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Abstract 

This study addresses the escalating mental health crisis among university students in Kenya, where psychological distress, driven 

by academic, financial, social, and transitional pressures, is increasingly prevalent yet under-prioritized in public health 

discourse. While global studies report distress rates exceeding 75% and Kenyan prevalence exceeds 40%, there remains a critical 

lack of localized, data-driven models to enable early detection in sub-Saharan African university settings. To address this gap, 

we developed transparent ensemble machine learning models, Random Forest (RF) and Extreme Gradient Boosting (XGBoost), 

to predict mental health distress levels (low, moderate, high) among 1,128 students across universities in Tharaka Nithi County, 

Kenya. Using a structured questionnaire incorporating demographic, academic, financial, psychosocial, and Quarter-Life Crisis 

(QLC) factors, we trained the models on 70% of the data and evaluated them on the remaining 30%. Both models achieved high 

performance: RF and XGBoost attained 98.8% accuracy (95% CI: 96.9–99.7%), Cohen’s Kappa of 0.978, and multi-class AUCs 

of 1.000 (RF) and ≥0.997 (XGBoost). Class-specific metrics revealed near-perfect precision, recall, and F1-scores; for high 

distress, both models achieved 100% sensitivity and specificity, with F1-scores of 1.000 (RF) and 0.988 (XGBoost). SHAP and 

feature importance analyses identified “Quarter-Life Crisis,” faculty of study (especially Science, Technology, Nursing, and 

Engineering), personal/mental health history, financial stress, and residence as top predictors. These findings support the use of 

interpretable AI for equitable, early-risk screening. However, careful attention must be paid to ethical considerations, including 

data privacy, potential algorithmic bias, and mental health stigma. We recommend integrating such models into university 

wellness platforms to enable proactive, targeted support for at-risk students. 
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1. Introduction 

Mental health distress among university students has 

emerged as a global public health concern, with increasing 

prevalence linked to academic pressure, financial instability, 

and social isolation [1, 2]. Recent global estimates suggest 

that nearly one in three university students experiences mod-

erate to severe psychological distress, including symptoms 

of anxiety, depression, and emotional exhaustion [3, 4]. This 

crisis impairs academic performance and poses long-term 

consequences for well-being and employability [5, 6]. In re-

sponse, data-driven approaches such as machine learning 

(ML) have gained traction for identifying individuals at risk 

with greater accuracy and scalability [7, 8]. ML models, es-

pecially ensemble learning techniques, offer robust predic-

tive performance by integrating multiple learners to capture 

complex, nonlinear patterns in high-dimensional data [9, 10]. 

Specifically, algorithms like Random Forest and Extreme 

Gradient Boosting (XGBoost) have shown promise in men-

tal health prediction tasks due to their interpretability and 

adaptability [11, 12]. Integrating ML with mental health re-

search enables early risk detection, supports targeted inter-

ventions, and enhances mental health service delivery in uni-

versity settings [13, 14]. 

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 [15]. Besides, the report also 

showed that depression, anxiety, and behavioral disorders are 

among the leading causes of illness and disability among uni-

versity students. Suicide is the fourth leading cause of death 

among 15–29-year-olds. The consequences of failing to ad-

dress mental health conditions among university students im-

pair both physical and mental health and limit opportunities to 

lead fulfilling lives as adults. 

There has been a notable increase in mental distress 

among university students globally, further exacerbated by 

the COVID-19 pandemic, which led to frequent lockdowns 

and disrupted learning schedules [16]. Despite this, mental 

health issues among university students in sub-Saharan Af-

rica, including Kenya, have not received as much attention 

as medical health problems. Locally, a significant gap in re-

search on university student mental health indicates a need 

for more studies in this area. In their study, [16] found that 

globally, the prevalence of mental health distress among uni-

versity students is reported to exceed 75%, with some studies 

indicating rates as high as 95% in recent years. In sub-Sa-

haran Africa, [16] found that the prevalence is below 50%, 

while in Kenya, the prevalence is above 40%. Key determi-

nants of mental distress include gender, substance use, lack 

of social support, early years of university education, and 

poor academic performance. The precise extent of mental 

distress among university students in Kenya remains an area 

that has been less explored. 

In Kenya, the mental health challenges faced by university 

students are further compounded by socioeconomic factors 

and limited access to mental health resources. The pressures 

of university life, combined with the financial burden of edu-

cation and the constraints of available support systems, create 

a unique environment of stress and mental health distress [17, 

18]. Cultural and identity factors, such as cultural adjustment 

and experiences of discrimination, also impact mental health, 

particularly in increasingly diverse academic settings [19]; 

[20]. As the mental health crisis among students continues to 

escalate, especially in Kenya, there is a pressing need for ef-

fective predictive models and targeted interventions to support 

student well-being. 

Mental health is a vital aspect of overall well-being, en-

compassing emotional, psychological, and social function-

ing [15]. Globally, one in four individuals experiences a 

mental health condition, with university students increas-

ingly affected due to academic, financial, and social pres-

sures [21, 22]. In Kenya, socioeconomic challenges and lim-

ited mental health resources exacerbate distress among stu-

dents [23]. Key predictors include demographic factors such 

as age, gender, and year of study [24, 25], academic pressure 

[26], financial stress [27], social and environmental factors 

[28], family expectations [29], lifestyle habits [30], and iden-

tity challenges [20]. Technology use, chronic illness, and the 

“quarter-life crisis” further contribute to mental health dis-

tress [31, 32]. Using the Kessler K-6 scale, this study cate-

gorizes mental distress into low, medium, and high levels 

[33]. A complex interplay of various factors influences the 

mental health of university students. Identifying and under-

standing these predictors is crucial for designing effective 

interventions. This study focuses on demographic infor-

mation, academic pressure, financial stress, social and envi-

ronmental factors, personal and family issues, lifestyle and 

health factors, transition to university life, cultural and iden-

tity factors, technology and social media use, personal and 

mental health challenges, and quarter-life crisis as factors re-

sponsible for mental health distress among university stu-

dents in Tharaka Nithi County, Kenya. 

As societal awareness of the impacts of psychological stress 

grows, investigating its influencing factors becomes increas-

ingly vital [34]. The authors utilized data from the Health In-

formation National Trends Survey from different survey cy-

cles; cycle 3 and cycle 4, which provided a sample size of 

5484. Model performance was evaluated using accuracy, pre-

cision, recall, F1-score, and AUC metrics. Predictor selection 

in logistic regression employed forward selection, backward 

selection, and stepwise regression, while variable importance 

values guided predictor identification in the other machine 

learning methods. Among the four models, the artificial neural 

network (ANN) demonstrated the highest predictive perfor-

mance (AUC = 73.90%) [34]. 

