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Abstract—The increasing demand for employability-ready 
graduates has exposed the limitations of traditional college place- 
ment systems, which rely primarily on academic performance 
and manual evaluation. These methods often fail to provide 
comprehensive student assessment, timely skill gap identification, 
and data-driven decision-making. This paper proposes a Smart 
College Analytics and Placement Readiness Support System using 
Machine Learning. The system transforms raw student data 
into intelligent employability profiles by integrating academic, 
technical, and skill-based information. Machine learning models 
are used to predict placement readiness, identify skill gaps, and 
classify students into different readiness levels. Additionally, the 
system supports early career planning by analyzing historical 
placement trends and job roles. It also provides analytics-driven 
insights for placement cells through interactive dashboards, 
enabling efficient candidate shortlisting and training strategies. 
The proposed system enhances placement outcomes by enabling 
proactive student development and informed institutional deci- 
sions. 

Index Terms—Machine Learning, Placement Prediction, Stu- 
dent Employability, Data Analytics, Predictive Modeling, Skill 
Gap Analysis, Career Recommendation Systems 

 

I. INTRODUCTION 

N modern educational institutions, the placement process 

plays a crucial role in shaping students’ careers and en- 

hancing institutional reputation. However, traditional place- 

ment systems primarily rely on manual methods such as 

spreadsheets, paperwork, and basic record-keeping, which are 

inefficient when handling large volumes of student data. These 

approaches often fail to provide a comprehensive evaluation 

of student performance and employability. 

Manual processes lead to several challenges, including data 

redundancy, lack of real-time updates, and difficulty in analyz- 

ing student skills. Placement officers face challenges in identi- 

fying suitable candidates for specific job roles, while students 

often lack clear insights into their strengths and weaknesses. 

Consequently, many students miss potential opportunities due 

to inadequate guidance and lack of structured skill evaluation. 

With advancements in technology, there is a growing need 

for intelligent systems that can automate and enhance place- 

ment processes. The integration of Machine Learning (ML) 

and Artificial Intelligence (AI) enables efficient analysis of 

large datasets, identification of hidden patterns, and generation 

of meaningful insights regarding student employability. 

To address these challenges, this work proposes a Smart 

College Analytics and Placement Readiness Support System 

using Machine Learning. The system transforms raw student 

data into structured employability profiles by integrating aca- 

demic, technical, and skill-based attributes. It predicts place- 

ment readiness, identifies skill gaps, and provides role-oriented 

career recommendations. 

Furthermore, the system supports early-stage students by 

leveraging historical placement data and job role trends, 

enabling proactive career preparation. It also assists place- 

ment cells through analytics-driven dashboards for candidate 

shortlisting, training program planning, and strategic decision- 

making. By enabling data-driven insights and continuous skill 

assessment, the proposed system aims to improve placement 

outcomes and overall institutional efficiency. 

 

II. LITERATURE REVIEW 

The increasing emphasis on employability outcomes in 

higher education has led to the adoption of data-driven ap- 

proaches for analyzing student performance and predicting 

placement success. Traditional placement systems rely primar- 

ily on academic scores, manual evaluation, and fixed eligibility 

criteria, which provide only a limited view of student employ- 

ability. To address these limitations, researchers have explored 

Machine Learning (ML) and Educational Data Mining (EDM) 

techniques for placement prediction and student analytics. 

 

A. Machine Learning in Educational Analytics 

Machine learning techniques have proven effective in an- 

alyzing large-scale student data and extracting meaningful 

insights. These methods identify hidden patterns in academic 

performance, skill assessments, and behavioral attributes, en- 

abling institutions to move beyond score-based evaluation. 

Commonly used algorithms include Decision Tree, Logistic 

Regression, Random Forest, and Support Vector Machine 

(SVM). While these approaches improve prediction accuracy 

and early identification of at-risk students, most existing sys- 

tems primarily focus on academic metrics rather than holistic 

employability. 

 

B. Placement Prediction Using Machine Learning 

Several studies have applied supervised learning models to 

predict student placement outcomes using features such as 

CGPA, aptitude scores, internships, and work experience. A 

standard methodology is typically followed, including data 

https://ijsrem.com/


            International Journal of Scientific Research in Engineering and Management (IJSREM) 

                           Volume: 10 Issue: 04 | April - 2026                             SJIF Rating: 8.659                                     ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM61547                                             |        Page 2 
 

collection, preprocessing, feature selection, and classification. 

