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Abstract: University rankings play a vital role in the
world of higher education, influencing everything
from student enrolment to how resources are
allocated and the overall reputation of institutions.
This study dives into how machine learning
techniques can be used to predict university rankings
by analysing historical data from India's National
Institutional Ranking Framework (NIRF). It also
looks at ways to estimate the improvements
universities need to make in order to reach their
desired rankings. By examining NIRF data from the
last five years, this research evaluates key
performance indicators and creates both predictive
and prescriptive models to aid in data-driven strategic
planning for higher education institutions.
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. Introduction

University rankings are widely used for
benchmarking institutional ~ performance  and
informing decision-making at both institutional and
governmental levels (Tabassum & Hasan, 2018). The
NIRF is a well-established ranking system that
evaluates Indian higher education institutions using
multiple parameters (Ministry of Education, 2023).
Various studies have proposed methodologies to
forecast NIRF rankings. Random Forest Regressor to
predict NIRF ranks based on Teaching, Learning &
Resources (TLR), Research and Professional Practice
(RPC), Graduation Outcomes (GO), Outreach and
Inclusivity (Ol), and Perception was employed by
Khade et al. (2023). Kumar et al. (2024) utilized a K-
Star ensemble algorithm to predict NIRF ranks for
Indian Institutes of Technology (11Ts). Building upon
these studies, this research develops machine
learning models to predict NIRF rankings and
recommends specific improvements needed for
institutions to attain higher rankings (Mishra et al.,
2022).

1. The National Institutional Ranking
Framework (NIRF) and Ranking Parameters
The National Institutional Ranking Framework
(NIRF) was introduced in 2015 by the Ministry of
Education, Government of India, to assess and rank
higher education institutions across the country. The
ranking is based on five key parameters:

Teaching, Learning & Resources (TLR): Evaluates
student strength, faculty-student ratio, faculty
qualifications, and financial resources (Khade et al.,
2023).

) Research and Professional Practice (RPC):
Measures research output, publications, patents, and
funded projects

. Graduation Outcomes (GO): Analyzes
student placements, higher education progress, and
median salaries (Mishra et al., 2022).

) Outreach and Inclusivity (Ol): Considers
gender diversity, regional representation, and
inclusivity (Tabassum & Hasan, 2018).

. Perception: Based on surveys conducted
among academic peers and industry professionals
(Géron, 2019).

The above factors contributes to the overall score,
determining position in the NIRF rankings Kumar et
el. (2021).

The NIRF framework assesses institutions based on
several key parameters. For Engineering institutions,
these parameters and their respective weightages are
as follows: Teaching, Learning & Resources (TLR)
(0.30), Research and Professional Practice (RP)
(0.30), Graduation Outcomes (GO) (0.20), Outreach
and Inclusivity (Ol) (0.10), and Perception (PR)
(0.10). Each of these parameters is further divided
into sub-parameters. For example, the Teaching,
Learning & Resources (TLR) parameter is evaluated
based on metrics such as Student Strength including
Doctoral Students (SS), Faculty-student ratio (FSR),
Faculty qualifications and experience (FQE), and
Financial Resources and their Utilisation (FRU).
Since NIRF doesn’t provide explicit formulas for
some parameters and instead uses functions,
universities may struggle to wunderstand how
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improvements in specific areas impact their overall
score.

To handle this, we can take an empirical and data-
driven approach using machine learning and
statistical analysis. Reverse engineering NIRF’s
implicit functions , using data science and machine
learning model helped estimate the function impact.
The analysis of last 5 years of historical data for top
100 rank universities revealed how changes in
specific parameters affected rankings in the past.

3. Dataset and Pre-processing

Data collection spans five years and includes 17
performance parameters:

. TLR: Student Strength (SS), Faculty-
Student Ratio (FSR), Faculty Qualifications and
Experience (FQE), Financial Resources Utilization
(FRU).

. RPC: Publications (PU), Quality of
Publications (QP), Intellectual Property Rights (IPR),
Funded Projects and Professional Practice (FPPP).

. GO: Graduation Percentage (GPH),
Graduate Employment Rate (GUE), Median Salary
(MS), Graduates Pursuing PhDs (GPHD).

. Ol: Regional Diversity (RD), Women
Diversity (WD), Economically and Socially
Challenged Students (ESCS), Peer Perception Score
(PCS).

. Perception: Perception Score (PR) (Ministry
of Education, 2023; Shin et al., 2011).

4. Methodology The study follows a structured
methodology:

) Data Collection: Engineering institute NIRF
ranking dataset for the period 2019 to 2024 (5 years)
from https://www.nirfindia.org/Home

. Data Pre-processing: Cleaning, encoding
categorical variables, and selecting features (Mishra
etal., 2022).

6. Results and Model Comparison

. Feature Engineering: Identifying and
transforming key ranking factors (2024; Géron,
2019).

° Model Training & Evaluation;

Implementing machine learning models such as
Linear Regression, Random Forest, and XGBoost
(Shin et al., 2011).

. Prediction & Improvement Estimation:
Estimating the required improvements for rank
enhancement (Tabassum & Hasan, 2018).

. Feature Importance Analysis: Identifying
the most influential ranking parameters (Mishra et
al., 2022).

Data pre-processing , visualisation and ML models
was achieved in Python code using various libraries
like Panda, numpy, matplotlib, seaborn and Scikit-
learn.

5. Machine Learning Models for Rank Prediction
The models developed using Scikit-learn in python
after due cleaning tabular data, The library was used
for:

. train_test split — Splitting dataset into
training and testing.

. StandardScaler — Normalizing features for
better model performance.

. LinearRegression — A simple regression
model for rank prediction. Establishes a baseline
prediction model (Géron, 2019).

