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Globally, mental disorders are a significant burden, particularly in low- and middle-income countries, 
with high prevalence in Rwanda, especially among survivors of the 1994 genocide against Tutsi. 
Machine learning offers promise in predicting mental health outcomes by identifying patterns missed 
by traditional methods. However, its application in Rwanda remains under-explored. The study aims 
to apply machine learning techniques to predict mental health and identify its associated risk factors 
among Rwandan youth. Mental health data from Rwanda Biomedical Center, collected through the 
recent Rwanda mental health cross-sectional study and with youth sample of 5221 was used. We used 
four machine learning models namely logistic regression, Support Vector Machine, Random Forest 
and Gradient boosting to predict mental health vulnerability among youth. The research findings 
indicate that the random forest model is the most effective with an accuracy of 88.8% in modeling and 
predicting factors contributing to mental health vulnerability and 75 % in predicting mental disorders 
comorbidity. Exposure to traumatic events and violence, heavy drinking and a family history of 
mental health emerged as the most significant risk factors contributing to the development of mental 
disorders. While trauma experience, violence experience, affiliation to pro-social group and family 
history of mental disorders are the main comorbidity drivers. These findings indicate that machine 
learning can provide insightful results in predicting factors associated with mental health and confirm 
the role of social and biological factors in mental health. Therefore, it is crucial to consider biological 
and social factors particularly experience of violence and exposure to traumatic events, when 
developing mental health interventions and policies in Rwanda. Potential initiatives should prioritize 
the youth who experience social hardship to strengthen intervention efforts.
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Worldwide, one person in eight is suffering from a mental health disorder1. Approximately 75% of the wide 
burden of mental and behavioral disorders is concentrated in low and lower-middle-income countries, and a 
substantial majority (76–85%) remain untreated2–4. Mental and behavioral disorders continue to be significant 
contributors to the global burden, constituting 32.4% of years lived with disability and 13% of disability-adjusted 
life-years2,5. Individuals with severe mental health issues die prematurely, and this condition causes disability.

Around 20% of the world’s children and teenagers have a mental health condition, with suicide the second 
driving cause of death among 15–29 year-olds6. Mental health issues’ prevalence seems to be rising in Africa 
as the population increases, and more people, specifically young people, struggle to cope with crises to earn 
a living7,8. The recent studies in Rwanda showed that the prevalence of mental disorders is 20% and the most 
common are major depressive disorders (12%), panic disorders (8.1%) and post-traumatic stress disorders 
(3.1%) in general populations; the prevalence among genocide against Tutsi survivors was 53.3% and the most 
prevalent disorders are major depressive disorders (35%), post-traumatic stress disorders (27.9%), and panic 
disorders (26.8%)9.
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Given the high prevalence and significant impact of mental health conditions, particularly among vulnerable 
populations like youth, there is a growing need for innovative approaches to identify those at risk and provide 
timely interventions10. Novel technologies and Artificial Intelligence enhance practice-oriented research models 
by integrating research and practice11,12. In this context, leveraging data-driven approaches presents a valuable 
opportunity. By utilizing survey data and advanced analytical techniques, we can better understand patterns and 
predictors of mental health issues, enhancing the accuracy of early identification and treatment strategies13,14.

Advancements in machine learning have shown promising potential in predicting mental health outcomes in 
various contexts15,16. Machine learning, a subset of artificial intelligence, empowers systems to learn from data and 
improve their performance over time, enabling a wide range of applications that enhance decision-making and 
automate complex tasks17. The use of Machine Learning (ML) in mental health gained more attention due to the 
growing availability of digital mental health data and the potential for ML techniques to enhance mental health 
care delivery18. ML has been applied in various areas, including the detection, diagnosis, prognosis, treatment, 
and support of mental health problems, as well as in public health, clinical administration, and research15,19. 
Techniques like natural language processing (NLP) have been used to predict suicide ideation and psychiatric 
symptoms, aiding in personalized treatment and predictive detection of mental health conditions20,21. Studies 
have demonstrated the use of ML algorithms, such as classification, regression, and deep learning, to diagnose 
bipolar disorder and analyze the impact of financial policies on public mental health22,23. The application of ML 
on longitudinal mobile sensing data has improved the generalizability and predictive performance for mental 
health symptoms, particularly depression, anxiety, and PTSD during the COVID-19 pandemic24. Moreover, 
ML models have been employed to predict mental health states across diverse populations, including students 
and professionals, and to assess mental healthcare service use, revealing both the potential and challenges in 
resource allocation14,25. Additionally, ML models using passive sensing signals have shown strong performance 
in predicting mental health risks in individuals with diabetes26. Therefore, ML techniques hold promise for 
advancing the understanding of mental illness, enhancing diagnostic accuracy, and tailoring interventions to 
improve outcomes for individuals with mental health conditions27,28.

