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Abstract 

The mental health of university students has emerged as a critical global public health concern, with increasing prevalence of 

anxiety, depression, and stress-related conditions reported across diverse academic environments. With the increasing mental 

health issues among university students all over the world, there is an observable disparity in employing interpretable machine 

learning models to assess the risks of psychological distress, especially in resource-limited countries such as Kenya. This study 

bridges this gap by evaluating the predictive performance of selected single machine learning classifiers; Multinomial Logistic 

Regression (MLR), K-Nearest Neighbours (KNN), Support Vector Machine (SVM), and Naïve Bayes (NB) with Explainable 

Artificial Intelligences (XAI) in identifying levels of mental health distress (Low, Moderate, and High) among university 

students in Tharaka Nithi County, Kenya. A structured questionnaire was administered to a stratified random sample of 1500 

students, capturing comprehensive data across demographic, academic, psychosocial, and behavioural dimensions. Data were 

preprocessed, encoded, and partitioned into 70% training and 30% testing sets. Models were developed using 10-fold 

cross-validation, with hyperparameter tuning performed via grid search. Explainable Artificial Intelligence (XAI) techniques, 

including SHAP (Shapley Additive Explanations) and model breakdown plots, were integrated to enhance transparency and 

interpretability of the model. The Support Vector Machine model demonstrated superior performance, with an overall accuracy 

of 97.6%, a Kappa coefficient of 0.957, and a perfect Area Under the Curve (AUC) score of 1.000 across all levels of mental 

distress. The model achieved a sensitivity of 1.000 for both High and Low distress, and 0.960 for Moderate, with precision 

values of 0.880, 0.960, and 1.000, respectively. KNN followed with an accuracy of 73.9% and Kappa of 0.471, while MLR and 

NB achieved accuracies of 69.7% and 68.8%, respectively. The SVM model emerged as the best model due to its ability to 

handle nonlinear and complex patterns in the data. SHAP analysis identified "Lifestyle and Health Factors," "Personal and 

Mental Health," "Academic Pressure," and "Quarter Life Crisis" as the most influential predictors across models. The study 

concludes that interpretable machine learning approaches, particularly SVM augmented with XAI, can provide highly accurate 

and actionable insights into student mental health. The study recommends integrating such models into institutional mental 

health surveillance frameworks to support early detection, personalized interventions, and policy planning, aligning with 

Sustainable Development Goal 3, which aims to ensure healthy lives and promote well-being for all. 
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1. Introduction 

Machine learning (ML) is a subfield of artificial intelli-

gence (AI) that focuses on developing algorithms capable of 

learning from and making predictions or decisions based on 

data [1]. The algorithm involves training computational 

models to recognize patterns and relationships within large 

datasets, thereby enabling the automation of analytical tasks 

and discovering insights that might be difficult for humans to 

discern [2]. These models learn by example, improving their 

performance over time as they are exposed to more data. 

Several types of machine learning algorithms are imple-

mented and employed depending on the nature of the problem 

and the available data. Supervised learning algorithms, such 

as linear regression, decision trees, support vector machines, 

neural networks, random forest, and gradient boosting, are 

trained on labeled data where the outcome variable is known 

[1]. These models are particularly adept at handling large, 

complex datasets with numerous predictors. They can capture 

nonlinear relationships and interactions between variables, 

making them highly effective for predicting categorical out-

comes. 

The application of these machine learning models to clas-

sify mental health distress among university students holds 

significant promise. These models can handle the complexity 

and variability inherent in mental health data, providing ac-

curate and actionable predictions [3]. The mental health of 

university students is increasingly recognized as a critical 

issue, with various factors contributing to mental distress [4]. 

Academic pressure is a significant risk factor, with high ex-

pectations, fear of failure, and overwhelming workloads 

leading to increased stress and mental health issues. Studies 

highlight that students who perceive high levels of academic 

pressure are more likely to experience anxiety and depression, 

with competitive environments further exacerbating burnout 

and psychological strain [5, 6]. The rising mental health 

concerns among university students are becoming a signifi-

cant public health issue. 

A survey by [7] revealed that 1 in 5 students has a current 

mental health diagnosis, a marked decrease from 1 in 3 in 

2018, with nearly half reporting serious psychological issues 

that required professional help. A review of 105 Further Ed-

ucation colleges in England found that 85% of the students 

reported an increase in mental health difficulties over three 

years, with all colleges noting cases of depression and 99% 

citing severe anxiety [7]. According to the report by the World 

Health Organization 2021, globally, one in seven 

10-19-year-olds experiences a mental disorder, accounting for 

14.28% of the global burden of disease in this age group [8]. 

Besides, the report also showed that depression, anxiety, and 

behavioral disorders are among the leading causes of illness 

and disability among university students [9]. Suicide is the 

fourth leading cause of death among 15-29-year-olds [10]. 

The consequences of failing to address mental health condi-

tions among university students impair both physical and 

psychological health and limit opportunities to lead fulfilling 

lives as adults. 