Ensemble methods such as Random Forest often achieve 

higher accuracy, while Logistic Regression provides better 

interpretability. However, most models treat placement pre- 

diction as a binary classification problem, failing to explain 

underlying skill gaps or provide actionable recommendations. 

 

C. Student Performance and Employability Factors 

Employability depends on multiple factors, including aca- 

demic performance, technical skills, communication abilities, 

and practical exposure through projects and internships. Re- 

search indicates that models incorporating both technical and 

soft skills provide more realistic predictions compared to those 

based solely on academic data. However, existing systems 

generally focus on final-year students and lack mechanisms for 

continuous employability tracking or role-specific readiness 

evaluation. 

 

D. Classification Methods 

Several machine learning classification techniques are 

widely used for student placement and career prediction. These 

models learn patterns from historical student data and classify 

whether a student is placement-ready or suitable for specific 

career roles. 

Common classification algorithms include Decision Tree, 

Logistic Regression, Random Forest, Support Vector Machine 

(SVM), K-Nearest Neighbors (KNN), and Na¨ıve Bayes. En- 

semble methods such as Random Forest and Gradient Boosting 

often provide higher accuracy, while simpler models like 

Logistic Regression offer better interpretability. 

These classification models typically follow a structured 

workflow involving data collection, preprocessing, feature 

selection, model training, prediction, and performance eval- 

uation. 

 

 
Fig. 1. The major steps involved in predicting the student performance 
framework 

E. Use of Historical Placement Data 

Historical placement data plays a significant role in under- 

standing recruitment trends, company preferences, and role 

demand patterns. Although widely used for training predictive 

models, it is rarely utilized for role-oriented career guidance or 

early-stage student preparation, limiting its practical impact. 

 

F. Automation and Decision Support Systems 

Automation in placement processes has improved efficiency 

by assisting Training and Placement Officers in candidate 

shortlisting and maintaining records. However, most sys- 

tems function as data management tools rather than intelli- 

gent decision-support systems. Advanced analytics capabili- 

ties such as readiness distribution analysis, targeted training 

recommendations, and predictive strategy optimization remain 

largely underexplored. 

Furthermore, recent research has focused on improving 

the interpretability and usability of machine learning models 

in educational domains. While high-accuracy models such 

as ensemble and deep learning techniques provide strong 

predictive performance, they often lack transparency, making it 

difficult for students and educators to understand the reasoning 

behind predictions. This has led to the growing importance of 

explainable AI (XAI) techniques, which aim to provide in- 

sights into feature importance and decision-making processes. 

Additionally, there is an increasing trend toward integrating 

real-time analytics and adaptive learning systems that con- 

tinuously update student profiles based on performance and 

skill development. However, the integration of interpretability, 

continuous tracking, and personalized recommendations into a 

single unified system remains a challenge, further highlighting 

the need for more comprehensive and user-centric solutions. 

 

G. Research Gaps 

Based on the literature, several key gaps are identified: 

• Limited focus on comprehensive employability profiling 

beyond academic performance 

• Lack of early-stage placement readiness assessment 

• Absence of integrated skill gap identification and recom- 

mendation systems 

• Minimal use of historical data for role-specific guidance 

• Insufficient analytics-driven decision support for place- 

ment cells 

 

H. Proposed System Contribution 

The proposed Smart College Analytics and Placement 

Readiness System addresses these gaps by introducing an 

integrated, analytics-driven framework. It enables continuous 

employability tracking, ML-based readiness prediction, skill 

gap analysis, and role-oriented career guidance using historical 

placement trends. Additionally, it provides institutional deci- 

sion support through predictive analytics dashboards, thereby 

improving placement outcomes and strategic planning. 
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I. Machine Learning-Based Career Prediction Studies 

Recent studies have explored various ML techniques for ca- 

reer prediction and student performance analysis. Algorithms 

such as Decision Tree, Random Forest, K-Nearest Neighbors 

(KNN), Logistic Regression, Na¨ıve Bayes, Gradient Boosting, 

and Support Vector Machines are widely used. Advanced 

approaches include hybrid recommendation systems, deep 

learning models, and reinforcement learning-based optimiza- 

tion techniques. Some studies also incorporate psychological 

and behavioral factors to enhance prediction accuracy. Despite 

these advancements, most systems lack integration of contin- 

uous tracking, explainability, and actionable career guidance. 