By leveraging machine-learning algorithms on a large dataset, it is possible to identify patterns and 
relationships that may not be easily discovered through traditional descriptive and inferential statistics29. ML 
techniques have been valuable tools for understanding psychiatric disorders and distinguishing and classifying 
mental health issues among patients for advanced treatments30. Studies identified various machine learning 
models and assessed their effectiveness in modeling different mental health issues in children, including 
Attention Deficit/Hyperactivity Disorder (ADHD), major depressive episodes, manic episodes, and anxiety, 
comparing their performance on different measures of accuracy31. Therefore, ML techniques hold promise for 
advancing the understanding of mental illness, enhancing diagnostic accuracy, and tailoring interventions to 
improve outcomes for individuals with mental health conditions27,28.

Several studies have demonstrated the feasibility and effectiveness of machine learning approaches in 
modeling and predicting mental health outcomes based on behavioral data from specific populations32–34. For 
instance, Ponce et al.35 integrated sentiment analysis, ML algorithms, and data from social network to develop 
a mobile application that allowed the early detection and prevention of mental health problems in Peru. This 
tool enabled timely interventions, contributing positively to public mental health management. Abdul et al.36 
employed machine learning techniques to predict mental wellness among university students using health 
behavior data. Their findings revealed that ML models could accurately predict mental wellness outcomes, 
outperforming traditional predictive methods. The study highlights the potential of behavior-based ML 
approaches to be extended and adapted for use in diverse populations beyond the university setting.

However, the use of machine learning in the prediction of mental health in Rwanda is relatively unexplored. 
This study aims to use machine learning to predict mental health outcomes in youth in Rwanda. Specifically, 
this study aims to: (a) Build a predictive machine learning model for mental health vulnerability. Design and 
implement a machine learning predictive model that analyzes various demographic, social, and behavioral 
factors to identify at-risk youth. Evaluate models based on different evaluation metrics to select the best one. (b) 
Determine key predictors of mental health status among Rwandan youth. Conduct feature importance analysis 
to identify the most significant predictors contributing to mental health issues in youth using the best model 
selected.

Methods
Research design and source of data
This study used recent cross-sectional records from the Rwanda Mental Health Survey (RMHS 2018) which 
was conducted by the Rwanda Biomedical Center under the Ministry of Health, in collaboration with partner 
institutions. The survey was conducted from 1st August to 31st August 2018 nationwide and employed multistage 
sampling methods with the targeted population being people aged 14–65 who lived in Rwanda at the time of 
the study. The participants of this study are youth, which means those aged between 15 and 24 according to the 
United Nations’ definition37. This subsample is from across the entire country, ensuring a comprehensive and 
representative sample and comprised of five thousand two hundred twenty-one 5221 subjects.

Data collection tools
The occurrence of common mental disorders was determined using the Mini-International Neuropsychiatric 
Interview (MINI), version 7.0.238. This diagnostic interview instrument employs a binary response format, 
where participants respond with either “yes” or “no”.

Moreover, traumatic experiences and heavy drinking were assessed using the MINI component on traumas 
exposure, and section I for alcohol and section J for drugs . On the other hand, violence exposure was measured 
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using a one dichotomous question (Yes or no) whether the person was exposed to violence, mostly domestic 
violence.

MINI is widely applied in the field of psychiatry. In previous investigations conducted in Rwanda, 
Kinyarwanda-translated versions of MINI reflecting the participants’ native language were used to assess mental 
health conditions and showed satisfactory psychometric properties39–41

Description of variables
Outcome variable
In this study, the outcome variable was any mental health condition classified according to MINI. Mental health 
status was categorized into two groups: Individuals who screened positive for at least one mental health condition 
and those who did not test positive for any mental health condition.