In recent studies, the mental health crisis among university 

students has been intensified by the COVID-19 pandemic. In 

their study, [11] conducted a survey involving students from 

two universities in Lebanon to gain a better understanding of 

their mental health challenges. Authors assessed eight dif-

ferent ML predictive models: Logistic Regression (LR), mul-

ti-layer perceptron (MLP) neural network, Support Vector 

Machine (SVM), Random Forest (RF), XGBoost, AdaBoost, 

Naïve Bayes (NB), and K-Nearest Neighbors (KNN). The 

performance of these models was evaluated using the Area 

Under the Curve (AUC) metric. The findings indicated that 

the Random Forest model achieved the highest performance 

in predicting depression (AUC = 78.27%), while the Naïve 

Bayes model performed best in predicting anxiety (AUC = 

76.37%). For stress prediction, AdaBoost demonstrated the 

highest AUC score (72.96%). Additionally, analysis revealed 

that self-rated health was the most significant feature for 

predicting depression. In contrast, age emerged as the most 

important feature for predicting both anxiety and stress, with 

self-rated health also playing a substantial role. 

Emerging research has intensified the application of XAI to 

mental health prediction, yet critical gaps remain in university 

student settings. In their study to evaluate suicide risk, [12] 

applied Decision Tree, Random Forest, and XGBoost models, 

which achieved up to 95.2% accuracy and AUC = 0.95, with 

SHAP identifying anger, depression, and social isolation as 

dominant predictors. Introducing an LSTM autoencoder for 

detecting anxiety and depression, [13] applied wearable data 

from which the model attained an F1 = 0.80, precision 0.73, 

recall = 0.88; SHAP highlighted resting heart rate, activity, 

and sleep duration. Bhuiya applied a CNN BiLSTM hybrid 

with attention, reaching 94.3% accuracy, with SHAP-based 

analysis revealing key language features predictive of suicidal 

ideation [14]. Thomas studied a youth crisis text and identi-

fied a transformer-MLP model with an accuracy of 0.79 and a 
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macro-AUC of 0.89 (specific AUCs: 0.96 for non-suicidal, 

0.85 for ideation, and 0.87 for engagement). SHAP was used 

to uncover linguistic markers [15]. In their language-based 

mental health detection reviews [16], XAI was applied, where 

SHAP provided both global and local interpretability, sup-

porting clinical acceptability. In their study on BMC Medical 

Informatics [17], clinicians rated SHAP explanations as sig-

nificantly more understandable and actionable than Bayesian 

Networks, indicating high trust and usability in practice. In 

Greece, [18] applied SHAP to adolescent psychiatric data and 

found "stress restrict" as the highest impact feature in pre-

dicting mood changes, supporting behavioral context inter-

pretation. While SHAP-based XAI has proven effective in 

mental health contexts-achieving accuracy and AUC above 

0.80 in numerous studies-few investigations target university 

student distress using interpretable single model frameworks. 

This study uniquely applies SVM, KNN, MLR, and NB with 

SHAP to a Kenyan student cohort, providing explicit feature 

attribution and addressing a key gap in the current literature. 

In a study on Mental Health Prediction for Juveniles 

using Machine Learning Techniques, [19] argues that 

mental well-being is one of the most crucial and important 

aspects of development from adolescence to adulthood. 

Among the machine learning algorithms implemented in 

the study are naïve Bayes, support vector machines, deci-

sion trees, random forests, and k-Nearest Neighbors. The 

results indicated that the models had precision scores of 

0.75, 0.69, 0.934, 0.912, and 0.829 for naïve Bayes, SVM, 

decision tree, random forest, and k-NN, respectively. Re-

garding the recall score, the decision tree achieved the 

highest recall score of 0.933, while SVM had the lowest 

recall score of 0.622. The decision tree was the most ef-

fective machine-learning algorithm for predicting juvenile 

mental health conditions. By accurately predicting mental 

health outcomes based on individual characteristics, these 

models can help identify students who may benefit from 

early interventions and support services, thereby improv-

ing overall mental health outcomes, which align with 

Sustainable Development Goal number three (3) of good 

health and well-being for all [20]. 

2. Research Methods and Materials 

2.1. Research Design 

This study employed a cross-sectional design with quanti-

tative data to assess the effectiveness of various machine 

learning algorithms in predicting mental health distress 

among university students in Tharaka Nithi County, Kenya. 

A cross-sectional study design was appropriate in this study 

because it helped evaluate the prevalence of a psychosocial 

and mental health outcome or phenomenon under investiga-

tion [21]. 

2.2. Data Collection 

The primary research instrument used in this study was a 

structured questionnaire designed to gather data on mental 

health distress among university students. The questionnaire 

is divided into three sections: Demographic Information, 

Risk Factors for Mental Health Distress, and Psychological 

Distress. The population for this study consisted of universi-

ty students enrolled in institutions in Tharaka Nithi County, 

Kenya. This includes undergraduate students from various 

faculties, including Business Studies, Engineering, Nursing, 

Education, Agriculture, Environmental Studies and Resource 

Development, Humanities and Social Sciences, Law, and 

Science and Technology. The target population ranged in age 

from 15 to 28 years, covering students from their first to final 

years of study. The study collected data from 1,128 universi-

ty students in Tharaka Nithi County, Kenya, to ensure a ro-

bust dataset for machine learning-based prediction of mental 

health distress. A stratified random sampling technique was 

employed, where the year of study served as the stratum. 

