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Abstract: Depression among college students has become a major mental health issue that needs accurate and reliable 

computer screening methods. Conventional grading methods often have problems with uneven distribution of classes, 

duplicate features, and limited interpretability, which makes them less useful in the real world. This framework uses 

two different sets of data that are linked to depression: a Kaggle dataset on student depression and a large-scale mental 

health survey that was conducted during the COVID period and included demographic, academic, behavioral, and 

psychological questions. A lot of work goes into the preprocessing, like getting rid of nulls and duplicates, labeling, 

balancing the data with SMOTE, getting rid of features with RFECV and Stratified K-Fold validation, and making 

sure everything is normal with MinMax and Standard scaling. Random Forest, Gradient Boosting, Decision Tree, 

Gaussian Naive Bayes, Logistic Regression, Extra Trees, Support Vector Machine, XGBoost, LightGBM, CatBoost, 

SGD, LASSO, and MLP are some of the machine learning classifiers that are used. There are also hybrid ensemble 

strategies that combine MLP, SGD, and CatBoost. We check how well the model works by looking at its accuracy, 

precision, recall, F1-score, ROC-AUC, Cohen's kappa, and log loss. Voting and Stacking classifiers worked best for 

the sadness student dataset, getting a maximum accuracy of 98.0%. A Voting classifier worked best for the mental 

health dataset, getting a 99.3% accuracy. SHAP and LIME analysis make sure that things can be explained. Real-time 

prediction from user-provided inputs is possible with a Flask-based interface that uses SQLite for authentication. This 

shows that the sadness detection capability is strong, understandable, and deployable. 

“Index Terms: Depression Detection, Hybrid Machine Learning, Ensemble Models, University Students, Explainable 

AI, Mental Health Screening”. 

1. INTRODUCTION 

Mental health disorders have become a big public 

health issue around the world. Depression is one of 

the most common and severe conditions in the world 

[1]. Young people in college are especially at risk 

because they are under a lot of pressure to do well in 

school, make new friends, deal with money 

problems, and not know what they want to do with 

their lives after college [2]. These stresses, along 

with developmental and environmental factors, 

make college students more likely than the general 

population to show signs of depression [3]. The 

problem is even worse in low- and middle-income 

countries, where it's harder to get mental health 

services, which raises the risks [4]. Because of this, 

early detection and help are needed to lessen the 

long-term effects of untreated sadness on health, 

social life, and schoolwork. 

Even though people are becoming more aware of the 

problem, the ways that are currently used to spot 

sadness in students have major flaws. Self-reported 

surveys and clinical interviews are used a lot in 

traditional diagnostic methods, but they take a lot of 

time and are often affected by stigma, 

underreporting, and subjective bias [5]. Because of 

this, a lot of students who are affected don't get 

identified or wait too long to get help [6]. Recent 

research has looked into using data to help with 

mental health evaluations, but many of the current 

solutions have trouble finding the right mix between 

being able to predict performance and being reliable, 

clear, and scalable [7]. Aside from that, not much 

attention has been paid to checking whether 

performance gains seen are statistically significant 

and reliable across a wide range of student groups 

[8]. These holes make it harder for automated 

systems that can spot depression to be used in real 

academic situations. 

The main goal of this study is to use survey-based 

mental health data to build a strong and reliable 

system for finding sadness early in college students. 

The suggested method aims to make predictions 
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more accurate while also making sure that results are 

consistent and reliable. The study stresses clear 

decision-making and strict performance evaluation 

in addition to being able to make good predictions 

across multiple datasets. This study tries to show 

that the framework can be used with any group of 

students by carefully testing it on a variety of student 

groups. The study also wants to find out what causes 

student depression so that mental health workers and 

schools can better help students who are depressed 

[9]. 

This study is important because it could lead to tools 

for mental health screening in higher education that 

are scalable, reliable, and easy to understand. A 

reliable early detection system can help with timely 

interventions, lower student dropout rates, and 

general health and happiness of students. The 

suggested work also meets the practical and moral 

needs for using decision-support systems in 

sensitive healthcare settings by focusing on 

openness, understanding of uncertainty, and 

statistical validation. The main goal of this study is 

to connect academic research with real-life mental 

health uses. This will help people make better 

decisions and make universities healthier [10]. 

