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Abstract: The competitive nature of admission to the top Indian institutes on the basis of the Graduate Aptitude Test in
Engineering (GATE) requires intelligent systems in the student–college matching. Conventional recommendation proce-
dures usually do not take into consideration important aspects like cutoff differences and institutional ratings, resulting in
minimal impartiality and transparency to the students. Following this approach, this paper suggests a recommendation
framework using the graph attention network (GAT), where students and colleges are treated as graph nodes, and
compatibility as an edge is represented by GATE scores, category cutoffs, course preferences, and seat availability.
The attention mechanism allows adaptive learning of feature relevance, improving the quality of personalized suggestions.
The system produces optimal-3 college suggestions to each student and is tested with various ranking and error-based
measurements to insist on stability. Experimental analysis underlines the promise of GAT-based models to provide fair,
clear, and data-driven solutions, helping students make informed choices and make a contribution to more efficient
admission of higher education.

Keywords:Artificial intelligence (AI); educational data mining; graph attention network (GAT); graph neural networks (GNNs);
higher education admissions; recommender system

I. INTRODUCTION
A. Background & Context

In India, higher education has become very crucial in influencing
academic and professional lives of millions of learners. The entry to
top educational institutions like the Indian Institutes of Technology
(IITs) and National Institutes of Technology (NITs) and competi-
tive examinations are the main gateway to postgraduate programs
as the Graduate Aptitude Test in Engineering (GATE) is a powerful
gateway to postgraduate studies. With the large pool of applicants
and a small number of seats, efficient student–college assignment
has emerged as a mandate but a difficult activity.

B. CHALLENGES IN EXISTING APPROACHES

Conventional methods of admission and recommendation tend to
be rule-based or use simple ranking-based methods. These strate-
gies fail to consider other important variables like reservation
policies, category-specific cutoffs, college reputation, availability
of seats, and student course preferences. Consequently, they are not
able to offer equitable, open, and individualized suggestions,
particularly in a multicultural educational arrangement such as
that of India [1].

C. ROLE OF AI & GRAPH LEARNING

New developments in artificial intelligence (AI) and graph neural
networks (GNNs) have shown excellent performance when it
comes to the ability to model complex relationships in educational
data. In particular, the use of graph attention networks (GATs)
allows the model to understand how significant features are based
on an attention mechanism [2], which is why they are effective at
learning the detailed relationships between students and colleges.

D. PROPOSED WORK

To solve these issues, the proposed paper introduces a GAT-based
recommendation system, which will model the students and col-
leges as nodes of a heterogeneous graph, and the relationships
between the nodes will be the compatibility metrics based on the
GATE scores, category cutoffs, institutional rankings, and avail-
ability of seats. The framework comes up with individualized top-3
college recommendations to each student, with alignment to both
the academic merit and admission policies.

E. CONTRIBUTIONS

The main value of the current paper is that it creates a GAT-based
student-to-college recommendation framework to the Indian con-
text of higher education. The proposed system, in contrast to the
traditional ranking or rule-based system, includes variousCorresponding author: H. V. Ramachandra (e-mail: ramachandrahvjspm@gmail.com).
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admission-related variables, including GATE scores, category-
specific cutoffs, institutional rankings, seat availability, and course
preferences together in one graphical representation. The model
can use the attention mechanism of GAT to imbue the relative
significance of various features and relationships and therefore
enhance the accuracy and fairness of recommendations. The
framework does not only offer individualized top-3 college re-
commendations to each student but also makes sure that it is
aligned to the reservation policy and academic merit. In addition,
the paper gives a detailed analysis of the system in terms of
ranking-based and error-based measurements, visualization-based
intuitions on category distributions, cutoff score patterns, and
success rates. Together, these contributions demonstrate the pos-
sibility of graph learning methods to increase transparency, equity,
and decision support in educational admissions.