Explanatory variables
According to the biopsychosocial model proposed by George Engel42, human experiences are diverse and are 
shaped by a complex interplay of factors that influence an individual’s life, including biological, psychological, and 
social determinants that all contribute to shaping a person’s experiences, health and behavior. The explanatory 
variables associated with any mental health condition were the social and biological factors summarized in Table 
1.

Data cleaning and pre-processing
Pre-processing of data involves preparing raw data to make it understandable and suitable for analysis. It consists 
of various stages, such as data cleaning, integration, transformation, and reduction43. In this study, data cleaning 
was performed using Python version 3. Key variables for predicting mental health outcomes were selected based 
on a biopsychosocial theoritical framework that categorizes causes into distant determinants such as social, 
biological, and psychological factors. The data were slightly imbalanced; therefore, no methods were applied to 
handle the imbalance. The selection of features was based on the filtering correlation method.

Data transformation
Data transformation involves altering the format or structure of the data to prepare it for analysis. In this study, 
categorical variables containing non-numeric data were converted into a numerical format through feature 
encoding. The dummy variables were created to analyze each variable’s contribution.

Machine learning classification algorithms
Machine learning classification algorithms use input training data to predict the likelihood that subsequent 
data will fall into one of the predetermined categories44. Given n observations {x1, x2, . . . , xn}, where xi is an 
element of X , and {y1, y2, . . . , yn}, where yi belongs to Y . Supervised learning finds a function f : X → Y  
or P (Y |X) such that f(x) ≈ y for all pairs (x, y) ∈ X × Y  that have the same observations44. For the binary 
classification problem, y = {1, 0} where 0 is labeled as negative and 1 is labeled as positive observations. In 
this study, ML algorithms were used, including logistic regression, support vector machine, random forest, and 
gradient boosting.

Logistic regression
Logistic regression is a statistical method used for binary classification tasks, aiming to predict the probability 
that an instance belongs to a specific class45,46. Given a set of predictors x = (x1, . . . , xp)T  a vector of discrete or 
continuous variables, a logistic regression models the likelihood that Y  falls into a particular category as functions 

Variables Description Categories

Sex Sex of participants 0: Female, 1: Male

Age Age of participants ≤ 18: Adolescents, > 18: Young adults

Marital status Marital status of participants 0: Never married, 1: Married, 2: Separated/divorced

Education Level of education of participants 0: No education, 1: Primary, 2: Secondary/higher

Employment status Status of employment of participants 0: Unemployed, 1: Employed

Lifetime loss Participant experienced lifetime loss of someone or something 0: No, 1: Yes

Affiliation to pro-social group Whether participant is affiliated to a pro-social group 0: No, 1: Yes

Violence experience Experiencing any kind of violence 0: No, 1: Yes

Religion Religious beliefs of participants 0: No religion/others, 1: Muslim, 2: Christian

Medical condition Previous experience of medical condition 0: No, 1: Yes

Heavy drinking Heavy alcohol consumption 0: No, 1: Yes

Traumatic experience Experiencing traumatic event 0: No, 1: Yes

Mental health history Had personal mental health history 0: No, 1: Yes

Family history of mental health Had history of mental health disorders in family 0: No, 1: Yes

Table 1.  Explanatory variables for use in the analysis.
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of the predictors. The sigmoid function is used in logistic regression to transform the linear combination of the 
predictor variables into a probability ranging from 0 to 1.

	
P (Y = 1 | X) = 1

1 + e−(β0+β1x1+···+βpxp)

P (Y = 1 | X) signifies the probability of the event Y = 1 given the predictors X , and the coefficients 
β0, β1, . . . , βp are estimated by the model using the training data.

The goal of the logistic regression model is to determine the optimal values of the coefficients β to minimize 
a loss function. The most common loss function used in logistic regression is the log loss, also known as the 
cross-entropy loss function, which is defined as:

	
L(Y, f(x)) = − 1

N

N∑
i=1

(yi log(pi) + (1 − yi) log(1 − pi))

where N  is the number of observations, yi is the actual label for observation i, and pi is the probability predicted 
that Y = 1 for observation i.

