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ABSTRACT

The increasing number of engineering colleges, academic specializations, and admission choices has made college selection a complex decision-making process
for students appearing for entrance examinations. In Maharashtra, candidates participating in the Maharashtra Common Entrance Test (MHT-CET) Centralized
Admission Process (CAP) must evaluate several factors, including percentile, category, applicable seat type, home university, branch preferences, institute location,
fees, and historical admission cutoffs. Manual analysis of these factors can be time-consuming and may result in unsuitable or poorly ordered college preferences.

This review examines research areas relevant to artificial intelligence, machine learning, educational recommender systems, admission prediction, historical cutoff
analysis, multi-criteria decision-making, and explainable decision-support systems. It organizes the field into recommendation, prediction, ranking, cutoff analysis,
and explanation techniques, and outlines criteria for comparing their data requirements, interpretability, limitations, and applicability to MHT-CET admissions.
The review methodology specifies literature databases, search queries, inclusion and exclusion criteria, and a data-extraction framework to support a reproducible
survey.

Based on these themes, the paper presents candidate research gaps and a conceptual framework integrating student-profile analysis, verified historical CAP data,
personalized college recommendations, indicative Dream-Target-Safe groupings, and automated CAP option-form ranking. The framework also considers
changing admission rules, data provenance, privacy, fairness, uncertainty, and the need for temporal validation. The framework is a research direction rather than
a validated system; its effectiveness must be established through a verified literature survey, implementation, baseline comparisons, and evaluation using reliable
admission data. Historical compatibility and model predictions cannot guarantee future admission.

Keywords: Artificial Intelligence; Machine Learning; College Recommendation System; MHT-CET; Centralized Admission Process; Historical Cutoff
Analysis; Educational Recommender Systems; Decision Support System; Multi-Criteria Decision-Making; Option Form Optimization; Explainable Al.

1. Introduction

1.1 Background

The growth of higher education has increased the number of engineering institutions, academic programs, and specializations available to students.
Selecting an appropriate engineering college is an important decision that can influence academic development, career opportunities, financial
commitments, and future professional goals. Making this decision requires evaluating several parameters simultaneously, which can make the admission
process challenging.

In India, engineering admissions are conducted through entrance examinations and centralized counselling procedures. In Maharashtra, the Maharashtra
Common Entrance Test (MHT-CET) is an important entrance examination for admission to undergraduate engineering and technology programs. Eligible
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candidates participate in the applicable Centralized Admission Process (CAP), where they prepare and submit preferences for institutes and courses
according to the rules for the relevant admission year.

Students may need to consider examination percentile, category, applicable seat type, home university, preferred engineering branch, institute location,
fees, and previous admission cutoffs. Understanding the relationship between these factors requires effort, particularly when comparing many colleges
and branches across multiple CAP rounds.

1.2 Problem Statement

Traditional college-selection approaches often depend on manually searching college websites, examining previous-year cutoff lists, consulting seniors,
and obtaining guidance from teachers or admission counsellors. These methods can provide useful information, but they may not offer a unified and
personalized analysis of all relevant factors.

Historical cutoff information can help students understand previous admission trends, but comparisons require attention to admission year, category, seat
type, institute, branch, and CAP round. A cutoff achieved in a previous year does not guarantee the same outcome in a future admission cycle. There is
therefore a need to investigate decision-support approaches that organize admission data, compare college options, provide personalized
recommendations, and assist students in preparing a well-informed CAP option form.

1.3 Role of Artificial Intelligence and Machine Learning

Artificial intelligence (Al) and machine learning (ML) provide techniques for analyzing structured datasets, identifying patterns, estimating outcomes,
and supporting data-driven decisions. These techniques have potential applications in educational recommendation systems, student guidance, admission
analysis, and personalized information retrieval.

Rule-based filtering removes options that do not satisfy specified eligibility or preference constraints. Content-based recommendation suggests colleges
based on similarities between student preferences and college characteristics. Collaborative filtering can use patterns in user—item interactions when
suitable interaction data exists. Machine-learning models may estimate a defined admission-related outcome when representative labelled data is
available. Multi-criteria ranking combines factors such as branch preference, location, fees, and historical cutoff compatibility. Explainable Al can help

communicate why a particular college or branch has been recommended.

