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Abstract - The growing reliance on digital devices has 

significantly influenced the behavioural patterns and mental 

well-being of children and adolescents. This study 

investigates the impact of screen-time-related factors on 

children's mental health using machine learning and 

explainable artificial intelligence techniques. Initially, 

Random Forest and CatBoost models are compared using 

evaluation metrics, including accuracy, precision, recall, and 

F1-score. The experimental results showed that the Random 

Forest model performed best, achieving an accuracy of 

74.06%, and consequently chosen for further analysis. 

To enhance model interpretability, Random Forest Feature 

Importance, SHAP, and Permutation Importance are 

employed to identify the most influential factors affecting 

mental health outcomes. The normalized scores obtained from 

these methods are integrated to propose a novel Mental Health 

Influence Score (MHIS), which provides a unified ranking of 

influential behavioural factors. The results revealed that 

average daily screen time is the most influential factor, 

followed by the educational to recreational ratio, age, and 

primary device usage. 

Furthermore, LLM-based interpretation is incorporated to 

generate human-readable explanations of the identified 

factors, thereby improving the transparency and practical 

understanding of the proposed framework. 
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Learning, Large Language Model (LLMs), Mental Health 

Influence Score (MHIS). 

 

1. INTRODUCTION 

 
The increasing use of digital technologies has fundamentally 

transformed the daily lives of children and adolescents. 

Smartphones, tablets, laptops, and other internet-enabled 

devices have become integral to learning, communication, 

entertainment, and social interaction. While these 

technologies provide significant educational and social 

benefits, the rapid increase in screen time has raised 

substantial concerns regarding its potential impact on the 

psychological well-being of young individuals. Recent studies 

have reported that prolonged exposure to digital screens is 

associated with adverse mental health outcomes, including 

anxiety, depression, emotional distress, and reduced 

psychological well-being among children and adolescents. 

Furthermore, increasing evidence suggests that excessive 

screen engagement may disrupt healthy behavioural patterns, 

including sleep quality, physical activity, and interpersonal 

interactions, thereby contributing to a higher risk of mental 

health problems. These findings highlight the growing need to 

better understand the behavioural factors associated with 

screen time and their influence on children's mental health [1], 

[3], [2]. 

Several studies have demonstrated a significant association 

between prolonged screen exposure and adverse mental health 

outcomes among children and adolescents. Excessive screen 

time has been linked to increased symptoms of anxiety, 

depression, psychological distress, and reduced emotional 

well-being. In addition to emotional disturbances, prolonged 

engagement with digital devices has been associated with 

sleep disruption, reduced physical activity, and diminished 

face-to-face social interactions, all of which contribute to 

poorer psychological health. Longitudinal evidence further 

indicates that increases in screen use over time are 

accompanied by corresponding increases in anxiety and 

depressive symptoms, suggesting that the duration and pattern 

of digital engagement are important determinants of mental 

health. Moreover, different forms of screen behaviour, 

including social media use, internet browsing, and video 

streaming, may exert varying levels of influence on 

psychological well-being, emphasizing the need for a 

comprehensive assessment of screen-related behavioural 

factors [1], [3], [5], [2]. 

The increasing availability of large-scale behavioural and 

demographic data has encouraged the adoption of machine 

learning (ML) techniques for mental health analysis. Unlike 

conventional statistical approaches, ML algorithms are 

capable of identifying complex and non-linear relationships 

among multiple behavioural factors, thereby improving 

prediction performance and supporting evidence-based 

decision-making. Recent studies have successfully employed 

machine learning models such as Random Forest, CatBoost, 

Support Vector Machine, and other ensemble learning 

techniques to predict mental health outcomes using 

behavioural, demographic, and digital usage characteristics 

[6], [7],[9]. Although these models achieve high predictive 

accuracy, their decision-making processes are often difficult 

to interpret because they operate as complex black-box 

models. This lack of transparency limits the understanding of 
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how individual behavioural factors contribute to prediction 

outcomes, thereby reducing the practical applicability of 

machine learning models in healthcare and mental health 

research [10],[12]. 