This approach ensured that the sample represented key de-

mographic factors in each stratum. Using this technique, we 

let 𝑦̅𝑤  be defined as 𝑦̅𝑤 = ∑
𝑁𝑖

𝑁

𝑘
𝑖=1 𝑦̅𝑖 It follows that 

∑ 𝑤𝑖𝑦̅𝑖 = 𝑤𝑖=
𝑁𝑖

𝑁

𝑘
𝑖=1 . In this case, 𝑁𝑖 is the population stra-

tum, and 𝑁 is the population total. 

2.3. Data Analysis 

The data analysis process involved several key steps to 

ensure the development of an accurate and reliable model. 

Data preprocessing included cleaning, transformation, 

imputation, encoding, and checking for zero-variance pre-

dictors to enhance model performance [22]. The dataset 

was then partitioned into 70% for training and 30% for 

testing to balance model learning and evaluation [23] as 

shown in Table 1. Missing values, constituting less than 5% 

of the data, were handled using multiple imputation via 

chained equations to preserve data integrity. Class imbal-

ance, particularly for the 'High' distress category, was ad-

dressed using the Synthetic Minority Over-sampling 

Technique (SMOTE) to enhance model learning across all 

classes. The data was partitioned using a 70: 30 train-test 

split, ensuring stratification to maintain class proportions. 

Four classifiers-Multinomial Logistic Regression, SVM, 

KNN, and Naïve Bayes-were selected due to their estab-

lished performance and interpretability in 

healthcare-related classification tasks. Multinomial Lo-

gistic Regression was included as a baseline model for 

comparison. SHAP (SHapley Additive exPlanations) was 

chosen over alternative XAI methods, such as LIME, due 

to its consistency, local accuracy, and theoretical ground-

ing in cooperative game theory, which allows for both 

global and instance-level interpretability. Unlike LIME, 

SHAP provides additive feature attributions and is mod-

el-agnostic, producing consistent explanations across dif-
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ferent models, which makes it more reliable for sensitive 

domains, such as mental health. 

Table 1. Stratified Data Partitioning into Training and Testing Sets 

for Mental Health Distress Classification. 

Sample 

Distress Levels 

Total 

High Low Moderate 

Test 

30 106 201 337 

8.9% 31.5% 59.6% 100% 

30% 29.8% 29.9% 29.9% 

Train 

70 250 471 791 

8.8% 31.6% 59.5% 100% 

70% 70.2% 70.1% 70.1% 

Total 

100 356 672 1128 

8.9% 31.6% 59.6% 100% 

100% 100% 100% 100% 

Model performance was evaluated using a confusion matrix 

to assess sensitivity, specificity, and overall classification accu-

racy. 

2.3.1. Train Control Scheme 

A control scheme of the train was employed to ensure ro-

bust model estimation and avoid overfitting. A 10-fold 

cross-validation repeated five times was applied in the re-

search, partitioning the training data into ten folds, with each 

fold iteratively employed for training and validation [24]. 

Employing this procedure gives every observation a chance 

to be utilized for training and validation, hence strengthening 

the reliability of the model [25]. The resampling approach 

yielded stable estimates of model performance, facilitating 

the selection of the best-performing and most generalizable 

classifier for predicting mental health. 

2.3.2. Parameter Tuning 

Tuning of parameters was performed to identify the opti-

mal hyperparameters, aiming to achieve the best model per-

formance. A grid search scheme was employed to systemat-

ically test various parameter sets, where the optimally tuned 

model achieved accuracy by minimizing bias and variance, 

thereby enabling the selection of hyperparameters that opti-

mized predictive capacity. Optimal tuning ensured that the 

classifiers could detect subtle patterns of features that have 

an effect on levels of mental health distress among university 

students [26]. 

2.4. Machine Learning Model Fitting 

2.4.1. Multinomial Logistic Regression Model 

The multinomial logistic regression model extends from a 

binary logistic regression model. The probability of each 

model is given as shown; 

𝑃(𝐾 = 𝑘|𝑋1, 𝑋2, … 𝑋16) =  
𝑒(𝛽0+𝛽1𝑋1+𝛽2𝑋2+⋯+𝛽16𝑋16)

1+∑ 𝑒(𝛽0+𝛽1𝑋1+𝛽2𝑋2+⋯+𝛽16𝑋16)19
𝑖=1

        (1) 

𝑃(𝑌 = 𝑘|𝑋1, 𝑋2, … , 𝑋16); k=1, 2, and 3       (2) 

𝑙𝑜𝑔
𝑃(𝐿𝑜𝑤)

𝑃(𝐻𝑖𝑔ℎ)
=  𝛽𝑘

0 +  𝛽𝑘
1𝐴𝑔𝑒 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦 + ⋯ +  𝛽𝑘

16𝐺𝑒𝑛𝑑𝑒𝑟     (3) 

𝑙𝑜𝑔
𝑃(𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒)

