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Abstract - Test case prioritization is the process of ordering test cases based on their importance to improve regression testing
efficiency. Test case prioritization approaches have been demonstrated to improve regression testing processes. But operating
the whole regression test suite can be inconvenient and costly, particularly for large systems. To overcome this problem, a novel
An Intelligent Deep Learning Model for Automated Test Case Prioritization Systems using Neural Networks (Deep-TCP) has
been proposed. Test cases are collected from the source code repository and split into test steps. The test steps are preprocessed
using Normalization, Tokenization and stemming to remove noise. After pre-processing, word embedding is computed and the
embedded features are clustered using K-means clustering. The novelty of the proposed integration is where the effort is of word
embedding, K-means clustering, Radial Basis Function Network (RBFN), and CNN-BiGRU to capture both semantic and
sequential connections between test cases. Radial Basis Function Network (RBFN) is used for extracting the relevant features
and Convolutional Neural Network-Bidirectional Gated Recurrent Unit (CNN-BiGRU) is used for testcase priority such as high
priority, average priority and low priority. The proposed framework has been implemented using Python (PyTorch) and
evaluated on a system with NVIDIA RTX 4090 GPU. The efficacy of the proposed Deep-TCP framework has been determined
using evaluation metrics such as Average Percentage of Faults Detected (APFD). Average APFD of the proposed method is
94.5% which is higher than 71.25% at ATRL-TCP, 73.5% at QAOA-TCS and 81.5% at BootQA approaches.

Keywords - Convolutional Neural Network-Bidirectional Gated Recurrent Unit, Fault Detection, K-means clustering, Software
Testing, Testcase Prioritization.

1. Introduction

Software testing is structured verification activity used to
evaluate and improve software quality [1]. It is also a long-
established part of the software lifecycle, evolving alongside
software development itself [2]. In practice, testing serves as
a quality-assurance mechanism that supports both assessment
and attainment of required quality levels [3]. Through
systematic execution and evaluation, it helps validate multiple
quality attributes-including dependability, usability, security,
capability, efficiency, portability, maintainability, and
interoperability-by revealing defects and weaknesses in the
system [4]. Notably, testing does not solely involve the defect
discovery but also aids in defect resolution as well as offering
supporting evidence that the system put in place matches the
requirements and acceptance criteria [5].

Whenever testing is done thoroughly, defects are likely to
be identified at an earlier stage, and correction will be less
expensive and more probable of the final product aligning to
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the needs and expectations of the users [6]. Continuous
Integration (Cl) is now a popular approach to modern
development processes based on automated pipelines, which
compile, package, and verify software based on set rules and
quality gates [7]. Automation in its turn makes the execution
quicker, ensures more repeatability, and less manual work in
both the execution of the test and the detection of defects [8].
Nonetheless, the application of the automation frameworks in
practice is frequently limited by organizational factors, such
as technology shortages, budget issues, and lack of personnel
to design, develop, and operate automation resources in the
most efficient way possible [9]. As a result, both research and
industry have been gravitating toward more automated test
design methods, in which language models are becoming
more and more used to help in the generation of test cases and
other associated testing artifacts [10].

In this scenario, test case prioritization provides a
practical mechanism in enhancing good testing outcomes
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when limited time or resources budgets are available, by
prioritizing test cases in order of their most valuable ones to
run first [11]. Test Case Prioritization (TCP) is of great
essence when software is in the process of development and
maintenance, where regression tests should be repeated and
they should be done effectively [12]. Because prioritization
necessarily requires making choices about the most important
things (e.g., risk, cost, coverage, historical failure trends), the
rigorous prioritization of competing characteristics is of
central concern to the technique [13]. TCP techniques are
designed to mitigate the high execution cost of regression
testing by scheduling test cases to maximize early fault
detection; therefore, tests with stronger fault-revealing
potential and lower execution time are typically placed earlier
in the execution order to accelerate feedback and reduce
debugging latency [14]. However, as the test suite grows in
size, regression testing becomes more time-consuming and
resource-intensive [15]. TCP improves fault detection and
testing efficiency by prioritizing critical and independent test
cases [16]. The main constraint of cost-based test case
prioritization is that it requires source code analysis, which
makes it difficult to use when source code is unavailable [17].
Although numerous TCP methods are being developed and
tested on open-source projects, there is a lack of
comprehensive comparative studies on large-scale industrial
applications [18].

Despite significant progress in test case prioritization
techniques, several challenges remain unresolved. These TCP
methods have been found to work in many existing TCP
methods that are based on heuristic or search-oriented
methods, which lack the semantic relationships and sequential
dependencies between steps in test cases. This means accuracy
in the prioritization and performance in fault detection can be
reduced in the case of using large and complex test suites. As
such, it is necessary to have intelligent learning-based systems
that can derive meaningful representations on case tests and
enhance the effectiveness of prioritization. In order to
overcome such constraints, Deep-TCP, a smart deep learning-
based test case prioritization framework that uses neural
networks has been suggested. The major contribution of the
work has been followed by:

Test cases are collected from software repositories and
decomposed into individual test steps to capture detailed
testing behavior for prioritization.

