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Abstract— Educational institutions generate
large volumes of student data through academic
records, attendance, assessments, skill
development activities and placement processes.
However, effective utilization of these data for
academic and placement decision making remains
challenging. This paper presents a Student
Performance Analytics and Placement Prediction
Framework integrating data analytics, machine
learning, clustering and business intelligence
visualization. The framework uses an initial dataset
of 75 student records and 22 attributes containing
academic, behavioral, employability,
extracurricular and student-risk related
information. A Placement variable is subsequently
derived using predefined Previous CGPA, Aptitude
Score and Coding Score criteria for the placement
classification experiment. Linear Regression is
applied for academic performance prediction,
Logistic Regression for placement classification,
Decision Tree for performance classification, and K
Means for student segmentation. A Power BI
dashboard is developed to visualize placement
outcomes, academic performance, attendance,
employability skills, performance categories and
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dropout risk. Logistic Regression achieved an
accuracy of 93.33 percent with a weighted F1 score
of 0.93 on the evaluated test set, while Linear
Regression obtained an MSE of 1.5467 and an R?
score of -0.4373. Decision Tree classification
achieved an accuracy of 40.00 percent. Since the
placement labels were derived using predefined
academic and technical criteria, the placement
classification result should be interpreted as an
evaluation of the defined rule-based Ilabeling
scheme rather than as evidence of generalized
real-world placement prediction.The results
indicate the potential of the proposed framework
for student segmentation, placement analysis and
data driven academic decision support, while the
limited dataset size restricts generalizability.

Keywords— student performance analytics;
placement classification; machine learning;
educational data analytics; Power BI; student

segmentation; academic performance

1. INTRODUCTION

The increasing availability of digital educational
data has created opportunities for applying data-
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driven methods to understand student learning
and academic outcomes. Educational Data Mining
(EDM) has developed as a research area concerned
with  extracting meaningful patterns from
educational data and applying computational
methods to educational problems [1], [2]. Recent
EDM research has placed increasing emphasis on
prediction and model-based analysis for
understanding  educational processes  and
outcomes [2].

Machine learning provides a set of supervised and
unsupervised techniques that can be applied to
prediction, classification, and pattern discovery
tasks. Libraries such as Scikit-learn provide
implementations of machine learning algorithms
for supervised and unsupervised learning,
supporting their application in practical data-
analysis workflows [5]. In the context of student
analytics, academic performance and employability
can be examined wusing attributes such as
attendance, marks, previous CGPA, aptitude,
coding ability and other skill-related indicators.

The present work develops a College Student
Performance Analytics and Placement Prediction
Framework that integrates data analytics, machine
learning, student segmentation, and business
intelligence visualization. The framework uses an
initial dataset of 75 student records and 22
attributes  containing academic, behavioral,
employability, extracurricular and student-risk
related information. A Placement variable is
subsequently derived using predefined Previous
CGPA, Aptitude Score and Coding Score criteria for
the placement classification experiment. Linear
Regression is applied for Previous CGPA estimation,
Logistic Regression for placement classification,
Decision Tree for Performance Category
classification, and K Means for student
segmentation.

The main contribution of this paper is as follows:

i. A College Student Performance Analytics
and Placement Prediction Framework is
developed by integrating Data Analytics,

WWWw.jritm.org

Vol. 3 Issue 9, September 2026, pp. 39046-39053
ISSN: 3049-3129 (Online)

Machine Learning, clustering and business

intelligence visualization for analyzing
academic performance and placement
outcomes.

ii.  Multiple machine learning techniques are

applied for different analytical tasks,
including Linear Regression for academic
performance estimation, Logistic

Regression for placement classification,
Decision Tree for performance classification
and K Means for student segmentation.

iii. A Power Bl dashboard is developed to
provide interactive  visualization  of
academic performance, attendance,
placement outcomes, employability skills,
performance categories and dropout
risk[10].

iv.  Experimental evaluation is performed on a
dataset containing 75 student records.
Experimental evaluation is performed on a
dataset containing 75 student records.
Logistic Regression achieved 93.33 percent
accuracy with a weighted F1 score of 0.93
on the evaluated test set, while Linear
Regression and Decision Tree demonstrated
limited performance with the selected
features.