F. RELEVANCE OF THE GAT MODEL TO RECENT
GATE ADMISSION TRENDS

Over the last three years, the extensive and varied nature of GATE
admissions in India underscores the effectiveness of employing a
GAT-based modeling strategy. From 2022 to 2024, the GATE
consistently exhibited notable annual fluctuations in participation,
qualification rates, and category-specific cutoffs. In 2024, GATE
saw about 8.26 lakh registrations, with 6.53 lakh candidates taking
the exam and approximately 1.29 lakh qualifying, resulting in a
qualification rate of nearly 19.8%. Similarly, GATE 2023 had 6.70
lakh registrations, with around 5.17 lakh candidates appearing and
nearly 1.00 lakh qualifying, while GATE 2022 recorded roughly
7.10 lakh test-takers and 1.26 lakh qualifiers. These statistics not
only highlight the scale of participation but also the diversity in
cutoff distributions across different years, disciplines, and catego-
ries (General, OBC, SC, and ST). This variability results in a
nonlinear, sparse, and dynamic admission pattern that traditional
regression or ranking algorithms cannot effectively model. The
proposed GAT model, by representing students and colleges as
graph nodes and encoding admission relationships as weighted
edges, learns attention-based compatibility patterns that adjust to
multi-year changes in cutoffs, institutional ranks, and demographic
reservation policies. As a result, the GAT framework is inherently
equipped to capture temporal and structural dependencies within
India’s evolving postgraduate admission landscape, providing a
scalable, data-driven alternative to conventional analytical
methods.

G. COMPARATIVE ANALYSIS OF
POSTGRADUATE ADMISSION PROCEDURES:
INDIA AND GLOBAL CONTEXT

Postgraduate admission systems worldwide showcase unique edu-
cational philosophies, assessment methods, and evaluation priori-
ties. In India, entry into Master of Technology (MTech) programs
is largely determined by the GATE, a national standardized exam
organized collaboratively by the Indian Institute of Science (IISc)
and the Indian Institutes of Technology (IITs) (Ministry of Educa-
tion, Government of India, 2024). The GATE score acts as the main
criterion for assessing eligibility and merit during admissions via
centralized platforms like the Common Offer Acceptance Portal
(COAP) for IITs and Centralized Counselling for MTech (CCMT)
for NITs (IIT Bombay, 2024). This system ensures a consistent and
transparent process, focusing on technical skills and subject exper-
tise. Nonetheless, it remains predominantly quantitative, with

minimal emphasis on qualitative factors such as research experi-
ence or the evaluation of academic statements.

Conversely, gaining entry into Master of Science (MS) pro-
grams at prestigious global universities like Stanford University,
the Massachusetts Institute of Technology (MIT), and the Univer-
sity of Cambridge involves a more comprehensive and research-
focused methodology. These schools generally require standard-
ized exams such as the Graduate Record Examination (GRE) and
English language proficiency tests like TOEFL or IELTS for
international candidates (Educational Testing Service [ETS],
2024). Nonetheless, standardized test results are merely one com-
ponent of a broader evaluation system. Elements such as academic
achievements, recommendation letters, research experience, and
personal essays play a significant role in the admissions process
(Stanford University, 2024; Massachusetts Institute of Technol-
ogy, 2024). Additionally, institutions like Cambridge emphasize
the importance of research proposals and the compatibility with
potential supervisors over standardized test scores, indicating a
stronger focus on research-driven education (University of Cam-
bridge, 2024).

In comparison, the Indian M.Tech admission system ensures
uniformity and merit through a single nationwide exam, whereas
global MS admission processes focus on a thorough evaluation and
alignment with research interests. The Indian approach, with its
emphasis on quantitative measures, provides transparency and
fairness on a large scale but might miss qualitative aspects that
indicate research potential or innovative capabilities. On the other
hand, the international model combines standardized testing with a
holistic review to maintain academic consistency while fostering
intellectual creativity. This difference underscores the necessity for
adaptable academic recommendation systems, such as those based
on GAT, which can accommodate various evaluation criteria—
linking structured, score-based systems like GATE with the mul-
tifaceted, research-focused methods used worldwide.

The rest of this paper is organized in the following way.
Section II gives related literature, where the focus is on the present
approaches in educational recommender systems and other similar
graph-based learning recommender systems. Section III outlines
the proposed methodology, such as data preprocessing, graph
building, and the architecture of the GAT-based recommendation
system. Section IV presents the datasets on the study and their main
characteristics applicable to the admission process. Section V
includes an in-depth analysis of results, which includes assessment
metrics, visualizations, and discussion of findings. Lastly, the paper
ends with Section VI where the contributions are summarized and
recommendations are given regarding future research.

II. RELATED WORK
Recommender systems in education have become a relevant topic
of research that assists students in making sound academic and
career-related choices. The initial strategies were based on rule-
based filtering and ranking procedures, during which the perfor-
mance of a student and the institutional cutoffs were overlaid to
generate recommendations. Although simple, these techniques do
not use several contextual variables, including reservation types,
seat occupancy, or course preferences, thus constraining customi-
zation and equity.