The study by [34] significantly contributes to the under-

standing of predictors of psychological distress using machine 
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learning methods, particularly in utilizing a large dataset from 

the HINTS survey; however, it primarily focuses on general 

psychological distress, particularly for individuals above 18 

years old. Early prediction of mental health issues is crucial 

for timely diagnosis and treatment [35]. The author investi-

gated various machine learning algorithms for predicting 

mental health problems using survey data from Open Sourcing 

Mental Illness (OSMI). The algorithms evaluated include Lo-

gistic Regression, Gradient Boosting, Neural Networks, K-

Nearest Neighbors (KNN), and Support Vector Machine 

(SVM), alongside an ensemble approach that combines these 

methods. New approaches like Extreme Gradient Boosting 

(XGBoost) and Deep Neural Networks were also assessed. 

The study results showed that Gradient Boosting achieved the 

highest accuracy at 88.80%, followed closely by Neural Net-

works at 88.00%. Extreme Gradient Boosting and Deep Neu-

ral Networks achieved 87.20% and 86.40% accuracy, respec-

tively. The ensemble classifier reached 85.60%, while the re-

maining classifiers scored 82.40% and 84.00%. The study 

demonstrated that Gradient Boosting is the most effective for 

mental health bi-classification tasks. 

In a study to evaluate the best-performing machine learn-

ing classification model, [36] conducted a study on the clas-

sification of psychological disorders by Feature Ranking and 

Fusion using Gradient Boosting. Using feature ranking and 

fusion proved to be a promising approach to modelling psy-

chological and mental disorders. Feature selection in the 

study was done using random forest-recursive feature elimi-

nation and a cross-validation approach. Cross-validation in 

the study was done using 10-fold cross-validation. The re-

sults showed that ranking and fusion using Gradient boosting 

produced the best-performing model with an accuracy of ap-

proximately 97.71% and a balanced accuracy of approxi-

mately 87.93%. Classification-based machine learning mod-

els such as Random Forest and XGBoost offer practical tools 

for early identification of at-risk students, informing data-

driven mental health interventions and targeted support strat-

egies [37]. 

2. Materials and Methods 

2.1. Research Design 

This research adopted a cross-sectional design with quanti-

tative data to evaluate how well different machine learning al-

gorithms predict mental health distress among Tharaka Nithi 

County, Kenya university students. The design allows for as-

sessing mental health status and its associated risk factors at a 

specific time, providing a snapshot of the prevalence of dis-

tress [38]. It is efficient, cost-effective, and suitable for iden-

tifying patterns and relationships in large populations without 

requiring follow-up, making it ideal for building predictive 

models based on current student data. 

2.2. Research Instruments and Data Collection 

This study employed a cross-sectional design using quanti-

tative data to evaluate the performance of machine learning 

algorithms in predicting mental health distress among univer-

sity students in Tharaka Nithi County, Kenya. Data were col-

lected using a structured questionnaire divided into three sec-

tions: demographic information, risk factors for mental dis-

tress, and psychological distress measured using the Kessler 

K-6 scale. A stratified random sampling technique based on 

the year of study was used to ensure proportional representa-

tion, guided by Cochran’s formula to achieve a sample size of 

1,536. Ultimately, 1,128 students responded, yielding a 73.5% 

response rate. While 408 did not respond or partially com-

pleted the questionnaire, non-response bias was considered 

minimal as preliminary comparisons showed no significant 

differences in key demographic characteristics between re-

spondents and non-respondents. Ethical approval was ob-

tained from the Institutional Research Ethics Committee of 

Chuka University (Ref: NACOSTI/NBC/AC-0812), and all 

participants were provided with informed consent before par-

ticipation, with the option to withdraw at any time without 

consequence. Table 1 below shows the definition of the study 

variables and their measurements. 

Table 1. Variable Definition and their Measurements. 

Features Description Measurement 

Demographic Information 

Age The age category of the student respondent. 
Categorical: 1 = 18–20 years, 2 = 21–23 years, 3 = 

24–26 years, 4 = Above 26 years 

Gender The gender of the student respondent. Categorical: 0 = Female, 1 = Male 

Year of Study The current academic year of the student. 
Categorical: 1 = First Year, 2 = Second Year, 3 = 

Third Year, 4 = Fourth Year, 5 = Fifth Year 

Faculty 
The academic faculty or school to which the student be-

longs. 

Categorical: 1 = Business, 2 = Education, 3 = Envi-

ronmental Studies, 4 = Engineering, 5 = Science & 

Technology, 6 = Humanities, 7 = Law, 8 = Nursing 
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Features Description Measurement 

Relationship Status The student’s current romantic relationship status. 
Categorical: 1 = Single, 2 = Single & Searching, 3 = 

In a Relationship, 4 = Married 

Residence 
The student’s place of residence relative to the univer-

sity. 

Categorical: 1 = Within the School, 2 = Outside the 

School 

Risk Factors for Mental Health Distress 

Academic Pressure 
Stress and anxiety are related to academic workload, per-

formance expectations, and fear of failure. 

5-point Likert scale (1 = Strongly Disagree to 5 = 

Strongly Agree) 

Financial Stress 
Worry and anxiety related to tuition fees, living ex-

penses, and student debt. 

5-point Likert scale (1 = Strongly Disagree to 5 = 

Strongly Agree) 

Social and Environmental 

Factors 

Effects of peer relationships, isolation, and discrimina-

tion on mental well-being. 

5-point Likert scale (1 = Strongly Disagree to 5 = 

Strongly Agree) 

Personal and Family Is-

sues 

Stress due to family expectations, romantic relationship 

problems, and conflicts. 

5-point Likert scale (1 = Strongly Disagree to 5 = 

Strongly Agree) 

Lifestyle and Health Fac-

tors 

Impact of poor sleep, substance use, and neglect of phys-

ical health. 

5-point Likert scale (1 = Strongly Disagree to 5 = 

Strongly Agree) 

Transition to University 

Life 

Stress in adapting to a new environment, independence, 

and routines. 

5-point Likert scale (1 = Strongly Disagree to 5 = 

Strongly Agree) 

Cultural Identity Factors 
Stress from cultural adjustment, discrimination, and bal-

ancing beliefs. 