Textual test case data is normalized, tokenized and
cleaned using Natural Language Processing (NLP).
Textual test steps are translated to semantic vectors
through word embedding techniques so as to be
effectively learned.

It presents a clustering and feature extraction method
based on K-means and Radial Basis Function Network
(RBFN) to classify and select test case features of
importance.
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To ensure that test cases are detected in the early stages
to identify fault early, a hybrid CNN-BiGRU network is
created to rank the cases into high, medium, and low
priorities.

Section 2 exhibits proposed literature study; Section 3
represents the suggested approach; Section 4 illustrates model
outcomes and discussions; and Section 5 indicates the future
work's conclusion-

2. Literature Review

In 2025, Su, Q., et al [19] proposed Attention Transfer
Reinforcement learning for Test Case Prioritization (ATRL-
TCP) to dynamically adjust test case prioritization. The point
is that the existing model is not able to handle various ranking
situations within the framework of Cl. The offered ATRL-
TCP algorithm dynamically adjusts its input representation
based on attention transfer and enables a high level of
generalization and enhancement of the performance in ranking
test cases in diverse CI settings. The findings show that
ATRL-TCP works well in generalization and ranking within a
realistic timeframe.

In 2025, Trovato, A., et al [20] proposed a Quantum
Approximate Optimization Algorithm (QAOA-TCS) for
efficient effective test case selection. Performing the complete
set of regression tests may be time-consuming and costly,
particularly for large-scale systems. The advantage of the
QAOAs outperforms baseline algorithms in terms of efficacy
and efficiency, while being equivalent to proposed model. The
results show that QAOA-TCS beyond conventional
techniques in effectiveness and performs similarly to proposed
model in efficiency, demonstrating strong potential.

In 2024, Laaber, C., et al [21] proposed History-Based
Greedy Prioritization techniques (HGP) to give micro
benchmarks priority in order to speed up detection.
Conventional TCP algorithms can be unrealistic with long
execution time and poor performance with micro benchmarks.
History-based greedy method provides immense efficiency
with minimal run time overhead and coverage is less intricate.
The result shows that simple, non-coverage-based strategies
are more effective in micro benchmarks than the complex
coverage-based strategies.

In 2024, Wang, X., et al [22] proposed a Boot Quantum
annealing (BootQA) is used to solving test case minimization
problem in software. Current quantum annealers are restricted
by the number of qubits and cannot provide quantum benefits.
QA-based TCM formulation with bootstrap sampling to
increase qubit efficiency and solution quality. The BootQA
outperforms the other three optimization procedures in terms
of time efficiency for addressing big TCM issues. In 2024,
Zhang, Z., et al [23] proposed a Density-based Clustering Test
Case Prioritization (DC-TCP) is used to prioritize the test case
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using DBSCAN-based clustering. Existing diversity-based
static black-box prioritizing approaches are time consuming
and unstable due to the large computational overhead
associated with string distance computations. DC-TCP
improves generality through input mapping, improves
classification with DBSCAN, and increase sequence merging
efficacy with the search techniques. The proposed DC-TCP
approach beats static black-box sorting methods in terms of
defect detection rate and time economy.

In 2021, Sharif, A., et al [24] proposed a DeepOrder
learning algorithm is used to prioritize test cases in continuous
integrated. The existing CI test prioritizing algorithms
struggle with huge amounts of test data or rely on a small
number of pervious cycles, lowering fault detection efficacy.
DeepOrder generates effective test ranking by using any
amount of test data and learning failure patterns based on
criteria like length and execution status. Experimental results
reveal that DeepOrder outperforms industry standards and
cutting-edge approaches in terms of time efficiency and detect
identification.

In 2025, John, A., et al [25] proposed an Al-Driven Test
Case optimization for CI (AI-TCO) is used to intelligently
select, prioritize, and execute test case. Existing model
becomes weak and inefficient as software complexity

increases, resulting in duplicate test executions. The Al-driven
strategy employs machine learning and predictive analytics to
eliminate needless and improve problem identification. The
result indicates that Al-optimized testing greatly speeds CI
processes while preserving or enhancing overall software
quality.