2. LITERATURE REVIEW 

New developments in smart healthcare systems have 

shown that data-driven models are becoming more 

useful for diagnosing medical problems and judging 

mental health. Esha et al. [11] suggested a multi-

view attention-based approach to classify 

disabilities related to lung cancer. They showed how 

combining different clinical features can help 

improve prediction. In the same way, Adnan Palash 

and Yousuf [12] looked into privacy-preserving 

learning for finding lung cancer using distributed 

data, focusing on training models together without 

sharing data centrally. These studies show good 

results in medical imaging areas, but they mostly 

look at physical health problems and don't look at 

how to test for mental health problems in sensitive 

groups like college students. 

More and more, studies that focus on mental health 

have used smart models to look at sensitive 

psychological effects. Mumenin et al. [13] showed a 

hybrid method that can be interpreted to find suicidal 

thoughts in social media text. This shows how 

important it is for high-risk mental health 

applications to be able to be explained. At the same 

time, Akter et al. [14] and Ghosh et al. [15] created 

reliable deep learning systems for finding brain 

tumors and Alzheimer's disease, respectively. This 

shows how important it is for clinical decision-

support systems to be reliable and strong. But these 

works are mostly about neurological or imaging-

based diagnoses and don't talk enough about how to 

deal with doubt or how to generalize survey-based 

mental health data, which are inherently subjective 

and noisy. 

People who study mental health are becoming more 

interested in uncertainty-aware and multimodal 

methods. Ahmed et al. [16] created a multimodal 

framework for classifying sadness that includes 

uncertainty approximation. This shows that 

confidence estimation can make predictions more 

reliable. Mumenin et al. [17] used standard surveys 

and machine learning to check for depression among 

college students, showing that it is possible to do 

mental health screenings for students automatically. 

Even though these studies are helpful, a lot of them 

use single-model methods or don't fully test their 

results on a lot of different datasets, which makes it 

harder to be sure that they are robust and can be used 

in the real world. 

Many people agree that reliability and being able to 

explain things are very important for using 

intelligent systems in healthcare. Jia et al. [18] 

stressed that explainability is a key part of making 

sure safety in machine learning apps used in 

healthcare. Ahmad et al. [19] talked more about how 

important interpretable models are for helping 

doctors make decisions, and Rasheed et al. [20] gave 

a broad look at ethical, believable, and reliable 

machine learning in healthcare. These works lay the 

groundwork for mental health screening, but they 

often stay conceptual or domain-general and don't 

offer unified solutions that deal with accuracy, 

interpretability, uncertainty, and statistical 

confirmation all at the same time. 

Overall, past study shows that intelligent healthcare 

modeling has come a long way, but there are still 

problems with making reliable, understandable, and 

statistically proven systems for finding depression in 

college students. A lot of studies only look at certain 

parts, like how accurate something is or how easy it 

is to explain. They don't look at reliability and 

uncertainty knowledge together. The current study 

was inspired by these problems and tries to fix them 

by suggesting a complete and reliable way to find 

depression early on. The focus is on making the 
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method strong, clear, and useful for real-life mental 

health situations in school settings. 

3. MATERIALS AND METHODS 

DDNet is meant to accurately and reliably find 

college students who are depressed by using two 

datasets that work well together: the Depression 

Student Dataset and a Mental Health Dataset from 

the COVID-19 era. The framework works with a 

structured process that includes importing data, 

cleaning it up, transforming it, optimizing features, 

supervised learning, and deploying it. SMOTE is 

used to fix class imbalance, and RFECV with 

Stratified K-Fold validation and, for the second 

dataset, RFE-based top-feature selection are used to 

improve the usefulness of features. A lot of different 

classifiers are trained and compared using a wide 

range of performance measures. These include tree-

based [21], boosting [22], linear [23], probabilistic 

[24], and neural models [25]. By combining 

different ways of learning, a three-stage ensemble 

design makes the system even more robust. Some 

other methods that get better results are Standard 

Scaling with Voting for Mental Health Dataset, 

Stacking for Depression Student Dataset, and Min–

Max scaling with Voting. LIME and SHAP make 

sure that models can be understood, and a Flask-

based web interface with SQLite-backed 

authentication lets models be deployed in real time, 

allowing scalable early-screening applications. 