5-point Likert scale (1 = Strongly Disagree to 5 = 

Strongly Agree) 

Technology and Social 

Media Use 

Negative effects of excessive social media use and 

online image pressure. 

5-point Likert scale (1 = Strongly Disagree to 5 = 

Strongly Agree) 

Personal and Mental 

Health 

Influence of chronic illness, weight changes, and stress 

symptoms. 

5-point Likert scale (1 = Strongly Disagree to 5 = 

Strongly Agree) 

Quarter-Life Crisis 
Anxiety about future uncertainty, milestones, and expec-

tations. 

5-point Likert scale (1 = Strongly Disagree to 5 = 

Strongly Agree) 

Outcome Variable   

Mental Health Distress Overall psychological distress over the past 30 days. 
Derived from Kessler Psychological Distress Scale 

(K-6): Low (0–4), Moderate (5–12), High (13–24) 

 

Data were collected over two months using print and elec-

tronic formats like Google Forms. Participants were informed 

of confidentiality and voluntary participation; the average sur-

vey completion time was ten minutes. The approach provided 

a rich, representative dataset for training and evaluating pre-

dictive models of mental health distress based on demographic, 

social, academic, and psychological variables. 

2.3. Validity and Reliability Analysis 

University supervisors ensured Content validity through 

expert review, while reliability was tested using the Test-Re-

test method, with Pearson’s correlation coefficient computed 

using R software. Cronbach’s alpha of ≥0.70 was considered 

acceptable. Consider Table 2 below for reliability analysis. 

Table 2. Reliability Analysis. 

Variable 
Raw Al-

pha 

Std Al-

pha 
G6 (SMC) Average r S/N alpha se Var r Med r 

Academic Pressure 0.888 0.888 0.91 0.216 7.981 0.005 0.008 0.215 

Financial Stress 0.889 0.89 0.91 0.217 8.044 0.005 0.009 0.217 
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Variable 
Raw Al-

pha 

Std Al-

pha 
G6 (SMC) Average r S/N alpha se Var r Med r 

Social Environment 0.887 0.888 0.91 0.214 7.896 0.005 0.009 0.214 

Personal and Family Issues 0.886 0.886 0.909 0.212 7.81 0.005 0.008 0.211 

Lifestyle and Health Factors 0.887 0.888 0.91 0.214 7.902 0.005 0.008 0.212 

Transition to University Life 0.887 0.888 0.909 0.214 7.884 0.005 0.008 0.214 

Cultural Identity 0.887 0.888 0.91 0.214 7.904 0.005 0.008 0.214 

Technology and social media 0.886 0.887 0.909 0.213 7.832 0.005 0.008 0.212 

Personal Health Challenges 0.887 0.887 0.91 0.213 7.857 0.005 0.008 0.213 

Quarter Life Crisis 0.887 0.888 0.91 0.215 7.936 0.005 0.008 0.214 

Mean Score 0.891 0.891 0.913 0.214 8.177 0.005 2.543 0.635 

 

Reliability analysis confirmed high internal consistency 

across all constructs, with Cronbach’s alpha values ranging 

from 0.886 to 0.891, well above the acceptable threshold of 

0.70. The mean inter-item correlation (average r = 0.214) and 

Spearman-Brown coefficient (G6 [SMC] ≈ 0.91) further sup-

port scale coherence. Signal-to-noise ratios exceeded 7.8 for 

all domains, indicating robust reliability. The “Quarter-Life 

Crisis” and “Financial Stress” scales showed marginally 

higher alpha values (0.888 and 0.890, respectively), while the 

overall mean alpha was 0.891, confirming the questionnaire’s 

suitability for assessing multidimensional mental health risk 

factors among university students. 

2.4. Data Preprocessing 

The data preprocessing step is critical because it prepares 

the data for machine learning modelling. Data preprocessing 

includes cleaning, transformation, organization, imputation, 

and labelling. Checking for zero variance in the predictor was 

another critical data preprocessing step taken in this study. 

This step makes it possible to eliminate the features with zero 

variance since they were insignificant in predicting mental 

health distress. Data encoding was necessary for some varia-

bles where the dependent variable, mental health distress lev-

els, was encoded as Low, Moderate, and High for analysis. 

2.5. Data Partitioning 

Data partitioning involves splitting data into training, test-

ing, and validation sets [39]. In this study, the training set 

comprised 70% of the entire data set, with the testing set mak-

ing up 30% (Table 3). The rationale for splitting data into 70% 

for training and 30% for testing (or sometimes 80%/20%) is 

based on balancing model learning and evaluation. The train-

ing set (70%) comprises most of the data used to train the ma-

chine learning model. A larger training set allows the model 

to learn patterns and relationships in the data more effectively, 

improving model performance. On the other hand, the testing 

set (30%) evaluates the model’s performance on unseen data. 

A 30% split ensures enough data is available to assess the 

model’s generalizability and avoid overfitting. 

Table 3. Data Partitioning into Training and Testing Sets. 

Sample 

Distress 

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% 
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Sample 

Distress 

Total 

High Low Moderate 

Total 

100 356 672 1128 

8.9% 31.6% 59.6% 100% 

100% 100% 100% 100% 

χ2=0.003; · df=2; · Cramer's V=0.002; · p=0.999 

Table 2 shows a chi-square test of independence conducted 

to examine the relationship between data partitioning (training 

vs. testing) and levels of mental health distress (low, moderate, 

high) among 1,128 university students. The results showed no 

significant association between sample type and distress lev-

els, χ2(2, N = 1128) = 0.003, p =.999, with a negligible effect 

size (Cramer’s V = 0.002). Distress levels were similarly dis-

tributed across training (70.1%) and testing (29.9%) sets: 8.8–

8.9% high, 31.5–31.6% low, and 59.5–59.6% moderate. This 

indicates that the data split preserved the original mental 

health distress categories distribution. 

2.6. Testing Proportionality of the Cases 

Figure 1 compares the distribution of “Distress” levels 

(High, Low, Moderate) between “Test” and “Train” samples. 

The “Test” sample (n=337) and “Train” sample (n=791) show 

remarkably similar proportions. In both samples, 60% of indi-

viduals experience Moderate distress, 31-32% experience 

Low distress, and 9% experience High distress. Pearson’s chi-

squared test shows a very low chi-squared value and a high p-

value (p=1.00), indicating no significant difference in the dis-

tribution of distress between the two samples. The Cramer’s 

V value is 0.00, confirming no association. The Bayes Factor 

(log10(BF01)=4.71) strongly supports the null hypothesis of 

no difference in the distribution of distress cases between the 

two samples. 