Follow-up studies have investigated collaborative filtering and
content-based methods, which use past admission history and
similarity between students or institutions. These models enhanced
the accuracy of the recommendations and often did not address the
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sparsity and scalability as well as the integration of heterogeneous
sources of data typical of the educational systems [3–5].

As machine learning and deep learning emerged, data-oriented
approaches became popular. The use of neural network-based
recommender systems allowed further modeling of student char-
acteristics and institutional characteristics, with better predictive
results. Nevertheless, the majority of these models assumed data to
be tabular or sequential, and they neglected the relational aspect of
student–college relationships.

To overcome this drawback, the use of graph-based techniques
has gained more popularity among researchers. GNN is a natural
framework to describe relationships among entities, e.g., students,
courses, and institutions. GATs have been found to offer specific
promise in this family since the network is capable of training
relative feature importance by means of attention. GATs have been
effectively used in areas like recommendation, healthcare, and
social networks, but their use in student–college admission systems
has not been well applied [6–8].

The literature gap is in the fact that there is no single holistic
framework, which incorporates the academic merit, institutional
rankings, reservation policies, and cutoff variations in a single
graph-based framework. This paper fulfills this requirement by the
suggestion of a GAT-based recommender system that is specific to
the Indian higher education environment, thus improving the
aspects of fairness, transparency, and decision support in the
admission process.

A number of studies have examined the recommender systems
in academic setting have been conducted in recent years with
emphasis on how students in higher education can be guided in the
course of making decisions. Kamal, Sarker, Rahman, Hossain, and
Mamun [9] provided a systematized review of the literature on
recommender systems in academic choices in higher education (56
studies). They discovered that hybrid methods were most useful,
and course recommendation was the major research area. In
another part of the study, it has also highlighted the necessity of
real-world validation and integration of deep learning and person-
ality traits in the future to enhance personalization.

McNett and Cherie Noteboom [10–12] carried out a system-
atic literature review of higher education (non-MOOC) recom-
mender systems, reviewing 53 articles from 2017 to early 2022 to
study the application of learning and information systems theories
in design. According to them, fewer than one-fourth of studies
explicitly base designs on educational theory (most commonly the
Felder–Silverman Learning Style Model), but practice can be
content-based, collaborative, and knowledge-based. The authors
point out the lapses in student-facing validation and demand more
robust theory-based designs and robust empirical analysis in
natural institutional contexts.

Wu et al. [13] developed a model, HGE-CRec, that uses
heterogeneous graph embedding (with GNNs) to solve the issue
of data sparsity in online learning by exploiting the online learning
and online teaching features of information networks. Their
approach was based on the simulation of meta-path embeddings
with the help of GCN and the weighted aggregation of the same
with the help of GAT. The experimental results on four real-world
datasets showed that it outperforms the baseline models (PMF,
SoMF, and HERec) in terms of mean absolute error (MAE) and
root mean squared error (RMSE), especially when data are scarce,
which validated the effectiveness and strength of the model in
modeling complex learning relationships.

Zayed et al. [14] suggested a recommendation system to
choose an appropriate undergraduate program based on supervised

machine learning, which includes Decision Tree, Random Forest,
and Support Vector Machine. They found that hyperparameter
tuning improved the accuracy of prediction to 97.70%, and the
Random Forest performed better than previous 75.00. Degree
percentage, MBA percentage, and entry test results were also
found to be the most influential features by the authors. They
suggest that machine learning has the potential of enhancing
academic decision-making in students.

Wang and Yue [15] also proposed a Collaborative Knowledge
Graph Attention Network (CKALR) model to recommend learning
resources to different users. Their scheme combined the data of
learner–resource interaction with the knowledge graph properties,
further augmented with an attention mechanism to understand the
preferences of users better. The experimental validation of the
MOOCCube cube and Book-Crossing datasets demonstrated that
CKALR is much better than the baseline methods both in area
under the curve (AUC) and Top-K recommendation tasks. This
paper shows that when collaborative signals are combined with
data in the form of knowledge graphs, the accuracy and interpret-
ability of recommendations are enhanced.

Venkata Bhanu Prasad Tolety and Evani Venkateswara Prasad
[16] suggested a new e-learning recommendation system based on
GNNs to model user-module affinities in order to deliver person-
alized content. Their method built user–module compatibility
graphs and uses UserGNN, ContentGNN, and RecommenderGNN
to learn the preference of learners and resource characteristics. The
system, based on the Open University Learning Analytics Dataset
(OULAD) and the use of traditional content-based and collabora-
tive filtering techniques, was deprived of high precision and low
RMSE, thus being quite effective. Their work establishes GNNs as
a promising framework for scalable and accurate e-learning
recommendations.