Recent advances in Explainable Artificial Intelligence (XAI) 

have significantly improved the transparency of machine 

learning models by providing techniques that quantify the 

contribution of individual features toward prediction 

outcomes. Among these methods, Random Forest Feature 

Importance, SHAP (SHapley Additive exPlanations), and 

Permutation Importance are well known for their ability to 

interpret feature relevance from different analytical 

perspectives. However, existing studies generally employ 

these explainability techniques independently, resulting in 

feature rankings that may vary depending on the selected 

interpretation method. Consequently, relying on a single 

explainability approach may provide only a partial 

understanding of the behavioural factors influencing children's 

mental health. Furthermore, very limited research has 

attempted to integrate multiple explainability techniques into a 

unified framework capable of producing a comprehensive and 

reliable assessment of feature influence. This drawback 

highlights the need for an explainable framework that 

combines complementary explainability methods to generate 

robust feature rankings and facilitate transparent interpretation 

of screen time-related mental health factors [10],[12]. 

To address the limitations, this study proposes an explainable 

machine learning framework for identifying the behavioural 

factors associated with children's mental health based on 

screen time behaviour. Initially, Random Forest and CatBoost 

models are comparatively evaluated to determine the most 

suitable predictive model. The selected model is subsequently 

interpreted using three complementary explainability 

techniques, namely Random Forest Feature Importance, 

SHAP (SHapley Additive exPlanations), and Permutation 

Importance, each providing a distinct perspective on feature 

relevance. To obtain a more comprehensive and reliable 

assessment of influential factors, the normalized outputs of 

these explainability techniques are integrated into a novel 

Mental Health Influence Score (MHIS). Furthermore, a Large 

Language Model (LLM) is employed to generate contextual 

and human-readable interpretations of the identified 

influential factors, thereby enhancing the transparency and 

practical interpretability of the proposed framework. 

2. LITERATURE REVIEW 

Karim et al. [1] conduct a systematic review of social media 

use and its relationship with mental health and report 

associations between excessive or problematic social media 

use and mental-health concerns, including anxiety, depression, 

and psychological distress. Similarly, Twenge and Campbell 

[3] examine screen time among children and adolescents and 

report that higher levels of screen use are associated with 

lower psychological well-being, including lower self-control 

and emotional stability. Woods and Scott [5] investigate social 

media use among adolescents and report an association 

between social media use and poor sleep quality, anxiety, 

depression, and low self-esteem. Gao et al. [4] examine the 

relationship between social media exposure and mental-health 

problems during the COVID-19 outbreak and report that 

frequent social media exposure is positively associated with 

anxiety and combined depression and anxiety. However, the 

study focuses on adults in China during a specific public-

health emergency, indicating that its findings should be 

interpreted within that context. 

Pachava et al. [6] investigate the relationship between social 

media behaviour, demographic characteristics, and mental-

health indicators among Indian youth. The study examines 

factors such as external validation, social media interactions, 

gender, age, and occupation in relation to mental-health 

outcomes and applies machine learning techniques to the 

analysis. The findings highlight the relevance of social media 

behaviour and demographic factors in understanding mental-

health outcomes among Indian youth. Yang and Li [2] apply 

machine learning and natural language processing techniques 

to extract psychological and behavioural insights from social 

media users, demonstrating the potential of computational 

methods for analysing behavioural information from digital 

platforms. Xu et al. [8] investigate adolescent subjective well-

being through machine learning and examine the role of 

mental-health and addictive-behaviour factors. Their findings 

identify several behavioural and psychological factors 

associated with adolescent subjective well-being, 

demonstrating the applicability of machine learning for 

analysing complex behavioural relationships. 

Shahzadi et al. [7] investigate the impact of social media on 

students' academic performance using machine learning 

methods. The study evaluates K-nearest neighbors (KNN), 

support vector machine (SVM), and linear regression 

algorithms to analyse and predict academic performance in 

relation to social media use. The findings indicate an 

association between social media use and students' academic 

performance. Although the study does not directly focus on 

mental-health outcomes, it demonstrates the application of 

machine learning to examine behavioural patterns associated 

with students' digital-media use. This provides a relevant 

methodological basis for analysing behavioural factors related 

to screen use in the present study. 

Lundberg and Lee [9] introduce SHAP (SHapley Additive 

exPlanations), a unified framework for interpreting machine 

learning predictions by assigning feature-importance values to 

individual predictions. Arrieta et al. [10] provide a 

comprehensive review of Explainable Artificial Intelligence 

(XAI) and discuss its concepts, taxonomies, applications, and 

challenges, highlighting the importance of model transparency 

and interpretability. Linardatos et al. [11] further review 
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machine-learning interpretability methods and discuss 

different approaches for understanding model predictions. 

These studies establish the importance of explainability when 

machine learning models are applied to complex and sensitive 

domains such as mental-health analysis. 

