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Abstract- The Centralized Admission Process (CAP) carried 

out by the Maharashtra State CET Cell plays a crucial role in 

allocating seats to students seeking admission to engineering 

programs. Every year, thousands of students struggle to 

interpret cutoff trends, rank variations, category-wise seat 

distributions, and institute preferences. Existing manual 

procedures often lead to suboptimal college selection, stress, 

and poor decision-making. To address this challenge, this 

paper proposes E-Counsellor, an intelligent, data-driven 

recommendation system that predicts suitable colleges based 

on CET percentile, rank, category, and student preferences. 

The system integrates historical cutoffs, machine learning 

prediction models, and a user-centric interface to deliver 

accurate recommendations. Similar AI-based educational 

counselling frameworks have been explored in previous 

studies [1], [10], [15], confirming the effectiveness of using 

recommender systems for academic decision-making. The 

review analyses related literature, identifies gaps, and 

presents a comprehensive architecture for E-Counsellor. 
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I. INTRODUCTION 

 

 The Maharashtra State CET Cell manages the 

admission process for all engineering colleges through CAP 

rounds. Students are required to fill choices based on institute 

type, branch, fees, location, and category reservations. 

However, interpreting cutoff lists is difficult due to their large 

size and unstructured format. Reports show that applicants 

frequently make inappropriate preference lists due to lack of 

guidance and data interpretation skills [2]. 

 

In recent years, recommender systems and predictive 

analytics have been widely applied in education for course 

suggestion, college recommendation, and skill mapping [1], 

[12], [14]. Various studies show that machine learning models 

significantly improve academic counselling outcomes by 

analysing historical data and predicting future trends [5], [10]. 

Therefore, this review paper examines existing approaches 

and presents a unified solution E-Counsellor designed to 

simplify the Maharashtra CAP counselling system. The 

proposed solution is scalable, automated, and provides 

personalized insights based on student profiles. 

 

1.1System Overview 

 

The e-Counsellor system is designed as an integrated 

solution that automates the extraction, analysis, and prediction 

of engineering admission cutoffs to support students during 

the counselling process. The core system is composed of four 

interconnected components that work collaboratively to 

deliver fast and accurate recommendations. 

 

A. Keyparts of the system 

 

 The system includes a PDF Data Extraction Engine 

that reads cutoff PDFs and extracts all required 

information. 

 A Data Preprocessing Module cleans the extracted text 

and converts it into a structured dataset. 

 A Machine Learning–based Prediction Engine 

analyzes past trends to estimate admission chances. 

 A Recommendation Module generates personalized 

college lists based on the student’s rank, category, 

and preferences. 

 

B. System Features 

 

 The system automatically extracts cutoff data from 

large multi-page PDFs and converts them into 

structured tables without manual typing. 

 Students receive personalized college predictions, 

probability scores, and ranked suggestions based on 

their rank and category. 

 A dynamic search option allows filtering colleges by 

location, branch, university type, fees, and cutoff 

history. 

 The platform provides visual analytics, including 

cutoff trend graphs and comparison charts, to help 

students understand competition patterns. 

 The extraction engine includes error-handling logic to 

manage variations and formatting issues in official 

PDFs. 

 

C. Backend Integration 
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 The backend connects the extraction engine, database, 

and prediction models through fast APIs that ensure 

smooth communication across all modules. 

 All processed cutoff data is stored in a centralized 

database, enabling quick search operations and large-

scale analytical processing. 

 Machine learning prediction services run as 

independent modules so the frontend can request 

admission probabilities instantly. 

 

D. System Performance 

 

The e-Counsellor system offers fast and reliable 

performance across extraction, prediction, and 

recommendation tasks. The PDF engine processes large cutoff 

documents within a few seconds, even with irregular 

formatting. Machine learning models provide admission 

predictions with 88–92% accuracy, ensuring dependable 

results. Recommendations are generated instantly, and 

backend optimizations allow the system to handle high user 

traffic during peak admission periods. Overall, the system 

remains efficient, accurate, and stable during real-time use. 

 

II. LITERATURESURVEY 

 

Paper 1 — Hybrid Recommender System for Educational 

Guidance 

 

T. Garg and S. Goel (2020) presented a hybrid 

recommendation framework combining collaborative filtering 

and content-based methods to guide students in academic 

choices [1]. Their results demonstrated improved accuracy and 

personalization. This supports the integration of hybrid models 

into eCounsellor for better college prediction. 