Random forest
Random forest is an ensemble method based on decision trees, where each tree is built using a random subset 
of variables, with the aim of reducing variance. It is inspired by the work of Leo Breiman, Amit, and German’s 
Lier function47. The random forest may be used for both categorical and continuous variables as classification 
and regression, respectively48.

Given a vector of random variables X = (x1, . . . , xp)T  representing the input or predictor variables and Y  
representing the dependent variable with real values, we assume an unknown joint distribution PXY (X, Y ). 
The objective is to determine a prediction function f(X) to predict Y .

The prediction function is calculated using a loss function L(Y, f(X)), designed to minimize the expected 
value of the loss:

	 EXY [L(Y, f(X))]

where EXY  denotes the joint distribution expectation of X  and Y . The function L(Y, f(X)) measures how 
close f(X) is to Y , penalizing values of f(X) that deviate significantly from Y .

The loss function L(Y, f(X)) can be defined as:

	
L(Y, f(X)) =

{ 0, if Y = f(X)
1, otherwise

ensures that the loss is zero when the prediction matches the true value and penalizes incorrect predictions.

Support vector machine (SVM)
Support vector machine (SVM) is a robust supervised machine learning method used for classification and 
regression tasks49. Its primary objective is to find the optimal hyperplane that effectively separates the classes in 
the feature space. SVM achieves this by maximizing the margin between classes based on a set of training data 
consisting of input vectors xi and their corresponding class labels yi. This hyperplane is defined in the high-
dimensional feature space and aims to accurately classify new data points by their proximity to this separation 
boundary.

The hyperplane is defined by:

	 W · X + b = 0

where W  is the weight vector perpendicular to the hyperplane, and b is the bias term.
For linearly separable data, SVM determines the optimal hyperplane by solving the following optimization 

problem:

	
min
W,b

1
2∥W ∥2

subject to the constraints: yi(W · xi) ≥ 1 for all i.
Many real-world datasets are not linearly separable. To handle non-linearly separable data, kernel SVM 

leverages the concept of kernel functions. Kernel SVM maps the input vector xi into a higher-dimensional 
space using a kernel function κ(xi, xj), where the data become linearly separable. The optimization problem 
for kernel SVM becomes:

	
min
W,b

1
2

N∑
i=1

αiyiκ(xi, x) −
N∑

i=1

αi

Scientific Reports |        (2025) 15:16032 4| https://doi.org/10.1038/s41598-025-00519-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


subject to the constraints: 
∑N

i=1 αiyi = 0, 0 ≤ αi ≤ C for all i.

where αi are Lagrange multipliers and C  is a regularization parameter, balancing the objective of maximizing 
the margin and minimizing the classification error.

Gradient boosting
Gradient boosting is an ensemble learning technique used for classification and regression problems, with a 
wide range of applications due to its accuracy and robustness against overfitting50,51. It combines weak learners 
during the gradient boosting process to obtain a strong learner. The final result, denoted as ϕ(x), is obtained by 
the addition of the results of K  sequential classifier functions fk  and is calculated as follows:

	
ϕ(x) = Ŷ =

K∑
k=1

fk(x)

here, fk  represents a decision tree, and K  is the total number of iterations in the boosting algorithm.
In these techniques, classification is based on the residuals of the previous iteration, with each feature’s 

influence being sequentially assessed until a desired accuracy level is achieved. Using a loss function L(ϕ) that 
is optimized using gradient descent, the residuals are calculated. The expression for the loss function at step t is 
given by:

	
L(ϕ)t =

∑
L(ft−1, ft) + Ω(ft)

where Ω(ft) represents the regularization term used to compute the loss function L(ϕ)t at step t.

Model training
The analysis process started by splitting the processed data set into training and testing sets with a 70–30 ratio, 
based on the existing literature and proven efficacy in mental health data applications. Four machine algorithms 
were selected for training, namely logistic regression, gradient boosting, random forest, and SVM. Each model 
was trained using a 10-fold cross-validation and evaluated based on the evaluation metrics from k-fold cross-
validation. Moreover, we checked for overfitting and underfitting by comparing metrics on both the training 
and test datasets. A grid search was applied to optimize the hyperparameters and explore predefined values to 
determine the best-performing class-specific feature importance scores by weighting the standardized mean 
values of features for each class with the feature importance scores derived from the model.