Recent studies further demonstrate the importance of 

explainable machine learning for analysing digital behavioural 

patterns associated with mental health. Lamba et al. [13] 

develop an explainable machine learning framework for 

predicting depression risk from social media behaviour using 

supervised learning models. The study applies SHAP and 

LIME to identify influential behavioural factors, with daily 

screen time, passive scrolling, nighttime usage, and stress-

driven engagement emerging as important predictors. The 

findings demonstrate that combining predictive modelling 

with explainability can improve the transparency and 

interpretation of mental-health risk assessment. However, the 

study primarily focuses on social media behaviour and uses 

self-reported data, indicating the need for further investigation 

using structured behavioural datasets. 

Although previous studies demonstrate the effectiveness of 

machine learning in analysing mental-health outcomes, social-

media behaviour, screen use, and related behavioural patterns, 

many studies primarily focus on predictive performance or 

individual analytical techniques. In addition, the reviewed 

studies do not provide a unified framework that combines 

multiple complementary feature-importance and 

explainability methods specifically for children's screen-time 

and mental-health analysis. Therefore, there is a need for an 

integrated approach that evaluates feature influence from 

multiple perspectives and provides a consolidated 

interpretation of the factors associated with children's mental-

health outcomes. Motivated by this gap, the present study 

proposes an explainable framework that combines Random 

Forest Feature Importance, SHAP, and Permutation 

Importance to develop a unified Mental Health Influence 

Score (MHIS), followed by LLM-based interpretation to 

improve the understandability of the obtained results. 

3. METHDOLOGY 

 
3.1 Dataset Description 

 

The dataset used in this study is obtained from the Kaggle 

platform and is stored as Indian Kids Screen Time. The 

contains information of 9,712 children related to screen time 

behavior and associated health impacts among children and it 

includes both numerical and categorical features representing 

demographic attributes and digital usage patterns. The dataset 

consists of multiple attributes such as age, gender, average 

daily screen time, educational -to-recreational usage ratio, 

primary device used, and other behavioral indicators. 

Additionally, it includes textual feature Health impacts, 

describing psychological conditions associated with screen 

usage. 

3.2 Data Preprocessing 

 

The dataset is preprocessed by converting textual values into a 

consistent format. Missing values are handled by imputing 

numerical features using the median strategy and categorical 

features using the most frequent values. Subsequently, 

categorical variables were encoded using the OneHot 

Encoder. 

3.3 Model Development 

 

Two ensemble learning algorithms, namely Random Forest 

and CatBoost, are employed to predict mental health 

outcomes. Random Forest is used because it combines 

multiple decision trees and can capture nonlinear relationships 

between the input features and mental health outcomes. It also 

provides an intrinsic feature-importance measure that can be 

used to identify influential variables. 

CatBoost is included as a comparative boosting-based 

algorithm. It builds an ensemble of decision trees sequentially 

and provides an alternative tree-based learning approach for 

evaluating the predictive performance of the proposed 

analysis. Both models are trained using the same pre-

processed dataset and are evaluated using accuracy, weighted 

precision, weighted recall, and weighted F1-score. 

To enhance both models’ prediction performance, 

hyperparameter adjustment is carried out. For further 

explainability investigation, the model with the superior 

overcall classification performance is chosen. Random Forest 

is chosen as the final model since it outperforms CatBoost in 

the findings. 

3.4 Random Forest Feature Importance 

 

The selected Random Forest model is further determined to 

identify the relative importance of the input features. Random 

Forest Feature Importance is obtained from the trained model 

and represents the contribution of each feature within the tree-

based ensemble. The resulting importance scores are used as 

the first measure of feature influence. 

However, relying only on the built-in Random Forest 

importance measure may provide a limited perspective on 

feature influence. Therefore, two additional explainability 

techniques, SHAP and Permutation Importance, are employed 

to provide complementary evidence. 

3.5 SHAP-Based Explainability 

 

SHAP (SHapley Additive exPlanations) is employed to 

explain the contribution of individual features to the 

predictions generated by the selected Random Forest model. 

SHAP assigns a contribution value to each feature for each 
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observation, indicating how strongly the feature contributes to 

the model's prediction. 

The Tree SHAP explainer is applied because the selected 

model is tree-based. SHAP values are obtained for the 

processed observations, and the values corresponding to the 

Bad mental health class are considered for the analysis. The 

absolute SHAP values are calculated and averaged across the 

observations to obtain an overall SHAP importance value for 

each feature. Thus, features with larger mean absolute SHAP 

values are considered to have greater influence on the model's 

predictions. 