𝑃(𝐻𝑖𝑔ℎ)
=  𝛽𝑘

0 +  𝛽𝑘
1𝐴𝑔𝑒 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦 + ⋯ +  𝛽𝑘

16𝐺𝑒𝑛𝑑𝑒𝑟   (4) 

The parameters 𝛽 are estimated using the maximum like-

lihood estimators, where the likelihood estimator function 

with n observations is given as; 

𝐿(𝛽) =  ∏ ∏ (𝑃(𝑦𝑖 = 𝑘|𝑋𝑖))𝐼(𝑌𝑖=𝑘)3
𝑘=1

𝑛
𝑖=1         (5) 

𝐼(𝑌𝑖 = 𝑘) is an indicator function, 1 if Yi = k and 0 if oth-

erwise. Therefore, introducing the log function on both sides 

of the equation, we obtain the following equation; 

𝑙𝑜𝑔𝐿(𝛽) =  ∑ ∑ 𝐼(𝑌𝑖 = 𝑘)3
𝑘=1 log (𝑃(𝑌𝑖 = 𝑘|𝑋𝑖))𝑛

𝑖=1     (6) 

𝜕𝑙𝑜𝑔𝐿(𝛽)

𝜕𝛽
=  ∑ (𝐼(𝑌𝑖 = 𝑘) − 𝑛

𝑖=1 𝑃(𝑌𝑖 = 𝑘|𝑋𝑖))𝑋𝑖      (7) 

The Hessian matrix, on the other hand, is the second de-

rivative given as follows; 

𝜕2𝑙𝑜𝑔𝐿(𝛽)

𝜕𝛽𝜕𝛽𝑇
=  − ∑ 𝑃(𝑌𝑖

𝑛
𝑖=1 =  𝑘|𝑋𝑖)(1 −  𝑃(𝑌𝑖 = 𝑘|𝑋𝑖))𝑋𝑖𝑋𝑖

𝑇    (8) 

In the model estimation, parameter 𝛽 is iteratively updated 

using the gradient and the Hessian matrix until convergence is 

achieved [27]. 

𝛽𝑛𝑒𝑤 =  𝛽𝑜𝑙𝑑 − 𝐻−1∇𝑙𝑜𝑔𝐿(𝛽𝑜𝑙𝑑)      (9) 

The 𝐻  in the model above is the Hessian matrix, and 

∇𝑙𝑜𝑔𝐿(𝛽𝑜𝑙𝑑) is the gradient, where k represents a specific 

category or level of the dependent variable. In this study, these 

are "Low," "Moderate," or "High" levels of mental health distress. 

K represents the total number of categories or levels of the de-

pendent variable. In this study, since there are three levels of 

mental health distress, "Low," "Moderate," and "High", K = 3. 

2.4.2. Support Vector Machines (SVM) 

Training the SVM model involves solving two optimization 

problems in primal and dual forms [28]. The primal and the 

dual optimization problem is expressed as shown below; 

Primal form; 
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1

2
‖𝑤‖2 + 𝐶 ∑ 𝜉𝑖

𝑛
𝑖=1

𝑤,𝑏,𝜉

𝑚𝑖𝑛
= 0        (10) 

Solving the primal optimization problem is subject to the 

following conditions; 

𝑦𝑖(𝑤 ⋅ 𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖, ≥ 0, 𝑖 = 1, … , 𝑛        (11) 

The dual form; 

(∑ 𝛼𝑖
𝑛
𝑖=1 −

1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝐾(𝑥𝑖𝑥𝑗

𝑛
𝑖,𝑗=1 )

𝛼

𝑚𝑎𝑥

= 0     (12) 

The solution to the optimization problem above is subject 

to the following condition; 

∑ 𝛼𝑖𝑦𝑖 = 0𝑛
𝑖=1 , 0 ≤ 𝛼𝑖 ≤ 𝐶, 𝑖 = 1, … , 𝑛        (13) 

From the dual and primal optimization above, the hyper-

plane is defined by w and b. The component C is the regu-

larization parameter, and 𝜉𝑖 are the slack variables for han-

dling the misclassification [29]. The input features in this 

study are demographic information and mental health risk 

factors given by xi, and class labels given by 𝑦𝑖. Thereafter, 

the Lagrangian multiplier, with the parameters 𝑏 and 𝑤 was 

computed. The model was then expressed in terms of support 

vector expressed as follows; 

𝑓(𝑥) =  ∑ 𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥𝑗
𝑛
𝑖=1 ) + 𝑏         (14) 

For the new input feature x (test set), the model predicts the 

class label (High, Moderate, and Low mental health distress) 

using the sign of 𝑓(𝑥) 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐶𝑙𝑎𝑠𝑠 = 𝑠𝑖𝑔𝑛(∑ 𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 ,  𝑥𝑗) + 𝑏𝑛
𝑖=1 )  (15) 

2.4.3. K-Nearest Neighbors (KNN) 

The concept of the K-NN algorithm is based on the idea of 

commonalities and neighbors' distances around the target 

class of the response variable, expressed using the Euclidean 

distance measure [30]. 