 
Fig.1 Proposed Architecture 

Figure 1 shows the DDNet system architecture, 

which is made up of a structured pipeline with layers 

for data collection, preprocessing, model creation, 

evaluation, and deployment. At first, raw datasets on 

student mental health are cleaned, encoded, 

resampled using SMOTE, and their features are 

optimized using RFECV and RFE. To find the best 

model, several machine learning [26] and ensemble 

classifiers are learned and then compared. The 

finished hybrid ensemble is put together with XAI 

features and used through a Flask-based web 

interface to predict depression risks in real time and 

let users interact with it. 

a) Dataset Collection: 

The Depression Student Dataset, which we got from 

the Kaggle repository, has 502 records of college 

students with 10–18 demographic, academic, 

behavioral, and psychological characteristics, as 

shown in Fig. 2. There is a binary depression label 

(252 positive, 250 negative) that takes into account 

gender, age, academic pressure, sleep duration, 

financial stress, suicidal thoughts, and family 

background. Its structured survey style and nearly 

even class distribution make it a good choice for 

supervised depression prediction and comparing 

models. 

 
Fig.2 Depression Student Dataset 

The Mental Health Dataset comes from a scientific 

data repository that has been reviewed by other 

scientists. It has 672 survey answers with 55 

psychometric and sociodemographic attributes, as 

seen in Fig. 3. There are DASS-based depression 

signs, sleep-quality measures, lifestyle factors, and 

demographic information as variables. There are 

also two types of depression labels: 262 positive and 

410 negative. Its multidimensional structure and 

modest class imbalance make it possible to do full 

psychological modeling and reliable testing of 

advanced grouping and classification methods. 

 
Fig.3 Mental Health Dataset 

b) Pre-Processing: 

To improve the quality of the data, make sure that 

the analysis is consistent, and make sure that 

features are relevant, a structured data preprocessing 

system was put in place. These steps set up a solid 

base for accurate classification and depression 

recognition that can be used in many situations. 

1. Data Preprocessing: Both the Depression Student 

Dataset and the Mental Health Dataset went through 

a lot of data preparation to make sure that the 

structure was consistent and the data was reliable for 



IJDIM, 2026, 5 (2(1)), 115-125 | 118 International Journal of Data Science and IoT Management System 

       International Journal of 

                        DATA SCIENCE AND IOT MANAGEMENT SYSTEM 

                      Peer Reviewed, Referred & Indexed Journal 

                              ISSN: 3068-272X                                          www.ijdim.com                                          Original Research Paper 

 

analysis. Missing values and duplicate records were 

found and deleted in a planned way to stop unfair 

learning and extraneous effects on model 

parameters. Standardizing attribute formats ensures 

that all demographic, behavioral, and psychometric 

traits are shown in the same way. These 

improvements made the data more reliable, cut 

down on noise, and set a solid base for feature tuning 

and classification steps that came later. 

2. Label Encoding: In order to make both types of 

data work with machine learning algorithms, 

categorical attributes were turned into numerical 

ones. This change kept the semantic differences 

between categories while turning qualitative 

answers into structured numerical inputs. Encoding 

made sure that psychometric answers, lifestyle 

indicators, and demographic factors could be 

processed correctly in statistical and optimization-

based models. By allowing mathematical processes 

and distance calculations, label encoding made 

computing much faster and easier while also making 

pattern extraction more accurate. 

3. Resampling the Data: To fix the class imbalance 

seen in the datasets, a synthetic oversampling 

technique was used to make sure that minority 

classes were better represented. Based on 

similarities in the feature space, artificial samples 

were made to even out the distributions of the classes 

without just duplicating the data. This method 

lessened the impact of biased decision boundaries 

and made it easier to spot cases of sadness. Balanced 

data helped with better recall, fewer wrong 

classifications of vulnerable students, and better 

model robustness and generalization across different 

population groups. 

4. Feature Elimination: A recursive elimination 

approach and stratified cross-validation were used 

for feature selection to find the most discriminative 

predictors. Iteratively, irrelevant and redundant 

traits were taken away based on how much they 

helped with performance. This left a smaller but 

more useful set of features. For the Mental Health 

Dataset, the most important characteristics were 

tweaked even more to make the dataset more 

dimensional. By focusing on statistically significant 

factors, this process made computations faster, 

reduced the risk of overfitting, made the data easier 

to understand, and increased the accuracy of 

classification. 

