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Abstract: University ranking systems significantly impact institutional reputations and assist students in making informed decisions.
Conventional ranking methodologies use subjective surveys and criteria, resulting in a deficiency of transparency and consistency. Recent
studies have used machine learning models such as LSTMs, BiLSTMs, and TCNs to classify tertiary institutions into tiers; nevertheless,
these algorithms encounter difficulties in distinguishing closely ranked institutions, particularly Tier-1 and Tier-2. Contemporary ranking
algorithms exhibit data security and traceability deficiencies, prompting apprehensions over potential institutional manipulation and
prejudice. A unique blockchain-based Hybrid TCN+BiLSTM model enhances academic feedback systems and university rankings in Indian
higher education institutions. Temporal Convolutional Networks (TCN) and Bidirectional Long Short-Term Memory (BiLSTM) enhance
classification precision and the modeling of long-range dependencies. Based on observation or experience rather than theory or pure logic.
The Hybrid TCN+BiLSTM model surpasses conventional deep learning methods, achieving an accuracy, precision, recall, and F1-score of
92.73%. The ROC curve study demonstrates its efficacy in hierarchical classification, especially in Tier-4 predictions. Besides classification
accuracy, blockchain technology ensures data immutability, verifiability, and transparency, hence mitigating biases in institution rankings.
Business intelligence in academic assessment may be directed by the focus on explainability in Al-driven ranking algorithms. This research
develops a scalable and robust framework for university ranking systems, facilitating real-time data streams, ensemble learning, and
specialized ranking metrics.

Keywords: Higher Education Ranking, College Tier Classification, Hybrid TCN+BiLSTM, Temporal Convolutional Networks,
Bidirectional Long Short-Term Memory.

ILINTRODUCTION

Indian universities are competing to enhance academic ranking and performance at both local and global levels. Rankings such as India's
National Institutional Ranking Framework (NIRF) are crucial for the university's reputation, teacher and student recruitment, and public and
private investments (Gupta et al., 2025). Research output, faculty quality, student satisfaction, and industry interaction are all taken into
account while NIRF rankings are made. Institutions must decipher and interpret such rankings to identify their areas of excellence and scope
for improvement(Henderson et al., 2019).

Peer reviews, focus groups, formal interviews, and hand-written questionnaires have all been utilized by universities in the past to gather feedback from
students and instructors. Although effective, these processes are defective because they have low customization, are subjective, biased, subject to delayed
analysis, have disparate data, and lack predictive data (Dabhade et al., 2021). The qualitative feedback used in traditional feedback collection is more likely
to be influenced by personal experiences, biases, and personal opinions as opposed to scholastic achievements. The identification and utilization of
improvements are delayed by the time-consuming human elicitation, processing, and analysis of feedback. Substantive feedback information is found in
survey responses, written comments, and institution records but can be challenging to collect and analyze. Old ways put more weight on the rearview than
on forecasts geared toward enriching institutional learning and policy. Rather than specific suggestions for students, teachers, or departments, feedback
analysis tends to yield general conclusions. These challenges mandate the development of data-driven, Al-based feedback systems that provide personalized,
predictive, and real-time information to enable academic attainment and institution ranking. For classifying colleges according to NIRF rankings, the present
study proposes a sophisticated hybrid machine learning method that integrates Bidirectional Long Short-Term Memory (BiLSTM) with Temporal
Convolutional Networks (TCN).(Zhang & Chu, 2024)(Wang, 2023).
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TCN, a deep learning convolutional algorithm, is computationally efficient and capable of extracting long-range relations in ranking
series(Hu, 2024). It can produce insights, detecting trends, and analyzing institutional ranking-related information. (Singla et al.,
2022)BiLSTM, a form of LSTM that takes both past and future contexts into consideration, improves the classification process by detecting
patterns within ranking sequences, grasping subtle dependencies, and classifying institutions into various NIRF ranking grades in terms of
their research performance, faculty quality, and student satisfaction(Chen, 2024). To determine patterns and trends in institutional
performance, recruitment of faculty, and accreditation compliance, TCN can process rank-structured information. TCN is more appropriate
for sequential tabular data models than regular machine learning models like random forests and gradient boosting, making it suitable for
monitoring changes in rankings over time.Using the integration of TCN and BiLSTM(Gopali et al., 2021), the system can now extract
information from qualitative and ranking measures, giving the universities real-time analytics to enhance rankings as well as academic

quality.