𝑑(𝑋[𝑎], 𝑋[𝑏]) =  √∑ (𝑥𝑗
[𝑎]

− 𝑥𝑗
[𝑏]

)2𝑚
𝑗=1

      (16) 

Since this is a classification problem, the aggregation of 

neighbors' output is found as shown. 

𝑦̂ = mode(𝑦𝑖 for 𝑖 ∈ N𝑘)             (17) 

The predicted class 𝑦̂ for the test instance, 𝑥 is the class 

that appears most frequently among the selected neighbors 

[31]. 

𝑦̂ = (∑ 𝐼(𝑦𝑖 = 𝑐)𝒩
𝑖∈𝒩𝑘

)
c∈C

arg 𝑚𝑎𝑥
          (18) 

2.4.4. Naïve Bayes 

Training the Naïve Bayes involved calculating the prior 

probabilities P(Ck), [32]. 

𝑃(𝐶𝑘) =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 𝑖𝑛 𝑐𝑙𝑎𝑠𝑠 𝐶𝑘

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠
       (19) 

For the categorical variables, the algorithm counts the 

frequency for each class and normalizes such features [33]. 

𝑃(𝑥𝑖|𝐶𝑘) =  
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒 𝑖𝑛 𝑐𝑙𝑎𝑠𝑠 𝐶𝑘 𝑤𝑖𝑡ℎ 𝑥𝑖

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 𝑖𝑛 𝑐𝑙𝑎𝑠𝑠 𝐶𝑘
   (20) 

During the prediction using the testing set, 𝑋 =

(𝑥1, 𝑥2, … , 𝑥𝑛) , posterior probabilities were computed for 

each class 𝐶𝑘: 

𝑃(𝐶𝑘|𝑋) ∝ 𝑃(𝐶𝑘). ∏ 𝑃(𝑥𝑖|𝐶𝑘)𝑛
𝑖=1         (21) 

The class with the highest posterior probability is selected 

as the predicted class (𝐶̂) given using the formula below; 

𝐶̂ =  𝑃(𝐶𝑘)𝐶𝑘

arg 𝑚𝑎𝑥
. ∏ 𝑃. (𝑥𝑖|𝐶𝑘)𝑛

𝑖=1        (22) 

2.5. Model Evaluation 

This study validated the trained models using the train 

control object with ten-fold cross-validation repeated five 

times. F1 score, Recall, precision, True Positive Rate (TPR), 

and False Positive Rate (FPR) were used to evaluate the per-

formance of the developed models. The calculations of the 

models' evaluation metrics are as shown below; 

Accuracy =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑃)+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒(𝑇𝑁)

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 = 

𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑁+𝐹𝑃
                (23) 

PPV =  Precision =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑃)

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
=  

𝑇𝑃

𝑇𝑃+𝐹𝑃
                             (24) 

Recall =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑃)

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

𝑇𝑃

𝑇𝑃+𝐹𝑁
                             (25) 

𝐹𝑃𝑅 = 𝐹𝑎𝑙𝑙 𝑂𝑢𝑡 =  
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝐹𝑃)

𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝐹𝑃)+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (𝑇𝑁)
 = 

𝐹𝑃

𝐹𝑃+𝑇𝑁
                    (26) 
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𝑁𝑃𝑉 =  𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (𝑇𝑁)

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (𝑇𝑁)+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝐹𝑃)
 = 

𝑇𝑁

𝑇𝑁+𝐹𝑃
                   (27) 

𝑇𝑃𝑅 =  𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑃)

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (𝑇𝑃)+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (𝑇𝑁)
=  

𝑇𝑃

𝑇𝑃+𝐹𝑁
                   (28) 

F1 Score =  2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                  (29) 

2.6. Explainable Artificial Intelligence 

2.6.1. Features Importance 

Feature importance analysis was employed to identify the 

most important variables in predicting mental health distress. 

By ranking predictors based on relative contribution to model 

fit, this approach enhances interpretability and supports da-

ta-driven decision-making [34]. Stakeholders can learn which 

factors -academic stress, financial pressure, or self-reported 

health - most impact student mental health outcomes. 

2.6.2. Model Breakdown Analysis 

Shapley breakdown analysis was used to describe indi-

vidual predictions as decompositions of contributions from 

each feature [35]. The approach provides a local explanation 

of how individual feature values affect the model output, 

allowing one to understand the explanation for a given pre-

diction. Explainability of this nature is critical in medical 

applications, where transparent and accountable deci-

sion-making is crucial. 

2.6.3. ShaPley Additive Explanations 

Shapley Additive Explanations (SHAP) were applied to 

quantify the impact of each feature on the model's predictions. 

From cooperative game theory, SHAP values offer consistent 

and fair attributions of feature influence at both global and 

individual levels. SHAP values enable greater transparency, 

with a deeper understanding of how complex machine learn-

ing models arrive at specific decisions regarding degrees of 

mental health distress [36]. 