 
TABLE I 

SUMMARY OF ML APPROACHES IN CAREER AND PLACEMENT 
PREDICTION 

 

S. No Algorithm / 
Model 

Application Performance 
Metrics 

1 Voting Ensem- 
ble 

Student Career 
Choice Prediction 

Accuracy,Training 
Time 

2 ACCBOX Career Choice 
Prediction 

F1 Score,Micro 
Precision,Micro 
Recall 

3 KNN Student Career 
Prediction 

Accuracy, Error 

4 GB, DL, MLP, 
RF, LR 

Student Career 
Feature Selection 

AUC,Accuracy, 
Kappa, RMSE 

5 XGBoost Career Choice 
Feature Selection 

F1 Score, Recall 

6 CDMSE Career  Decision 
Discovery 

– 

7 ML Models 
(DT, RF, SVM, 
AdaBoost) 

Career Prediction Accuracy 

8 ML Models 
(SVM, RF, DT, 
XGBoost) 

Career Area Pre- 
diction 

Accuracy 

9 ML   Models 
(SVM, GNB, 
KNN, RF, DT, 
SGD, LR, NN) 

Student 
Placement 
Prediction 

Accuracy 

10 KNN Placement 
Prediction 

Precision, Recall, 
F1 Score, Support 

 

 

 

J. Observations 

Based on the comparative analysis presented in Table I, the 

following observations are made: 

• Students often lack awareness of their strengths and 

weaknesses, leading to misaligned career choices. 

• Machine Learning (ML)-based models provide predictive 

insights that enable proactive career planning and early 

intervention. 

• Advanced algorithms such as XGBoost, Support Vector 

Machine (SVM), Random Forest (RF), and Deep Learn- 

ing models achieve high accuracy in placement prediction 

and skill gap analysis. 

• Most existing studies focus primarily on final-year stu- 

dents and lack continuous, multi-factor, and role-specific 

guidance, highlighting a significant research gap ad- 

dressed by the proposed system. 

III. METHODOLOGY 

The proposed Smart College Analytics and Placement 

Readiness System using Machine Learning adopts a data- 

driven and proactive approach to evaluate student employ- 

ability, predict placement readiness, identify skill gaps, and 

provide role-specific recommendations. Unlike traditional sys- 

tems, the proposed methodology integrates student profiling, 

predictive analytics, machine learning models, and interactive 

dashboards to support both students and institutional decision- 

making. 

 

A. Problem Definition 

Existing college placement systems face several limitations. 

They primarily rely on academic scores and manual evalu- 

ation, offering only a partial view of student employability. 

Guidance is often limited to the final year, leaving early-year 

students without proper direction. Additionally, the absence 

of structured skill gap analysis restricts targeted improvement, 

while placement cells lack data-driven tools for analyzing 

trends, shortlisting candidates, and planning training programs 

effectively. 

The objective of the proposed system is to develop an inte- 

grated analytics platform that evaluates student employability 

from the early stages of education, predicts placement readi- 

ness, identifies role-specific skill gaps, and provides actionable 

recommendations for both students and institutions. 

 

B. Proposed System Framework 

The proposed system follows a layered architecture that 

integrates the Django Model-View-Template (MVT) frame- 

work with machine learning–based analytics. This architecture 

ensures seamless interaction between the database, application 

logic, machine learning models, and user interface dashboards. 

The overall framework of the system is illustrated in Fig. 2. 

 

 
Fig. 2. Proposed system framework integrating Django MVT and machine 
learning analytics 

 

The proposed framework integrates multiple layers to ensure 

efficient data flow and intelligent decision-making. The Model 

layer manages structured student data, including academic 

performance, technical skills, and historical placement records. 

The Controller (Django view) processes user inputs, performs 

data validation, and interacts with machine learning models for 

https://ijsrem.com/


            International Journal of Scientific Research in Engineering and Management (IJSREM) 

                           Volume: 10 Issue: 04 | April - 2026                             SJIF Rating: 8.659                                     ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM61547                                             |        Page 4 
 

prediction and analysis. The View and Template layers present 

the processed information through interactive dashboards, en- 

abling users to visualize placement readiness and skill gaps 

effectively. 