In 2026 Li, Z., et al., [26] proposed environment
Adaptation Agent-based RL-TCP method (EAA) that detects
significant environmental changes by analyzing fluctuations
in prioritization effectiveness. In case of a change being
detected, it assigns targeted rewards to test cases. EAA also
optimizes the gradient update of the agent in such a way that
it incorporates better the dynamics of the environment into
retraining. Tests on 12 real-life industrial data and minimizes
the. average TTF 35.85 -50.37 positions versus state-of-the-
art RL-TCP techniques. In 2023 Singh, A., et al., [27]
provided categorization of existing TCP methods that are
investigated according to the six research issues that are more
pertinent to TCP. The authors used a variety of search terms
to retrieve several publications from relevant repositories of
journals, conferences, seminars, and symposiums in order to
conduct a Systematic Literature Review (SLR) on TCP
approaches. This SLR goes into great length on the
limitations, possible benefits, and advantages of each TCP
technique.

Table 1. Comparative analysis of existing studies

S. No Author Approach Advantage Limitation
1 su, Q., [19] ATRL-TCP Adqptlve input selection increases Requ"es accurate hl_storlcal data and
ranking accuracy and generalization. increases computing overhead.
QAOA- When compared to traditional Requires quantum computing
2. Trovato, A., [20] TCS methods, it improves the efficacy and resources, which limits its practical
competitiveness of test case selection. application in existing CI systems.
Prioritizes micro benchmarks quickly Applicability to complicated systems
3. Laaber, C., [21] HGP and efficiently, with low runtime requiring coverage-based analysis is
overhead. limited.
slorlnuriirgxesu;hl?tm;:)? Tglcé?srl?lleatnedst Still limited by existing quantum
4, Wang, X., [22] BootQA on quality Tor farge-s - annealing hardware constraints and
case minimization with limited qubit o
scalability.
resources.
Avoids costysting disance | mE IS N R
5. Zhang, Z., [23] DC-TCP computations, which improves defect parameter
. - . distribution.
detection and time efficiency.
Handles vast amounts of test data The complexity of deep learning
6. Sharif, A., [24] | Deep Order effectively and enhances fault models may lead to increased training
detection while saving time. time and resource consumption.
Reduces duplicate test executions and Performance is determined on quality
7 John, A., [25] AI-TCO f:iramatlf:ally agcelera';e§ continuous of the training dat:fl, and system
integration while retaining software becomes more complicated, significant
quality. model tuning may be required.

Based on the review of the literature, currently, primary
methods of test case prioritization are based on heuristic
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optimization, reinforcement learning, quantum methods, or
historic strategies. In spite of the fact that these methods



Sowmyadevi S & Shashi Mehrotra / 1JETT, 74(6), 294-308, 2026

enhance prioritization and execution efficiency, most of them
do not reflect semantic relationships between test case steps
and cannot be easily adopted in large and dynamic testing
environments. Moreover, a number of them do not have
developed deep learning mechanisms to extract structural and
serial patterns in data of test cases.

Consequently, the accuracy of priority and the detection
of faults is low in the complex software systems. In order to
solve these problems, the Deep-TCP architecture introduces
the NLP-based preprocessing, clustering, RBFN feature
extraction, and the hybrid CNN-BiGRU architecture to
achieve the effective automated prioritization of test cases.
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3. Proposed Methodology

In this section, a DL-based Deep-TCP model is designed
to perform effective automated test case prioritization in
software testing. The given solution combines several
processing steps, such as data preprocessing, word
embedding, clustering, feature extraction, and the
classification, to increase the quality of test case data and
identify meaningful trends in test steps. The overall K-means
clustering, Radial Basis Function Network (RBFN), and
CNN-BIiGRU model allow learning both the semantic and
sequential relationship between cases in the test and generates
a high, average, and low priority level with accuracy. Figure 1
shows the overall workflow of proposed Deep-TCP
methodology.
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Fig. 1 Proposed deep-TCP methodology for priority identification
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3.1. Data Collection

The source code repository is used to obtain test cases to
verify the accuracy and consistency of the software. These test
cases consist of elaborate details like test steps, input
conditions as well as anticipated outputs which are utilized to
confirm the proper performance of the software system.
Effective software testing is enhanced by collecting the test
cases properly to aid in the detection of the errors and to make
certain reliability and integrity of software. The assembled
data is the main input of the suggested Deep-TCP framework
that allows to conduct additional preprocessing, extract
features, and rank test cases to conduct regression tests that
work best.

3.2. Data Preprocessing

Preprocessing of the collected test cases is in form of test
steps. There are different operations and anticipated results in
each test case. Pre-processing steps are then applied to the test
steps to normalize, tokenize and stem the data to be further
processed and trained.

3.2.1. Normalization

Normalization method for preparing data that scales
numerical values inside a specific range, typically [0, 1] or
[-1, 1]. This reduces the influence of different scales of data
and ensures that all characteristics contribute equally to the
learning  process. Normalization in  test case
prioritize enhances machine learning accuracy by ensuring
consistent and similar data.

Min-Max Normalization converts a feature Y into a scaled
version Y’ using a formula.