Haimonti Dutta and Anushka Tiwari [17] suggested a content-
based system of art recommendations using multimodal GNN to
recommend scroll-painting panels, through simultaneous modeling
of text and image. They constructed modality-conscious panel-
panel graphs, learned graph structure using graph learning and
GCN-based node classification, and used Top-K recommendations
based on cosine-similarity. Compared toMMGCN and GRCN on a
dataset of field-collected data (106 panels, 13 songs), Top-K GCN
performed better with respect to precision and recall and demon-
strated evident multimodal advantages. The paper showed that
multimodal GNNs are efficient on small-scale, content-based
cultural heritage recommendation tasks.

A similar-item graph is incorporated in a Graph Attention
Social Recommendation Model with the aim of improving the
performance of personalized recommendations through the pro-
posed method by Yuan Zhang et al. [18]. To more effectively
capture user preferences, the model used graph attention to capture
user preferences, and they used item similarity to enrich the
contextual representation. Cross-auscultatory experiments with
benchmark datasets demonstrated that the model outperforms
traditional recommendation baselines, with accuracy and robust-
ness improvements. Their study showed that attention-based graph
structures have the capacity to push the social recommendation
systems forward.

GNN algorithms were evaluated comparatively by Rangkuti
and Fitriyani [19] to recommend music in the music recommenda-
tion system using the Spotify Million Playlists dataset. Their paper
concentrated on GraphSAGE and GCN, where their performance
was evaluated byAUC, precision, recall, F1-score, and training time.
Findings showed that GraphSage was more precise and had a higher
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AUC than GCN, but GCN was more recall- and training-efficient.
The paper suggests the possibility of GNNs to learn the rich user-
song dynamics and present more useful music suggestions.

Delahoz-Dominguez and Hijon-Neira [20–22] found out that
the analysis of sociodemographic variables combined with academic
performance raises the accuracy of the recommendations of the
university degree. It was found they improved prediction of test
outcomes in order to better guide their research that XGBoost and
Random Forest did better than other models in predicting standard-
ized test results. The system that has been proposed will help to
achieve educational equity by providing context-related and cus-
tomized suggestions. The focus of future work would be on the
integration of real-time data, increased datasets, and the maximiza-
tion of computing efficiency tomake it a more leveraged application.

Boudaa and Touhami [23] introduced a session-based recom-
mender system that uses GAT to improve the prediction of item
transitions in subsequent items in a session by taking into account
intricate item transitions. Their experiment proved that GAT
performed better than standard baselines, including POP, S-
POP, and random recommendations on a variety of datasets
with extensive improvement in accuracy, recall, and F1-score.
The attention mechanisms were effectively employed in the model
to balance the key interaction in the session to enhance the
flexibility of the recommendations to dynamic user preferences.
The research directions are to conduct a test on the model on a
variety of datasets and incorporate more context information to
enhance the quality of the recommendations further.

Y Guo [24,25] proposed a recommendation algorithm (het-
erogeneous graph neural network (HGNN)) that combines node
embedding learning, neighbor aggregation, and attention to deal
with sophisticated user-item interactions. On MovieLens-20M and
Amazon data, the experimental analysis showed high precision,
recall, and stability than the GraphSAGE and GAT models. The
paper has identified the ability of the model to effectively model
semantic associations and heterogeneous relationships, thereby
improving recommendation accuracy, diversity, and coverage.
The future directions are to scale heterogeneous datasets and
achieve scalability to real-world application.

Mehdi Elahi and Alain Starke et.al [26–28] developed a
university recommender system which creates personalized rank-
ing lists by generating user preferences in the form of ratings.
Appropriate algorithms were determined through offline testing,
and an online experiment compared SVD, KNN, and others using
such metrics as accuracy, diversity, personalization, satisfaction,
and novelty. The findings indicated that SVD was better in
accuracy and perceived personalization and KNN in novelty.
The results also pointed at user-preferred university features to
enhance the relevance of recommendation.

A hybrid summarization model that jointly applies a multi-
hidden recurrent neural network and Mayfly-Harmony Search to
optimize feature weights of sentences in retrieving relevant sum-
maries was suggested. Such content extraction based on optimiza-
tion could be used in the recommendation system to offer brief and
contextual information [27,29,30].