The machine learning analytics loop operates continuously 

within the system, transforming raw data into actionable 

insights. It involves data preprocessing, feature engineering, 

model training, and prediction, followed by skill gap identifi- 

cation and feedback integration. This iterative process ensures 

that the system remains adaptive and improves prediction 

accuracy over time. By combining web-based architecture 

with machine learning capabilities, the framework provides 

a scalable and intelligent solution for both student guidance 

and institutional decision support. 

 
TABLE II 

COMPONENTS OF THE PROPOSED SYSTEM FRAMEWORK 
 

Layer Description 

Model Represents student, academic, skill, 
and placement data along with ma- 
chine learning features and readi- 
ness scores. Handles database op- 
erations and data validation. 

View Provides user interface components 
such as dashboards, reports, and 
visualizations for students, faculty, 
and placement officers. 

Template Handles presentation logic using 
HTML, CSS, and JavaScript to dis- 
play analytics such as skill gaps, 
readiness scores, and insights. 

Controller (Django 
View) 

Manages application logic includ- 
ing authentication, data processing, 
ML prediction, and dashboard up- 
dates. 

Database SQLite database storing structured 
student records, historical place- 
ment data, and datasets used for 
model training. 

ML Analytics Loop Continuous pipeline including data 
collection, preprocessing, feature 
engineering, model training, pre- 
diction, skill gap analysis, feedback 
integration, and dashboard updates. 

 

 

C. Workflow Steps 

The proposed system follows a structured workflow con- 

sisting of multiple stages to ensure efficient data processing, 

prediction, and decision support. 

1) User Authentication: Role-based login for students and 

placement officers with secure session handling. 

2) Data Collection: Collection of academic records 

(CGPA, marks), technical skills, certifications, projects, 

internships, aptitude scores, and historical placement 

data. 

3) Intelligent Student Profiling: Data validation, integra- 

tion of multiple attributes, and generation of employa- 

bility indicators with semester-wise tracking. 

4) Data Preprocessing and Feature Engineering: Han- 

dling missing values, normalization, encoding categori- 

cal variables, and feature selection. 

5) Placement Readiness Prediction: Application of ma- 

chine learning models such as Random Forest (primary) 

and Logistic Regression (secondary) to predict readiness 

levels (High/Medium/Low). 

6) Skill Gap Analysis: Identification of missing skills by 

comparing student profiles with successful placement 

benchmarks. 

 

 
Fig. 3. Skill gap analysis flow for identifying improvement areas 

 

7) Role-Oriented Recommendation Generation: Sugges- 

tion of suitable job roles, training pathways, and skill 

development strategies. 

8) Visualization and Analytics Dashboard: Interactive 

dashboards for students, faculty, and placement officers 

displaying readiness scores, skill gaps, and trends. 

9) Institutional Decision Support: Candidate shortlisting, 

training program planning, and strategy optimization 

using predictive analytics and continuous feedback. 

 

D. Proposed Algorithm 

The proposed system integrates three key components: 

Placement Readiness Score (PRS), Machine Learning-based 
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Prediction, and Skill Gap Analysis with Recommendation 

Engine. 

1) Placement Readiness Score (PRS): The Placement 

Readiness Score quantifies employability by combining mul- 

tiple performance metrics: 

 

PRS = 
Skills + Academics + Practice + Projects + Aptitude 

5 

Students are categorized as: 

• ≥ 75: Placement Ready 

• 50–75: Moderate 

• < 50: Needs Improvement 

2) Machine Learning-Based Placement Prediction: The 

system uses supervised learning models, primarily Random 

Forest for high accuracy and Logistic Regression for in- 

terpretability. Input features include academic performance, 

technical skills, projects, internships, and aptitude scores. 

The model predicts placement probability using histori- 

cal data, and results are visualized through dashboards for 

decision-making. 

3) Skill Gap Analysis and Recommendation Engine: The 

system identifies skill gaps by comparing student profiles with 

successful placement benchmarks. Features below a defined 

threshold are marked as weak. 