 
Figure 1. Testing Proportionality of the Cases in the Training and Testing Set. 
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2.7. Models Development Process 

2.7.1. Random Forest 

Let the dataset be defined as 𝐷 = {(x𝑖, 𝑦𝑖)}𝑖=1
𝑁 , where x𝑖 =

(𝑥𝑖1 , 𝑥𝑖2, . . . , 𝑥𝑖𝑝) ∈ ℝ𝑝 denotes the predictor variables (e.g., 

demographic, academic, and psychosocial factors), and 𝑦𝑖 ∈

{1,2,3} represents the distress levels: 1 = Low, 2 = Moderate, 

3 = High. The RF model builds 𝐵 decision trees, each trained 

on a bootstrap sample 𝐷(𝑏) ⊂ 𝐷 drawn with replacement. For 

each split in a tree, a random subset of 𝑚 ≤ 𝑝 features is se-

lected. The optimal split is determined by minimizing an im-

purity measure such as the Gini Index: 

𝐺(𝑡) = 1 − ∑ 𝑝𝑘
2𝐾

𝑘=1 (𝑡)            (1) 

where 𝑝𝑘(𝑡) is the proportion of observations of class 𝑘 in 

node 𝑡, and 𝐾 = 3 for the three-class distress outcome. 

At each internal node 𝑡 of a tree, the algorithm searches for 

a feature 𝑥𝑗 ∈ ℱ𝑚 ⊆ {𝑥1, 𝑥2, . . . , 𝑥𝑝}  and split point 𝑠  that 

minimizes the weighted impurity: 

𝛥𝐺 = 𝐺(𝑡) − (
𝑁𝐿

𝑁𝑡
𝐺(𝑡𝐿) +

𝑁𝑅

𝑁𝑡
𝐺(𝑡𝑅))       (2) 

where 𝑡𝐿 and 𝑡𝑅 are the child nodes, and 𝑁𝑡 , 𝑁𝐿 , 𝑁𝑅 are the 

number of samples in the parent and child nodes, respectively. 

After training 𝐵 trees, the ensemble prediction for a new 

observation x is obtained by majority voting: 

𝑦̂ = arg max
𝑘∈{1,2,3}

∑ 𝕀𝐵
𝑏=1 (𝑇𝑏(x) = 𝑘)      (3) 

where 𝑇𝑏  denotes the 𝑏th tree and 𝕀 is the indicator function. 

Hyperparameter tuning is carried out using grid search with 

stratified 𝑘-fold cross-validation (commonly 𝑘 = 10), opti-

mizing a metric 𝑀, such as overall accuracy, macro-averaged 

F1-score, or Cohen’s Kappa: 

𝜃∗ = argmax
𝜃∈𝛩

1

𝑘
∑ 𝑀𝑘
𝑖=1 (𝑦̂(𝑖), 𝑦(𝑖))      (4) 

where 𝜃 includes parameters such as the number of trees 𝐵, 

maximum depth, and minimum samples per leaf. 

Variable importance is calculated using the Mean Decrease 

in Gini or Permutation Importance to assess feature relevance. 

Let the overall importance of the variable 𝑥𝑗 be denoted as: 

Imp(𝑥𝑗) =
1

𝐵
∑ ∑ 𝛥𝑡∈𝑇𝑏
𝐵
𝑏=1 𝐺𝑡 ⋅ 𝕀(split on 𝑥𝑗)      (5) 

Class imbalance present in psychological datasets was ad-

dressed using the Synthetic Minority Over-sampling Tech-

nique (SMOTE). Shapley Additive Explanations (SHAP) val-

ues are employed to improve model transparency. Given a 

model 𝑓 and an input x, the SHAP value 𝜙𝑗 quantifies the 

contribution of feature 𝑗 to the prediction: 

𝑓(x) = 𝜙0 + ∑ 𝜙𝑗
𝑝
𝑗=1                 (6) 

where 𝜙0 is the base value (mean prediction), and the 𝜙𝑗 are 

computed using cooperative game theory. Finally, model per-

formance was evaluated on a held-out test set using multi-

class metrics, including: 

Accuracy: 
1

𝑁
∑ 𝕀𝑁
𝑖=1 (𝑦̂𝑖 = 𝑦𝑖)          (7) 

Precision, Recall, F1-score for each class 𝑘 , and their 

macro-averages. 

Cohen’s Kappa: Adjusts for chance agreement. 

𝜅 =
𝑝𝑜−𝑝𝑒

1−𝑝𝑒
                     (8) 

where 𝑝𝑜  is observed agreement and 𝑝𝑒  is expected agree-

ment by chance. 

This formulation enables robust and interpretable classifi-

cation of mental health distress levels, aligning well with the 

need for accurate, data-driven mental health screening among 

university students. 

2.7.2. Extreme Gradient Boosting 

Let the training data be 𝒟 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑛 , where: 

𝑥𝑖 ∈ ℝ𝑝 is the feature vector for the 𝑖th student, 

𝑦𝑖 ∈ {0,1,2} corresponds to Low, Moderate, and High dis-

tress levels, 

𝐾 = 3 is the number of classes. 

The XGBoost model builds an additive prediction function: 

𝑦̂𝑖
(𝑡) = 𝑦̂𝑖

(𝑡−1) + 𝑓𝑡(𝑥𝑖)           (9) 

where 𝑓𝑡 ∈ ℱ represents the 𝑡 th regression tree in the ensem-

ble, and ℱ is the space of classification trees: 

ℱ = {𝑓(𝑥) = 𝑤𝑞(𝑥)}, 𝑞:ℝ𝑝 → {1, . . . , 𝑇}, 𝑤 ∈ ℝ𝑇 (10) 

Each 𝑓𝑡  maps the input to a leaf index, and 𝑤  assigns 

weights to the leaves. 