III. METHODOLOGIES
The specified methodology combines the use of graph-based
representation learning with historical admission data to create a
sound and equitable system of college recommendations. The
overall design is organized in four steps, including data preproces-
sing, graph creation, model development, and evaluation.

A. DATA PREPROCESSING

The system starts with two major datasets of a college dataset,
which include attributes: institutional characteristics (rank, avail-
able seats, and historical cutoffs by category) and a student dataset
(roll number, name, GATE score, applied course, and category).
Missing/inconsistent values are deleted, and cutoff scores in three
years are summed up to give average values per reservation
category. One-hot encoding (categorical variables, i.e., courses
and categories) and normalization (continuous variables, i.e., seat
availability) convert student and college features into numerical
vectors. Feature dimensions between student and college nodes are
aligned in order to guarantee compatibility of the models.

B. GRAPH CONSTRUCTION

The admission system is represented as a bipartite graph in which
one cluster of nodes is the students, and the other cluster of nodes is
colleges. A student is matched with a college in an edge if the
student GATE score is equal to or higher than the category-specific
cutoff in the selected course. The weight given to the edges depends
on the difference between the score of the student and the cutoff
divided by the rank of the college in order to factor in the
competitiveness of institutions. This expression enables the graph
to encode eligibility, preference, and fairness as part of a single
structure. We modeled the problem to be a bipartite graph.

G= (V, E), where
Nodes:

V students: Each student represented by their feature vector.

V colleges: Each college represented by its feature vector.

Edges:

An edge eij connects student i to college j if:

Score ij =
ðgate score i − cutoff avg jÞ

College rank J
(1)

where gate score i >= cutoff avg j

C. GAT ARCHITECTURE

A GAT is used to uncover multitask associations. The GAT uses
the attention mechanisms to prioritize the significance of the
neighboring nodes and, as a result, the model concentrates on
the most valuable connections between students and colleges. The
architecture is composed of two layered GAT layers to propagate
features and then an entirely connected layer to estimate successful
admission or recommendation strength. The model is trained with
mean squared error (MSE) loss, with student nodes as the predic-
tion objectives, and optimized through the Adam optimizer. By
such design, the recommender will have an opportunity to study
local (student eligibility and college eligibility) and global (insti-
tutional competitiveness) patterns. As shown in Fig. 1, the pro-
posed architecture uses a GAT to assist in academic
recommendation of Indian higher education institutions.

Student-based input node features are fed into two GAT
layers: the first layer involves multi-head attention that aims to
learn a variety of contextual relationships between student nodes,
and the second layer involves single-head attention that serves to
fine-tune the learned embeddings. This hierarchical attention pro-
cess adds on the capability of the model to combine pertinent
neighborhood data and to learn complex interdependences between
nodes. The last node model is inputted into an output layer with a
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sigmoid activation function that produces probabilistic recommen-
dations. The design is sufficient to model heterogeneous student
data and increase the accuracy and scalability of the recommenda-
tions. Our recommender system which is GAT-based comprises:

Input Layer:
Node features X ∈ RðN�dÞ (where d= common feature
dimension).

N= total number of nodes (students + colleges).

d= common feature dimension after preprocessing
(e.g., GATE score, one-hot course/category encodings, seat
information, and cutoff averages).

xj= feature vector of node j.

GAT Layers:
First layer: Multi-head attention (2 heads)with ReLU activation:

hð1Þi = ReLU

 X
ðj ∈NðiÞÞ

αijWð1Þxj

!
(2)

where αij is the attention weight between nodes i and j. Second Layer:
Single-head attention for aggregation:

hð2Þi = ReLUU

 X
ðj ∈NðiÞÞ

αijWð2Þxjh
ð1Þ
j

!
(3)

hð1Þi : Hidden representation of node i after the first GAT layer. NðiÞ:
Neighborhood of node i (connected student–college nodes). Wð1Þ:
Learnable weight matrix in the first layer, used to linearly transform
input features. α_ij: Attention coefficient that quantifies the impor-
tance of neighbor node j to node i. These coefficients are computed
using a shared attention mechanism:

α ij = Sof tMaxðLeakyReLUðaT ½WxijjWxj�ÞÞ (4)

a: Learnable attention vector; || denotes concatenation. LeakyReLU:
Nonlinear activation function applied element-wise to introduce
nonlinearity. Multi-head attention (2 heads) was used to stabilize
learning by averaging multiple independent attention mechanisms.

hð2Þi : Final hidden representation of node i.W ð2Þ: Weight matrix in the
second layer, projecting hidden features into a refined embedding

space. hð1Þi : First-layer hidden representation of neighbor node j. α_ij

Recomputed attention coefficients in this layer, now based on hð1Þi
instead of raw.