SHAP is selected because it provides a complementary 

perspective to the built-in Random Forest importance measure 

by explaining the contribution of features to individual 

predictions and their overall influence across the dataset. 

3.7 Permutation Importance 

 

Permutation Importance is additionally employed to evaluate 

feature relevance from a model-performance perspective. In 

this approach, the values of one feature are randomly shuffled 

while the remaining features are kept unchanged. The 

resulting change in model performance indicates the 

importance of that feature. 

In the present study, weighted F1-score is used as the 

evaluation measure for permutation analysis. The shuffling 

procedure is repeated 10 times, and the mean importance 

across the repetitions is used as the final Permutation 

Importance value for each feature. A larger decrease in model 

performance after feature shuffling indicates greater 

dependence of the model on that feature. 

Permutation Importance is selected because it provides a 

different perspective from both Random Forest Feature 

Importance and SHAP. While Random Forest Feature 

Importance reflects the importance obtained from the tree 

ensemble and SHAP measures feature contribution to 

predictions, Permutation Importance evaluates the effect of 

removing a feature's information on the model's predictive 

performance. 

3.8 Proposed Mental Health Influence Score (MHIS) 

SHAP, and Permutation Importance scores are independently 

normalized to a common 0–1 scale using Min-Max 

normalization. The normalized scores are then combined 

feature-wise to obtain the proposed Mental Health Influence 

Score (MHIS). For each feature, MHIS is calculated as the 

average of its normalized Random Forest, SHAP, and 

Permutation Importance scores. A higher MHIS indicates 

greater relative influence of the feature on the model's 

predictions within the analyzed dataset. 

3.9 LLM-Based Interpretation 

 

To enhance the interpretability of the identified influential 

factors, a Large Language Model (LLM) is used to produce 

human-readable explanations derived from the Mental health 

influencing scale ranking. The LLM assessed the impact of 

each factor and offered contextual insights into how screen-

time -related behaviors influence children’s mental health. 

The analysis showed that average daily screen time has the 

most significant impact on mental health outcomes, with the 

educational-to-recreational ratio, age, and primary device 

usage following in order of influence. Incorporating 

explanations from large language models enhances the 

transparency and practical comprehension of the proposed 

framework. 

4. RESULTS 

 
The experimental results are presented to evaluate the 

performance of the developed machine learning models and to 

identify the factors that contribute most to the prediction of 

children's mental health outcomes. First, the performance of 

the Random Forest and CatBoost models is compared using 

accuracy, precision, recall, and F1-score. The better-

performing model is then selected for further feature-

importance and explainability analysis. Subsequently, 

Random Forest Feature Importance, SHAP, and Permutation 

Importance are used to examine the influence of the input 

features. The normalized importance scores are further 

combined to obtain the proposed Mental Health Influence 

Score (MHIS), providing a unified ranking of the influential 

factors. 

Table no 1 illustrates the performance comparison between 

the  Random  Forest  and  CatBoost  models  using  four 

𝑀𝐻𝐼𝑆 = 
𝑅𝐹𝑛𝑜𝑟𝑚+𝑆𝐻𝐴𝑃𝑛𝑜𝑟𝑚+𝑃𝐼𝑛𝑜𝑟𝑚 

3 
(1) evaluation metrics: Accuracy, Precision, Recall, and F1-score. 

The Random Forest model achieves an accuracy of 74.06%, 

The proposed Mental Health Influence Score (MHIS) 

integrates the normalized scores obtained from Random 

Forest Feature Importance, SHAP, and Permutation 

Importance. The final score provides a unified ranking of 

behavioural factors according to their influence on children's 

mental health outcomes. 

Since the three feature-importance approaches produce scores 

on different numerical scales, the obtained Random Forest, 

outperforming CatBoost (72.72%). Similarly, Random Forest 

achieves higher precision (0.8134), recall (0.7406), and F1-

score (0.7114) than CatBoost, which records values of 0.7733, 

0.7272, and 0.7018, respectively. These results show that the 

Random Forest model provides more reliable and consistent 

classification performance. Therefore, Random Forest is 

selected as the final prediction model for subsequent 

explainability analysis, including Feature Importance, SHAP, 
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Permutation Importance, and the proposed Mental Health 

Influence Score (MHIS). 