Objective Function 

The regularized objective function for multi-class classifi-

cation is: 

ℒ (𝑡) = ∑ ℓ𝑛
𝑖=1 (𝑦𝑖 , 𝑦̂𝑖

(𝑡−1) + 𝑓𝑡(𝑥𝑖)) + 𝛺(𝑓𝑡)    (11) 

where ℓ is the softmax loss: 

ℓ(𝑦𝑖 , 𝑦̂𝑖) = −∑ 𝕀𝐾
𝑘=1 (𝑦𝑖 = 𝑘)log (

exp(𝑦̂𝑖
(𝑘)

)

∑ exp𝐾
𝑗=1 (𝑦̂

𝑖
(𝑗)

)
)      (12) 
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and 𝛺(𝑓) = 𝛾𝑇 +
1

2
𝜆∑ 𝑤𝑗

2𝑇
𝑗=1  is a regularization term penal-

izing tree complexity (number of leaves 𝑇) and leaf weights 

𝑤𝑗 , with 𝛾 and 𝜆 as tuning parameters. 

Gradient Boosting Procedure 

To optimize the objective, the model uses a second-order 

Taylor approximation: 

ℒ (𝑡) ≈ ∑ [𝑔𝑖𝑓𝑡(𝑥𝑖) +
1

2
ℎ𝑖𝑓𝑡(𝑥𝑖)

2]𝑛
𝑖=1 + 𝛺(𝑓𝑡)      (13) 

where: 

𝑔𝑖 =
∂ℓ(𝑦𝑖,𝑦̂𝑖)

∂𝑦̂𝑖
 is the first derivative (Gradient), 

ℎ𝑖 =
∂2ℓ(𝑦𝑖,𝑦̂𝑖)

∂𝑦̂𝑖
2  is the second derivative (Hessian). 

The tree is constructed by selecting the best split that max-

imizes the gain: 

Gain =
1

2
[

𝐺𝐿
2

𝐻𝐿+𝜆
+

𝐺𝑅
2

𝐻𝑅+𝜆
−

(𝐺𝐿+𝐺𝑅)
2

𝐻𝐿+𝐻𝑅+𝜆
] − 𝛾      (14) 

Where 𝐺𝐿 , 𝐻𝐿  and 𝐺𝑅, 𝐻𝑅  are the summed gradients and 

Hessians for the left and right nodes, respectively 

Prediction and Classification 

After training 𝑇 trees, the predicted raw score vector for 

class 𝑘 is: 

𝑦̂𝑖
(𝑘) = ∑ 𝑓𝑡

(𝑘)𝑇
𝑡=1 (𝑥𝑖)           (15) 

The predicted class is the one with the highest SoftMax 

probability: 

𝑐̂𝑖 = argmax
𝑘

(
exp(𝑦̂𝑖

(𝑘)
)

∑ exp𝐾
𝑗=1 (𝑦̂

𝑖
(𝑗)

)
)        (16) 

3. Results and Discussion 

3.1. Chi-Square Test of Independence 

3.1.1. Demographic Factors 

A Chi-square test of independence was conducted to examine 

the association between demographic characteristics and levels 

of mental health distress (High, Moderate, and Low) among 

11,283 participants (Table 4). The analysis revealed a statisti-

cally significant association between age and mental health dis-

tress levels, χ2(6, N = 11,283) = 99.47, p < 0.001. Among indi-

viduals aged 18–20 years, 16% experienced high distress (95% 

CI: 9.7%, 25%), 34% had low distress (95% CI: 29%, 39%), 

and 18% had moderate distress (95% CI: 16%, 22%). Partici-

pants aged 24–26 years reported the highest percentage in the 

high distress category at 36% (95% CI: 27%, 46%), compared 

to 25% in the low distress group (95% CI: 20%, 30%) and 29% 

in the moderate group (95% CI: 26%, 33%). Gender was not 

significantly associated with mental health distress levels, χ2(2, 

N = 11,283) = 4.10, p = 0.13. Females accounted for 56% of 

those with high distress (95% CI: 46%, 66%) and 45% of those 

with low distress (95% CI: 40%, 50%). Relationship status 

showed a significant association, χ2(6, N = 11,283) = 64.98, p < 

0.001. High distress was more common among married individ-

uals (24%, 95% CI: 16%, 34%) than 9% in the low distress 

group (95% CI: 6.3%, 13%). Residence was also significantly 

related to distress, χ2(2, N = 11,283) = 47.85, p < 0.001. Among 

those experiencing high distress, 68% resided outside the 

school (95% CI: 58%, 77%), compared to 51% in the low dis-

tress group (95% CI: 45%, 56%) and 69% in the moderate 

group (95% CI: 65%, 72%). These findings indicate that age, 

relationship status, and residence are significantly associated 

with mental health distress levels, while gender is not. 

Table 4. Chi-Square Test of Independence of Demographic Factors and Mental Health Distress. 

Characteristic 

High 

95% CI 

Low 

95% CI 

Moderate 

95% CI p-value2 

N = 1001 N = 3561 N = 6721 

Age       <0.001 

18-20 years 16 (16%) 9.7%, 25% 120 (34%) 29%, 39% 124 (18%) 16%, 22%  

21-23 years 32 (32%) 23%, 42% 132 (37%) 32%, 42% 276 (41%) 37%, 45%  

24-26 years 36 (36%) 27%, 46% 88 (25%) 20%, 30% 196 (29%) 26%, 33%  

above 26 years 16 (16%) 9.7%, 25% 16 (4.5%) 2.7%, 7.3% 76 (11%) 9.1%, 14%  

Gender       0.13 

Female 56 (56%) 46%, 66% 160 (45%) 40%, 50% 308 (46%) 42%, 50%  

Male 44 (44%) 34%, 54% 196 (55%) 50%, 60% 364 (54%) 50%, 58%  

Relationship       <0.001 

Single 32 (32%) 23%, 42% 184 (52%) 46%, 57% 256 (38%) 34%, 42%  
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Characteristic 

High 

95% CI 

Low 

95% CI 

Moderate 

95% CI p-value2 

N = 1001 N = 3561 N = 6721 

Single and searching 20 (20%) 13%, 29% 64 (18%) 14%, 22% 132 (20%) 17%, 23%  

In a relationship 24 (24%) 16%, 34% 76 (21%) 17%, 26% 184 (27%) 24%, 31%  

Married 24 (24%) 16%, 34% 32 (9.0%) 6.3%, 13% 100 (15%) 12%, 18%  

Residence       <0.001 

Within the School 32 (32%) 23%, 42% 176 (49%) 44%, 55% 208 (31%) 28%, 35%  

Outside the School 68 (68%) 58%, 77% 180 (51%) 45%, 56% 464 (69%) 65%, 72%  

 

3.1.2. Mental Health Risk Factors 

The analysis of mental health distress levels with the associated 

risk factors revealed significant associations with year of study and 

faculty, with both variables yielding p-values less than 0.001, indi-

cating strong statistical significance (Table 5). First-year students 

reported the highest proportion of high distress at 12% (95% CI: 

6.6%, 20%), followed by fifth-year students at 20% (95% CI: 13%, 

29%), whereas third-year students were more represented in the 

moderate distress category at 29% (95% CI: 25%, 32%). Notably, 

second-year students constituted 26% (95% CI: 21%, 31%) of 

those with low distress. Faculty-wise, students from the Faculty of 

Science and Technology recorded the highest proportion in the 

high distress group at 24% (95% CI: 16%, 34%), followed closely 

by those from the Faculty of Education (20%; 95% CI: 13%, 29%) 

and Engineering (16%; 95% CI: 9.7%, 25%). Conversely, high dis-

tress was absent among students from the Faculty of Humanities. 