5. Data Visualization: Exploratory and statistical 

visualization methods were used to look at the 

relationships between attributes, the significance of 

features, and the distribution of classes. Analysis of 

variance scores measured how well each predictor 

could tell the difference between groups, and 

correlation matrices showed how factors were 

connected. Distributional plots showed that the 

resampling methods worked. These visual insights 

helped with choosing the right model, made things 

easier to understand, and gave real-world evidence 

for feature optimization and ensemble building in 

the depression detection framework. 

c) Training and Testing: 

An 80:20 split ratio was used to separate both 

datasets into training and testing groups so that 

model development and validation could be done in 

a planned way. The training subset was used to learn 

model parameters and set decision boundaries. The 

testing subset, on the other hand, was only used for 

evaluating performance on its own. This structured 

partitioning reduces overfitting, stops data leaks, and 

lets an objective evaluation of generalization ability 

across student records that haven't been seen. 

d) Algorithms: 

Random Forest makes predictions more accurate by 

using bootstrapped samples to build multiple 

decision trees and then adding up the results of these 

trees through majority vote. This ensemble method 

lowers the variation, stops overfitting, and makes 

generalization better. Its ability to describe 

interactions that don't follow a straight line helps 

with accurate depression classification [27]. 

𝐺𝑖𝑛𝑖 = 1 − ∑(𝑃𝑖)2

𝐶

𝑖=1

        (1) 

Through sequential learning, where each weak 

learner fixes mistakes made in earlier rounds, 

Gradient Boosting makes accuracy better. It 

improves decision boundaries and lowers bias by 

minimizing loss functions over and over again. This 

method for boosting improves the ability to tell the 

difference between things and the accuracy of 

predictions. 

By dividing the feature space over and over again 

into homogeneous groups, Decision Tree makes 

classification easy to understand. Its hierarchical 

layout shows how relationships and interactions 

don't work in a straight line. Even though it's pretty 

simple, it provides analytical clarity and can be used 

as a benchmark for success. 
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𝐼 (𝑖) = 1 − ∑ 𝑝𝑖
2

𝑘

𝑖=1

               (2) 

Gaussian Naïve Bayes uses probabilistic thinking 

with the idea of conditional independence. It uses 

Gaussian functions to model feature distributions 

and figures out posterior probabilities for 

classification [28]. It can be used as a lightweight 

baseline learner because it is fast on computers and 

stable in adaptation. 

A logistic function is used to estimate the chances of 

each class in logistic regression, which describes 

decisions that have clear boundaries. Parameter 

optimization makes steady convergence and feature 

contributions that can be understood possible. It 

offers dependable baseline performance and works 

well with ensemble frameworks. 

𝑃(𝑦 = 1 |𝑋) =
1

1 + 𝑒−(𝑊𝑇𝑥+𝑏)
          (3) 

Randomized split selection during tree building in 

Extra Trees makes the system more robust. It lowers 

variance and improves generalization by making 

trees more diverse and adding their results together. 

This method catches complex patterns quickly and 

easily while keeping the ability to handle large 

amounts of data. 

Support Vector Machine creates the best dividing 

hyperplanes by making the space between classes as 

big as possible. Modeling nonlinear relationships in 

spaces with more dimensions is possible with kernel 

changes. Its margin-based optimization makes it 

better at generalization and less likely to overfit 

high-dimensional data [29]. 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 
1

2
 ||𝑊||2 + 𝐶 ∑ 𝜉𝑖

𝑛

𝑖=1

        (4) 

Regularized gradient boosting is done by XGBoost 

with sequential tree building and shrinkage control. 

Structured optimization and complexity costs make 

predictions more accurate while keeping them from 

fitting too well. Its effective learning approach 

makes it possible to classify depression in a way that 

is scalable and accurate. 

𝑦̂𝑖 = 𝜎 (∑ 𝑓𝑘(𝑥𝑖)

𝐾

𝑘=1

) , 𝑓𝑘 ∈ 𝐹         (5) 

A leaf-wise tree growth method with depth 

constraints is used by LGBM to speed up 

convergence and improve accuracy. The processing 

load is lower with histogram-based learning. This 

system handles features with a lot of dimensions 

well, makes it easier to scale, and has good 

generalization performance. 