1. DATASET AND FEATURE DESCRIPTION

A. Dataset Description

The initial dataset comprises 75 student records
and 22 attributes containing academic, behavioral,
employability, extracurricular and student-risk
related information. Academic attributes include
Marks, Attendance, Study Hours, Study Hours Per
Week, Backlogs and Previous CGPA, while
employability attributes include Aptitude Score,
Coding Score, Mock Interview Score, Resume Score
and Soft Skills Score. Student development is
further represented through Leadership,
Teamwork, Club Participation, Hackathon Count
and Library Usage. A Placement variable is
subsequently derived using predefined criteria
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based on Previous CGPA, Aptitude Score and
Coding Score for the placement classification
experiment.Previous CGPA is considered as the
target variable for regression analysis, the derived
Placement variable is used for binary classification,
and Performance Category is used for student
classification. Dropout Risk is used as an analytical
indicator for identifying students requiring
additional academic support.

B. Feature Description

The dataset consists of numerical and categorical
features representing different dimensions of
student performance. Numerical features include
academic scores, attendance, study effort,
aptitude, coding ability, interview performance,
resume quality, soft skills, teamwork and
extracurricular participation. Categorical features
include Gender, Leadership, Club Participation,
Dropout Risk and Performance Category. The
Placement variable is subsequently derived from
predefined Previous CGPA, Aptitude Score and
Coding Score criteria for binary classification. The
combination of these attributes enables joint
analysis of academic performance, employability
and placement readiness.

TABLE | MAJOR DATASET FEATURE

Feature Group Representative Attributes

Academic Marks, Attendance, Study Hours,
Backlogs, Previous CGPA,

Improvement Rate

Aptitude and
Technical

Aptitude Score, Coding Score

Mock Interview Score, Resume
Score, Soft Skills Score

Employability

Leadership, Teamwork, Club
Participation, Hackathon Count

Participation

Academic Library Usage
Resources
Target and Risk | Previous CGPA,Derived
Placement, Performance

Category, Dropout Risk
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C. Data Preprocessing

The dataset was checked for missing values, and
numerical missing values were handled using mean
imputation. Categorical attributes were converted
into numerical representations where required for
analysis and machine learning. A Placement
variable was derived using predefined Previous
CGPA, Aptitude Score and Coding Score criteria.
The dataset was divided into training and testing
subsets using an 80:20 ratio for supervised learning
experiments.

D. Exploratory Data Analysis

Exploratory Data Analysis was performed to
examine the distribution and relationships among
academic, behavioral, employability and placement
attributes. Correlation analysis was used to study
relationships between numerical features, while
scatter plots were used to analyze the association
between Attendance and Previous CGPA. The
influence of Study Hours, Aptitude Score, Coding
Score and Soft Skills Score on placement outcomes
was also examined using appropriate graphical
representations.

Placement distribution and the distributions of
Performance Category and Dropout Risk were
considered to support interpretation of student
groups and placement-related characteristics.

E.Power Bl Dashboard

A Power Bl dashboard was developed to provide
interactive visualization of the analyzed student
data. The dashboard incorporates placement
distribution, academic performance, attendance,
employability skills, Performance Category and
Dropout Risk. Interactive filters enable analysis of
specific student groups and departments.

The dashboard complements the machine learning
models by providing an interactive analytical
interface for examining trends and identifying
students requiring academic or placement support.
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Fig. 1. Power Bl dashboard for student
performance and placement analysis.
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Fig. 2. Correlation heatmap of academic and
employability attributes.
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Fig. 3. Relationship between attendance and
previous CGPA.

I1l. PROPOSED MACHINE LEARNING
FRAMEWORK

The proposed framework integrates supervised
and unsupervised learning techniques for student
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training, prediction, evaluation and visualization.
Linear Regression is applied for academic
performance estimation, Logistic Regression for
placement prediction, Decision Tree for
performance classification and K Means for student
segmentation.

A. LINEAR REGRESSION FOR ACADEMIC PERFORMANCE
PREDICTION

Linear Regression is applied to estimate Previous
CGPA using Attendance, Marks and Study Hours Per
Week. The model is trained using 80 percent of the
dataset and evaluated on the remaining 20 percent
using Mean Squared Error (MSE) and R squared

Z = fo+ BiXa + B2 Xz + B3 X5 + PaXe

Previous CGPA = Bo + Bi(Attendance) + f2(Marks) + Bs(Study Hours)

(R2). The model obtained an MSE of 1.5467 and an
R? score of -0.4373, indicating limited predictive
capability for CGPA estimation with the selected
features.