Students from the Faculty of Business had a lower proportion in 

the high distress category (8.0%; 95% CI: 3.8%, 16%) but were 

more represented in the low and moderate categories. These find-

ings suggest that both academic stage and disciplinary context are 

significant risk factors influencing the likelihood of experiencing 

mental distress among university students. 

Table 5. Chi-Square Test of Independence of Demographic Factors and Mental Health Distress. 

Characteristic 

High 

95% CI 

Low 

95% CI 

Moderate 

95% CI p-value2 

N = 1001 N = 3561 N = 6721 

Year of Study       <0.001 

First Year 12 (12%) 6.6%, 20% 116 (33%) 28%, 38% 72 (11%) 8.5%, 13%  

Second Year 24 (24%) 16%, 34% 92 (26%) 21%, 31% 192 (29%) 25%, 32%  

Third Year 16 (16%) 9.7%, 25% 60 (17%) 13%, 21% 192 (29%) 25%, 32%  

Fourth Year 28 (28%) 20%, 38% 64 (18%) 14%, 22% 128 (19%) 16%, 22%  

Fifth Year 20 (20%) 13%, 29% 24 (6.7%) 4.5%, 10% 88 (13%) 11%, 16%  

Faculty       <0.001 

Business 8 (8.0%) 3.8%, 16% 76 (21%) 17%, 26% 132 (20%) 17%, 23%  

Education 20 (20%) 13%, 29% 32 (9.0%) 6.3%, 13% 136 (20%) 17%, 24%  

Environmental Stud-

ies 
4 (4.0%) 1.3%, 11% 60 (17%) 13%, 21% 80 (12%) 9.6%, 15%  

Engineering 16 (16%) 9.7%, 25% 24 (6.7%) 4.5%, 10% 76 (11%) 9.1%, 14%  

Science and Tech-

nology 
24 (24%) 16%, 34% 72 (20%) 16%, 25% 108 (16%) 13%, 19%  

Humanities 0 (0%) 0.00%, 4.6% 32 (9.0%) 6.3%, 13% 48 (7.1%) 5.4%, 9.4%  
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Characteristic 

High 

95% CI 

Low 

95% CI 

Moderate 

95% CI p-value2 

N = 1001 N = 3561 N = 6721 

Law 16 (16%) 9.7%, 25% 12 (3.4%) 1.8%, 6.0% 36 (5.4%) 3.8%, 7.4%  

Nursing 12 (12%) 6.6%, 20% 48 (13%) 10%, 18% 56 (8.3%) 6.4%, 11%  

3.2. Ensemble Learning Summary and Performance 

This study used Random Forest (RF) and Extreme Gradient Boosting (XGBoost) as representative ensemble models. The 

performance of the models was assessed using the best tune presented in Tables 6 and 7 below. 

Table 6. Determination of the Best Tune for the Random Forest Model. 

MTRY Accuracy Kappa Accuracy SD Kappa SD 

2 0.9751266 0.9527738 0.02166036 0.04158184 

3 0.982711 0.9673928 0.01864756 0.03522363 

5 0.9848207 0.9714572 0.01977287 0.03705547 

6 0.9848207 0.9714572 0.01977287 0.03705547 

8 0.9839768 0.9699281 0.02126335 0.03972384 

9 0.9839768 0.9699281 0.02126335 0.03972384 

11 0.9835549 0.9691574 0.0213198 0.03981973 

12 0.982711 0.9676212 0.02216725 0.04131741 

14 0.982711 0.9676212 0.02216725 0.04131741 

16 0.9839768 0.9699281 0.02126335 0.03972384 

 

Table 4 presents hyper-parameter tuning results for the 

Random Forest model, evaluating `mtry` (number of predic-

tors sampled at each split). Optimal performance occurred at 

`mtry=5` and ̀ mtry=6`, yielding peak mean accuracy (98.48%) 

and Cohen’s Kappa (0.9715), indicating near-perfect agree-

ment. Higher `mtry` values showed marginal performance de-

cline. Low standard deviations (Accuracy SD ≤ 0.022, Kappa 

SD ≤ 0.042) across folds suggest model stability, confirming 

`mtry=5` as ideal for balancing predictive power and general-

izability in mental distress classification. 

Table 7. Determination of the Best Tune for the Extreme Gradient Model. 

ETA 
Max 

Depth 

Gam

ma 

Col-sample by 

Tree 

Min child 

weight 

Sub-

sample 
N rounds 

Accu-

racy 

Kapp

a 

Accuracy 

SD 

Kappa 

SD 

0.300 3.000 0.000 0.600 1.000 0.750 150.000 0.987 0.977 0.012 0.022 

0.400 3.000 0.000 0.600 1.000 0.500 150.000 0.987 0.976 0.015 0.027 

0.300 3.000 0.000 0.800 1.000 0.750 150.000 0.986 0.974 0.014 0.026 

0.400 3.000 0.000 0.600 1.000 0.750 150.000 0.986 0.974 0.014 0.026 

0.400 3.000 0.000 0.600 1.000 1.000 150.000 0.986 0.974 0.014 0.026 

0.400 3.000 0.000 0.800 1.000 0.500 150.000 0.985 0.972 0.014 0.027 

0.300 3.000 0.000 0.800 1.000 1.000 150.000 0.984 0.969 0.016 0.030 
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ETA 
Max 

Depth 

Gam

ma 

Col-sample by 

Tree 

Min child 

weight 

Sub-

sample 
N rounds 

Accu-

racy 

Kapp

a 

Accuracy 

SD 

Kappa 

SD 

0.400 3.000 0.000 0.800 1.000 0.750 150.000 0.982 0.967 0.016 0.030 

0.400 3.000 0.000 0.800 1.000 1.000 150.000 0.982 0.967 0.016 0.030 

0.400 3.000 0.000 0.600 1.000 0.500 100.000 0.981 0.964 0.014 0.026 

 

Table 6 details hyper-parameter tuning for the XGBoost 

model using 10-fold cross-validation. The optimal configura-

tion (ETA=0.3, Max Depth=3, Subsample=0.75, Colsam-

ple=0.6, N_rounds=150) achieved peak mean accuracy 

(98.7%) and Kappa (0.977), with the lowest variability (Ac-

curacy SD=0.012, Kappa SD=0.022). Performance declined 

with higher ETA (0.4), reduced subsampling (0.5), or fewer 

boosting rounds (100). This confirms that careful tuning of 

learning rate and sampling parameters is critical for maximiz-

ing predictive stability and performance in mental health risk 

stratification. 