3. Results and Discussion 

3.1. Models Summary Statistics 

Table 2 below presents the summary statistics of four single 

classifier models: Multinomial Logistic Regression (MLR), 

K-Nearest Neighbors (KNN), Support Vector Machines (SVM), 

and Naïve Bayes (NB), using multiple statistical metrics to 

evaluate their accuracy in predicting mental health distress lev-

els among university students. The Support Vector Machines 

model demonstrated the highest classification accuracy of 0.976, 

with a 95% confidence interval ranging from 0.954 to 0.989, 

indicating a highly reliable performance. This model signifi-

cantly outperformed the No Information Rate (NIR) of 0.596, as 

evidenced by a p-value less than 2.2e-16, confirming the statis-

tical significance of its predictive power. The SVM model also 

achieved the highest Kappa statistic of 0.957, indicating an al-

most perfect level of agreement beyond chance. In comparison, 

the KNN model achieved an accuracy of 0.739 (95% CI: 

0.689-0.785), a kappa of 0.471, and a highly significant p-value 

of 0.0001 compared to the NIR. The Multinomial Logistic Re-

gression model yielded an accuracy of 0.697 (95% CI: 0.645 to 

0.746) and a kappa value of 0.390. Naïve Bayes demonstrated 

the lowest performance, with an accuracy of 0.688 (95% CI: 

0.636 to 0.738) and a kappa of 0.332, although still statistically 

significant (p = 0.0003). McNemar's test p-values for all models 

except SVM (which is not applicable) indicated significant dif-

ferences in misclassification rates, reinforcing the reliability of 

the reported accuracies. 

Table 2. Summary Statistics of Single Classifier Performance Metrics in Predicting Mental Health Distress Levels. 

Metric 

Single Classifier Model 

Multinomial Logistic Re-

gression 
K-Nearest Neighbors 

Support Vector 

Machines 
Naïve Bayes 

Accuracy 0.697 0.739 0.976 0.688 

95% Confidence Interval (0.645, 0.746) (0.689, 0.785) (0.954, 0.989) (0.636, 0.738) 

No Information Rate 0.596 0.596 0.596 0.596 

P-Value (Acc > NIR) 0.0001 0.0001 < 2.2e-16 0.0003 

Kappa 0.390 0.471 0.957 0.332 
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Metric 

Single Classifier Model 

Multinomial Logistic Re-

gression 
K-Nearest Neighbors 

Support Vector 

Machines 
Naïve Bayes 

McNemar's Test P-Value 0.0001 0.0001 NA 0.0001 

 

3.2. Evaluation of the Model Performance 

The evaluation of model performance across multiple 

classification metrics reveals significant variation in how 

well each algorithm distinguishes between different levels of 

mental health distress classified as High, Moderate, and Low, 

as shown in Table 3. The Support Vector Machines (SVM) 

model consistently outperformed the other classifiers across 

nearly all categories. It achieved perfect sensitivity (1.000) 

for both High and Low distress levels and 0.960 for Moder-

ate, demonstrating the model's exceptional ability to identify 

true positive cases correctly. Furthermore, the SVM model 

showed perfect specificity (1.000) for Moderate distress and 

very high values for High (0.990) and Low (0.980) levels, 

indicating excellent performance in correctly identifying true 

negatives. Its positive predictive value (PPV) and negative 

predictive value (NPV) were also notably high, with all met-

rics exceeding 0.88, while the F1 scores were 0.94, 0.98, and 

0.98 for High, Low, and Moderate levels, respectively. The 

SVM's Area under the curve (AUC) was 1.000 across all 

three classes, indicating perfect discriminatory ability. 

K-Nearest Neighbors (KNN) demonstrated moderate per-

formance, particularly for the Moderate distress level, with a 

sensitivity of 0.920 and a specificity of 0.540. Its AUC val-

ues ranged from 0.831 to 0.906, and the F1 score for Moder-

ate was 0.830, suggesting a balanced predictive ability for 

this class. In contrast, the Multinomial Logistic Regression 

(MLR) model demonstrated lower sensitivity for both High 

(0.600) and Low (0.380) distress levels, but relatively high 

specificity for both categories. The F1 scores were not 

available for MLR, but AUC values ranged from 0.707 to 

0.934, indicating acceptable yet limited performance. The 

Naïve Bayes model exhibited relatively weak performance, 

particularly for the High and Low categories, with sensitivi-

ties of 0.333 and 0.311, respectively. While it performed 

moderately well for the Moderate category (sensitivity = 

0.940, AUC = 0.715), the overall discriminatory power was 

less consistent compared to SVM and KNN. These results 

confirm that SVM is the most reliable and robust model for 

classifying varying levels of mental health distress among 

university students [1, 37]. 

Table 3. Class-Specific Performance Metrics of Single Classifier Models for Mental Health Distress Prediction. 