Table no 1 Model Performance Comparison 
 

Model Accuracy Precision Recall F1-score 

Random Forest 0.7406 0.8134 0.7406 0.7114 

CatBoost 0.7272 0.7733 0.7272 0.7018 

 

 

 

 

Figure 1: Performance comparison of Random Forest and CatBoost models 

 

Figure 1 further illustrates the performance difference 

between the two models. Random Forest shows higher values 

for accuracy, precision, recall, and F1-score than CatBoost, 

indicating better overall classification performance on the 

given dataset. Based on these results, Random Forest is 

selected for the subsequent feature-importance and 

explainability analysis. 

 

 

 
Figure 2: ROC curve (Random Forest vs CatBoost) 

 

Figure 2 Presents the Receiver Operating Characteristic 

(ROC) curves of the Random Forest and CatBoost models for 

mental health prediction. The Random Forest model achieved 

an AUC value of 0.691, while CatBoost acquired an AUC 

value of 0.690. The ROC curves of both models remain above 

the random-classifier reference line, indicating that both 

models provide discriminatory capability beyond random 

classification. Random Forest achieves a slightly higher AUC 

than CatBoost, which is consistent with its comparatively 

better overall performance reported in Table 2. However, the 

AUC values also indicate that the models provide moderate 

class-discrimination capability rather than strong separation 

between the two outcome classes. Therefore, the ROC 

analysis further supports the selection of Random Forest as 

the primary model for subsequent explainability analysis. 

 

 

 
Figure 3: Confusion Matrix (Random Forest) 

 

Figure 3 shows the confusion matrix of the Random Forest 

model for mental health classification. The model correctly 

classified 348 instances belonging to the Good mental health 

category and 1091 instances belonging to the Bad Category. 

However, 496 Good instances were incorrectly classified as 

Bad, whereas only 8 Bad instances are misclassified as Good. 

These results indicate that the Random Forest model is highly 

effective in identifying children with poor mental health 

outcomes while producing very few false-negative 

predictions. The confusion matrix further supports the 

selection of Random Forest for the subsequent explainability 

analysis and MHIS computation due to its superior 

classification performance. 

 

 

 
Figure 4. Comparison of Explainability Techniques and Proposed MHIS 
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Figure 4 presents a comparison of the normalized feature-

importance scores obtained from Random Forest Feature 

Importance, SHAP, and Permutation Importance. The scores 

are normalized to a common 0–1 scale to enable comparison 

across the three explainability methods and to provide a 

consistent basis for calculating the proposed Mental Health 

Influence Score (MHIS). Average daily screen time obtains 

the maximum normalized score of 1.000 across all three 

methods, indicating consistent agreement regarding its 

dominant influence on the model predictions. The 

educational-to-recreational ratio obtains normalized scores of 

approximately 0.072 using Random Forest Feature 

Importance and 0.034 using SHAP, while its Permutation 

Importance remains close to zero. Similarly, age obtains 

normalized scores of approximately 0.037 and 0.023 using 

Random Forest Feature Importance and SHAP, respectively, 

with a very small contribution from Permutation Importance. 

Primary device shows a normalized SHAP score of 

approximately 0.037 and a Random Forest Feature 

Importance score of approximately 0.018. Urban or rural 

status shows a small contribution, particularly under 

Permutation Importance, whereas gender demonstrates 

comparatively negligible influence. 

 

 
Figure 5: Mental Health Influence Score 

 

Figure 5 displays the final ranking of influential factors based 

on proposed Mental Health Influence Score (MHIS) is 

calculated by combining the normalized Random Forest 

Feature Importance, SHAP importance, and Permutation 

Importance scores. As shown in Fig. 4, average daily screen 

time obtains the highest MHIS value of 1.0000, indicating that 

it is the most influential feature among the examined 

variables. The educational-to-recreational screen-time ratio 

follows with an MHIS of 0.0354, while age and primary 

device obtain scores of 0.0205 and 0.0183, respectively. 

Urban or rural status and gender show considerably lower 

influence, with scores of 0.0026 and 0.0021, respectively. 

