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ABSTRACT 
Stream choice is an important decision in a student's academic life, as it has a significant impact on future 
career prospects and educational trajectory. Making the correct stream choice based on a student's 
interests, strengths, and career goals can result in better academic performance, increased participation, 
and long-term fulfillment. On the other hand, an incorrect stream choice can lead to frustration, 
underachievement, and course correction later. Due to its influence on resource investment, personal 
development, and employability, choice of streams is instrumental in determining a student's future 
career. Choosing a stream is crucial for their future job planning and further education. Students often 
choose a stream on their own. Students' academic achievement and the social and economic advancement 
of a country are closely related. High academic performance is necessary to generate graduates of high 
caliber. The objective of this research is to investigate and determine the salient factors governing 
students' stream choice at undergraduate program. By employing artificial intelligence and data analytics 
methodologies, the study hopes to discover patterns and predictors that influence students' stream choice, 
and hence contribute insights towards more effective, personalized, and informed academic and career 
guidance. This research proposed a hybrid forecasting model based on a Modified Grey Wolf Optimizer 
(GWO) for identifying features and a stacking ensemble approach for stream forecast is superior than 
either alone due to increased interpretability and predictive accuracy. The proposed Stacked Model still 
performs well with 97.31% accuracy, MCC of 0.933, and F1 score of 0.972. The test result analysis after 
Feature Selection. 
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1. Introduction 
The word "career" has developed into a topic of 
interest for specialists. Stream selection is 
defined by a variety of cycles, tactics, or 
administrations meant to strengthen a person's 
dynamic abilities to design and handle their 
professional progression as well as to assist 
them comprehend and seek information about 
favorable conditions in job, education, and 
leisure [1]. Education is a central part of 
individual and societal progress, providing a 
basis for personal development, skill attainment, 
and career progression. Among the key choices 
students make throughout their academic lives 
is the choice of their education stream, which 
has a critical bearing on their future careers. 
Whether opting for science, commerce, arts, or 
vocational courses, this choice is determined by 
a myriad of factors, varying from individual 
interests to parental advice, peer pressure, and 
socio-economic status [2]. Over the past few 
years, the introduction of artificial intelligence 
(AI) has transformed several industries, 
including education. Using AI to unlock 
insights into drivers of student stream choice is 
an opportunity for educators, policymakers, and 

parents to comprehend better the needs and 
motivations of students. AI-based analytics are 
capable of revealing underlying trends, giving 
predictive insights, and providing 
individualized recommendations, 
revolutionizing educational decision-making. 
 
This research will investigate the determinants 
of students' stream choice based on AI-based 
insights. Through data from a wide range of 
sources, including educational performance, 
individual interests, demographic, and social 
factors, the research hopes to determine the 
most influential determinants of student 
decisions. The results will give stakeholders 
practical insights to create more effective 
educational policies, provide adaptive career 
guidance, and improve student support systems. 
The present transformation of several industries, 
especially education, has been significantly 
influenced by AI and ML. The diagram shows 
highlights various factors that influence 
students' learning experiences.  
 Effective Peer Mentoring: Peer 

mentoring improves students' learning 
experiences. It helps to build a 
collaborative learning environment for 
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students and guides. It is often more 
relatable and approachable than faculty. 
which provides academic assistance, 
emotional support, and guidance on 
navigating university life. This fosters a 
sense of belonging and academic 
motivation [3]. 

 Providing Knowledge of Program 
Attributes: A basic understanding of the 
specific program such as structure, 
curriculum, objectives, and outcomes 
empowers students to make informed 
decisions and engage with their studies 
effectively. Clear communication about 
program attributes helps students align 
their academic and career goals with the 
available resources and opportunities [4]. 

 Encouraging an International Learning 
Environment: Exposure to an 
international learning environment 
encourages cross-cultural interactions and 
broadens perspectives. This kind of 
environment allows students to learn from 
diverse viewpoints. The role of critical 
thinking and fostering a global outlook. 
International students and exchange 
programs contribute to a more inclusive 
and dynamic academic community [5]. 

 Encouraging Social Integration: Social 
integration within the academic 
environment is vital for student retention 
and success. The activities and 
opportunities that encourage students to 
engage in social institutions to support the 
community. This fosters emotional well-
being reduces feelings of isolation and 
enhances student engagement [6].  

 
Figure 1: Overview of factors Factors 

influencing students' learning experiences 
Educational psychologists have long been 
interested in learning the causes of individual 
variances in academic success [7]. 
Understanding the variables that affect 
academic performance has significant effects 
on education and learning. For example, a lot of 