Model performance was rigorously evaluated using stand-

ard classification metrics, as summarized in Tables 8 and 9 

below. 

Table 8. Ensemble Learning Summary. 

Metrics Random Forest Extreme Gradient Boosting 

Accuracy 0.988 0.988 

95% Confidence Interval (0.969, 0.997) (0.969, 0.997) 

No Information Rate 0.596 0.596 

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

Kappa 0.978 0.978 

McNemar’s Test P-Value NA NA 

 

Table 7 shows the summaries for the ensemble models, 

Random Forest and Extreme Gradient Boosting, demonstrat-

ing a strong and identical performance in predicting mental 

health distress levels among university students. Both models 

achieved an accuracy of 98.8%, with a 95% confidence inter-

val ranging from 96.9% to 99.7%. The No Information Rate 

(NIR) was 0.596, and the p-value for accuracy exceeding the 

NIR was less than 2.2e-16, indicating a statistically significant 

improvement over baseline classification. The kappa statistic 

was 0.978 for both models, reflecting near-perfect agreement 

beyond chance. McNemar’s test was not applicable in this 

context. Overall, the ensemble models proved to be highly ef-

fective and reliable. 

Table 9. Ensemble Learning Performance Metrics. 

Metrics 

Random Forest Model XGBoost 

High Low Moderate High Low Moderate 

Sensitivity 1.000 1.000 0.980 1.000 1.000 0.980 

Specificity 1.000 0.983 1.000 1.000 0.983 1.000 

PPV 1.000 0.964 1.000 1.000 0.964 1.000 

NPV 1.000 1.000 0.971 1.000 1.000 0.971 

Precision 1.000 0.964 1.000 NA NA NA 
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Metrics 

Random Forest Model XGBoost 

High Low Moderate High Low Moderate 

Recall 1.000 1.000 0.980 NA NA NA 

F1 Score 1.000 0.982 0.990 NA NA NA 

Prevalence 0.089 0.315 0.596 0.089 0.315 0.596 

DR 0.089 0.315 0.585 0.089 0.315 0.585 

DP 0.089 0.326 0.585 0.089 0.326 0.585 

BA 1.000 0.991 0.990 1.000 0.991 0.990 

AUC 1.000 1.000 1.000 1.000 0.997 0.998 

 

The performance metrics for Random Forest and XGBoost 

models indicate exceptional classification ability across all 

classes of mental health distress: High, Low, and Moderate. 

Both models achieved perfect sensitivity (1.000) and specific-

ity (≥ 0.983) across most categories (Table 8). Random Forest 

attained perfect positive predictive value (PPV) and negative 

predictive value (NPV) for High and Moderate categories, 

with NPV for Moderate at 0.971. Precision, recall, and F1 

scores were consistently high for Random Forest, with F1 

scores of 1.000, 0.982, and 0.990 for High, Low, and Moder-

ate, respectively. Balanced Accuracy (BA) was near perfect 

across classes (≥ 0.990). The area under the curve (AUC) val-

ues were also high, with Random Forest yielding 1.000 across 

all classes. XGBoost achieved 1.000, 0.997, and 0.998 for 

High, Low, and Moderate, respectively, confirming excellent 

discriminatory power. 

3.3. Explainable Artificial Intelligence 

Explainable Artificial Intelligence (XAI) enhances trans-

parency and trust in machine learning models by providing 

clear insights into how predictions are made. This study ap-

plied XAI techniques from the DALEX package in the R-pro-

gramming language to interpret feature importance and deci-

sion pathways, supporting informed interventions in predict-

ing mental health distress among university students [9].  

3.3.1. Features Importance Plot 

 
Figure 2. Features Importance Plot for Random Forest and XGBoost. 

Figure 2 shows the importance of features for a mental 

health classification model, for the Random Forest and 

XGBoost algorithms. The Random Forest model shows 

“Quarter Life Crisis” as the most important feature with a 

cross-entropy loss of approximately 320, followed by “Fac-

ulty” at around 180, and “Personal and Mental Health” at 
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about 160. “Social Environmental Factors” and “Year of 

Study” follow, with losses of around 120 and 100, respec-

tively. All other features have importance values below 100, 

with “Gender” and “Transition to University Life” being the 

least important. The XGBoost model, on the other hand, yields 

similar results but with higher importance scores. “Quarter 

Life Crisis” is again the most important feature, with a cross-

entropy loss of approximately 420. “Faculty” and “Personal 

and Mental Health” follow with about 220 and 190 losses. 

“Residence,” “Year of Study,” and “Social Environmental 

Factors” have scores between 100 and 150. “Gender” and 

“Transition to University Life” are once again the least im-

portant features, with scores below 50. The error bars on both 

plots indicate the variability in the importance scores. Overall, 

both models identify “Quarter Life Crisis,” “Faculty,” and 

“Personal and Mental Health” as the most critical features for 

predicting mental health outcomes. 

3.3.2. Model Breakdown 

Figure 3 shows the ensemble learning breakdown profile 

detailing the contributions of various features to mental health 

classification models, for Random Forest and XGBoost, 

across “High,” “Low,” and “Moderate” mental health catego-

ries. For the Random Forest “High” class, the prediction is 

0.0001, with “Quarter Life Crisis” having a negative contribu-

tion of -0.08 and “Personal and Mental Health” a positive con-

tribution of +0.038. The XGBoost “High” model is similar, 

predicting 0.0001, with “Quarter Life Crisis” contributing -

0.084 and “Academic Pressure” contributing +0.034. 