The substantially higher MHIS value of average daily screen 

time indicates that total daily screen exposure contributes 

more strongly to the model's predictions than the other 

examined variables. The educational-to-recreational ratio also 

shows a comparatively higher influence than demographic 

characteristics, suggesting that the purpose and distribution of 

screen use provide additional information for the prediction 

task. Age and primary device demonstrate smaller but 

measurable contributions, whereas urban or rural status and 

gender have relatively limited influence. These results 

indicate that screen-use behaviour is more influential than the 

examined demographic factors within the present datase 

5. DISCUSSION 

The Results of this study shows that the proposed framework 

provides an interpretable analysis of screen-time-related 

factors associated with mental health outcomes. Random 

Forest and CatBoost are initially compared as predictive 

models, with Random Forest achieving better overall 

classification performance and therefore being selected for 

further analysis. To strengthen the interpretation of the 

selected model, Random Forest Feature Importance, SHAP, 

and Permutation Importance are subsequently employed. 

These methods provide complementary perspectives on 

feature influence: Random Forest Feature Importance reflects 

the importance obtained from 

the trained model, SHAP explains the contribution of features 

to model predictions, and Permutation Importance evaluates 

the effect of disrupting a feature on model performance. The 

agreement among these approaches provides stronger support 

for the findings obtained from the initial Random Forest 

analysis. Their normalized importance scores are therefore 

combined to obtain the proposed Mental Health Influence 

Score (MHIS), providing a unified ranking of the factors 

influencing the model's predictions. 

The MHIS results identify average daily screen time as the 

most influential factor, followed by the educational-to-

recreational screen-time ratio, age, and primary device. The 

original Random Forest analysis's conclusion is reinforced by 

the average daily screen time's persistent dominance across 

the three importance metrics, which suggests that overall daily 

screen exposure is especially significant within the current 

dataset. The goal shouldn't always be to eradicate educational 

screen use because youngsters use screens for both 

recreational and educational purposes. Instead, a good balance 

between digital and offline activities should be maintained in 

order to manage excessive or protracted overall exposure. The 

educational-to-recreational ratio's comparatively high rating 

further implies that screen usage type and purpose should be 

taken into account in addition to overall screen time. While 

gender and urban/rural status have relatively less predictive 

significance, age and primary device also contribute to the 

model. 

By integrating prediction, explainability, feature ranking, and 

LLM-based interpretation, the suggested paradigm expands 

the study beyond straightforward model comparison. While 

MHIS presents a combined ranking of the aspects under 
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investigation, Random Forest Feature Importance, SHAP, and 

Permutation Importance offer complementary viewpoints on 

feature influence. The numerical ranking is further 

transformed into a more comprehensible form by the LLM-

based interpretation. Pragmatically, the results indicate that 

screen-time management should concentrate on minimizing 

needless or extended exposure while preserving a suitable 

balance between offline, recreational, and instructional 

activities. The suggested framework should be viewed as an 

analytical and decision-support method rather than a clinical 

diagnostic system. 

 

6. CONCLUSIONS 

 
This study explores the impact of screen-time-related 

behavioural factors on children's mental health using machine 

learning and explainable artificial intelligence techniques. 

Initially, Random Forest and CatBoost models are compared 

using multiple evaluation metrics, including accuracy, 

precision, recall, and F1-score. The experimental results show 

that the Random Forest model achieves superior performance 

and is therefore selected for further explainability analysis. 

To improve the interpretability of the prediction model, three 

explainability methods Random Forest Feature Importance, 

SHAP, and Permutation Importance are used. The normalized 

scores from these methods are combined to introduce the 

Mental Health Influence Score (MHIS), offering a consistent 

and dependable ranking of factors that impact children’s 

mental health. The analysis finds that average daily screen 

time is the most impactful factor, with the educational-to - 

recreational ratio, age, and primary device usage ranking next 

underscoring the critical role of behavioral factors in mental 

health evaluation. 

The proposed MHIS framework enhances the transparency 

and reliability of feature importance analysis by integrating 

several explainability techniques rather than relying on a one 

method. Furthermore, the integration of LLM-based 

interpretation improves the practical usability of the 

framework by converting numerical importance scores into 

human-readable explanations. This enables researchers, 

educators, parents, and healthcare professionals to better 

understand the relationship between screen-time behaviours 

and mental health outcomes, thereby supporting more 

informed decision-making. 

In future work, the proposed framework can be extended by 

incorporating larger and more diverse datasets, advanced 

deep-learning models, and real-time mental health monitoring 

systems. Additional behavioural, environmental, and 

psychological factors may also be combined to further 

improve prediction performance and interpretability. 

Moreover, the proposed MHIS framework can be validated 

across different age groups and populations to evaluate its 

generalizability and applicability in broader mental health 

assessment scenarios. 
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