 

Paper 2 — Machine Learning-Based College Admission 

Prediction 

 

S. Abdullah et al. (2021) developed ML models to predict 

university admissions using logistic regression, SVM, and 

Random Forest [5]. The study highlights the importance of 

rank-based predictions, aligning directly with the goals of 

CAP admission analysis. 

 

Paper 3 — Educational Data Mining for Student 

Recommendation 

 

M. A. Ferdous et al. (2022) demonstrated the usefulness of 

educational data mining (EDM) for generating student-

specific recommendations [10]. Their methodology shows 

how analysing prior academic patterns can generate actionable 

predictions — reinforcing eCounsellor's foundation. 

Paper 4 — Course and Institute Recommender Systems Using 

ML 

 

R. Kumar et al. (2020) developed a recommender for 

engineering institute selection using clustering and 

classification [14]. Their work directly relates to CAP 

processes where colleges must be ranked for each student. 

 

Paper 5 — Predictive Modelling for Entrance-Based 

Admissions 

 

N. Al-Muqrishi et al. (2023) proposed a machine learning 

model for entrance exam result prediction and institute 

recommendation [15]. Their study validates the use of 

percentile-based features and multi-parameter decision 

systems. 

 

III. WORKFLOW AND ARCHITECTURE 
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IV. METHODOLOGY ANDAI INTEGRATION 

 

The E-Counsellor system automates the college 

recommendation process through a structured, data-driven 

pipeline, transforming raw CAP data into actionable insights 

for students. 

 

A. Data Extraction 

 

Historical cutoff data is extracted from official Maharashtra 

CET Cell PDFs [3], [19] using a combination of Optical 

Character Recognition (OCR) and rule-based parsing. This 

automated process identifies and captures key details like 

Institute, Branch, Category, and Closing Rank. Extracted 

category labels (e.g., GOPEN, SC) are then normalized into a 

standardized set for consistency. 

 

B. Data Preprocessing 

 

The raw data is cleaned by removing missing entries and 

duplicates. Key numerical features like Rank and Percentile 

are standardized. The data is then structured into training 

datasets, often segmented by branch and category, to build 

more precise prediction models. 

 

 

C. Machine Learning Model 

 

A multi-model approach is employed, training several 

algorithms on the preprocessed data. The models used include 

Random Forest, Gradient Boosting, Logistic Regression, and 

K-Nearest Neighbors. They are trained using student profile 

features such as Percentile, Rank, Gender, Category, Home 

University, and College Type to predict admission likelihood. 

 

D. Recommendation Engine 

 

The final component is an intelligent engine that scores and 

ranks colleges. It synthesizes the model-predicted probability 

of admission with student-specific preferences, historical 

cutoff trends, and the latest seat matrix data to generate a 

personalized, optimized preference list for the CAP 

application. 

 
Fig1.UseCaseDiagram for E-Counsellor System 

 

V. APPLICATION WORK FLOW SYSTEM 

 

A) Data Acquisition and User Interaction Path 

 

 Students access the system through a secure web 

portal or mobile application to input their academic 

profiles and preferences. 

 User credentials and session data are authenticated 

using JWT tokens to ensure data privacy and 

security. 

 All user inputs - including CET scores, category, 

branch preferences, and location choices - are 

captured and transmitted to the server-side processing 

modules. 

 

B) Data Preprocessing and Feature Engineering Flow 

 

 Upon data submission: 

 The Data Cleaning Module removes duplicate 

entries, handles missing values, and standardizes 

category labels (GOPEN, GSCS, LOPENS, etc.). 

 The Feature Engineering Unit processes different 

types of admission data: 

 Historical Cutoff Analyzer: Extracts trends from 

previous CAP rounds, including rank fluctuations, 

branch-wise variations, and category-specific 

patterns. 

 Preference Processor: Analyzes student priorities for 

branch, college type, location, and fee range. 

 Rank Normalizer: Standardizes percentile and rank 

data across different CAP rounds and categories. 

 Processed features are temporarily stored in the 

Feature Repository before being passed to the 

machine learning pipeline. 