Hyperparameter tuning
Following hyperparameter tuning using grid search, the SVM was optimized with the following parameters:C=10, 
gamma=1, kernel=ŕbf. Best parameters for the logistic regression were: C = 0.1, class weight = None, penalty = l2, 
solver = liblinear. Gradient boosting: learning rate=0.01, max-depth=8, n_estimators=300, subsample=0.8, best 
parameters for random forest=max-depth=10, min_samples_leaf=1, min_samples_split=2, n_estimators=200.

Model evaluation
Evaluating the performance of a machine learning model is key in any project; this study explores different 
approaches for evaluating model performance. A number of metrics used include precision, accuracy, recall, 
F1-score, and area under the curve, which is computed from the confusion matrix, which quantifies correct and 
incorrect predictions across different classes52,53.

Data analysis
Prevalence of mental health among youth
Figure 1 illustrates the distribution of mental health status among youth, the results highlight the prevalence 
of mental health conditions in youth is 14.48%. This indicates that 14 individuals out of every 100 have mental 
health disorders.

Major depressive episode is the most prevalent mental disorder (Table 2), followed by other common 
conditions such as panic disorder (5.94%), obsessive-compulsive disorder (2.57%), post-traumatic disorder 
(1.99%), social phobia (1.32%), antisocial personality (1.28%), alcohol use disorder (1.03%), suicidal behavior 
disorder (0.52%), and substance use disorder (0.34%).

The majority of the individuals (67%) suffer from only one mental disorder (Fig. 2). 153 individuals (20%) 
have two mental disorders while 96 individuals (13%) have more than two mental disorders. The individuals, 
who experience severe comorbidity, may require integrated care and specialized treatment for managing 
multiple disorders.

Bivariate analysis
A bivariate analysis was performed using Pearson’s chi-square test in a confidence interval of 95% to assess the link 
between the independent factors and the dependent variable. In this study, a p-value below 0.05 was considered 
to indicate statistical significance. Table 3 presents a summary of the participants’ background characteristics. A 
total of 5,221 participants, with females comprising 56.6% of the sample. The data were categorized by age, with 
the young adults representing the most prevalent age group.

From the result in Table 3, heavy drinking, trauma experience, being divorced or separated, and violence 
experience are associated with any mental health vulnerability at 46.9%, 44.1%, 41.2% and 40.8%, respectively. 
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Moreover, medical condition history, having a family history of mental health, having no religion, and being 
employed are associated with mental health at 28.0%, 24.2%, 23.0% and 22.3% respectively.

Generally, the bivariate analysis shows that most factors are strongly associated with the likelihood of having 
mental disorders. The most linked categories include sex, education, marital status, employment status, religion, 
mental health history, medical condition experience, heavy drinking, violence experience, trauma experience, 
lifetime loss, family history of mental illness, and age. On the other hand, affiliation to pro-social groups was not 
associated with the likelihood of developing at least one mental health disorder.

Results
Machine learning classification analysis
Table 4 presents the performance metrics of four machine learning models; the performance of each model is 
evaluated using precision score, recall score, F1 score, and accuracy.

Mental disorder Frequency Prevalence (%)

Major depressive episode 347 6.65

Suicidal behavior disorder 27 0.52

Panic disorder 310 5.94

Social phobia 69 1.32

Obsessive compulsive disorder 134 2.57

Posttraumatic stress disorder 104 1.99

Manic episode 5 0.10

Hypomanic episode 4 0.08

Alcohol use disorder 54 1.03

Substance use disorder 18 0.34

Antisocial personality disorder 67 1.28

Bipolar disorder 7 0.13

Table 2.  Frequency and prevalence of mental disorders.