These methods are complementary rather than interchangeable. A ranking algorithm can organize preferences without predicting admission outcomes,
while a predictive model requires suitable training data and validation before its estimates can be trusted.

1.4 Motivation

The motivation for this review is to examine how research in recommendation systems, educational data mining, machine learning, and decision-support
systems can inform college selection. The Maharashtra CAP context is particularly relevant because students must organize multiple institute and course
preferences under specific admission rules. A useful decision-support framework could combine historical cutoff analysis with student preferences and

transparent ranking criteria, helping students compare options systematically.

The review also considers data reliability, changing admission rules, model interpretability, privacy, and the limitations of predictions based on historical
information. These considerations are essential when designing systems that may influence students' educational decisions.

1.5 Objectives

The objectives of this review are:

1. To examine research on college recommendation systems and educational recommender systems.

2. To review machine-learning techniques used for prediction, classification, ranking, and decision support.

3. To study how historical admission cutoffs can support college-selection decisions.

4. To compare existing approaches based on data requirements, evaluation, interpretability, scalability, and limitations.

5. To identify research gaps relevant to personalized MHT-CET recommendations and CAP option-form preparation.

6. To outline a potential framework integrating student preferences, historical CAP data, recommendation techniques, and transparent option ranking.

7. To discuss challenges related to data quality, admission-rule changes, fairness, privacy, and real-world validation.
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1.6 Scope and Intended Contributions

This paper focuses on reviewing existing methods rather than claiming the successful implementation of a new admission prediction model. It covers
recommendation techniques, historical data analysis, machine-learning approaches, ranking strategies, and decision-support mechanisms relevant to
engineering college admissions.

The intended contributions are a structured classification of relevant techniques; a comparative framework for their applications and limitations; candidate
research gaps to verify through the literature survey; a conceptual framework for MHT-CET college recommendation and CAP option-form assistance;
and a discussion of evaluation requirements for a reliable, transparent, student-oriented system. The framework remains conceptual until implemented
and empirically evaluated.

2. Background and Problem Definition

2.1 MHT-CET and the Centralized Admission Process

The Maharashtra Common Entrance Test (MHT-CET) is used for admission to various undergraduate professional courses in Maharashtra. For
engineering admissions, eligible candidates participate in the applicable CAP, subject to the eligibility requirements and rules for that admission year.
Candidates consider examination performance, category, seat type, home university, branch preference, location, fees, and previous cutoffs.

The process involves identifying suitable institutes, comparing courses, preparing an ordered preference list, and responding to later rounds when
applicable. The specific process, deadlines, seat types, and rules must be checked against the official information brochure for the relevant admission
year.

2.2 Historical Cutoff Analysis
Historical cutoff data records admission-related thresholds for particular institutes, courses, admission categories, seat types, and rounds. When interpreted
correctly, it can help students understand previous admission trends. However, cutoffs can change year to year; categories and seat types may have

different cutoffs; CAP rounds may produce different outcomes; and changes in seat availability, applicant preferences, and admission rules can affect
results. Historical cutoffs should therefore be treated as decision-support evidence, not as a guarantee of admission.

2.3 College Recommendation Systems

A college recommendation system helps users identify and compare institutions according to their profiles and preferences. Relevant approaches include:
* Rule-based filtering: applies explicit eligibility and preference rules.

« Content-based recommendation: compares student preferences with college and course attributes.

» Collaborative filtering: uses patterns in student—college interactions when suitable data exists.

» Weighted scoring: combines several criteria using defined weights.

* Machine-learning prediction: estimates outcomes from suitable historical examples.

* Hybrid recommendation: combines methods to address individual limitations.

Rule-based filtering and weighted ranking provide useful baselines for this application. More complex predictive models should be included only when
reliable data and appropriate evaluation are available.

2.4 Formal Problem Definition

The central problem is the difficulty students face when converting examination results, admission rules, historical cutoff information, and personal
preferences into an informed and logically ordered college preference list. Relevant information may be distributed across official documents, institute
websites, cutoff tables, and counselling resources. Students may struggle to compare alternatives consistently, understand the risks of relying on historical
cutoffs, and update preferences as new information becomes available.