Metrics MLR k-Nearest Neighbors Support Vector Machines Naïve Bayes 

 
High Low Moderate High Low Moderate High Low Moderate High Low Moderate 

Sensitivity 0.600 0.380 0.880 0.400 0.490 0.920 1.000 1.000 0.960 0.333 0.311 0.940 

Specificity 0.960 0.920 0.460 0.970 0.930 0.540 0.990 0.980 1.000 0.971 0.965 0.353 

PPV 0.620 0.690 0.710 0.550 0.760 0.750 0.880 0.960 1.000 0.526 0.805 0.682 

NPV 0.960 0.760 0.720 0.940 0.800 0.820 1.000 1.000 0.940 0.937 0.753 0.800 

Precision NA NA NA 0.550 0.760 0.750 0.880 0.960 1.000 0.526 0.805 0.682 

Recall NA NA NA 0.400 0.490 0.920 1.000 1.000 0.960 0.333 0.311 0.940 

F1 Score NA NA NA 0.460 0.600 0.830 0.940 0.980 0.980 0.408 0.449 0.791 

Prevalence 0.090 0.310 0.600 0.090 0.310 0.600 0.090 0.310 0.600 0.089 0.315 0.596 

DR 0.050 0.120 0.530 0.040 0.150 0.550 0.090 0.310 0.570 0.030 0.098 0.561 

DP 0.090 0.170 0.740 0.070 0.200 0.730 0.100 0.330 0.570 0.056 0.122 0.822 

BA 0.780 0.650 0.670 0.680 0.710 0.730 0.990 0.990 0.980 0.652 0.638 0.647 

AUC 0.934 0.707 0.712 0.906 0.849 0.831 1.000 1.000 1.000 0.870 0.683 0.715 
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3.3. Explainable Artificial Intelligence 

3.3.1. Features Importance Plot 

Figure 1 shows the importance and contribution index for 

each feature. For the MLR model, "Quarter Life Crisis" 

emerges as the most influential predictor, followed by "Per-

sonal and Mental Health" and "Transition to University Life." 

"Cultural Identity Factors" and "Year of Study" also exhibit 

considerable importance. In contrast, features such as "Age" 

and "Technology and Social Media Use" show relatively low 

importance in this linear model. The KNN model highlights 

"Faculty" as the most important feature, followed by "Per-

sonal and Mental Health" and "Residence." "Quarter Life 

Crisis," which was dominant in MLR, appears less influential 

in KNN. "Gender" and "Lifestyle and Health Factors" are 

shown to have lower importance in this nonlinear neigh-

bor-based approach. On the other hand, the SVM model 

identifies "Technology and Social Media Use" as the most 

crucial feature, followed by "Quarter Life Crisis" and "Fac-

ulty." "Personal and Mental Health" and "Residence" also 

make significant contributions. "Relationship" and "Transi-

tion to University Life" exhibit relatively lower importance in 

this model that aims to find an optimal separating hyperplane. 

Finally, the Naïve Bayes model indicates "Quarter Life Cri-

sis" as the most important feature by a considerable margin. 

"Age" and "Faculty" also show some importance. At the same 

time, most other features, including "Transition to University 

Life" and "Relationship," have a comparatively smaller im-

pact on the probabilistic classification performed by Naïve 

Bayes. 

 
Figure 1. Feature Importance Plot Based on SHAP Values for Predicting Mental Health Distress Levels. 

3.3.2. Model Breakdown 

Figure 2 presents breakdown profiles that illustrate the 

feature-level contributions to the predicted probabilities of 

High, Low, and Moderate mental health distress classifica-

tions across four machine learning models: Multinomial Lo-

gistic Regression (MLR), K-Nearest Neighbors (KNN), 

Support Vector Machine (SVM), and Naïve Bayes (NB). 

These profiles show how each feature either increases or 

decreases the likelihood of a classification, with positive 

contributions typically visualized in green and negative con-

tributions in red. In the MLR model, the prediction of High 

distress is most influenced by "Quarter Life Crisis" with a 

positive contribution of +0.088, followed by smaller positive 

contributions from "Faculty" (+0.032) and "Cultural Identity 

Factors" (+0.021). For Low distress, "Quarter Life Crisis" 
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shows a strong negative effect (-0.176), while "Personal and 

Mental Health" (+0.067) and "Financial Stress" (+0.054) 

contribute positively. In predicting Moderate distress, "Per-

sonal and Mental Health" (+0.058) and "Faculty" (+0.045) are 

positive contributors, whereas "Quarter Life Crisis" contrib-

utes negatively (-0.102). 

 
Figure 2. Performance Breakdown of Single Classifier Models in Predicting Mental Health Distress Levels. 

For the KNN model, predicting High distress is driven by 

"Personal and Mental Health" (+0.077) and "Faculty" 

(+0.066), with a negative contribution from "Quarter Life 

Crisis" (-0.049). In the Low distress category, "Quarter Life 

Crisis" (+0.081) and "Personal and Family Issue" (+0.065) 

have positive contributions, while "Academic Pressure" has a 

negative effect (-0.057). For Moderate distress, positive con-

tributions include "Quarter Life Crisis" (+0.074) and "Facul-

ty" (+0.041), while "Personal and Mental Health" contributes 

negatively (-0.060). In the SVM model, the prediction of High 

distress is primarily influenced by "Lifestyle and Health 

Factors" (+0.098) and "Personal and Mental Health" (+0.081), 

with a strong negative impact from "Financial Stress" (-0.093). 

For Low distress, "Lifestyle and Health Factors" (+0.089) and 

"Personal and Family Issues" (+0.072) are positive drivers, 

while "Financial Stress" has a negative contribution of -0.095. 