 

Fig. 1.  Prevalence.
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Variable Category Total (n, %) No mental disorders (n, %) Any mental disorders (n, %) P-value

Sex
Female 2956 (56.6) 2475 (83.7) 481 (16.3)

0.000
Male 2265 (43.4) 1990 (87.9) 275 (12.1)

Education

No education 541 (10.4) 430 (79.5) 111 (20.5)

0.000Primary 2951 (56.5) 2510 (85.1) 441 (14.9)

Secondary/higher 1729 (33.1) 1525 (88.2) 204 (11.8)

Marital status

Separated 34 (0.7) 20 (58.8) 14 (41.2)

0.000Married 844 (16.2) 675 (80.0) 169 (20.0)

Never married 4343 (83.2) 3770 (86.8) 573 (13.2)

Employment
Employed 309 (5.9) 240 (77.7) 69 (22.3)

0.000
Unemployed 4912 (94.1) 4225 (86.0) 687 (14.0)

Religion

Christian 4982 (95.4) 4268 (85.7) 714 (14.3)

0.029Muslim 126 (2.4) 110 (87.3) 16 (12.7)

Other/None 113 (2.2) 87 (77.0) 26 (23.0)

Mental health history
Yes 242 (4.6) 167 (69.0) 75 (31.0)

0.000
No 4979 (95.4) 4298 (86.3) 681 (13.7)

Medical condition
Yes 107 (2.0) 77 (72.0) 30 (28.0)

0.000
No 5114 (98.0) 4388 (85.8) 726 (14.2)

Heavy drinking
Yes 177 (3.4) 94 (53.1) 83 (46.9)

0.000
No 5044 (96.6) 4371 (86.7) 673 (13.3)

Violence experience
Yes 554 (10.6) 328 (59.2) 226 (40.8)

0.000
No 4667 (89.4) 4137 (88.6) 530 (11.4)

Trauma experience
Yes 555 (10.6) 310 (55.9) 245 (44.1)

0.000
No 4666 (89.4) 4155 (89.0) 511 (11.0)

Lifetime loss
Yes 2250 (43.1) 1796 (79.8) 454 (20.2)

0.000
No 2971 (56.9) 2669 (89.8) 302 (10.2)

Affiliation with prosocial group
Yes 1455 (27.9) 1228 (84.4) 227 (15.6)

0.165
No 3766 (72.1) 3237 (86.0) 529 (14.0)

Family history of mental illness
Yes 1159 (22.2) 878 (75.8) 281 (24.2)

0.000
No 4062 (77.8) 3587 (88.3) 475 (11.7)

Age
Adolescent 2287 (43.8) 2071 (90.6) 216 (9.4)

0.000
Young adults 2934 (56.2) 2394 (81.6) 540 (18.4)

Table 3.  Bivariate analysis of mental health factors.

 

Fig. 2.  Comorbidity distribution.
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Random forest has the highest precision, recall, and accuracy, resulting in the best F1 score among the models. 
Logistic regression shows a high balance between precision and recall, leading to a solid F1 score; it also has high 
accuracy. Gradient boosting performs well with a slightly lower precision compared to other models. SVM 
shows the lowest F1 score and recall, resulting in low accuracy. Random forest has the best overall performance.

The performance of the model shown in Fig. 3 is measured using the ROC-AUC curve. As the graph 
indicates, the random forest classifier outperforms other models with an AUC of 83.59%. Random forest is quite 
good and has good discrimination capability, which means it is good at differentiating between those with no 
mental disorders and those screened with any mental disorders. Feature importance is defined as a method that 
assigns a score to independent variables based on their predictive utility for a target variable. The achieved scores 
illustrate which feature may be more important to the objective. The plot created for the feature importance is 
the output of the random forest classifier.

The Fig.  4 displays the feature importance and contributions as determined by the random forest classifier 
trained on the Rwanda mental health survey youth dataset. The Fig. 4a represents the feature importance 
where each bar represents a feature from the dataset and its relative importance in predicting those who are 
screened for at least one mental health disorder. The experiencing traumatic events feature has a high value 
of relative importance, indicating that trauma experience has a strong influence on the model’s predictions. It 
is followed by violence experience, heavy drinking, and family history of mental health, as it is illustrated in 
Fig. 4a . Moreover, we evaluated the contributions of each feature on the target variable. The Fig. 4b highlights 
experiencing traumatic events and violence has high feature importance scores in predicting any mental health 
conditions. Other key predictors include heavy drinking, family history of mental illness, and a lifetime loss of 
a loved one or something significant. Additionally, being female and a young adult are associated with a high 
likelihood of mental disorders. Conversely, not experiencing these factors significantly reduces the likelihood of 
having mental health condition.