This review investigates how recommendation systems, historical data analysis, machine learning, and multi-criteria decision-making can be combined
to support college selection and CAP option-form preparation.
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3. Review Methodology

3.1 Review Design

The paper proposes a structured literature-review methodology. The objective is to identify, screen, classify, and compare research relevant to college
recommendation, educational recommender systems, admission prediction, and decision-support methods. The work should not be described as a
completed systematic review unless reproducible searches, screening, and a complete study-selection record are maintained.

3.2 Literature Sources

Potential sources include Google Scholar, IEEE Xplore, SpringerLink, ScienceDirect, and the ACM Digital Library. Official Maharashtra CET Cell
information brochures and CAP documents should be used to verify admission procedures and terminology rather than relying exclusively on secondary
websites.

3.3 Search Queries

Suggested queries include:

* “college recommendation system” AND “machine learning”
* “educational recommender system” AND “higher education”
* “university admission prediction” AND “machine learning”
« “student decision support system” AND “college selection”

* “explainable AI” AND “education”

* “multi-criteria decision making” AND “university selection”
* “engineering admission” AND “cutoff prediction”

¢ “MHT-CET” AND “CAP admission”

During the actual search, record the search date, exact query, filters, database, and result count.

3.4 Inclusion and Exclusion Criteria

Include peer-reviewed research on recommendation and decision-support methods, relevant machine-learning prediction studies, educational data-mining
research, papers that explain evaluation methods and limitations, and official admission documents relevant to MHT-CET CAP. Exclude unverifiable
publications, fabricated references, unrelated studies, duplicate records, and sources that lack sufficient methodological information. Outdated admission
documents should not be used to describe current rules without qualification.

3.5 Data Extraction and Comparative Analysis

For each selected study, record authors, publication year, title, research objective, dataset and source, method, evaluation metrics and validation approach,
reported findings in their original context, author-identified limitations, and relevance to MHT-CET college recommendation. Group the studies by theme
and compare them critically. Performance values should not be compared directly when datasets, target variables, validation procedures, or evaluation
metrics differ substantially.

4. Literature Survey: Thematic Review

4.1 Educational Recommender Systems

Recommender systems help users identify relevant options from large collections of items. In education, they can support course selection, learning-
resource discovery, academic planning, and institution selection. Traditional approaches include content-based filtering, collaborative filtering, and hybrid
systems. Content-based methods use item characteristics and user preferences; collaborative filtering uses patterns in interactions between users and
items; and hybrid methods combine strategies to address limitations associated with individual methods.
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For college selection, content-based recommendation can compare student preferences with attributes such as engineering branch, location, fees, and
institute type. Collaborative filtering requires appropriate student—college interaction data and careful consideration of privacy and representativeness.

4.2 Machine Learning for Admission-Related Prediction

Machine-learning models learn relationships between input features and a defined outcome from historical examples. Depending on available data, the
target might be an admission outcome, a cutoff category, or another measurable variable. Potential algorithms include logistic regression, decision trees,
random forests, and gradient-boosting methods. Algorithm selection should depend on the prediction task, data quality, interpretability requirements, and
validation results.

A model trained on historical outcomes may not generalize well when admission rules, seat availability, or student preferences change. Temporal
validation—training on earlier admission years and testing on a later year—is particularly relevant.

4.3 Historical Cutoff Analysis

Cutoff analysis examines how admission thresholds vary across institutions, branches, categories, seat types, years, and rounds. Descriptive statistics and
visualization can reveal historical patterns, while predictive techniques may estimate future values when sufficient, consistent data is available. A cutoff
comparison tool can work without ML: it can calculate the difference between a student's percentile and a comparable historical cutoff, provided both
values use the same scale and relevant admission conditions.

This difference must not be presented as a calibrated probability of admission. A model estimating admission probability requires suitable outcome labels,
representative data, calibration, and independent validation.