The goal of this study is to create a categorization system based on artificial intelligence. that uses NIRF rankings to classify Indian universities. The key
goals of this study are to optimize structured ranking analysis using TCN for enabling advanced pattern identification and trend prediction, improve
qualitative feedback analysis using BiLSTM-based NLP techniques to extract meaningful insights from text-based answers, and integrate Al-driven
approaches for assisting universities in improving their ranking performance. This study aims to optimize ranking analysis by employing the hybrid TCN +
BiLSTM model, thus enabling data-driven reform in Indian higher education systems(Feng et al., 2024).
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111. BACKGROUND

Bi-LSTM Network
A Bi-LSTM model comprises The LSTM in this model is a variation of their existing neural network (RNN), and it has two versions: a
forward LSTM and a backward LSTM. A gating unit is added to the LSTM in order to address the issue of gradient disappearance in
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conventional RNN. This gives the LSTM a more crucial capability to record long-term dependencies, while also allowing the RNN to better
identify and use the dependencies present in long-distance data.

In LSTM, every cell unit takes on a new structure that is mostly made up of our components: input gate, output gate, forget gate ft, and

storage unit ct. Figure 1 depicts the internal organization of a single LSTM module cell.

A
- h(

Xt

Figure 1:LSTM cell unit

The following is the LSTM update formula.:
Ignore the gate mechanism.

fe=oWipyxe + Uipyhea + b)) ®)
The forgettable gate f, It is a memory cell for rest. o symbolizes the activation function of the sigmoid W) is a matrix of
weights.x,symbolizes the input at one moment. t,U Is the hidden layer output's weight matrix, h,_, reflects the short-term memory and is the
concealed state. by the offset vector

Mechanism of the input gate:

ip = o(Wyxe + Ugyhey + b)) )
The gate of input i, denotes the Sigmoid activation function, and ¢ stands for the input gates that regulate the memory cell's input. W(;, is a
matrix of weights. x, symbolizes the input at one moment. U Is the hidden layer's weight matrix output h._, Is the state concealed?
representing the memory that is short-term is b ;) the vector of offset

Three current unit statuses:
=t Oc-103) (10)

¢ It is a potential memory cell. The forget gate f; Is a memory cell reset? c,_, is the condition of the cell of ¢ — 1 shows the state of the long-
term memory 4 update unit.

Ct = ¢+ it @ tanh( W(C)xt ol U(c)ht—l + b(c))(ll)
¢, Does The condition of the cell represent Long-term memory, ¢ Is the memory cell of the candidate i, W_((c)) is a weight matrix that
represents the input gates that regulate the memory cell's input? x,represents one input at a time Uls the hidden layer outputs' weight matrix
h¢_, Does the short-term memory reflect the hidden state? b, Does the offset vector

Five mechanisms of the output gate
Oy = O-(W(O)xt + U(O)ht—l + b(o)) (12)

The gate for output o, Represents the output gates that govern the output of the memory cell. o symbolizes the activation function of the
sigmoid W(q, is a matrix of weights. x, symbolizes the input at one moment. U Is The hidden layer output's weight matrixh,_, reflects the
short-term memory and is the concealed state. by Does the offset vector
The concealed layer's present condition

hs = o, © tanh(c;) (13)

h; Is the state concealed? tanh is the Sigmoid activation function, c; Is the cell state reflecting the long-term memory the output gate that
regulates the output of the memory cell?