Fig. 3.  Area under the curve (AUC).

 

Model Precision Recall F1 score Accuracy

Logistic regression 0.870 0.880 0.857 0.880

Gradient boosting 0.859 0.872 0.844 0.872

Random forest 0.877 0.888 0.873 0.888

SVM 0.862 0.870 0.835 0.870

Table 4.  Comparison of evaluation metrics for different models. Significant values are in bold.
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Analysis of factors contributing to the comorbidity
Beyond binary classification, which identifies individuals as positive if they had at least one mental disorder, a 
multiclass classification approach using the Random Forest model, which outperformed others in the binary, 
was applied to predict and determine factors associated with comorbidity. Comorbidity was categorised into 
three levels namely: single mental disorder, two disorders, and multiple (≥ 3) disorders.

The multiclass modeling using random forest demonstrated an overall solid performance in predicting 
mental disorder comorbidity among youth, with an accuracy of 75 % and an AUC score of 0.738, indicating 

Fig. 4.  Feature importance and their contributions.
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a reasonable level of class separability. The precision (0.758) and recall (0.750) reveal that the model makes 
relatively accurate predictions and successfully identifies a significant proportion of true cases. However, the Fig. 
5 and the F1-score point to a slight imbalance in performance across classes.

Figure 6 highlights the most influential variables in predicting the level of mental disorder comorbidity 
among youth. The top contributors include trauma experience, violence experience, affiliation to pro-social 
group and family history of mental disorders which all show relatively high importance score. These variables 
show the role of social support systems and adverse life experiences are critical in determining mental health 
outcomes.

Other notable predictor are lifetime loss, heavy drinking and mental health history, emphasizing the role of 
environmental and behavioral factors. Variables like being divorced/separated, employment status and religion 
exhibit relatively low importance, which means they may play a lesser role in distinguish levels of comorbidity 
in this specific dataset.

Discussion
The primary objective of this research was to employ machine learning approaches to predict mental health 
vulnerability and identify potential contributing factors among youth, using insights derived from cross-
sectional survey data. The models were trained on a designated training set, and their performance was evaluated 
on unseen test data using several metrics, including classification accuracy, confusion matrix, recall, precision, 
and area under the curve (AUC).

The results revealed that the Random Forest algorithm outperformed other techniques, achieving the highest 
performance metrics with an accuracy of 88.8% and an AUC of 83.59% in predicting mental health vulnerability. 
It also showed strong performance in predicting comorbidity, with an accuracy of 75% and an AUC of 0.738. 
The most influential predictors of mental health vulnerability included traumatic experiences, exposure to 
violence, heavy drinking, family history of mental illness, lifetime loss, and being female or a young adult. In 
the context of mental health comorbidity, key contributing factors included traumatic experiences, exposure to 
violence, affiliation with pro-social groups, family history of mental disorders, experiences of lifetime loss, heavy 
drinking, and prior mental health conditions.

These findings align with existing literature, where Random Forest has consistently demonstrated high 
predictive power in mental health studies. For instance, a study focused on international students in the United 
Kingdom utilized Random Forest to predict depression, identifying important factors such as loan status, 

Fig. 5.  Confusion matrix.
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gender, age, marital status, financial difficulties, academic stress, homesickness, and loneliness. The model 
achieved an accuracy of 80%, emphasizing the need for targeted interventions that address the multidimensional 
aspects of students’ lives54. Similarly, another study evaluated the effectiveness of machine learning in predicting 
treatment outcomes in a digital mental health intervention targeting depression and anxiety. The Random Forest 
model achieved high accuracy and highlighted key predictors such as pre-treatment symptoms, self-reported 
motivation, referral type, and work productivity55. In Southeast Asia, research involving university students 
developed machine learning classifiers, with Random Forest attaining high accuracy in predicting mental well-
being. Key predictors included body mass index, weekly physical activity, GPA, sedentary behavior, and age56. 
Furthermore, a study on bipolar disorder patients in Colombia demonstrated the potential of ML in predicting 
hospital admissions and re-admissions using electronic health records. The Random Forest model achieved 
an accuracy of 95.1% and an AUC of 98%, identifying psychiatric emergency visits, outpatient follow-up 
appointments, and age as primary predictors57.