instructors are curious to know ahead of time 
who will perform well and who won't in 
academic programs [8]. India has seen a sharp 
rise in the number of students enrolling in post-
secondary education since the turn of the 
twenty-first century [9]. The government's 
involvement is among the primary causes of 
this. The Right to Education Act of 2009 
mandated free and mandatory primary 
education. Early and accessible identification of 
kids who are talented in certain subjects is one 
of the issues with personalized programs, which 
modify curriculum and teaching strategies to 
accommodate students with varying cognitive 
capacities [10]. The study suggests stream 
mining-based models that can identify math-
talented pupils based only on how they engage 
with the m-learning system through educational 
computer games, without access to any other 
data other than the student's age. Our research's 
ultimate goal is to accurately forecast how well 
students would succeed.  
2. Literature Review: 
The body of research on applying machine 
learning (ML) to various predictive tasks 
demonstrates its potential and challenges across 
different domains. Song et al. (2024) enhanced 
the accuracy of career choice predictions by 
using ML to improve traditional interest 
inventory methods, achieving higher accuracy 
but underpredicting low base rate job categories. 
Pelima et al. (2024) conducted a systematic 
literature review on predicting university 
student graduation using ML, highlighting its 
benefits but also noting gaps in existing reviews, 
such as limited coverage of ML algorithms and 
data transparency. Shoaib et al. (2024) explored 
the use of AI and learning analytics (LA) to 
support career decisions, finding that AI-
enhanced tools provide significant benefits but 
also face challenges like the need for 
personalization and contextual information. 
Tan et al. (2024) identified key factors 
influencing students' science-related career 
expectations through a random forest analysis 
of PISA data, suggesting these factors are 
generally malleable but may vary in importance 
across different regions. Faizan et al. (2024) 
introduced a secure framework for predicting 
college graduates' employment trajectories 
using ML and homomorphic encryption, 
balancing privacy concerns with prediction 
accuracy, though at the cost of computational 
complexity. Collectively, these studies 
illustrate the promise of ML in enhancing 
predictive accuracy and decision support in 
educational and career contexts, while also 
acknowledging the importance of addressing 
limitations such as algorithm transparency, 
contextual adaptability, and data security. 
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model 
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[15] 
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Motivation: The following are problems with 
traditional stream selection techniques: 

o Although a number of tactics have 
been put out to enhance the 
performance of stream selection 
systems, they are not very precise. 

o The accuracy of career advising 
systems has already been increased 
through the application of AI-based 
techniques. 

o For the stream selection system, 
methods based on the systems were 
suggested. Errors were evaluated. 
Although the method was more 
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effective and aggressive, it had low 
precision. 

Research Problem: AI-based techniques have 
significantly improved the accuracy of career 
advising systems. The traditional stream 
selection methods still suffer from low 
precision despite being more aggressive and 
effective. The inconsistency in results and the 
high error rate undermine the credibility of 
stream selection systems. which leads to 
suboptimal career choices for students. Existing 
techniques have yet to fully address the 
complexity and individuality of students' 
academic strengths, interests, and career 
aspirations. AI improves stream choice by 
processing large volumes of student 
information, such as academic achievement, 
individual interests, learning patterns, and 
socio-economic status. Machine learning 
algorithms can spot patterns and relationships 
that are not necessarily apparent, giving a data-
driven insight into what factors have the 
greatest impact on a student's decision. 
Predictive models can also predict the chances 
of success in a selected stream using past data, 
enabling students to make better choices. 
Natural language processing (NLP) 
methodologies allow AI systems to read student 
feedback, web interactions, and even career 
counseling session responses. This allows 
personalized recommendations to be generated 
based on individual students.  

1. Research Objectives: 
To identify and analyze the factors 
influencing students' stream selection 
using AI-driven insights. 
To identify the most relevant features 
influencing stream selection using 
optimization techniques. 
To develop predictive models that can 
forecast students' stream preferences 
based on historical data. 

Research Methodology 
Data Collection: The dataset contains various 
sections related to students' academic and 
personal backgrounds along with questions that 
address their performance, motivation, and 
influence on their academic choices. The data 
collection is performed by detailed surveys 
conducted with the alumni. Table 2 provide 
detail questionnaires for survey.  
Table 2: The questionnaire in a tabular format, 
with sections, questions, and available options: 

Section Question Options 

Demographic 
Information 

Name 
(Optional) 

Free response 

 Age Free response 

 Gender 
Male / Female 
/ Other 

Section Question Options 

 City Free response 

 District Free response 

 State Free response 

 
Area of 
Residence 

Urban / Rural 
/ Suburban 

 
Education 
Level 

Free response 

 
Educational 
Qualification 
of Father 

Free response 

 
Educational 
Qualification 
of Mother 

Free response 

Parental 
Influence 

To what extent 
do you feel 
your parents 
have 
expectations 
regarding your 
career choice? 

Very much / 
Somewhat / 
Not at all 

 

In what ways 
have your 
parents 
communicated 
their 
expectations 
about your 
career? 

Verbal 
encouragemen
t / Restrictions 
/ Financial 
support for 
certain careers 
/ Other 

 

How do your 
parents' 
expectations 
influence your 
career 
decision-
making 
process? 

Strongly / 
Somewhat / 
Not at all 

 

Do you feel 
pressured to 
choose a 
specific career 
path based on 
your parents' 
expectations? 

Yes / No / 
Sometimes 

 

In your 
opinion, how 
well do your 
parents 
understand 
your career 
interests and 
aspirations? 