4.4 Multi-Criteria Decision-Making

College selection is a multi-criteria decision problem because students may prioritize different combinations of branch, affordability, location, institute
characteristics, and historical admission compatibility. Weighted scoring can combine criteria into a transparent ranking:

S(c)=Z[j=1 tom]w_j r_j(c)

Here, S(c) is the score of college-course option ¢, w_j is the weight assigned to criterion j, and r_j(c) is its normalized score. Weights should be defined
transparently and ideally informed by student preferences. Eligibility requirements should be treated as constraints rather than criteria that can be
compensated for by a high score elsewhere.

4.5 Explainable Al and Decision Support

Explainability matters when recommendations influence educational choices. A student should understand why an option appears in a list and which
factors affect its ranking. Explanations may state that a course matches the preferred branch, an institute satisfies a location preference, fees fall within
the budget, or historical cutoff information is compatible with the student's profile under the selected comparison criteria.

These explanations can be generated from explicit rules and ranking components. Complex predictive models may require additional explanation methods,
but explanations should remain faithful to the underlying model.

4.6 Literature Survey Extraction Table

The table below is a structure for recording verified studies, not a claim that these studies have already been screened. Populate it with actual papers
before submission.

No. Reference / year Main contribution / reported  Limitations / relevance to
Research focus . .
scope this review
Introduces the recommender-
1 Resnick & Varian (1997), Recommender systems systems problem and its role in  Foundational overview; not
“Recommender Systems”  overview helping users navigate large specific to college admissions.
information spaces.
Adomavicius & Tuzhilin Surveys state-of-the-art o
. General survey; admission-
(2005), “Toward the Next Survey of recommender recommendation approaches L .
2 . ; . . specific data and rules require
Generation of techniques and discusses extensions beyond

separate treatment.

Recommender Systems” basic methods.
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No.

Reference / year

10

11

Research focus

Burke (2002), “Hybrid
Recommender Systems:
Survey and Experiments”

Main contribution / reported
scope

Limitations / relevance to
this review

Hybrid recommendation

Koren, Bell & Volinsky
(2009), “Matrix
Factorization Techniques
for Recommender
Systems”

Examines hybrid
recommendation strategies that
combine methods to address
limitations of individual
approaches.

Performance depends on
component methods and
evaluation context.

Collaborative filtering /
latent factors

Ricci, Rokach & Shapira

— (eds.) (2011/2015),

Recommender Systems
Handbook

Explains matrix-factorization
methods for learning latent
user—item relationships in
recommendation tasks.

Requires meaningful
interaction data; not directly
transferable to admission
cutoffs.

Recommender systems
reference

Pedregosa et al. (2011),
“Scikit-learn: Machine
Learning in Python”

Provides broad coverage of
recommendation algorithms,
evaluation, and system design.

Book/handbook rather than a
single empirical college-
admission study; edition must
be specified.

Machine-learning tools

Chen & Guestrin (2016),
“XGBoost: A Scalable
Tree Boosting System”

Describes a Python machine-
learning library supporting
model selection, preprocessing,
and evaluation workflows.

Software/library paper; does
not establish admission
prediction performance.

Gradient boosting

Ribeiro, Singh & Guestrin
(2016), “Why Should I
Trust You?: Explaining
the Predictions of Any
Classifier”

Presents a scalable tree-boosting
system and its design for
machine-learning tasks.

General algorithm paper;
suitability for CAP data must
be tested empirically.

Model explanation (LIME)

Lundberg & Lee (2017),

“A Unified Approach to

Interpreting Model
Predictions”

Introduces local explanations
for individual classifier
predictions.

Explanations approximate
model behavior and should not
be treated as proof of causal
reasoning.

Model explanation (SHAP)

Presents a unified feature-
attribution framework for
interpreting model predictions.

Feature attribution does not
itself guarantee fairness or
model correctness.

Breiman (2001), “Random
Forests”

Ensemble
classification/regression

Friedman (2001), “Greedy
Function Approximation:

—— A Gradient Boosting

12

Machine”

Introduces random forests, an
ensemble method based on
randomized decision trees.

General methodology; requires
task-specific validation and
careful interpretation.

Gradient boosting

Schafer, Konstan & Riedl
(2001), “E-Commerce
Recommendation
Applications”

Develops gradient boosting as a
function-approximation
approach using additive models.