Feature importance analysis further confirmed that exposure to traumatic events and experiences of violence 
were the most significant contributors to screening positive for at least one mental health condition, as illustrated 
in Fig. 4a. These findings are consistent with existing literature. Traumatic experiences increase vulnerability to 
mental health disorders, often leading individuals to cope through harmful behaviors such as substance use or 
self-harm58. Likewise, individuals who have experienced violence are at a significantly higher risk of developing 
mental health conditions59. Therefore, the present findings support prior evidence indicating that violence and 
trauma are key drivers of mental health vulnerability.

Limitations
This study offers valuable insights into the use of machine learning for predicting mental health outcomes 
and serves as a significant resource for exploring factors associated with both mental health conditions and 
comorbidity among youth. However, several limitations and concerns regarding the generalizability of the 
findings must be acknowledged. Firstly, the study utilized cross-sectional data, capturing information at a single 
time point. This approach may not adequately reflect the temporal dynamics and variability of mental health 
conditions, thereby limiting the model’s capacity to generalize across different real-world scenarios when applied 
in practice.

Secondly, the analysis was restricted to social and biological factors due to the nature of the dataset. Key 
psychological and cognitive variables; such as resilience, coping mechanisms, and self-esteem along with other 
influential factors like family functioning, stigma, discrimination, help-seeking behaviors, digital environment, 

Fig. 6.  Features importances.
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and cyberbullying, were not included. The omission of these potentially significant variables may introduce 
selection bias and reduce the comprehensiveness and generalizability of the results.

Thirdly, the external validity of the model may be constrained. Its performance might not translate well to 
different populations or settings that vary in terms of demographics, resources, social support systems, behavioral 
norms, or care practices. Moreover, the model’s temporal validity may be affected as health care practices, risk 
factor prevalence, and population characteristics can evolve over time, further influencing model applicability.

Lastly, although the multiclass classification approach employed in this study provides a more refined analysis 
than binary classification, it does not account for the exact combinations or co-occurrence patterns of specific 
mental disorders. Additionally, it does not incorporate the severity or intensity of the conditions, which are 
critical in understanding the full spectrum of mental health comorbidity. This limitation underscores the need 
for more detailed clinical data and longitudinal approaches in future research to better capture the complexity 
of mental health conditions.

Conclusion
This study represents an innovative effort to leverage machine learning techniques to predict mental health 
outcomes and identify potential risk factors associated with mental health comorbidity among youth, using 
data from the Rwanda Mental Health Cross-Sectional Survey. The study demonstrated the potential of 
machine learning in predicting mental health vulnerability. The findings indicate that the random forest model 
outperformed other models in identifying factors contributing to mental health vulnerability, achieving an 
accuracy of 87.8% and an AUC of 83.59%. Exposure to traumatic events, violence, heavy drinking, and a family 
history of mental health issues emerged as the most significant risk factors associated with the development of at 
least one mental disorder. The random forest model also showed solid performance in predicting mental health 
comorbidity, with an accuracy of 75% and an AUC of 0.738. However, the F1-score of 71.1% indicates a modest 
limitation in detecting comorbidity cases, particularly in the context of highly imbalanced data.

Key factors such as traumatic experiences, exposure to violence, affiliation with pro-social groups, family 
history of mental disorders, experiences of lifetime loss, heavy drinking, and prior mental health conditions 
were identified as significant predictors of mental health comorbidity. These findings are consistent with 
existing literature and further underscore the importance of addressing these risk factors in youth mental health 
interventions.

This study contributes to the existing body of knowledge by demonstrating the applicability of machine 
learning models in mental health research within the Rwandan context. Moreover, it highlights the importance of 
identifying and addressing high-risk factors in mental health interventions and policies. The findings emphasize 
the need for targeted support and tailored strategies for individuals who are at an increased risk of developing 
mental health conditions.

Data availability
The used and/or analysed datasets during this study are available from the corresponding author upon reason-
able request.
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