Very well / 
Somewhat / 
Not at all 

 

Have you had 
open 
discussions 
with your 

Yes / No 
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Section Question Options 

parents about 
your career 
aspirations and 
how they align 
or differ? 

Peer 
Influence 

How 
important are 
your peer 
relationships 
in your life, 
especially 
when it comes 
to making 
career 
decisions? 

Very 
important / 
Somewhat 
important / 
Not important 

 

Do you 
discuss your 
career 
aspirations and 
decisions with 
your peers? 

Yes / No 

 

In what ways 
do your peers 
influence your 
career 
decision-
making 
process? 

Advice / Role 
modeling / 
Peer pressure / 
No influence / 
Other 

 

To what extent 
do you feel 
you have the 
autonomy to 
make your 
own career 
decisions 
independently 
of peers? 

Completely 
autonomous / 
Partially 
autonomous / 
Not 
autonomous 

Academic 
Performance 

Marks in 
Hindi 

Free response 

 
Marks in 
English 

Free response 

 
Marks in 
Mathematics 

Free response 

 
Marks in 
Science 

Free response 

 
Marks in 
Social Science 

Free response 

 
Total Marks 
Obtained 

Free response 

 
Total Marks 
Out Of 

Free response 

 

How would 
you describe 
your overall 
academic 

Excellent / 
Good / 
Average / 

Section Question Options 

performance 
to date? 

Below 
Average 

 

To what extent 
do you think 
your past 
academic 
performance 
has influenced 
your career 
aspirations and 
choices? 

Significantly / 
Moderately / 
Not at all 

Career 
Decision-
Making 

How do you 
typically make 
career 
decisions? 

Independently 
/ With 
parental 
guidance / 
With peer 
input / Other 

 

Have you 
identified your 
long-term 
career goals? 

Yes / No / 
Still 
considering 

 

What factors 
are most 
important to 
you in making 
career 
decisions? 

Salary / 
Passion/Intere
st / Work-life 
balance / Job 
security / 
Parental 
expectations / 
Other 

 

Do you have a 
plan for post-
graduation or 
after 
completing 
your current 
education 
level? 

Yes / No / In 
progress 

 

Have your 
academic 
achievements 
influenced 
your choice of 
career field or 
industry? 

Yes / No / 
Somewhat 

 

Do you 
believe that a 
strong 
academic 
background is 
crucial for 
success in 
your career? 

Yes / No / Not 
sure 

 

Have you 
utilized 
academic 
resources (e.g., 
career 

Yes / No / 
Sometimes 
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Section Question Options 

counseling, 
academic 
advisors) to 
align career 
goals? 

Skills and 
Socioeconomi
c Status 

Please rate 
your 
proficiency in 
Communicatio
n skills on a 
scale from 1 to 
5 

1 / 2 / 3 / 4 / 5 

 

Please rate the 
importance of 
scholarships 
on a scale 
from 1 to 5 

1 / 2 / 3 / 4 / 5 

 

Please rate 
your 
Socioeconomi
c Status on a 
scale from 1 to 
5 

1 / 2 / 3 / 4 / 5 

Stream 
Selection 

Mention your 
selected 
stream 

Science / 
Commerce / 
Arts / 
Vocational / 
Other 

Proposed Model: The proposed methodology 
shown in the figure 9 outlines a structured 
approach to develop a machine learning model. 
The implementation of this model is carried out 
in following steps:  
1. Dataset Acquisition: The process starts with 
obtaining the dataset (Step 1). The dataset 
contains the raw data that will be used for 
analysis and model building. It is essential to 
ensure the dataset is relevant to the problem and 
that it contains enough features and 
observations for model training. The data set is 
collected by survey. 
2. Data Analysis:  
3. The boxplot in the provided figure 2 
visualizes the age distribution of students across 
three academic streams: Commerce, Science, 
and Engineering. The Commerce stream 
median age for Commerce students is 
approximately 19 years. The age range between 
the 25th and 75th percentile (IQR) appears to be 
between 18 to 20 years. The age distribution 
spans from around 17 to 23 years. There is a 
clear outlier at age 24, indicating that a small 
number of students in Commerce are older than 
their peers. The Science median age for Science 
students is also around 19 years. The IQR for 
Science students is slightly smaller, ranging 
between 18.5 to 20 years. The ages span from 

about 17.5 to 23 years. There are no significant 
outliers for Science, indicating a more 
consistent age distribution within this group. 
The Engineering students tend to be slightly 
older. Their median age of approximately 21 
years.The IQR for Engineering is much 
narrower, from 20.5 to 21.5 years. The overall 
range spans from approximately 19.5 to 21.5 
years. There are outliers at ages 18 and 19, 
indicating that a few Engineering students are 
younger than the majority of their peers. 

 
Figure 2: Age Distribution by selected_stream 
The histogram shown in figure 3 with a 
distribution curve illustrates the count of 
students by age across various academic 
streams. The highest concentration of students 
falls within the age range of 17 to 20 years. A 
significant peak at age 18. where the count 
surpasses 250 students. The distribution shows 
a gradual decline in the number of students as 
age increases with age 19 having the second-
highest count. Fewer students are observed in 
the 21 to 24 age range. this shows that most 
students in the selected streams are relatively 
young. The distribution also suggests a typical 
academic progression, where students transition 
through their education at a conventional pace 
with fewer older students either due to delayed 
entry or extended academic paths. The smooth 
curve overlay indicates that the distribution is 
skewed towards younger ages with a tail 
extending into older ages. 