General ML method; model
complexity and overfitting
need control.

Recommendation system
applications

Discusses recommender-system
applications and design issues in
e-commerce contexts.

Different application domain;
use for general design concepts
only.
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5. Comparative Analysis

5.1 Comparison of Recommendation and Prediction Techniques

The following comparison summarizes general methodological characteristics. It is not an experimental ranking of algorithms.

Technique

Main purpose

Advantages

Limitations

Rule-based filtering

Apply eligibility and preference
constraints

Transparent; easy to audit

Requires accurate, updated rules

Content-based recommendation

Match preferences with college
attributes

Does not require a large
interaction dataset

Depends on item features and
preference quality

Collaborative filtering

Use user—item interaction patterns

May identify latent preference

patterns

Needs interaction data; cold-start
and sparsity

Weighted scoring

Rank using multiple criteria

Transparent and customizable

Depends on weights and
normalization

Logistic regression

Estimate a defined outcome

probability

Interpretable baseline

May miss complex relationships

Random forest

Model nonlinear patterns

Flexible for structured data

Less transparent than simple rules

Gradient boosting

Model complex structured-data

patterns

Potentially strong performance on
suitable data

Needs tuning and overfitting
control

Explainability methods

Explain model outputs

Can support understanding and

auditing

Quality depends on method and
model

Module

Suitable evaluation measures

Admission classification

Precision, recall, F1-score, confusion matrix

Probability prediction

Brier score, log loss, calibration analysis

Cutoff forecasting

MAE, RMSE, comparison with baseline forecasts

Ranking

Precision@K, Recall@K, NDCG@K when ground truth exists

Data processing

Missing-value rate, duplicate rate, consistency checks

User experience

Task completion, usability feedback, user-study results

5.2 Evaluation Metrics

Different modules require different metrics. Admission classification can be assessed with precision, recall, F1-score, and a confusion matrix. Probability
prediction can use Brier score, log loss, and calibration analysis. Numerical cutoff forecasting can use mean absolute error (MAE), root mean squared
error (RMSE), and baseline comparisons. Ranking can use Precision@K, Recall@K, and normalized discounted cumulative gain (NDCG@K) when
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appropriate ground truth exists. Data processing can be evaluated using missing-value rate, duplicate rate, and consistency checks. User experience can
be assessed using task completion, usability feedback, and user-study results.

Accuracy alone is insufficient, particularly when classes are imbalanced. A ranking system cannot be validated merely by reporting classification
accuracy. A fair evaluation should compare against simple baselines, use held-out data, and document the dataset, preprocessing, features, and evaluation
procedure.

5.3 Comparison Principles
Compare approaches on: (1) data requirements and availability; (2) interpretability; (3) personalization; (4) temporal reliability on later admission years;
(5) fairness and representation across relevant categories and seat types; (6) practical usefulness and decision quality; and (7) maintainability as data and

rules change. No method should be described as more accurate or superior without evidence from comparable experiments.

6. Research Gaps

6.1 Integration of Multiple Admission Factors

A candidate gap is the limited integration of student preferences, historical cutoff compatibility, affordability, location, and admission constraints in one
coherent decision-support workflow. The literature review must establish whether existing systems already integrate these elements and what limitations
remain.

6.2 Round-Wise Admission Support

Admission choices may change as new cutoff or vacancy information becomes available. A useful research direction is to examine systems that update
recommendations using new, verified data while preserving the relevant rules for each round.

6.3 Transparent Risk Grouping

Dream, Target, and Safe labels can help students organize options, but their criteria must be clearly defined. A research opportunity is to compare
transparent rule-based grouping with validated probabilistic methods while making clear that neither guarantees admission.

6.4 Automated Option-Form Ranking

Recommendation and option-form generation are related but distinct tasks. A recommendation system identifies relevant choices; an option-form assistant
must also respect official procedures, eligibility requirements, user priorities, and ordering. A possible contribution is to translate recommendation scores
into a user-editable preference list with explanations and validation checks.

6.5 Explainability and User Trust

A technically reasonable ranking may still be difficult to understand. Research could investigate whether explanations improve user understanding and
decision quality.