Output Layer: Sigmoid-activated linear layer to predict
recommendation scores:

ŷi=σðWð3Þhð2Þi þ bÞ (5)

where ŷ is the recommendation score for student i,W(3) is the fully
connected weight matrix mapping hidden embeddings to scalar

output, b is the bias term, and σ (·) is the sigmoid activation
ensuring outputs lie in [0,1].

D. TRAINING PROTOCOL

The proposed GAT-based recommender model was trained using a
supervised learning setup. The loss function employed was the
MSE, which minimized the difference between the predicted edge
weights (ŷij) and the true edge weights (yij) across all edges in the
graph. The formulation is given as: Loss Function: MSE between
predicted and true edge weights:

L = ð 1jEjÞ
X

ði,jÞ ∈ E

· ðŷij − yijÞ2: (6)

Optimizer: Adam (learning rate= 0.01). Train-Test Split:
80–20 stratified by student category, where |E| denotes the total
number of students–college edges.

E. EVALUATION AND RECOMMENDATION

Student nodes are split into a train set and a test set, and model
performance is evaluated on a ranking basis, and additionally, the
ranking-based metrics (Precision at K, Recall at K, F1 at K, and
NDCG at K) and error-based metrics (MAE and RMSE). Also, the
distributions of students by category, cutoffs, and student scores
versus recommended college rank are also analyzed using visuali-
zation techniques. The recommendation engine generates a priori-
tized list of colleges for the individual student taking care to ensure
that it is aligned based on its eligibility, equity, and institutional
restrictions like seat capacity.

IV. DATASET
The experimental framework employs two structured datasets—
college_list.csv and student_list.csv [Datasets URL: https://
tinyurl.com/mydatasets1]—representing the institutional and
applicant dimensions of the Indian postgraduate admission

Fig. 1. Graph attention network (GAT)-based academic recommendation
architecture.

Algorithm 1. Recommendation Generation
Algorithm

For each student I:

Step 1: Filtering

Eligible set:

Ei = fj ϵCjcourse appliedi = course namej ≥ cutoff avgj ∧
available seatsj > 0g

Step 2: Ranking (Sorting Eligible Colleges)

For each j ∈ Ei, define the ranking tuple:

Rij = ðyij,rankjÞ
Higher yij is preferred (hence yij)

Lower rankj is preferred.

Sort Ei in ascending order of Rij .

Step 3: Top-K Selection

Select the top K= 3 colleges from sorted Ei:

T i = TopKðEi,K = 3Þ (7)

Final Output:

T i = fj1, j2, j3g
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ecosystem. The college dataset contains 5 colleges of a total of 20
entries, each describing institutional attributes such as college_id,
college_name, college_rank, available_seats, and course_name,
along with multi-category cutoff values (GM, OBC, SC, and ST)
recorded across three years. These features simulate real-world
admission parameters, where institutional ranking and category-
wise cutoffs determine student eligibility. The inclusion of multi-
year cutoff trends enables the model to learn historical admission
behavior and inter-category variations, while the available_seats
attribute represents intake capacity, contributing to a realistic and
data-rich academic recommendation environment.

The student dataset complements this by incorporating indi-
vidual-level information for 20 applicants’ sample data, including
student_rollno, student_name, gate_score, course_applied, and
category. The gate_score serves as the key quantitative indicator
of academic performance, whereas course_applied and category
introduce relational and demographic diversity into the model.
When integrated, both datasets form a bipartite graph structure,
where students and colleges are represented as nodes connected
through edges weighted by compatibility metrics—derived from
GATE—cutoff differentials and institutional ranks. This intercon-
nected representation enables the GAT to learn adaptive relation-
ships between students and institutions, capturing both merit-based
and contextual admission dynamics, thus providing a robust
foundation for intelligent academic recommendation.

The dataset is deliberately crafted to align with the goals of the
proposed GAT-based academic recommendation system, which
seeks to model the intricate relationships between students and
institutions beyond traditional score-based approaches. By depict-
ing students and colleges as interconnected nodes with diverse
features—such as GATE scores, course preferences, category-
based cutoffs, and institutional rankings—the dataset allows the
GAT to learn contextual compatibility patterns that mirror actual
admission behavior. This design enables the model to capture both
quantitative aspects (e.g., score variations and rank normalization)
and qualitative dependencies (e.g., reservation category and course
suitability), mimicking the complex decision-making seen in aca-
demic admissions. Consequently, the dataset functions not just as
an input source but as a graph-structured representation of the
Indian higher education admission system, aimed at facilitating
intelligent, fair, and data-driven recommendations.