 
Figure 3: Age Distribution with target variable 
Figure 4 shows the disparities between rural and 
urban students in terms of counseling influence, 
academic performance, and placement 
outcomes. Urban male students  have a 
significant advantage in terms of access to 
counseling, resources, and placement 
opportunities. On the rural female students are 
underrepresented, highlighting the need for 
targeted interventions to improve academic 
support, counseling services, and placement 
opportunities in rural settings. Addressing these 
disparities could help achieve more equitable 
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educational and career outcomes across 
different regions and genders. 

 
Figure 4: Counselling influence, Academic 

Performance, Assessment Fairness Vs 
Placement  

The figure 5 shows the data reflects that 
parental expectations are generally high for 
both genders with the highest representation in 
the "High" and "Very High" categories. Males 
appear to experience slightly higher parental 
expectations across all categories especially in 
the "Very High" range. This suggests that 
parents may place more intense pressure on 
males regarding career and academic choices. A 
significant number of females also report high 
expectations underscore the influence of 
parental expectations across both genders in 
shaping educational and career decisions. This 
gendered difference in the levels of parental 
expectations may lead to varying impacts on 
academic performance. The mental well-being, 
and career decisions, with males potentially 
facing higher levels of pressure to meet parental 
standards. Interventions aimed at balancing 
these expectations and providing guidance can 
help students manage the pressure in a healthy 
and productive way ensuring that their career 
and educational choices align with their own 
aspirations and well-being. 

 
Figure 5: Parents expectation distribution by 

gender 
The violin plot, figure 6  illustrates that English 
marks are fairly similar between the two age 
groups. Both the groups showed a concentration 
of scores in the 70-90 range. The younger age 
group (0-20) exhibits greater variability, with a 
few students scoring exceptionally low. while 
the older age group (21-40) demonstrates a 
more uniform performance. This may reflect 
differences in educational experiences, exam 
preparation, or external factors influencing 
academic performance across different age 
cohorts. The data suggests that targeted 
interventions may be necessary to support 

underperforming students particularly in the 
younger age group where there is greater 
variation in performance. 

 
Figure 6: violin plot marks of English by age 

group 
Figure 7 represents the responses of students 
who have selected Commerce as their stream. 
Analyzing how much their academic 
achievements have influenced their career field 
or industry choice. The x-axis shows the 
influence levels ("Yes," "Partially," and "No"), 
and the y-axis indicates the count of students. A 
significant portion of Commerce students 
indicated that their academic achievements 
fully influenced their career field or industry 
choice. This is the largest group, showing that 
many students attribute their career decisions to 
their academic performance.  A substantial 
number of students also indicated that their 
academic achievements partially influenced 
their career choice. This suggests that while 
academics played a role, other factors, such as 
personal interests or external opportunities, may 
have contributed to their decisions. A smaller, 
yet notable portion of students reported that 
their academic achievements did not influence 
their career or industry choice. This indicates 
that some students selected a career path 
independently of their academic performance, 
possibly driven by personal aspirations, family 
expectations, or non-academic factors. 

 
Figure 7: Academic achievement influenced 

career field industry 
The correlation heatmap in Figure 8 highlights 
the relationships among various features. which 
include subject marks, communication skills, 
scholarship requirements, and socio-economic 
status. Notable patterns emerge from the 
correlations between subject marks: for 
instance, marks in Science and Maths exhibit a 



AI-Driven Insights: Understanding Factors Influencing Students' Stream Selection 

IJDDT, Volume 16 Issue 53s, 2026                                                      Page 425 

strong positive correlation (0.79), suggesting 
that students who perform well in one of these 
subjects tend to perform well in the other. 
Similar high correlations appear between Maths 
and Social Science (0.62), and Science and 
Social Science (0.67), indicating a consistent 
performance across these subjects. 

 
Figure 8: correlation feature heatmap 

3. Handling Missing Data: The third step 
focuses on addressing any missing values in the 
dataset (Step 3). Removal of incomplete data 
points are employed to ensure the dataset is 
clean and suitable for machine learning. The 
missing value analysis reveals that two key 
columns Name, and Marks of Hindi Subject. 
these columns contain a significant amount of 
missing data. The Name column has 710 
missing entries. This missing data may not be 
critical for analysis and could be dropped as not 
essential. On the other hand Marks of Hindi 
Subject has 252 missing values. Since this is a 
numerical feature. Appropriate strategies such 
as imputation using mean are employed to fill 
in the gaps. Handling these missing values is 
crucial for maintaining the integrity of the 
dataset and ensuring robust analysis.  
4. Data Encoding: The next step is encoding 
(one hot encoding) categorical features (Step 4). 
This involves converting categorical variables 
into numerical formats that machine learning 
algorithms can understand.  
5. Feature Selection: The next critical step is 
feature selection using the Modified Grey Wolf 
optimization  (M-GWO) algorithm (Step 5). 
This step helps in identifying the most relevant 
features, reducing the dimensionality of the data, 
and improving the model’s efficiency and 
performance by selecting only the key features 
that contribute to the prediction task. 
Modified Grey Wolf Optimizer (MGWO) – 
Adaptive Approach 
Table 3: Key Enhancements Over Standard 
GWO 