6.6 Data Quality and Temporal Validation

Historical data may contain inconsistent institute names, missing values, different cutoff representations, and changes in admission rules. A robust
framework should address these issues and evaluate performance on later admission years.

6.7 Fairness, Privacy, and Responsible Use
Admission-related data may contain sensitive personal information. The system should minimize data collection, control access, document the use of
category-related attributes, and avoid presenting uncertain outputs as authoritative decisions. These are candidate research gaps to verify against the

literature, not established findings of a completed systematic review.

7. Proposed Framework and Architecture

7.1 High-Level Workflow

The conceptual workflow consists of: (1) student information and preferences; (2) historical CAP data processing and validation; (3) recommendation
and ranking methods; (4) explanation and option-form assistance; and (5) student review and export. The diagram below summarizes the proposed
workflow.
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Stage Inputs / processing Outputs

Percentile, category, branch, location, budget,

1. Student interface
preferences

Structured student profile

o L Official CAP documents, cutoff data, institute
2. Data acquisition and validation details Clean, traceable data

Rules, historical comparison, scoring, optional

3. Recommendation engine
9 validated ML

Candidate college-course options

Ranking rationale, indicative groupings,

4. Explanation and option-form assistance -
validation

Explained and ordered recommendations

5. Student review and export User edits, reorder, final checks User-reviewed suggested list

7.2 Data Processing Layer

The data-processing layer should collect and standardize information from reliable sources. Each cutoff record should preserve admission year and CAP
round, institute identifier and name, course or branch, category and applicable seat type, cutoff value and representation, and data source and retrieval
date. The system should check duplicate entries, missing values, inconsistent names, and incompatible cutoff formats. Records should not be combined
merely because institute or branch names appear similar. Data provenance should allow administrators to trace recommendations to underlying source
records.

7.3 Recommendation Engine
Stage 1—Constraint filtering: apply applicable eligibility and admission rules and distinguish mandatory rules from optional preferences.

Stage 2—Historical comparison: compare the student's profile with comparable historical cutoff records, displaying the year, round, category, and seat
type used.

Stage 3—Preference ranking: rank eligible or potentially relevant options using configurable weights for branch, location, affordability, and other
preferences.

Stage 4—Optional prediction: if a suitable labelled dataset exists, evaluate an ML model for a clearly defined outcome. Communicate uncertainty and
validation limitations rather than guaranteeing admission.

7.4 Dream-Target—Safe Classification

These labels should be indicative planning groups, not official admission categories. Dream may indicate a more ambitious option relative to the selected
historical comparison; Target may indicate comparatively compatible historical admission data; and Safe may indicate more favourable historical
compatibility under the chosen criteria. Thresholds must be defined and justified. Safe must never mean guaranteed admission. Grouping should account
for differences in rounds, seat types, and categories.

7.5 Suggested Technical Architecture

A possible implementation uses React and Vite for the frontend; Tailwind CSS for responsive styling; Node.js and Express.js for APls, authentication,
and application logic; MongoDB for profiles, institute data, and preferences; Python with Pandas and NumPy for data cleaning and analysis; Scikit-learn
with Flask or FastAPI for an optional ML service; Joblib or an appropriate model format for versioned model persistence; Chart.js for visualizations; and
an optional language-model API for counselling.

These are implementation choices, not findings established by the review. The engine can initially use deterministic rules and scoring and be extended if
validated ML models provide measurable benefits.
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Component Possible technology Responsibility
Frontend React + Vite Profile entry, dashboard, college comparison
Styling Tailwind CSS Responsive Ul
Backend Node.js + Express.js APIs, authentication, application logic
Database MongoDB Profiles, institute data, saved preferences
Data analysis Python, Pandas, NumPy Cleaning and historical analysis
ML service Scikit-learn + Flask/FastAPI Optional model training and inference
Model storage Joblib or suitable format Versioned model persistence
Charts Chart.js or similar Cutoff trends and comparisons
Al counselling Optional language-model API Question answering and explanations

7.6 Conceptual Data Model

Suggested entities are: StudentProfile (relevant admission attributes and preferences); Institute (identifier, name, location and verified details); Course
(course or branch associated with an institute); CutoffRecord (year, round, category, seat type, cutoff and source); Recommendation (selected criteria,
ranking score, explanation and data version); OptionList (ordered institute-course preferences and user modifications); and ModelVersion (training-data
version, features, validation results and deployment information). Sensitive information should be collected only when necessary, with appropriate access
controls, retention policies, and secure handling.