V. RESULT ANALYSIS
The proposed graph-based recommender is evaluated on real
admission data to analyze both predictive performance and fairness
across reservation categories.

A. STUDENT-CATEGORY DISTRIBUTION

The sample student-category distribution provides an invaluable
insight into the representation trends in the admission ecosystem
because it provides a demographic account of the applicants by
reservation group. As the data in Fig. 2 indicate, even though a
significant percentage of applicants are GM candidates, reserved
categories (OBC, SC, and ST) are also significant, which proves the
importance of inclusive evaluation strategies. This balance also
makes the recommender system tested in realistic environments
and not biased to a particular group. Success rates and cutoff
dynamics also are interpreted in the context of the distribution,
since differences in the representation can directly affect the results
of a recommendation. Therefore, the demographic analysis of

students is essential to confirm the validity and scalability of the
suggested model.

B. CUTOFF SCORE DISTRIBUTION BY
CATEGORY (CSE FOCUS)

The cutoff scores distribution by categories such as Computer
Science and Engineering (CSE) program demonstrates a vivid
stratification on the basis of reservation policy as depicted in
Fig. 3. The general merit (GM) applicants have the most cutoffs
with OBC, SC, and ST giving a gradually lower cutoff. This trend
indicates the structural inclusivity of the admission process to
provide equitable access to competitive programs. Settling these
differences, the data illustrates the significance of category-specific
modeling with similar cutoff assumptions so that disadvantaged
groups are underrepresented. This allocation gives a solid reason
why fairness mechanisms should be incorporated in the recom-
mendation system.

C. RECOMMENDATION SUCCESS RATE BY
CATEGORY

The cutoff scores distribution by categories such as CSE program
demonstrates a vivid stratification on the basis of reservation policy
as depicted in Fig. 4. The GM applicants have the most cutoffs with
OBC, SC, and ST giving a gradually lower cutoff. This trend
indicates the structural inclusivity of the admission process to
provide equitable access to competitive programs. Settling these
differences, the data illustrates the significance of category-specific
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Fig. 2. Student-category distribution.

Fig. 3. Cutoff score distribution by category (CSE focus).
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modeling with similar cutoff assumptions so that disadvantaged
groups are underrepresented. This allocation gives a solid reason
why fairness mechanisms should be incorporated in the recom-
mendation system.

D. GATE SCORE VS. COLLEGE RANK

The relationship between GATE scores and college ranks demon-
strates a strong inverse correlation, where higher-ranked institu-
tions consistently admit students with superior scores as shown in
Fig. 5. This trend reflects the natural competitiveness of top-tier
institutions, where admission thresholds are markedly higher due to
demand. Conversely, lower-ranked colleges exhibit a broader
acceptance range, catering to students across different performance
levels. This observation validates the structural hierarchy in the
Indian higher education system and supports the incorporation of
rank-sensitive features in the recommender framework. By explic-
itly modeling this relationship, the system ensures that recommen-
dations are not only feasible but also aligned with realistic
institutional competitiveness.

V. EVALUATION METRICS
The evaluation results demonstrate the effectiveness of the pro-
posed recommendation model across both ranking-based and
error-based measures as shown in Fig. 6. The ranking metrics—
Precision@K, Recall@K, F1@K, and NDCG@K, all achieving

a value of 0.75—indicate that the system consistently retrieves
relevant colleges in the top recommendations while maintaining
balanced precision and recall. This suggests that students receive
not only correct but also highly ranked recommendations, aligning
with the practical expectations of admission seekers. Complemen-
tarily, the error metrics highlight the predictive accuracy of the
model: an MAE of 0.3744 and an RMSE of 0.5301 confirm that
the system’s predictions closely approximate actual admission
outcomes. Together, these results validate that the model achieves
a desirable trade-off between ranking quality and score prediction
accuracy, reinforcing its robustness for real-world educational
recommendation scenarios.