Enhancement Purpose 

Adaptive 'a' 
parameter 

Dynamically 
balances 
exploration and 
exploitation 

Mutation operator 
Introduces 
diversity to avoid 
local optima 

Elite preservation 

Retains best 
solution to prevent 
loss due to random 
updates 

Fitness-guided 
weighting 

Prioritizes wolves 
with higher fitness 
in position updates 

 

 

Step 1: Initialization 

  
Population size N 

  
Maximum iterations MaxIter 

  
Search space dimension D (features + 

hyperparameters) 
  

Initialize position of each wolf Xi 
randomly 
  

Evaluate fitness for each wolf using 
classification performance (e.g., 1 - 
accuracy) 

  

  

  
Step 2: Identify Alpha, Beta, Delta 
Wolves 
  

Sort all wolves by fitness 

  
Assign:  

Alpha (best solution) 

  
Beta (2nd best) 

  
Delta (3rd best) 

 

Step 3: Adaptive Coefficient Update 

  
Update the control parameter a: 
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This allows a to shrink non-linearly over 
iterations, improving exploitation. 

  

  

  
Step 4: Position Update with Adaptive 
Weights 

  
For each wolf Xi: 

  

 
  
(Similarly for beta and delta) 

  

Use adaptive weights based on fitness: 

  

  

  
Step 5: Mutation Operator (every M 
iterations) 

  
Introduce a small mutation to avoid 
premature convergence: 

  

 
  
Where ϵ is a small value (e.g., 0.01), and 
N(0,1) is Gaussian noise. 

  

  

  
Step 6: Binary Thresholding (for Feature 
Selection) 

  
Convert continuous positions to binary (for 
feature selection): 

  

  

Step 7: Evaluate Fitness 

  
Apply selected features + 

hyperparameters 
  

Train the model using k-fold cross-
validation 
  

Use metric (e.g., 1 – accuracy) as fitness 
score 

  

Step 8: Elite Preservation 

  
Keep a copy of the best solution found so 
far and reinsert it if lost in the population 
due to randomness or mutation. 

  

Step 9: Termination 

  
Repeat steps 3–8 until MaxIter is reached. 
Return the alpha wolf (best solution). 

  

Use Case Benefits 

  

Component Benefit 

Adaptive 'a' 
Better balance 
between global/local 
search 

Weighted updates 
More intelligent 
convergence toward 
elite solutions 

Mutation 
Escapes local 
optima 

Binary thresholding 
Effective for feature 
selection 

Elite retention 
Maintains best 
candidate robustness 

 Final Output 

  
Optimal feature subset (for model input) 

  
Optimal hyperparameter configuration 

  
Trained stacked ensemble model with 

higher generalization capability 
6. Train-Test Split: Once the relevant features 
are selected. the dataset is split into training and 
testing sets (Step 6). The training set is used to 
build the model. while the test set is used for 
evaluating its performance. A typical ratio is 
80:20  for training and testing. 
7. Model Selection:Various machine learning 
models are applied to the dataset (Step 7). 
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 K-Nearest Neighbors (KNN): The 
algorithm stores the entire training dataset. 
When a new data point needs to be 
classified. KNN looks at the K nearest data 
points based on a distance metric like 
Euclidean distance and assigns the most 
common class among them. 

 Support Vector Machine (SVM): The 
SVM finds the optimal hyperplane that 
maximizes the margin between different 
classes. In case the data is not linearly 
separable. It can use kernel functions to 
map data to a higher-dimensional space. 

 Decision Tree: The algorithm splits the 
dataset into smaller subsets based on 
feature values. It continues to split 
recursively until it reaches the maximum 
depth or other stopping criteria to make 
predictions. 

 Random Forest: It creates a "forest" of 
decision trees during training. Each tree is 
trained on a random subset of data 
bootstrapping and features feature bagging. 
The final prediction is made by  taking a 
majority vote for classification of the 
individual trees. 

 Multi-Layer Perceptron (MLP): MLP 
contains input, hidden, and output layers. 
Each neuron (node) in a layer is connected 
to every neuron in the next layer. The 
learning process is done through 
backpropagation. where errors are 
propagated backward through the network 
for adjusting weights. 

8. Stacked Ensemble: After individual models 
are trained. A stacked ensemble method is used 
(Step 8). This approach combines the 
predictions from multiple models to improve 
overall accuracy. The ensemble method may 
involve techniques stacking to aggregate the 
outputs of the models for a final decision. 
9. Final Prediction: The stacked ensemble 
generates a final prediction based on the 
aggregated outputs of the individual models 
(Step 9). This step aims to leverage the 
strengths of each model to make robust 
predictions. 
10. Model Evaluation: The last step is model 
evaluation (Step 10). The performance of the 
final model is evaluated using various metrics 
like: 
 Accuracy [16] : Accuracy measures the 

overall correctness of the model by 
calculating the ratio of correct predictions 
(both true positives and true negatives) to 
the total number of predictions. 