CatBoost improves the accuracy of classification by 

using ordered boosting and more advanced category 

handling. It makes the model more stable and less 

likely to overfit by reducing forecast shift and 

gradient bias. Its structured learning mechanism 

helps it work consistently even when the features are 

spread out in different ways. 

SGD uses incremental gradient updates to find the 

best model parameters over and over again. This 

method makes it possible to use less computing 

power and make the feature areas bigger. Its 

regularized optimization helps keep the trade-offs 

between bias and variance in check and keeps the 

accuracy of its predictions stable. 

LASSO uses L1 regularization to make sure that 

model values are sparse. It does integrated feature 

selection and lessens overfitting by shrinking less 

important features toward zero. This makes it easier 

to understand and makes it easier to generalize. 

MLP learns complex feature representations by 

using nonlinear activation functions and hidden 

layers that are linked to each other. Iteratively, 

backpropagation-based tuning makes network 

weights better. Its deep architecture records complex 

patterns of behavior, which makes it more accurate 

at classifying [30] and flexible. 

𝑦̂ = 𝑓(𝑊𝐿𝑓(𝑊𝐿−1 ∙ ∙ ∙ 𝑓(𝑊1𝑋 + 𝑏1) + 𝑏(𝐿−1))

+ 𝑏𝐿)            (6) 

Through hierarchical aggregation, the three-stage 

group brings together different base learners. As the 

process goes through steps, the initial predictions get 

better and better until they reach meta-level fusion. 

This organized integration makes complementary 

learning better, lowers model bias, and makes the 

system more robust overall. 

This mixed group uses a mix of linear, probabilistic, 

and neural learners along with a collection of voting 

choices. Normalized feature scaling makes sure that 

each model makes an equal input. Through different 

types of learning, consensus-based prediction lowers 

variance and improves classification stability. 

The stacking structure takes the outputs of base 

learners and feeds them into a meta-level classifier. 

This stacked learning method improves the ability to 

tell the difference between things and makes 

predictions more accurate. By using the benefits of 

complementary modeling, hierarchical integration 

makes generalization stronger. 
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This boosting-based ensemble takes results from 

more advanced gradient boosting models and adds 

them together to make the consensus more accurate. 

Scaling and choosing features makes data more 

consistent and useful. The diversified boosting 

integration makes the model more stable, lowers its 

volatility, and makes it more accurate at making 

predictions. 

e) Integration of XAI & Flask Framework: 

Adding explainable artificial intelligence (XAI) to 

the framework for finding depression makes it more 

open and trustworthy by letting users understand 

model results both locally and globally. A model-

agnostic method is used to make instance-level 

explanations by figuring out the most important 

factors that affect each guess. This gives a clear 

picture of why decisions are made. Overall feature 

importance and behavior across multiple samples 

are summed up in complementary global 

explanations. This helps us get a full picture of 

model thinking and reliability in sensitive mental 

health applications. 

For easy use, the explainability module is combined 

with a Flask-based structure that allows safe, real-

time communication. The interface lets people fill 

out surveys, get predictions, and see details that are 

easy to understand all at the same time. This 

seamless integration makes it easier to use in real 

life, giving stakeholders access to accurate 

predictions along with useful explanations. This 

boosts trust, responsibility, and the use of intelligent 

mental health screening systems. 

4. EXPERIMENTAL RESULTS 

Accuracy: How well a test can tell the difference 

between sick and healthy people is called its 

accuracy. To get an idea of how accurate a test is, we 

should figure out what percentage of cases are true 

positives and true negatives. In terms of math, this 

can be written as 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP + TN

TP + FP + TN + FN
(7) 

Precision: Precision is the percentage of correctly 

classified cases or samples compared to those that 

were correctly classified as positives. So, here is the 

method to figure out the precision: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
True Positive

True Positive + False Positive
         (8) 

Recall: In machine learning, recall is a metric that 

shows how well a model can find all the important 

instances of a certain class. It shows how well a 

model captures instances of a certain class. It is 

calculated by dividing the number of correctly 

predicted positive observations by the total number 

of real positives. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP +  FN
           (9) 

F1-Score: The F1 score is a way to rate the 

correctness of a machine learning model. It takes a 

model's accuracy and recall scores and adds them 

together. The accuracy metric counts how many 

times, across the whole dataset, a model made a 

correct guess. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑅𝑒𝑐𝑎𝑙𝑙 X 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
∗ 100     (10) 

AUC-ROC Curve: The AUC-ROC Curve shows 

how well a classification problem is solved at 

different benchmark levels. The True Positive Rate 

is plotted against the False Positive Rate by ROC. 