. RandomForestRegressor — A powerful
ensemble model for non-linear relationships.
Captures non-linear interactions for improved
accuracy (Rauhvargers, 2013).

) mean_absolute_error, r2_score,
mean_squared_error — Model evaluation metrics.

. xgboost — An optimized gradient boosting
algorithm that provides higher accuracy. Utilizes
gradient boosting to enhance predictive performance
(Agrawal & Singh, 2020).

Model R2 Score MAE RMSE
Linear Regression 0.849 8.04 9.72
Random Forest 0.952 4.25 5.47
XGBoost 0.933 5.07 6.46

Table 1: Model COomparison

The Random Forest model outperformed others in rank prediction. The most influential ranking parameters were
Research & Professional Practice (RPC) and Teaching, Learning & Resources (TLR) (Mishra et al., 2022)
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Correlation Matrix of NIRF Parameters
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Fig. 1 Cluster map showing Feature correlations

Key Observations from Correlation Matrix:
Strong Positive Correlations:

) Research & Professional Practice (RPC) vs
Score: Institutions with higher RPC scores tend to
have better rankings.

) Teaching, Learning & Resources (TLR) vs
Score: Higher teaching quality contributes positively
to ranking.

Negative Correlations:

o Rank vs Score (-0.9 to -1.0): A lower
(better) rank is associated with a higher score.

. Graduation Outcomes (GO) vs Rank:
Universities with better placement and student
success rates tend to rank higher.

Weak or No Correlation:

Some parameters (e.g., Outreach & Inclusivity - Ol)
may have a weaker relationship with ranking,
suggesting that while important, they do not directly
impact ranking as much as Research or Teaching
factors.

Feature Importance Analysis: The most influential
parameters affecting rank prediction were:

1. Financial Resources and their Utilisation
(FRU)

Region Diversity (RD)

Teaching, Learning & Resources (TLR)
Perception (PR)

Placement and Higher Studies (GPH)
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Fig. 2 Feature Importance
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Estimating Required Improvement for Rank ranked 87 in 2020 required a score increase of 4.52
Enhancement to reach rank 50

Given a university’s current rank and score, the Breakdown of parameter adjustments suggests
model predicts necessary parameter improvements to focusing on Research & Professional Practice (RPC)
achieve a target rank. For instance, an institution and Teaching & Learning Resources (TLR) for

maximum impact.

Rank vs Score Prediction

90 4 -. e Actual Data
. Regression Line
° @ Current Rank: 87
80 4 b ® Target Rank: 50

70 4

Fig. 3 Rank Vs Score Prediction

Improvement Recommendations for Target Rank
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Fig. 4 Improvement Recommendation for Target Score
7. Conclusion and Future Work university rankings based on NIRF parameters. By
This study demonstrates that machine leveraging feature importance and SHAP analysis,
learning techniques, particularly Random Forest and institutions can identify the most influential factors
XGBoost, provide highly accurate predictions of affecting their rankings, allowing for data-driven
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decision-making. The proposed framework not only
predicts ranks but also quantifies the necessary
improvements to achieve a target ranking, offering
universities a strategic roadmap for growth.

Our findings highlight that Research &
Professional Practice (RPC) and Teaching, Learning
& Resources (TLR) are the most significant
contributors to ranking improvements. Institutions
aiming for higher NIRF rankings should prioritize
enhancing research output, faculty quality, and
student learning infrastructure.

For future work, we propose integrating
real-time ranking dashboards to provide continuous
performance tracking and predictive insights.
Additionally, ensemble learning models and deep
learning approaches could be explored for further
accuracy enhancements. The application of Al-
driven policy simulations may also help institutions
in formulating targeted strategies for ranking
improvement.

References

[1]. Mishra, B. P., Dash, R., & Rath, B. (2022).
ML use for forecasting the NIRF ranking of
engineering colleges in India and PCA to find
the correct weightage for the best result.
Webology, 19(1), 5222-5233.

[2]. Tabassum, N., & Hasan, M. A. (2018).
University ranking prediction system by
analyzing influential global performance
indicators. 2018 4th International Conference
on Electrical Engineering and Information &
Communication Technology (ICEEICT), 631-
634.

[3]. Khade, O. S., Kadam, Y. R., Ruke, A. A., &
Yeolekar, S. S. (2023). College NIRF rank
predictor using ML. International Journal for
Research in Applied Science & Engineering
Technology (IJRASET), 11(4), 316-322.

[4]. Jain, A., & Sood, S. K. (2020). NIRF Ranking
Prediction of Indian Universities using
Machine Learning Algorithms. International
Journal of Computer Applications, 180(7), 1-
5.

[5]. Géron, A. (2019). Hands-on machine learning
with Scikit-Learn, Keras, and TensorFlow:
Concepts, tools, and techniques to build
intelligent systems. O'Reilly Media, Inc.

[6]. Rauhvargers, A. (2013). Global university
rankings and their impact: Report Il. European
University Association Brussels.

[7].  Shin, J. C., Toutkoushian, R. K., & Teichler,
U. (2011). University rankings: Theoretical
basis, methodology and impacts on global

8].

[9].

higher education. Science &
Business Media.

Kumar, A., Singh, K., & Siwach, A. K. (2021).
NIRF India Rankings 2020: Analyzing the
Ranking Parameters and Score of Top 100
Universities. DESIDOC Journal of Library &
Information Technology, 41(5).

National Institutional Ranking Framework.
(2024). Methodology for Ranking of
Academic Institutions in India (Ranking
Metrics for Engineering). Ministry of
Education, Government of India. website:
https://www.nirfindia.org

Springer

| Impact Factor value 7.52 |

ISO 9001: 2008 Certified ‘Journal

Page 601