Entity Key information
StudentProfile Relevant admission attributes and preferences
Institute Identifier, name, location, verified details
Course Course/branch associated with institute
CutoffRecord Year, round, category, seat type, cutoff, source
Recommendation Criteria, score, explanation, data version
OptionList Ordered institute-course preferences and user edits
ModelVersion Training-data version, features, validation and deployment details

8. Challenges and Future Scope

8.1 Data Availability and Quality

Admission data may be distributed across documents and may contain inconsistencies in naming, formatting, or cutoff representation. Automated
extraction can introduce errors, so records should be validated against original sources. Future work should develop a reproducible data pipeline with
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source tracking, validation rules, duplicate detection, and controlled dataset updates.

8.2 Changing Admission Rules

Admission policies, seat availability, reservation rules, and institutional offerings can change between years. A model trained on older data may become
less reliable. Future work should maintain versioned admission rules, evaluate models on later-year data, and warn users when current conditions differ
from training data.

8.3 Prediction Uncertainty

A historical cutoff is not a direct measure of an individual student's admission probability. Changes in applicant preferences, available seats, and admission
rounds can influence future outcomes. Future work should compare historical compatibility methods with validated predictive models, measure calibration
when probabilities are produced, and communicate uncertainty.

8.4 Fairness and Privacy

Category and other personal attributes may be relevant to applicable admission rules, but their use must be restricted to legitimate purposes and handled
carefully. Student information must not be unnecessarily exposed or reused. Future work should conduct privacy reviews, document feature usage, test
systematic errors, and explain how profile attributes affect recommendations.

8.5 Explainability

Complex models may make it difficult for students to understand why an option ranks high or low. Future work should provide explanations based on
verified data, display criteria contributing to scores, and allow users to adjust preferences and inspect ranking changes.

8.6 Real-World Evaluation

A recommendation system can appear useful without improving decision quality. Future work should evaluate the system against simple baselines, assess

ranking quality using appropriate ground truth, conduct usability studies, and compare results across admission years. Improvements should only be
reported when measured.

8.7 Al Counselling
A language-model-based counselling assistant could explain system outputs and answer questions, but generated answers may be incorrect or outdated.
Future work should ground answers in verified admission documents, cite relevant sources and years, distinguish official rules from general guidance,

and direct users to official sources for consequential decisions.

9. Conclusion

Selecting an appropriate engineering college requires students to evaluate examination performance, admission eligibility, preferred branch, institute
location, affordability, and historical admission trends. In the MHT-CET CAP, interpreting cutoff information and preparing a suitable preference list
can be challenging when information is distributed across multiple sources.

This review organizes relevant research areas involving educational recommender systems, machine learning, historical cutoff analysis, multi-criteria
decision-making, and explainable Al. Rule-based filtering and transparent ranking can provide a practical foundation, while machine-learning techniques
may add predictive capabilities when reliable labelled data and suitable validation are available.

A conceptual framework has been outlined to combine student preferences, verified admission data, historical comparisons, explainable
recommendations, and CAP option-form assistance. The framework emphasizes data quality, transparency, privacy, uncertainty, and the distinction
between historical compatibility and guaranteed admission.

The main research opportunity is to determine whether integrating these techniques can provide more understandable, consistent, and useful admission
guidance than existing manual or single-method approaches. This must be investigated through a verified literature survey, comparison with established
baselines, and evaluation using reliable admission data. Future work should complete the literature survey, verify research gaps, implement a reproducible
prototype, and assess performance and usability. The proposed framework is a research direction rather than a validated solution; its effectiveness must
be established empirically.
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Figure 1. Conceptual Recommendation Workflow

STUDENT INFORMATION AND PREFERENCES
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