The Random Forest “Low” class predicts 0.924, heavily in-

fluenced by an intercept of 0.317 and “Quarter Life Crisis,” 

which adds a substantial +0.18. Other positive contributors in-

clude “Personal and Mental Health” (+0.073) and “Academic 

Pressure” (+0.054). The XGBoost “Low” class, predicting 

0.973, also has a high intercept of 0.316 and sees “Quarter Life 

Crisis” as the primary positive contributor (+0.204), followed 

by “Faculty” (+0.148) and “Personal and Family Issue” 

(+0.111). 

For the Random Forest “Moderate” class, the prediction is 

0.076, with the intercept at 0.594, but a large negative contri-

bution from “Quarter Life Crisis” (-0.559). The XGBoost 

“Moderate” class predicts 0.027, with the intercept at 0.403 

and a significant negative contribution from “Quarter Life Cri-

sis” (-0.186), showing its strong influence in all classifications. 

These plots demonstrate how feature contributions shift dra-

matically based on the predicted class and the model used. 

 
Figure 3. Ensemble Learning Breakdown Profile. 

3.3.3. Shapley Additive Explanations 

Figure 4 illustrates feature contributions to a mental health 

classification for Random Forest and XGBoost algorithms, for 

“High,” “Low,” and “Moderate” mental health outcomes. The 

x-axis represents the contribution of each feature to the 

model’s prediction, with positive values pushing the predic-

tion towards a higher class and negative values pushing it 

lower. The “High” mental health plots for both models show 

minimal feature contributions, with “Quarter Life Crisis” hav-

ing a small negative impact and “Academic Pressure” a small 

positive one. Both models in the “Low” mental health classes 

show “Quarter Life Crisis” as a major positive contributor, 

contributing approximately 0.25 in the Random Forest model 

and about 0.35 in the XGBoost model. “Residence” and “Ac-

ademic Pressure” also contribute positively. Conversely, the 

“Moderate” mental health classes highlight “Quarter Life Cri-

sis” as a dominant negative contributor, with a contribution of 

around -0.3 in the Random Forest model and -0.25 in the 

XGBoost model. “Residence” and “Academic Pressure” also 

show negative contributions to mental health distress. The 

plots effectively demonstrate how the same features can have 

vastly different impacts on the prediction depending on the 
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mental health outcome under classification. 
 

 
Figure 4. SHapley Additive Explanations for Random Forest and XGBoost Models. 

4. Discussion 

This study demonstrates that transparent ensemble machine 

learning models, Random Forest and XGBoost, achieve ex-

ceptional performance in predicting multi-level mental health 

distress (low, moderate, high) among Kenyan university stu-

dents, with accuracy exceeding 98.7%, Cohen’s 

Kappa >0.976, and near-perfect class-specific precision, recall, 

and F1-scores. These results significantly outperform prior bi-

nary classification approaches [34, 35] and align with recent 

ensemble-based mental health studies reporting high accuracy 

in Western contexts [11, 12, 36]. The dominance of “Quarter-

Life Crisis” (QLC), manifested through confusion about life 

direction, emotional exhaustion, and dissatisfaction with aca-

demic progress, as the top predictor, corroborates develop-

mental theories identifying early adulthood as a period of 

heightened identity and existential vulnerability [31, 32]. No-

tably, students in high-demand faculties (e.g., Science, Engi-

neering, Nursing) exhibited elevated distress, consistent with 

global evidence linking academic intensity to burnout [26, 27]. 

Financial stressors (e.g., inability to afford meals or materials) 

and off-campus residence further reflect structural inequities 

documented in sub-Saharan African student populations [23, 

28]. Integrating SHAP and feature importance analyses en-

hances model interpretability, addressing growing calls for 

ethical, explainable AI in sensitive health domains [7, 9, 13]. 

Unlike “black-box” models, our approach reveals what pre-

dicts distress and why, enabling targeted interventions: for in-

stance, embedding career counseling within STEM curricula 

or expanding emergency financial aid. The near-perfect sensi-

tivity (100%) and specificity (>98%) for high-distress cases 

underscore the model’s clinical utility for early screening. 

However, the cross-sectional design limits causal inference, a 

key limitation acknowledged in similar studies [38]. Future 

work should employ longitudinal designs to assess how QLC 

trajectories and academic stressors evolve over time and 

whether AI-triggered interventions improve outcomes. Ulti-

mately, this study advances methodological rigor and contex-

tual relevance, offering a scalable, transparent framework for 

mental health risk prediction in under-resourced university 

settings across Africa. 

5. Conclusion 

This study demonstrates that transparent ensemble ma-

chine learning models, Random Forest and XGBoost, 

achieve exceptional performance in predicting multi-level 

mental health distress (low, moderate, high) among univer-

sity students in Kenya, with accuracy exceeding 98.7%, 

near-perfect Cohen’s Kappa (>0.976), and class-specific F1-

scores above 98.5%. The dominance of Quarter-Life Crisis 

(QLC) variables, particularly emotional exhaustion, identity 

confusion, and academic dissatisfaction, as top predictors 

underscores the developmental vulnerability of early adult-

hood in this context. Additional key risk factors include en-

rollment in high-demand faculties (e.g., Science, Engineer-

ing, Nursing), financial hardship, off-campus residence, and 

limited access to mental health support. These findings vali-

date the utility of explainable AI for high-accuracy risk strat-

ification and for uncovering context-specific psychosocial 

determinants. The models’ robustness and interpretability 

position them as viable tools for scalable, early-warning sys-

tems in resource-constrained university settings across sub-

Saharan Africa. 
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6. Recommendations 

University administrations should integrate these AI-driven 

models into student wellness platforms for real-time mental 

health screening and early intervention. Counseling services must 

be tailored to address QLC-related challenges, including identity 

exploration and future anxiety, particularly in high-risk faculties. 

Financial aid programs should be expanded to mitigate socioec-

onomic stressors linked to distress. Furthermore, institutional pol-

icies should prioritize mental health literacy, reduce stigma, and 

strengthen referral pathways. Future research should employ lon-

gitudinal designs to validate model predictions over time and 

evaluate the clinical and academic impact of AI-triggered inter-

ventions on student well-being and retention. 

Abbreviation 

QLC Quarter Life Crisis 

RF Random Forest 

XGBoost Extreme Gradient Boosting 

SMOTE Synthetic Minority Over-sampling 

Technique 

SHAP SHapley Additive exPlanations 

AUC Area Under the Curve 

CI Confidence Interval 

NIR No Information Rate 

PPV Positive Predictive Value 

NPV Negative Predictive Value 
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