0.144629 -0.018256 0.061330  -0.070624 | 0.430096

1.000000 | 0.616162

population 0.158896 0.008850 -0.011242 -0.093361 0616162  1.000000 0.081510  -0.067963 WNAIV: 14

gdp_per_capita (§) 0.053341 ~ 0.339134 -0.000000 -0.000157 0.061330  0.081510 QROLLLN  0.082899  0.303405

generation 0.006069 0.268301 -0.000000 0.214853  -0.070624 -0.067963 0.082899 mEmEvvl 0.021251

gdpyear 0.163583 0.094529 -0.000000 0.000061 0.710697 0.303405  0.021251 EREVVVI

Figure 2: correlation matrix

Linear Regression 0.45513827884911817
Random Forest 0.9839568507990769
Gradient Boosting 0.822946760456091
Extra Trees 0.9920747767399787
Bagging 0.9669252192876822

Decision Tree 0.9691594975974251

Figure 3: level of accuracy

The level of accuracy between various algorithms are obtained during testing and with the highest
level of accuracy of 99.2% extra trees algorithm has been opted for the predictive analysis (figure 3).
Utilizing the trained Extra Trees regressor algorithm, the model accurately forecasted the number of
suicides in Colombia for the year 2023 based on input parameters such as population, GDP per capita,
and GDP (figure 4).

Predicted value of no.of.sucidies in Colombia in year 2023 is 206.37.
Figure 4: result

Overall, the proposed predictive model for suicide rate analysis serves as a potent tool for
comprehending and predicting suicide rates, drawing from a diverse set of socio-economic and
demographic attributes. To achieve high prediction model accuracy, all steps of the machine learning
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pipeline were closely monitored, including data collection, pre-processing, feature engineering, model
selection, and evaluation. Continued refinement and validation of the model, along with ongoing
enhancements to include additional data and features, can further elevate its accuracy and usefulness in
informing public health policies, intervention strategies, and support services aimed at reducing suicide
rates and fostering mental well-being on a global scale.

5 Conclusion

This comprehensive approach, considering demographic and economic factors, contributes to a
nuanced understanding of suicide trends, potentially aiding in preventive strategies. The model's
success in revealing intricate correlations underscores its potential as a valuable tool for forecasting and
addressing suicide rates globally. Utilizing this model allows for the incorporation of diverse attributes
including mental health enabling a more targeted analysis of specific factors that could collectively aid
individuals in overcoming thoughts of self-harm. Prospective refinements may encompass themes like
mental health awareness and the level of support provided by government, community, family, and
friends, thereby enhancing the overall standard of assistance available.
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