AUC measures how well the model can tell the 

difference between classes; a higher AUC means the 

model works better. 

𝐴𝑈𝐶 = ∑(𝐹𝑃𝑅𝑖+1 − 𝐹𝑃𝑅𝑖) ∙
𝑇𝑃𝑅𝑖+1 + 𝑇𝑃𝑅𝑖

2

𝑛−1

𝑖=1

          (11) 

Cohen Kappa: A statistical test called Cohen's Kappa (º) 

is used to find out how much two raters (or judges, 

viewers, etc.) agree on how to group things into categories. 

It works really well when choices are arbitrary and the 

categories are nominal, which means they don't naturally 

fit in a certain order. 

𝐾𝑎𝑝𝑝𝑎(𝑘) =
𝑃𝑜 − 𝑃𝑒

1 − 𝑃𝑒
              (12) 

Table.1 Performance Evaluation - Depression 

Student Dataset 

ML 

Model 

Accur

acy 

Precisi

on 

Rec

all 

F1-

Sco

re 

RO

C-

AU

C 

RF 0.842 0.842 0.84

2 

0.84

2 

0.96

0 

GB 0.901 0.901 0.90

1 

0.90

1 

0.97

6 

DT 0.842 0.841 0.84

2 

0.84

1 

0.83

6 

NB 0.950 0.951 0.95

0 

0.95

0 

0.99

1 

LR 0.941 0.941 0.94

1 

0.94

0 

0.99

2 

ETs 0.871 0.872 0.87

1 

0.87

1 

0.95

7 

SVM 0.931 0.931 0.93

1 

0.93

1 

0.98

8 
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XGB 0.901 0.901 0.90

1 

0.90

1 

0.97

8 

LGB

M 

0.891 0.891 0.89

1 

0.89

1 

0.97

4 

CatBo

ost 

0.881 0.881 0.88

1 

0.88

1 

0.96

9 

SGD 0.941 0.941 0.94

1 

0.94

1 

0.99

0 

LASS

O 

0.950 0.952 0.95

0 

0.95

0 

0.99

0 

MLP 0.911 0.923 0.91

1 

0.90

9 

0.99

2 

Propos

ed 

0.931 0.934 0.93

1 

0.93

0 

0.96

3 

Voting 

Classif

ier 

0.980 0.981 0.98

0 

0.98

0 

0.99

7 

Stacki

ng 

Classif

ier 

0.980 0.981 0.98

0 

0.98

0 

0.99

7 

The results shown in Table.1 show that the Stacking 

Classifier performs better overall than other models. 

It gets the most consistent results across all 

evaluation measures and shows strong 

generalization ability for depression detection. 

Table.2 Performance Evaluation - Mental Health 

Dataset 

ML 

Model 

Accur

acy 

Precisi

on 

Rec

all 

F1-

Sco

re 

RO

C-

AU

C 

RF 0.982 0.982 0.98

2 

0.98

2 

0.99

2 

GB 0.982 0.982 0.98

2 

0.98

2 

0.99

5 

DT 0.970 0.970 0.97

0 

0.97

0 

0.98

2 

NB 0.866 0.867 0.86

6 

0.86

6 

0.92

4 

LR 0.738 0.738 0.73

8 

0.73

8 

0.78

9 

ETs 0.982 0.982 0.98

2 

0.98

2 

0.97

9 

SVM 0.738 0.738 0.73

8 

0.73

8 

0.78

7 

XGB 0.982 0.982 0.98

2 

0.98

2 

0.99

6 

LGB

M 

0.982 0.982 0.98

2 

0.98

2 

0.99

3 

CatBo

ost 

0.982 0.982 0.98

2 

0.98

2 

0.99

4 

SGD 0.744 0.745 0.74

4 

0.74

3 

0.78

1 

LASS

O 

0.738 0.738 0.73

8 

0.73

8 

0.78

9 

MLP 0.970 0.970 0.97

0 

0.97

0 

0.98

2 

Propos

ed 

0.970 0.970 0.97

0 

0.97

0 

0.98

7 

Voting  

Classif

ier 

0.993 0.993 0.99

3 

0.99

3 

0.99

9 

Table.2 shows that the Voting Classifier has the best 

total performance of all the models that were tested. 