TABLE Il LINEAR REGRESSION RESULTS

Evaluation Metric Result
Mean Squared Error 1.5467
R squared Score -0.4373

B. LOGISTIC REGRESSION FOR PLACEMENT CLASSIFICATION

Logistic Regression is applied to C|aSSIf¥ the derlved
PIacement status using Previous CGPA, Aptitude
Score, Cod mg Score and Soft Skills §core The
Placement labels are generated usm predefined
criteria based on PreV|ous CGP |tude Score
and Coding Score. The model is eva uated on the
test set using accuracy, precision, recall and
weighted F1 score.

Zz=Po+ BiXa + B2 Xz + B3 X5 + PaXs

1

P =1) =11

TABLE 11l LOGISTIC REGRESSION RESULTS

performance analysis, placement classification, and Evaluation Metric | Result
student segmentetlon. The workflow. consists of Accuracy 9333 %
data preprocessing, feature selection, model
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Weighted F1 Score | 0.93
Precision — Placed | 1.00
Recall — Placed 0.75
F1 Score — Placed | 0.86

C. Decision Tree Classification

A Decision Tree classifier is applied to classify
students according to Performance Category usin

Attendance, Marks, Study Hours Per Week, an

Backlogs. The model achieved an accuracy of 40.00
percent on the evaluated test set. The result
indicates limited classification capability with the
selected features and the available dataset.
Additional predictive features and a larger dataset
may improve the reliability of Performance
Category classification.

TABLE IV DECISION TREE CLASSIFICATION RESULT
Evaluation Metric

Result

Accuracy 40.00 %

D. K Means Clustering for Student Segmentation

K Means clustering is applied for unsupervised
student segmentation using Previous CGPA,
Aptitude Score and Coding Score. Three clusters
a_re'Fenerated to identify groups of students with
similar academic and technical characteristics. The
rc—_rsul'tln% clusters are interpreted using feature
distributions and cluster centroids rather than
assigning direct  performance the
numerical cluster identifiers.

labels to

TABLE V SAMPLE K MEANS CLUSTER OUTPUT

Previous CGPA Cluster
6.91 0
9.15 0
8.62 2
9.44 1
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8.65 2

IV. RESULTS AND DISCUSSION

The experimental results demonstrate that model
performance varies across prediction tasks and
depends on the selected features and dataset
characteristics. Logistic Regression achieved the
strongest reported classification performance for
the predefined placement labels, whereas Linear
Regression and Decision Tree showed limited
predictive capability with the selected features. K
Means provided an additional segmentation-based
view of student characteristics.

TABLE VI SUMMARY OF EXPERIMENTAL
RESULTS
Model Task Evaluatio | Resul
n t
Metric
Linear CGPA Mean 1.54
Regressi | Prediction | squared 6
on Error 7
Linear CGPA R squared | -
Regressi | prediction | Score 0.43
on 73
Logistic | Placement | Accuracy | 93.3
Regressi | Prediction 3%
on
Logistic | Placement | Weighted | 0.93
Regressi | Classificati | F1 Score
on on
Decision | Performan | Accuracy | 40.0
Tree ce 0
Classificati %
on
K Means | Student Number 3
Segmentat | of
ion Cluste
rs
JRITM
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The Logistic Regression model achieved 93.33
percent accuracy and a weighted F1 score of 0.93
on the evaluated test set using Previous CGPA,
Aptitude Score, Coding Score and Soft Skills Score.
Since the placement labels were derived using
predefined criteria, this result evaluates the
classification of the defined labeling scheme rather
than generalized real-world placement outcomes.

Linear Regression obtained an MSE of 1.5467 and
an R% score of -0.4373, indicating limited predictive
capability of Attendance, Marks, and Study Hours
Per Week for estimating Previous CGPA. The
Decision Tree classifier achieved an accuracy of
40.00 percent, indicating limited classification
capability using Attendance, Marks, Study Hours
Per Week, and Backlogs. These results highlight the
importance of additional predictive features and
larger datasets.

K Means generated three clusters based on
similarities in Previous CGPA, Aptitude Score, and
Coding Score. The clustering results provide an
additional perspective for identifying groups of
students with similar academic and technical
characteristics and complement the supervised
learning results.

V. KEY INSIGHTS AND INSTITUTIONAL
IMPLICATIONS

i1 The analysis indicates that academic and
employability attributes can support classification
of the predefined placement labels. The Logistic
Regression  result demonstrates  promising
classification performance within the evaluated
dataset; however, the small test set and rule-based
label construction limit the generalizability of the
result.