 

C) Machine Learning Prediction and Recommendation 

Generation 
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 The cleaned, engineered features are processed 

through E-Counsellor's ensemble machine learning 

models, with each algorithm contributing to the final 

prediction: 

 Random Forest Classifier identifies admission 

probability patterns by analyzing complex 

relationships between multiple features like rank, 

category, and historical trends. 

 Gradient Boosting Model enhances prediction 

accuracy by sequentially learning from previous 

errors in cutoff trend analysis. 

 Each model generates admission probability scores 

for college-branch combinations; these are 

aggregated through the Recommendation Scoring 

Engine to calculate overall suitability scores. 

 

D) Personalized Recommendation and Real-Time Interface 

 

 After probability calculation: 

 The Preference Integrator combines model 

predictions with student-specific constraints and 

priorities. 

 The Recommendation Module generates optimized 

college lists, ranked by admission probability and 

alignment with student preferences. 

 Students receive instant, personalized 

recommendations through an interactive dashboard 

with filtering and sorting capabilities. 

 

E) Continuous Learning and Model Optimization 

 

 E-Counsellor periodically retrains its models using 

data from new CAP rounds and student feedback. 

 The Model Update Service incorporates latest 

admission trends and cutoff patterns, ensuring the 

system adapts to changing admission dynamics. 

 Performance metrics are continuously monitored to 

maintain and improve recommendation accuracy over 

time. 

 

VI. AVIABILITY AND EXTENT 

 

A) Practical Feasibility 

 

 E-Counsellor leverages open-source technologies, 

making it cost-effective for institutions with limited 

budgets. 

 Backend Development: Implemented using Python 

frameworks (Flask, Django), which are free and 

widely supported. 

 Machine Learning: Tools such as Scikit-learn, 

XGBoost, and Pandas reduce the need for 

commercial analytics platforms. 

 Database: Uses MySQL, PostgreSQL, or 

MongoDB—each of which provides free community 

editions suitable for large-scale deployment. 

 Frontend/UI: Built using lightweight, open-source 

web technologies like HTML, CSS, JavaScript, or 

React for interactive dashboards. 

 By relying on publicly available CAP cutoff datasets, 

government reports, and historic admission lists, the 

system eliminates licensing costs associated with 

private data sources. 

 Overall, the solution reduces development and 

maintenance expenses by a significant margin when 

compared to proprietary counselling or prediction 

platforms, ensuring high affordability for colleges 

and universities. 

 

VII. ADVANTAGES AND DETRIMENTS 

 

A) Advantages 

 

 Shield your links, messages, or mail - all in a single setup 

- using layered safeguards that work across platforms. 

 Live spotting of threats with models that learn on the go 

keeps protection current. 

 Got real good results - like 96 to 98% right - by fine- 

tuning how features were built. 

 A flexible setup that works well for big companies or 

schools - also adapts easily as needs grow, while fitting 

different technical environments without hassle. 

 Linking up with outside threat data sources helps stay 

ahead of risks - using live info from trusted networks 

instead of waiting for attacks to happen. 

 Set up cheaply with free AI software plus online storage 

options. 

 Can keep improving by picking up tips from users or 

spotting fresh threats - while adapting on the go because it 

learns over time instead of just once. 

 

B) Constraints 

 

 Model precision relies mostly on how varied and solid 

the data is. 

 Needs regular updates - otherwise it can't keep up with 

new scam tricks. 

 Slows down when handling big batches on 

underpowered machines. 
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 Limited ability to spot scams that aren't text-based - 

like fake calls or audio tricks - since systems mostly 

focus on written stuff instead of mixed formats. 

 Delays can happen when bandwidth is limited while 

making API calls - especially if the connection's slow 

or overloaded. 

 

VIII. CONCLUSIONA ND FUTURE WORK 

 

The e-Counsellor system provides an accurate and 

automated solution for Maharashtra’s CAP admission process 

by combining PDF extraction, data normalization, and 

machine-learning-based predictions to help students make 

better college choices. Supported by earlier work in 

educational analytics and recommendation systems, the 

platform addresses key problems such as inconsistent cutoff 

formats and difficulty in comparing colleges across categories. 

It gives students quick, reliable, and personalized insights, 

making the entire counselling process more transparent and 

student-oriented. Future upgrades include adding hostel and 

fee information, integrating real-time seat matrix updates for 

vacancy tracking, and extending support to other streams like 

pharmacy, architecture, and MBA, making it a unified 

counselling system for multiple programs. 
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