  
 

 
 Precision: Precision measures how many 

of the predicted positive instances were 
actually positive. It’s useful when the cost 
of false positives is high. 
   

  
 Recall: Recall measures how many of the 

actual positive instances were correctly 
identified by the model. It’s useful when 
the cost of false negatives is high. 
   

  
 F1 Score: The F1 Score is the harmonic 

mean of Precision and Recall, providing a 
balance between the two. It’s useful when 
you want to balance precision and recall, 
especially if you have an imbalanced 
dataset. 

 

 
Figure 9: Proposed Model 
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Proposed Stacked Ensemble Model: this is 
the first study to integrate Grey Wolf 
Optimization with a stacked ensemble learning 
framework for the specific task of predicting 
and optimizing students' stream selection based 
on multi-dimensional academic, psychometric, 
and demographic data. 
Other Algorithms Considered Before Finalizing 
GWO 

Algorithm Strength Weakness 

Genetic 
Algorithm 
(GA) 

Strong 
global 
search 

Premature 
convergence
, many 
parameters 

Particle 
Swarm 
Optimizatio
n (PSO) 

Fast 
convergence
, easy to 
implement 

Traps in 
local optima 

Ant Colony 
Optimizatio
n (ACO) 

Good for 
discrete 
problems 

Slower in 
high-dim 
spaces 

Simulated 
Annealing 
(SA) 

Good local 
search 

Sensitive to 
cooling 
schedule 

Bat 
Algorithm, 
Firefly 
Algorithm 

Inspired by 
nature, 
swarm-
based 

Not always 
stable, less 
common in 
education 
domain 

Whale 
Optimizatio
n Algorithm 
(WOA) 

Strong 
exploration 

Slower 
convergence 

While GA and PSO were tested, M-GWO 
consistently demonstrated enhanced stability, 
faster convergence, and needed fewer control 
parameters, making it more appropriate for 
real-world educational data. 
Result Analysis 

o  Analyze historical student 
performance data to identify the 
Factors contributing to the student's 
academic performance  

This Figure 10 represents the feature 
importance in a model prediction. It ranks 
various features by their contribution to the 
model's accuracy or predictive power with 
the x-axis showing the importance score 
and the y-axis listing the features used. 
Communication Skill is by far the most 
important feature in the model. This 
suggests that communication ability has a 
major impact on the predicted outcome 
(perhaps career success, academic 
performance or other dependent variables). 
Scholarship Requirement and Marks of 
English Subject are the next most 
important features. This shows that 
financial needs and English proficiency 

also play crucial roles in the model's 
predictions. Social-Economic Status is 
ranked similarly to scholarship 
requirement and English marks, 
highlighting the influence of a student's 
background on the predicted outcome. 
Lower-ranking features include career 
decisions influenced by peers, academic 
achievements influencing career decisions, 
and parents' guidance in decision-making. 
While these factors may contribute to 
career or academic outcomes, their 
influence is minimal compared to 
communication skills and marks in key 
subjects. 
o  

 
Figure 10: GWO base feature selection 

o Train and validate a predictive model 
using machine learning techniques to 
forecast future academic outcomes 
based on these factors. 

o This Figure 11 shows the Training and 
Validation Accuracy (left) and 
Training and Validation Loss (right) 
over 100 epochs of model training. 
These graphs are commonly used to 
assess the performance and 
generalization of machine learning 
models during the training process. 
The training accuracy fluctuates 
between 0.2 and 0.4 without a clear 
trend of improvement. This 
inconsistency suggests that the model 
struggles to learn effectively from the 
training data indicating potential 
issues such as overfitting or an 
inadequate learning rate. The 
validation accuracy shows significant 
volatility fluctuating wildly between 
epochs and fails to show any upward 
trend. This could indicate that the 
model is not generalizing well to the 
validation data and might be highly 
sensitive to the dataset or overfitting 
early in the training process. The 
training loss steadily decreases. which 
is a positive sign that the model is 
improving its performance on the 
training data. The continuous drop in 
loss suggests that the model is 
gradually learning to fit the training 
data better. In contrast the validation 
loss fluctuates around a higher range 
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and does not show a steady decrease. 
This suggests that the model struggles 
to generalize its learning to unseen 
data. The gap between training and 
validation loss could indicate 
overfitting, where the model performs 
well on the training set but poorly on 
the validation set. 
 