Xu [32] proposed that the Bi-L STM network acquires backwards and forward features. Therefore, this study employs the feature irregularity
in the OCBs to address the issue. Bi-LSTM model to extract additional information concealed in the deep semantic relationships of the
context. model to extract more information contained in the deep semantic links of the contextBi-LSTM model to extract more information
contained in the deep semantic links of the context.
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Figure 2:BILSTM network model

Equations (14) and (15) display the formulae for the state at every point in the model. of the Bi-LSTM jointly determines the final state,
h; = LSTM(x;, h;_y) (14)

zh; = LSTM (x;, hy_,) (15)

Temporal convolutional neural network

A novel neural network that uses convolutioncalled TCN was created specifically for sequence modeling. TCN models use Long-range
patterns are captured via a hierarchy of temporal convolutional filters, and TCN improves between the receptive field and net depthby using
residual block structure and dilated casual convolutions. In The receptive field of dilated casual convolutions is expanded by using dilated
convolution to convolve Only items from time t and earlier in the previous layer were included in the output at time t. In contrast to ordinary
convolutions, dilated convolutions introduce a predetermined pause in between neighbouring filter touches. Given a filter f:{0,....k-1} >R
and a 1-D sequence input xe R”n, the convolution operation F on the sequence elements is defined as below.

F(s) = (x * df)(s) = TG f (D)% = d; (16)

Where d is the dilation factor, k is the filter size, and s-d-i quantity is the past direction, the TCN's receptive field is increased by using larger
filter sizes k and increasing the dilation factor d. a dilated causal convolution structure with dilation factors d = 1, 2, 4, and k=3. TCN also
uses the residual block, which has been used to build intense networks; when input and output features of a residual block are not equal, the 1
x 1 Conv layer is required because the input is resized to match the output's feature count so that they can be combined; the sum of
transformation outputs and inputs is also known as skip connection. This prevents the vanishing gradient issue by carrying it throughout a
deep network.

IV.METHODOLOGY

This research proposes a hybrid machine learning method combining Bidirectional Long Short-Term Memory (BiLSTM) and Temporal
Convolutional Networks (TCN) to predict Indian universities based on their NIRF rankings. The method comprises several steps: data
gathering, preprocessing, model creation, training, testing, and deployment.

4.1 Data collection

The "Top Engineering Colleges in India" Kaggle dataset provided by loTTech consists of a comprehensive list of engineering colleges
across India. The data would likely be replicated from reliable ranking systems such as the NIRF, or National Institutional Ranking
Framework, and other evaluating metrics. It possesses essential elements such as names of institutions, rankings, geographic locations,
accreditation status, teacher qualifications, students' enrollment, placement rates, research productivity, and other performance measures. The
dataset can be utilized for education level analysis, institutional comparison, and student and researcher choice. It is also a vital source in
identifying engineering education trends, high-performing institutions, and academic and placement opportunities.

Data Source

update_data_of _300.csv | K 5% 4

EEE - - ek la L

Source Link:
https://www.kaggle.com/datasets/iottech/top-engineering-colleges-india/data?select=update data_of 300.csv
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4.2 Data preprocessing
4.2.1 Handling Missing Values

Both numerical and categorical columns in the dataset may have missing values. To prevent skewing the data distribution, missing numerical
values in rank, TLR, RPC, go, oi, and perc are filled using the median, while missing values in categorical columns such as owner_ship and
grade are filled using mode imputation (Tahir et al., 2025).

4.2.2 Encoding Categorical Variables
(Benjamin, 2025b)One-hot encoding is used for owner_ship (Private/Public) and grade (AAAA, AAAAA, Other), which are categorical.
This approach avoids giving categories arbitrary numerical correlations. It creates new binary columns like grade. AAAAA, grade_Other,
and owner_ship_Public/Government.

4.2.3 Feature Scaling (Normalization/Standardization)
For rank, TLR, RPC, go, oi, and perc, standardization (Z-score scaling) is used to provide uniformity across numerical columns. (February et
al., 2025)The dataset is appropriate for machine learning models because of this treatment, which ensures equal variance and centers the
values around zero.