Role-based mappings include: 

• Software Engineer: Skills, Projects, Practice 

• Data Scientist: Academics, Skills, Projects 

• AI Engineer: Academics, Practice, Skills 

• Web Developer: Skills, Projects 

Based on this analysis, the system generates personalized 

recommendations such as coding practice, project develop- 

ment, aptitude training, and workshops. 

The integration of PRS, ML prediction, and skill gap anal- 

ysis provides a comprehensive and continuous evaluation of 

student employability, enabling data-driven decision-making 

for both students and institutions. 

 

IV. IMPLEMENTATION 

The proposed system is implemented using Django’s 

Model-View-Template (MVT) framework, which provides a 

structured approach for web development with built-in support 

for authentication, Object Relational Mapping (ORM), and 

URL routing. For machine learning components, the system 

utilizes Scikit-learn for classification and prediction tasks, 

while Pandas and NumPy are used for data preprocessing and 

numerical computations. This integration ensures a scalable 

web-based system with intelligent analytics capabilities. 

 

A. Web Layer (Frontend and Routing) 

The web layer manages user interaction and request han- 

dling. 

Django Templates: Templates form the presentation layer 

of the system. They are HTML-based interfaces that display 

dynamic data to users and ensure a responsive user experience 

using CSS and JavaScript. 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

Fig. 4. Framework layers of the proposed system 
 

 

Django Views: Views act as the controller of the applica- 

tion. They process user requests, interact with the database and 

machine learning modules, and return appropriate responses. 

Django URLs: URL configurations map incoming requests 

to specific views, enabling efficient navigation across func- 

tionalities such as login, dashboard, and analytics. 

 

B. Business Logic Layer (Core Processing and ML Engine) 

This layer performs data processing and intelligent predic- 

tion. 

Machine Learning Models: ML models analyze student 

data such as CGPA, skills, and performance to predict place- 

ment readiness. Algorithms such as Random Forest and Lo- 

gistic Regression are used for classification and probability 

estimation. 

Data Processing: Raw data is preprocessed before being 

used by ML models. This includes data cleaning, normaliza- 

tion, and structuring using Pandas. 

ML Algorithm Integration: Machine learning algorithms 

are implemented using Scikit-learn and integrated into the 

application pipeline to generate predictions and insights such 

as readiness scores and skill gaps. 

 

C. Data Layer (Backend Storage) 

The data layer ensures efficient storage and retrieval of 

system data. 

Django ORM: Provides an abstraction layer for database 

operations, allowing interaction using Python instead of SQL. 

Django Models: Define database structure for entities such 

as students, academic records, and placement data. 
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SQLite Database: A lightweight database used to store 

structured data including student information, performance 

metrics, and placement records. 

 

D. System Workflow (Activity Chart) 

The system workflow illustrates the sequence of operations 

from user interaction to prediction and analytics. 

• Student logs in and credentials are validated through the 

login_view() function. 

• The dashboard is loaded using 

student_dashboard(), which computes the 

placement readiness score. 

• The machine learning model (ml_model.py) processes 

stored data and predicts placement readiness. 

• Skill gap analysis is performed using 

ml_skill_gap.py, identifying weak areas and 

suggesting improvements. 

• The admin or placement officer accesses 

placement_insights() to view analytics and 

trends. 

 

Fig. 5. User flow of the placement readiness system 

 

 

V. RESULTS AND DISCUSSION 

The proposed Smart College Analytics and Placement 

Readiness System was successfully implemented and evalu- 

ated using student academic, technical, and placement-related 

data. The system integrates machine learning models with a 

web-based interface to provide real-time insights into student 

employability and institutional placement performance. The 

results demonstrate the effectiveness of combining predictive 

analytics with visualization dashboards to support both stu- 

dents and placement administrators. 

The placement analytics dashboard provides a compre- 

hensive overview of institutional performance. It displays 

key metrics such as total number of students, number of 

placed and unplaced students, average readiness score, and 

number of recruiting companies. In the experimental setup, 

the system processed data for 100 students, out of which 

54 were successfully placed while 46 remained unplaced. 

The average readiness score was observed to be relatively 

low, indicating that a significant portion of students require 

further improvement in skills and preparation. The readiness 

distribution graph clearly highlights that a majority of students 

fall under the low-readiness category, emphasizing the need for 

targeted training programs and early intervention strategies. 