Figure 11:Traning and validation accuracy 
and loss 

We compare the training performance of 
different models in Figure 12. KNN, SVM 
(RBF kernel), Decision Tree (DT), 
Random Forest (RF), Multi-Layer 
Perceptron (MLP), and a stacked model 
(stack). KNN Achieves decent training 
accuracy of 91.10%, MCC of 0.78, and F1 
score of 0.91. This indicates that the model 
performs reasonably well during training. 
SVM (RBF) model shows strong 
performance across all metrics, with an 
accuracy of 99.16%, MCC of 0.979, and an 
F1 score of 0.991. It seems to be the best-
performing individual model. Decision 
Tree Shows a lower accuracy of 87.24% 
with an MCC of 0.68 and F1 score of 0.869, 
indicating it might be overfitting or not 
performing well in general. Random Forest 
Performs quite well with an accuracy of 
98.65%, MCC of 0.97, and F1 of 0.986. It 
is slightly behind SVM. The MLP model 
Achieves 87.75% accuracy, MCC of 0.71, 
and F1 of 0.878. While this performance is 
good, it lags behind the other models. the 
Stacked Model: The stacking ensemble 
model achieves the best training results, 
matching SVM's accuracy of 99.16%, with 
an MCC of 0.979 and F1 score of 0.991. 
The test result analysis The KNN methods 
Experience a significant drop in 
performance on the test set with an 
accuracy of only 60%, negative MCC (-
0.091), and F1 of 0.58. This suggests that 
KNN might have overfitted on the training 
data. SVM (RBF): Continues to perform 

exceptionally well, with accuracy of 
91.33%, MCC of 0.781, and F1 score of 
0.907, indicating that it generalizes well. 
The decision tree model improves in the 
test set compared to its training 
performance with accuracy of 88%, MCC 
of 0.581, and F1 of 0.87. Random Forest 
model shows a good generalization 
performance with accuracy of 88%, MCC 
of 0.549, and F1 score of 0.878. The MLP 
is performance drops noticeably on the test 
set with accuracy of 74%, MCC of 0.33, 
and F1 score of 0.736. The proposed 
Stacked Model Continues to excel with 
accuracy of 91.33%, MCC of 0.775, and F1 
score of 0.910. Training Result Analysis 
after Feature Selection. The proposed 
Stacked Model still performs well with 
97.31% accuracy, MCC of 0.933, and F1 
score of 0.972. The test result analysis after 
Feature Selection.  
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Figure 12:Proposed model result 

Provide insights into How the quantitative 
analysis of interview responses for case 
study to improve educational interventions 
and support personalized learning 
strategies. 

Qualitative Data Analysis:  
Qualitative analysis of interview responses and 
case study content using Cronbach’s Alpha and 
Testing residuals for normality and 
homoscedasticity. 
Steps to calculate Cronbach's Alpha: 

1. Calculate the variance for each item. 
2. Calculate the total variance of the 

test (i.e., the variance of the sum of 
all items). 

3. Use the formula for Cronbach’s 
Alpha: 

 
Testing residuals for normality and 
homoscedasticity is an important step in 
regression analysis to ensure that the 
assumptions underlying many statistical 
models (e.g., linear regression) are met. 

1. Normality of Residuals: 
o The residuals should be 

normally distributed for 

reliable hypothesis testing 

(especially for small sample 
sizes). This assumption can 
be tested using visual and 
statistical methods. 

2. Homoscedasticity of Residuals: 
o Homoscedasticity means that 

the residuals have constant 
variance across all levels of 
the independent variables. 
This is important because 
heteroscedasticity (non-
constant variance) can 
invalidate statistical tests and 
reduce the efficiency of the 
estimates. 

Steps for Testing Residuals 
1. Normality of Residuals: 

 Histogram/QQ Plot: Visual 
inspection using a histogram or a QQ 
plot can help identify if residuals 
follow a normal distribution. 

 Shapiro-Wilk Test: A formal 
statistical test to check for normality. 

 Kolmogorov-Smirnov Test: Another 
statistical test for normality. 

2. Homoscedasticity of Residuals: 
 Residuals vs. Fitted Values Plot: A 

scatter plot of residuals against 
predicted (fitted) values can reveal 
heteroscedasticity if a pattern emerges 
(e.g., a funnel shape). 

  
A.Training result analysis  B. Test result Analysis 

  
C .Training result analysis after feature 
selection technique 

D Test result Analysis after feature selection 
technique 
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 Breusch-Pagan Test: A formal test 
for heteroscedasticity. 

 White Test: Another test for 
heteroscedasticity that checks for 
non-linear forms. 

6. Discussion 
The histogram of residuals shown in Figure 13 
illustrates the distribution of residuals from a 
model with the frequency on the y-axis and 
residual values on the x-axis. Two distinct 
peaks indicate that the residuals are not 
normally distributed, as a single-peaked, 
symmetric distribution would be expected in a 
model where residuals conform to a normal 
distribution. The residuals cluster around two 
main ranges, approximately -1.0 to -0.5 and 1.0 
to 1.5. This could indicate heteroscedasticity or 
the presence of subgroups in the data. means the 
model's error might vary across different ranges 
of the predictor variables. There is a noticeable 
asymmetry, as the distribution of residuals is 
not centered around zero. This may imply that 
the model has some bias. which means it 
consistently overestimates or underestimates 
the dependent variable in certain cases.  The 
smooth blue line overlaid on the histogram 
further supports the bimodal nature of the 
distribution, with two distinct peaks separated 
by a low-frequency valley. This indicates the 
possibility of an underlying non-linear 
relationship that may be well-captured by the 
current model. 
 