4.2.4Handling Labels
To make classification easier, the label column is transformed into ordinal bins if it represents continuous ranges. There is no need for
transformation if it is binary (0 or 1). This stage guarantees that the label format complies with the model specifications(Benjamin, 2025a).

4.3 Model Building

Long Short-Term Memory (BiLSTM) in both directions and Temporal Convolutional Network (TCN) are part of the proposed classification
model to enhance NIRF ranking prediction accuracy and credibility. By leveraging dilated causal convolutions to handle ranking patterns
over a few years, TCN is employed to extract temporal patterns and long-term interdependence between university performance indicators.
This allows the model to detect subtle variations in institutional development and ranking scores. BiLSTM is employed, however, to capture
accrediting information and qualitative feedback from students and instructors. BiLSTM increases the interpretability and decision-making
capacity of the model by leveraging its bidirectional nature to detect influential emotions, uncover common themes, and match textual
insights with ranking factors.In order to ensure confidentiality and integrity of NIRF ranking information, Blockchain Integration is
embedded in the hybrid machine learning framework. It avoids data tampering and supports verifiable open authentication of institutional
ranks through the decentralized and tamper-proof framework that blockchain technology provides. This renders the system of categorization
robust, solid, and fraud-proof.

4.4 Performance Metrics
Accuracy: The most straightforward method of determining how often the classifier generates accurate predictions is to use accuracy. This
might instead be interpreted as the proportion of all correctly predicted positive outcomes divide by the total amount of forecasts made.

TP+ TN
e a7)

Precision: In contrast to this ratio in addition to one minus from it, that is, (1 — precision), which displays the proportion of erroneous
negatives; recall is obtained from 1/precision.

Accuracy =

TP

Precision = (18)
A X TP+FP A
Recall: However, in contrast to true negatives, there are also known as false negatives.
TP
Recall = —— (19)
A ’I‘P+F{V A
F1-Score: The recall's harmonic mean and accuracy scores is used to calculate it.
__ 2xPrecisionxRecall
1 T — (20)

Precision+Recall

4.4.1 Algorithm for Model
Algorithm 1 College classification using NIRF Ranking
. Input: Dataset from Kaggle containing engineering college rankings and attributes
: Output: Predicted NIRF ranking class
: Step 1: Data Preprocessing
: Handle missing values:
- Fill missing numerical values using median.
: Fill missing categorical values using mode.
: Encode categorical variables using one-hot encoding.
: Normalize numerical features using Z-score standardization.
: Convert label column into ordinal bins if needed.
: Step 2: Model Building
: Define Temporal Convolutional Network (TCN):
: Use dilated causal convolutions to learn temporal patterns.
: Capture long-term dependencies in ranking attributes.
: Define Bidirectional Long Short-Term Memory (BiLSTM):
15: Process institutional accreditation and qualitative feedback.
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16: Use bidirectional layers to capture forward and backward dependencies.
17: Combine TCN and BiLSTM for hybrid ranking prediction.

18: Integrate Blockchain to ensure ranking data integrity.

19: Step 3: Model Training and Evaluation

20: Split dataset into training and testing sets.

21: Train the hybrid TCN-BiLSTM model using labeled data.

22: Evaluate model performance using:

23: Accuracy:

TP + TN
Accuracy = S
24: Precision:
Procision — TP
recision = W
25: Recall:
Recall __TP
= TP I EN
26: F1 Score:

2 * Precision * Recall

Precision + Recall

27: Step 4: Model Deployment
28: Deploy trained model as a web service for ranking predictions.
29: Ensure Blockchain integration for verifiable ranking authentication.

V.RESULTS AND DISCUSSION

Hierarchical college tier classification deep learning models are assessed here for distinguishing Tier-1 to Tier-4 colleges. Hybrid
TCN+BILSTM performs the best in terms of accuracy, particularly for Tier-4 classification. Model strengths and weaknesses are reflected
by confusion matrices, ROC curves, and performance measures, whereas tier-based differences are indicated by AUC values and
misclassification patterns. BiLSTM and LSTM are good, but they are not good at middle-tier differentiation, and TCN is poor in Tier-1
classification. Blockchain provides credibility and transparency to ranking, which makes this Al-based academic assessment framework
strong and interpretable.