 

 
Fig. 6. Placement Analytics Dashboard showing overall statistics 

 

The student dashboard offers personalized insights into 

individual placement readiness. It presents the readiness score 

along with a visual progress indicator and classification into 

categories such as high, moderate, or low readiness. For 

instance, a student with a readiness score of 60.55% is 

categorized as moderately prepared, suggesting that while the 

student possesses foundational skills, further improvement is 

required to increase placement probability. This individualized 

feedback enables students to better understand their strengths 

and weaknesses and take proactive steps toward skill enhance- 

ment. 

 

Fig. 7. Student Dashboard showing Readiness score and Status 

 

In addition to individual analysis, the system provides 

detailed placement insights that track performance metrics 

such as applications submitted, offer letters received, success 

rate, and placement status. These insights allow both students 

https://ijsrem.com/


            International Journal of Scientific Research in Engineering and Management (IJSREM) 

                           Volume: 10 Issue: 04 | April - 2026                             SJIF Rating: 8.659                                     ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM61547                                             |        Page 7 
 

and administrators to monitor placement progress effectively. 

The system also supports company-wise and batch-wise place- 

ment analysis, revealing trends in recruitment patterns. It was 

observed that certain companies contribute more significantly 

to placements, and final-year students exhibit higher placement 

rates compared to earlier-year students. 

A key feature of the system is the skill gap analysis and alert 

mechanism. The system identifies students with low readiness 

scores and generates alerts to notify placement officers. In the 

evaluated dataset, a large number of students were flagged as 

requiring attention, indicating the system’s capability to detect 

potential risks early. This enables institutions to implement 

targeted training sessions, workshops, and mentoring programs 

to improve overall placement outcomes. 

 

 

Fig. 8. Skill Gap Analyzer with Personalized Road-map 

 

Overall, the results validate that the proposed system effec- 

tively enhances the placement process by providing accurate 

readiness predictions, identifying skill gaps, and enabling data- 

driven decision-making. The integration of machine learning 

with interactive dashboards ensures continuous monitoring of 

student performance and supports both student-centric guid- 

ance and institutional planning. The system not only improves 

placement readiness but also contributes to a more efficient and 

intelligent placement management process. 

 

VI. CONCLUSION 

The proposed Smart College Analytics and Placement 

Readiness Support System using Machine Learning demon- 

strates an effective integration of educational analytics with 

practical web-based application development. The system ad- 

dresses a significant limitation in traditional placement pro- 

cesses, which are largely manual, subjective, and limited in 

scope, by introducing a data-driven and intelligent framework 

for evaluating student employability. 

A key contribution of the system is the computation of a 

Placement Readiness Score (PRS), derived as the average of 

five critical components: skills, academics, practice, projects, 

and aptitude. This transparent and interpretable scoring mech- 

anism enhances explainability and enables students to clearly 

understand their preparedness levels through intuitive cate- 

gories such as “Placement Ready,” “Moderate,” and “Needs 

Improvement.” Such simplicity ensures that the system re- 

mains accessible while still being analytically meaningful. 

For placement prediction, the system employs supervised 

machine learning algorithms, specifically Random Forest and 

Logistic Regression, which are well-suited for binary clas- 

sification tasks. The implementation is designed to handle 

practical challenges such as limited or imbalanced datasets 

by incorporating safeguards, including validation of class 

diversity and fallback mechanisms when sufficient training 

data is unavailable. This ensures robustness and reliability in 

real-world deployment scenarios. 

In addition to prediction, the system performs skill gap anal- 

ysis using a threshold-based approach, identifying weak areas 

and mapping them to role-specific requirements. This hybrid 

methodology, combining machine learning predictions with 

domain knowledge, provides actionable insights that guide 

students toward targeted skill improvement. The integration of 

dashboards further enhances usability by presenting insights 

in a visual and interactive manner for both students and 

placement administrators. 

Overall, the proposed system achieves its primary objective 

of providing a scalable, interpretable, and data-driven solution 

for placement readiness assessment and decision support. It 

not only improves individual student preparation but also 

empowers institutions with analytics-driven strategies, thereby 

contributing to more efficient and effective placement pro- 

cesses. 
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