 
Figure 13: Histogram of Residuals 

The QQ plot of residuals in Figure 14 provides 
further insights into the normality assumption 
of the model's residuals. compares the sample 
quantiles of the residuals to the theoretical 
quantiles of a normal distribution. Deviations 
from the red line. which represents a perfect 
normal distribution that indicates departures 
from normality. The QQ plot shows an "S-
curve" deviation from the red line, particularly 
at the tails and around the center. This pattern 
suggests that the residuals are normally 
distributed and may have a bimodal or skewed 
distribution. Both ends of the QQ plot deviate 

from the red line. indicates heavier tails than a 
normal distribution. This suggests the presence 
of outliers in the residuals which could be due 
to model misspecification or the influence of 
unaccounted-for variables. The central portion 
of the plot also deviates from the line indicating 
potential non-linearity in the residuals. This 
suggests that the model fully captures the 
underlying relationship between the predictors 
and the dependent variable. 

 
 

Figure 14: QQ Plot of Residuals 
The "Residuals vs. Fitted Values" plot in Figure 
15 helps assess whether the assumptions of 
homoscedasticity (constant variance of 
residuals) and linearity are satisfied in the 
model. Additionally, the Breusch-Pagan and 
White tests' statistics and p-values provide 
formal tests for heteroscedasticity. The plot 
shows a distinct, non-random pattern in the 
residuals, with two clear linear bands above and 
below the red dashed line at zero. This indicates 
that the residuals do not exhibit random scatter, 
which suggests a violation of the 
homoscedasticity assumption. The residual 
variance appears to vary with the fitted values, 
which might point to heteroscedasticity. The 
Breusch-Pagan test reports a Lagrange 
multiplier statistic of approximately 83.05 and 
a p-value of 2.04e-06. Since the p-value is 
significantly below 0.05, it confirms the 
presence of heteroscedasticity. The White test 
gives a statistic of about 542.39 with a p-value 
of 1.57e-17. which also strongly indicates 
heteroscedasticity. The significant 
heteroscedasticity implies that the model’s 
errors are not evenly distributed. 
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Figure 15: Residuals vs Fitted Values 

7. Conclusion: In conclusion, colleges and 
universities derive their true value from 
students and they are the most important asset 
of any educational institution. The 
comprehensive analysis reveals crucial insights 
into factors influencing student success and the 
robustness of the predictive model. The feature 
importance ranking shows that communication 
skills are the most significant predictor of 
outcomes, indicating that a student's ability to 
communicate effectively may have a substantial 
impact on their academic or career 
achievements. Following communication skills., 
the requirements for scholarships and English 
proficiency rank highly, highlighting that 
financial need and English language skills play 
key roles in determining success. Social-
economic status, which ranks similarly to 
scholarship needs and English proficiency, 
suggests that a student's background 
significantly influences their predicted 
outcomes, reinforcing the idea that educational 
support systems should address financial and 
social contexts to promote equity. In terms of 
proposed model performance the training and 
validation graphs reveal significant issues. The 
inconsistency in training accuracy suggests that 
the model struggles to effectively learn from the 
training data possibly due to an improper 
learning rate or overfitting. The high variance in 
validation accuracy further emphasizes that the 
model is not generalizing well and may be 
highly sensitive to the dataset. The consistent 
decline in training loss is a positive sign, but the 
high and fluctuating validation loss suggests 
that the model cannot apply what it has learned 
to new data, confirming overfitting. 
Comparison across different models reveals 
that while SVM (RBF) and Random Forest 
perform exceptionally well in both training and 
testing phases, the KNN and MLP models 
experience substantial drops in test 
performance. KNN’s significant drop indicates 
overfitting, as it performs well in training but 

poorly in testing. SVM (RBF) and the stacked 
ensemble model maintain high accuracy and 
good generalization on test data, suggesting 
their robustness. The stacked model, in 
particular, achieves top results, supporting the 
use of ensemble methods to improve prediction 
stability and accuracy. Residual analysis 
indicates significant model assumptions 
violations. The histogram in Figure 13, showing 
a bimodal distribution of residuals, suggests 
potential subgroups within the data or model 
bias, as the errors are not centered around zero. 
This implies that the model may overestimate or 
underestimate outcomes for certain groups, 
highlighting the need for potential segmentation 
in modeling. The QQ plot further demonstrates 
departures from normality with an S-curve 
deviation from the theoretical line, indicating 
possible outliers or model misspecification. 
This is echoed in the “Residuals vs. Fitted 
Values” plot, which shows a non-random 
pattern, suggesting heteroscedasticity where 
residuals vary with fitted values. Formal tests 
such as the Breusch-Pagan and White tests 
confirm this, both yielding highly significant p-
values, which indicate heteroscedasticity. The 
non-constant error variance implies that the 
model’s predictions might be more reliable for 
some observations than others necessitating 
transformations or robust regression techniques. 
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