5.1 Confusion Matrix
Confusion Matrix for Hybrid TCN+BILSTM

0

25

Tier-2

Actual

Tierl Tier-2 Tier3 Tier4
Predected

Figure 3:Confusion matrix for Hybrid TCN+BIiLSTM
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Figure 6:Confusion Matrix for TCN

The confusion matrices illustrate the efficacy of various models in categorizing college tiers (Tier-1, Tier-2, Tier-3, Tier-4) according to
actual and predicted values. The Hybrid TCN+BiLSTM model, illustrated in Figure 3, exhibits robust performance, particularly in Tier-4,
with 38 accurate predictions. It erroneously categorizes one Tier-3 instance as Tier-1, one Tier-1 instance as Tier-3, and one Tier-2 instance
as Tier-4. The LSTM model (Figure 5) demonstrates efficacy, accurately predicting 9 instances in Tier-3 and 35 in Tier-4; however, it
erroneously classifies 3 Tier-1 instances as Tier-1, 2 Tier-2 instances as Tier-2, and 1 Tier-4 instance as Tier-2. The BiLSTM model (Figure
4) exhibits comparable trends, accurately predicting 8 instances in Tier-3 and 35 in Tier-4, although it erroneously classifies 1 Tier-4
instance as Tier-1 and two instances of Tier-1 as Tier-1. TCN model (Figure 6) accurately predicts 9 Tier-3 and 34 Tier-4 instances, but
erroneously classifies 1 Tier-4 instance as Tier-3 and 1 Tier-1 instance as Tier-2. The Hybrid TCN+BiLSTM model is the most effective,
particularly in Tier-4 classification, rendering it an excellent option for hierarchical college tier classification. The performance in
recognizing Tier-3 is promising; however, misclassifications in lower tiers indicate potential for optimization. Moreover, although all models
demonstrate high accuracy in Tier-4 classification, their efficacy in differentiating between Tier-1 and Tier-2 exhibits variability, suggesting
potential opportunities for enhancement in addressing nuanced distinctions between these categories.
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5.2 ROC Curves:

ROC Curve for Hybirid TCN+BILSTM
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Figure 7:ROC Curve for Hybrid TCN + BIiLSTM

ROC Curve for BLSTM
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Figure 8:ROC Curve for BILSTM

ROC Curve far TCN
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Figure 10:ROC Curve for LSTM

The ROC curves indicate the classification ability of various models in discriminating between college tiers based on their respective AUC

values.
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The Hybrid TCN+BiLSTM model (Figure 7) indicates outstanding performance in all tiers with an AUC of 0.86 for Tier 1: 0.92; Tier 2:
0.92; Tier 3: 0.94 and a perfect 1.00 for Tier-4, indicating its high reliability in discriminating between college tiers, and more specifically
indicating outstanding performance in Tier-4 classification.

The TCN model (Figure 9) indicates poor performance for Tier-1 with an AUC of 0.61, but indicates good effectiveness for Tier-2 (0.97),
Tier-3 (1.00), and Tier-4 (0.97), indicating its vulnerability in Tier-1 classification but high effectiveness in higher tiers.

The BiLSTM model (Figure 8) indicates good performance with an AUC of 0.74 for 0.92 for Tier 1, 0.92 for Tier 2, and 0.94 for
Tier 3., and 0.99 for Tier-4, indicating its high capability in higher-tier classifications but areas of improvement in Tier-1 accuracy.

The LSTM model (Figure 10) indicates an AUC of 0.99 for Tier 1: 0.83; Tier 2: 0.83; Tier 3: 0.99, and 1.00 for Tier-4, indicating high
capability in most classifications but a bit weakness in Tier-2.

The Hybrid TCN+BiLSTM model is exceptional with its consistent and balanced capability to classify all levels, and thus is the best option,
especially in discriminating between lower-tier colleges while indicating excellent performance for higher tiers.