It has better predictive stability and a strong ability 

to generalize for tasks that involve classifying 

mental health risks. 

 
Fig.4 Comparison Graph – Depression Student 

Dataset 

As shown in Fig.4, the comparison graph shows that 

the Stacking Classifier performs better than the 

others. It constantly gets higher scores for accuracy, 

precision, recall, F1-Score, and ROC-AUC, which 

highlights how reliable and well it classifies things. 
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Fig.5 Comparison Graph – Mental Health Dataset 

Figure 5 shows a comparison graph that shows how 

well the Voting Classifier did compared to the 

others. It consistently had high values for accuracy, 

precision, recall, F1-Score, and ROC-AUC, which 

shows how strong it is and how well it can tell the 

difference between mental health risks. 

 

Fig.6 Enter the Input Data 

Figure 6 shows the DDNet Depression Prediction 

interface. It has a structured input panel where 

users can enter information about their 

demographics, academics, lifestyle, and mental 

health. This helps the system make accurate and 

personalized estimates about their risk of 

depression. 

 

Fig.7 Prediction Result 

The DDNet output interface shows a Low-Risk 

depression result in Fig.7, along with model 

confidence, positive outlook advice, and suggestions 

for ongoing mental health tracking. This gives users 

clear and actionable predictive insights. 

 

Fig.8 Enter the Input Data 

Figure 8 shows that the DDNet input interface has 

an easy-to-use panel for entering grouped 

information, such as demographic, academic, 

lifestyle, and mental health indicators. This makes it 

easier to get correct data for assessing the risk of 

depression. 
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Fig.9 Prediction Result 

The DDNet output interface shows a high-risk 

depression result in Fig.9, showing strong model 

confidence, highlighting key risk indicators, and 

making clear suggestions for next steps and 

professional mental health advice. 

5. CONCLUSION 

The DDNet framework that was created is very good 

at finding patterns of sadness in college students by 

using strong hybrid and ensemble learning methods. 

Full preprocessing, feature optimization, and class 

balance made it much easier to tell the difference 

between the two sets of data. Using the student 

sadness dataset for experiments confirmed that 

ensemble-based Voting and Stacking classifiers 

worked the best, getting 98.0% accuracy and doing 

better than individual classifiers like Random 

Forest, SVM, and MLP. This shows why putting 

together different kinds of students can help with 

generalization and steadiness. The Voting Classifier 

did very well on the mental health survey dataset, 

with an accuracy of 99.3%. It also had consistently 

high precision, recall, F1-score, and ROC-AUC 

values, showing that it could reliably classify even 

complicated, high-dimensional data. When 

explainable AI methods like SHAP and LIME were 

used together, it became easier to see how each 

feature contributed, which increased trust and made 

the predictions easier to understand. Also, using 

trained models with a Flask-based interface made it 

possible to predict sadness in real time based on 

inputs from users, proving that it was useful. 

Overall, the results show that using hybrid ensemble 

learning along with explainability and deployable 

interfaces makes depression identification accurate, 

reliable, and easy to understand in school settings. 

In the future, improvements could include adding 

longitudinal and real-time behavioral data to the 

framework. This would allow for constant tracking 

of student mental health trends. Passive data 

collection and early danger alerts may be made 

easier by integrating with mobile and wearable 

platforms. Adapting to different languages and 

cultures can help make things more generalizable 

across a wide range of academic groups. Adding 

adaptive learning methods could make it possible for 

models to be improved on the fly as new data comes 

in. Closer integration with university counseling 

systems may also make it easier to provide timely 

help, make personalized support suggestions, and 

make mental health policies based on data in higher 

education settings. 
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