In Moderate distress predictions, positive influences come 

from "Lifestyle and Health Factors" (+0.067) and "Personal 

and Family Issues" (+0.059), with "Financial Stress" again 

contributing negatively (-0.089). The Naïve Bayes model 

highlights "Technology and Social Media Use" as a key pos-

itive feature for predicting High (+0.092), Low (+0.081), and 

Moderate (+0.079) distress, alongside consistent positive 

contributions from "Cultural Identity Factors" (+0.067, 

+0.058, and +0.063, respectively). Conversely, "Age" shows 

negative contributions to Low (-0.071) and Moderate (-0.065) 
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distress classifications. These breakdown values underscore 

each model's internal decision-making process, revealing both 

the magnitude and direction of influence for each predictor in 

estimating mental health distress levels among university 

students. 

4. Conclusion Recommendations 

Single classifier models demonstrated above-average per-

formance across both overall metrics and class-specific 

evaluations. Among these, Support Vector Machines (SVM) 

demonstrates the highest overall accuracy at 0.9763, accom-

panied by a tight 95% confidence interval (0.9538, 0.9897) 

and a substantial Kappa value of 0.9566, indicating strong 

agreement beyond random chance. However, its class-specific 

performance shows some variability, achieving perfect sensi-

tivity and specificity for the High and Low classes but a lower 

specificity of 0.4600 for the Moderate class. Multinomial 

Logistic Regression (MLR) and Naïve Bayes exhibit lower 

overall accuracies of 0.6973 and 0.6884, respectively, with 

wider confidence intervals and lower Kappa values, sug-

gesting less reliable predictions. Their class-specific metrics 

also reflect this, with generally lower sensitivity and speci-

ficity across the three classes compared to SVM. K-Nearest 

Neighbors (k-NN) achieves a moderate overall accuracy of 

0.7389; however, its class-specific performance is incon-

sistent, with higher sensitivity for the Moderate class (0.9200) 

and lower sensitivity for the High class (0.4000). The 

McNemar's test p-values for MLR, k-NN, and Naïve Bayes, 

all below 0.05, suggest statistically significant differences in 

their error patterns when compared pairwise. 

The study found that while some single classifier models 

achieve above-average performance, they also exhibit limita-

tions in consistency and class-specific accuracy. Support 

Vector Machines (SVM) stands out as the most accurate sin-

gle classifier, but its performance varies across different dis-

tress levels, particularly showing lower specificity for the 

Moderate class. Models such as Multinomial Logistic Re-

gression (MLR) and Naïve Bayes exhibit less reliable pre-

dictions, with lower overall accuracy and inconsistent per-

formance across classes. K-Nearest Neighbors (k-NN) also 

presents inconsistencies, highlighting the challenges of rely-

ing on individual models for complex classification tasks. 

Among the single classifier models, several predictors were 

consistently significant in influencing mental health distress 

among university students. Quarter-Life Crisis emerges as a 

prominent factor across Multinomial Logistic Regression 

(MLR) and Naïve Bayes (NB), suggesting that students ex-

periencing this developmental period are more vulnerable to 

mental health issues. Personal and Mental Health issues also 

consistently rank high in importance for MLR, k-Nearest 

Neighbors (KNN), and SVM, indicating that pre-existing or 

current mental health struggles significantly contribute to 

distress. Technology and social media use are identified as 

key predictors, particularly in SVM, highlighting their poten-

tial negative impact on student well-being. Additionally, fac-

tors such as Faculty, Residence, Year of Study, and Financial 

Stress appear with varying degrees of importance across the 

models, suggesting that academic environment, place of res-

idence, stage in education, and financial pressures play a role 

in predicting mental health distress. 

This study highlights the potential of machine learning 

models, particularly Support Vector Machines (SVMs), in 

predicting mental health distress levels among university 

students. The findings underscore the need for institutions to 

incorporate data-driven strategies in mental health support 

services, targeting key predictors such as Quarter-Life Crisis, 

Personal and Mental Health Issues, and Technology and So-

cial Media Use. Policymakers and university administrators 

should prioritize mental health interventions tailored to stu-

dents' psychosocial needs and promote digital well-being 

initiatives to support their overall well-being. Despite the 

promising performance of some models, limitations exist, 

including potential biases in self-reported data, the 

cross-sectional nature of the dataset, and limited generaliza-

bility beyond the sampled universities in Kenya. Future re-

search should address these gaps by incorporating longitudi-

nal, multimodal datasets, such as text, sensor, or behavioral 

data, and exploring advanced ensemble techniques that com-

bine deep learning architectures, including RNNs, trans-

formers, and attention-based models. Such efforts would not 

only improve predictive accuracy but also deepen the under-

standing of temporal and contextual factors contributing to 

student mental health distress. 

Abbreviation 

ML Machine Learning 

AI Artificial Intelligence 

XAI Explainable Artificial Intelligence 

MLR Multinomial Logistic Regression 

KNN K-Nearest Neighbors 

SVM Support Vector Machine 

NB Naïve Bayes 

ROC Receiver Operating Characteristic 

AUC Area Under the Curve 

SHAP Shapley Additive Explanations 
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