5.3 Performance metrics
Table 1:Performance of all models
Model | Accuracy | Precision | Recall F1
Score
Hybrid 0.9273 0.9008 | 0.8933 | 0.9004
TCN +
BiLSTM

BILSTM | 0.9074 0.8597 | 0.8393 | 0.8459
LSTM 0.8941 0.8087 | 0.8431 | 0.8108
TCN 0.8874 | 0.77866 | 0.8194 | 0.7881
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Figure 11:Bar Chart for models’ performance

The bar graph displays each individual's relative performance. models as compared to each other in terms of F1-score, recall, accuracy, and
precision. By recording an accuracy of 0.9273, precision of 0.9008, recall of 0.8933, and F1-score of 0.9004, the Hybrid TCN + BiLSTM
model performs better than the others. thus, making it the most effective architecture amongst those tested. The BiLSTM model achieves an
F1-score of 0.9074, recall of 0.8393, precision of 0.8597, and accuracy of 0.8459, reflecting strong classification performance. The LSTM
model obtains an F1-score of 0.8941, recall of 0.8431, accuracy of 0.8941, and precision of 0.8087. 0.8108, reflecting competitive
performance, although slightly weaker than BiLSTM. The model with the least performance is the TCN model, with performance metrics of
F1-score = 0.8874, recall = 0.8194, precision = 0.77866, and accuracy = 0.7881.

The bar chart clearly represents the outstanding performance of the Hybrid TCN + BiLSTM model, setting it as the most reliable method for
the task at hand to be classified.

5.4 Discussion

The findings highlight the efficiency of the Hybrid TCN + BiLSTM model for correctly using data to determine college levels security and
integrity ensured through blockchain incorporation. The confusion matrices reveal that the model achieves maximum accuracy in Tier-4
classification, making it the most reliable to distinguish top-tiered institutions. However, Tier-1 and Tier-2 misclassifications indicate room
for improvement, particularly in the discrimination of subtle differences between these tiers. Cross-validation with other models shows that
while BiLSTM and LSTM are impressive performers, they have relatively lower accuracy in discriminating between the middle tiers. The
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TCN model, while very good in higher-tier categorization, struggles with significant impairment in Tier-1 classification, as seen through its
lower AUC for the class. The ROC curve analysis also confirms the dominance of the Hybrid TCN + BiLSTM model, which consistently
has high AUC values across all levels, confirming its performance in discriminating institutions according to their ranks. The even
performance of this model across all levels makes it a best choice for hierarchical classification, while other models have limitations in
specific categories. The findings show that while conventional models like LSTM and BiLSTM do improve performance, their performance
is further increased when combined with Temporal Convolutional Networks to enable better feature extraction as well as the learning of
long-range dependencies. The integration of blockchain technology not only assures verifiability but also reinforces the credibility of
institutional rankings, making it a necessary part of the framework. This research highlights the importance of explainability in Al ranking
systems, given that understanding model flaws and limitations is crucial to improving methodologies and ensuring fair and transparent
assessments.

V1. CONCLUSION

The significance of applying deep models of learning for university ranking reviews and academic feedback systems. The study highlights
that the integration of Temporal Convolutional Networks with BiLSTM gives rise to an improved classification framework, enabling
productive tier-based grouping of colleges. The outcome shows that decision-making in the academic sector could be enhanced with the use
of sophisticated neural architecture, offering data-driven means to evaluate institutional performance. While the findings are promising,
follow-up studies might explore additional improvement areas, such as incorporating outside academic ranking variables, the addition of
transformer models, and improving feature extraction strategies. The methodology of this study provides an extensible and adaptable
solution deployable in most educational environments and thus improves the rankings of universities using advanced business analytics. In
addition, the ability to automate and improve classification of institutions can aid policymakers, researchers, and administrators in devising
focused policies for institutional development. Deep learning methods are used in this study to obtain meaningful results from educational
information in line with the broader aim of enhancing efficiency and transparency of academic assessment mechanisms critical to nurturing
continued progress in higher education.
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