The proposed GAT-based academic recommendation frame-
work demonstrates superior performance when evaluated using
both ranking and error-based metrics. At a cutoff value of K= 3,
the framework achieved consistent values across all ranking mea-
sures, including Precision@K, Recall@K, F1@K, and NDCG@K,
each yielding 0.75. This indicates a balanced capability in deliver-
ing accurate, relevant, and well-ranked recommendations, in con-
trast to baseline methods such as logistic regression and
collaborative filtering, which typically display uneven trade-offs
between precision and recall. In terms of error evaluation, the
framework obtained an MAE of 0.3744 and an RMSE of 0.5301,
both of which reflect lower prediction deviations compared to
baseline deep learning methods like LSTM and Bi-LSTM, where
RMSE values are generally observed above 0.6 and MAE ranges
around 0.45. These findings emphasize the strength of the GAT
model in effectively capturing complex interdependencies among
students, courses, and institutions through its attention mechanism,
thereby outperforming conventional models. Overall, the results
establish the proposed framework as a robust and reliable recom-
mendation system, well suited for addressing the diverse and
complex nature of Indian higher education.

A. RESULT ANALYSIS OF PROPOSED VS.
BASELINE MODELS

The relative comparison between the baseline models and the
proposed GAT-based model presented in Table I demonstrates
the excellence of the latter in terms of both ranking and error
measures.

The logistic regression and collaborative filtering have com-
paratively less precision at K, recall at K, and F1 at K scores
between 0.58 and 0.65, reflecting relatively low capacity to balance
accuracy and relevance in recommendation. Deep learning models
like LSTM and Bi-LSTM can reach these results, reaching scores
near 0.70 on ranking measures, although with higher error values
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Fig. 6. Evaluation metrics—ranking metrics and error metrics.
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with MAE of more than 0.43 and RMSE of more than 0.60.
Contrarily, the suggested GAT framework has a stable perfor-
mance in all ranking measures with an estimated score of 0.75, in
addition to providing low error values (MAE= 0.3744, RMSE
= 0.5301).

These results indicate that the attention mechanism is effective
in the process of capturing complex interrelationships among
students, courses, and institutions. The findings strongly support
the GAT-based framework as a powerful and strong academic
suggestion system, better than traditional baselines and deep
learning analogs in solving the varied and complicated problems
of Indian higher education.

B. TRAINING LOSS CURVE

The training loss curve is used to visualize the dynamics of learning
in epochs of the model and understand its convergence stability and
optimization efficiency as depicted in Fig. 7.

The monotonic and continuous decrease in loss suggests that
the GAT model progressively acquires meaningful representations
without instability and deviations. The fact that the oscillations or
sudden spikes are not present is an indication that the selected
learning rate and optimizer are well adjusted. Moreover, the model
shows that it is highly generalizing and not overfitting because the
model converges to a low final loss value. This act confirms the
soundness of the methodology of the experimental design and
lends credence to the validity of the evaluation findings reported.

VI. CONCLUSION & FUTURE WORK
A. CONCLUSION

The suggested graph-based recommendation system was an impor-
tant step in the sphere of educational decision support. In stark
contrast to the traditional methods that usually balance predictive

accuracy and fairness, this model could prove the capacity to
yield accurate admission forecasts without taking into consider-
ation the peculiarities of reservation types. High-ranking metrics
and low error rates highlighted its stability and practical use in the
real world. In addition to its performance, the system had a
beneficial impact on educational equity because it made sure
that various groups of students had equitable opportunities during
the process of the recommendation. These results verified the
functionality of the system and emphasized its possibilities as a
helpful instrument for facilitating clear, just, and evidence-based
scholarly advice.

Although the system demonstrated good performance, some
shortcomings were to be regarded to put its contributions into
perspective. The current research was largely limited to the scope
of their data that involved a small number of courses such as
Computer Science, Mechanical, Electronics, and Civil branches
admissions to experiment with a narrow time scale. Also, the model
now had a stronger focus on score and category-based variables,
which did not take into account non-academic variables like
student preferences, institutional structure, or changing labor mar-
ket needs. These limitations, despite not reducing the validity of the
system, indicate ways of improvement and extension in future
studies.

B. FUTURE WORK

Based on these encouraging results, it can be seen that future work
will focus on improving scalability and adaptability of the system.
By increasing the size of the dataset across various fields, years, and
geographical locations, this will be guaranteed to be more gener-
alized. The implementation of explainable AI modules may offer
increased transparency in recommendation logic, which will raise
trust, among students and policymakers. Moreover, the inclusion of
dynamically changing contextual variables, including peer pres-
sure, placement pattern, and reputation of the institution, would
enhance personalization and enhance long-term guidance. With the
limitations being overcome and the scope being increased, the
second stage of the research will bring the system one step closer to
becoming a feature-rich, student-centric decision support platform
in higher education.
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