21 The framework can support institutions in
identifying students requiring additional mentoring
by considering attendance, backlogs, academic
performance, dropout risk and study effort jointly.
Placement departments can use aptitude, coding,
soft skills, mock interview, and resume-related
indicators to design targeted preparation
programs.

3] Student segmentation using K Means provides
an additional perspective by identifying groups
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with  similar academic and employability
characteristics. The Power Bl dashboard enables
department-wise and category-wise examination
of these patterns and supports data-driven
academic and placement review.

4] The proposed system is intended as a decision-
support framework rather than an automated

replacement for academic or placement
professionals. Predictive outputs should be
interpreted  with institutional context and

appropriate human review.

VI. LIMITATIONS AND FUTURE WORK
A. Limitations
1. The primary limitation of the study is the
dataset size of 75 student records, which restricts
the generalizability of the experimental results. A
larger dataset covering multiple academic years
and departments would provide more reliable
model training and evaluation.
2. Model performance is also dependent on
feature selection and data quality. The Linear
Regression and Decision Tree results indicate that
the selected features were insufficient for certain
prediction tasks. Additional academic, behavioral,
technical and placement-related attributes may
improve predictive performance.
3. The Logistic Regression accuracy of 93.33%
was obtained from a test set containing only 15
observations. In addition, the Placement labels
were derived using predefined Previous CGPA,
Aptitude Score and Coding Score criteria.
Therefore, the result should not be interpreted as a
general guarantee of real-world placement
prediction performance. Cross-validation and
evaluation using larger independent datasets with
externally validated placement outcomes are
required for stronger validation.
4, Finally, the framework is based primarily on
historical student data. Changes in curriculum,

student behavior, recruitment practices and
industry skill requirements may affect model
performance over time.

5. The K Means clustering implementation

uses Previous CGPA, Aptitude Score and Coding
Score without feature standardization. Since these
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variables have different numerical ranges, feature
scaling may improve the fairness of distance-based
clustering and should be investigated in future
experiments.

B. Future Work

Future development will focus on
integrating larger and continuously updated
institutional datasets covering multiple academic
years and departments. Advanced algorithms such
as Random Forest, Gradient Boosting and XGBoost
can be evaluated with hyperparameter
optimization and cross-validation to improve
model reliability.

Feature importance and explainable
machine learning techniques can be incorporated
to identify influential factors and provide
interpretable predictions. Ensemble learning can
also be investigated to combine multiple models
for improved predictive performance.

The framework can further be extended
into a web-based decision-support application for
authorized users. Integration with institutional
systems could enable automated incorporation of
attendance, assessment and placement data.
Personalized recommendations for aptitude
practice, coding development, communication
training, mentoring, and placement preparation
can also be incorporated based on identified
student needs.

VIl. CONCLUSION

1. This paper presented a College Student
Performance Analytics and Placement Prediction
Framework integrating data analytics, machine
learning, student segmentation and Power BI
visualization. The framework analyzes academic,
behavioral, technical, extracurricular and
employability attributes to support student
performance assessment and placement-related
decision making.

2. Linear Regression was applied for CGPA
estimation, Logistic Regression for placement
prediction, Decision Tree for performance

classification, and K Means for student
segmentation. Logistic Regression achieved 93.33%
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accuracy with a weighted F1 score of 0.93,
demonstrating promising classification
performance for the predefined placement labels
using Previous CGPA, Aptitude Score, Coding Score
and Soft Skills Score. Because the placement labels
were derived using predefined criteria, the result
should not be interpreted as evidence of
generalized real-world placement prediction
capability.Linear Regression obtained an MSE of
1.5467 and an R? of -0.4373, while Decision Tree
achieved 40.00% accuracy, indicating limitations
associated with the selected features and dataset
size.

3. The Power Bl dashboard provides an
interactive visualization layer for analyzing
placement outcomes, academic performance,

employability skills, performance categories and
dropout risk. The integration of predictive analytics
and visualization provides a foundation for
identifying students requiring support and
designing targeted academic and placement
interventions.

4. Although the current results are limited by
dataset size and validation constraints, the
proposed framework demonstrates the potential of
educational data analytics for data-driven student
support and institutional planning. Larger datasets,
advanced machine learning models, explainable
predictions and real-time institutional data
integration can further enhance the effectiveness
of the proposed framework.
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