Y—Ymin

y' = 1)

Ymax—Ymin

Where Yare the original values, Y,,;, and Y,,,, are the
features minimum and maximum values, and Y’ is the
normalized value within the range [0,1].

3.2.2. Tokenization

Tokenization is a data preparation approach that breaks
down raw data, such as text or structured test case records, into
smaller meaningful pieces called tokens. Tokenization helps
simplify test case prioritize and data by breaking down
complicated words, and segmenting time-series data for
machine learning. This procedure effectively structures and
encodes data for analysis with models.

A basic example of word tokenization using a function
U(y) may be expressed as

U(y) = {ulﬂuZ'u3' ""uo} (2)

Where, tokenized output is represented by U(y), while
individual tokens are denoted by uq, u,, ..., u,.
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3.2.3. Stemming

The streaming technique is a crucial step in Natural
Language Processing or text categorization, converting words
to their associated root or stem. Stems are a suffix is the
combination of a root and its derivation, including prefixes
and postfixes. There are two forms of stemming: stem or light
stemming and root-based stemming. The former involves
eliminating suffixes and prefixes from a word to derive its
root. The latter has three sub-categories. There are three types
of bases: dictionary-based, no-dictionary, and hybrid.

3.3. Word Embedding

The study employed word2vec, which has been shown to
produce Vector representations of words typical NLP tasks
than other approaches. Word embeddings can be expressed as
a mapping W — SE:x »— 8, which converts word w from
vocabulary V to real valued vector in an embedding space of
dimension proposed the skip-gram architecture, which
consists of a single input layer for the focal word and an output
prediction layer for contextual words. It formulates the model
mathematically as follows. The training goal is to maximize,
given the input target word, the conditional log probability of
seeing the output contextual word,

maxK = max%Zf{:llogQ(ilxu) 3

In the neural probabilistic language model, Q(i|x,)
represents the conditional probability and J is the objective
function. The gathered and preprocessed test cases are
separated into training, validation, and testing subsets in order
to have a reliable evaluation of the model and avoid
overfitting. In general, training, validation, and testing are
commonly split into 70, 15, and 15 percent respectively. The
validation set is used to fine-tune hyperparameters and initiate
an early halt, whereas the test set is utilized to test the final
performance of the Deep-TCP model on unseen data. Such
strategy of splitting guarantees recreation and objective
evaluation of how the model has prioritized its elements.

3.4. Clustering

Clustering is a valuable unsupervised learning approach
that divides unknown things into groups. The members of
each category have comparable qualities and characteristics.
Clustering relies on word embeddings, which are numerical
representations of the text. Clustering is done on purpose
before feature extraction to group semantically related test
instances, decrease noise and redundancy, and ensure that the
next feature extraction procedure learns from homogeneous
data distributions. For clustering K-means clustering is
utilized.

3.4.1. K-means Clustering

K-means clustering is used to group similar test case
based on the Word embedding, enabling effective
organization of testcase. K-means method is robust, quick, and
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easy to measure. This is an unsupervised learning strategy for
clustering. When data points are properly separated, the K-
means method produces excellent results. In this technique,
"K" centers are chosen at random or by heuristics and must be
separated. After picking data point, assign it to nearest center
until no data points remain. Following completion of the first
phase, the centers of k clusters are recalculated to generate
new "K" centers. Allocate new center and nearest data points.
This process will continue until the centers stop migrating.
The primary goal of this strategy is to minimize the objective
function, as indicated below.

fun(¥) = Zi-1 Zuallgy = yull® 4)

where |lq, — yIl> denotes the Euclidean distance
between q, and y,,."d," represents number of points in the
u — th group, whereas "d" represents group centers. The
following are the major steps of this algorithm.

Consider Y = {y,,y,,¥3,-.,Y4} IS a set of group
centers, whereas Q = {qi,92, 93 --,qq} represents data
items.

Algorithm: K-means Clustering
Step 1: Select d initial cluster centers at random.
Step 2: Measure the distance from each data point to all
selected centers.
Step 3: Place every data point into the cluster with the
nearest center.
Step 4: Re-estimate the cluster centers by averaging the

points assigned to each cluster.
1

Yw = (d_v) 25;;1 Qv
Where, "d,," signifies the number of points in the u — th
group.
Step 5: Again, compute the distance between each point and
the revised cluster centers.
Step 6: Repeat the process until the cluster centers stabilize.

3.5. Feature Extraction via Radial basis Function Networks

Clustering features are retrieved using RBFN to obtain a
meaningful feature. RBFN is preferred over autoencoders for
feature extraction because it can learn localized, cluster-aware
representations with less computational cost. RBFN is one of
many types of feedforward neural networks. Neural networks
are used to perform mapping functions like g: S™ — S using
the following equation:

9(2) = Xo + Y=o X (IIZ — diID) ®)

where the input vector is represented by z € S™, the kernel
nodes or centers are indicated by D, € S™witharange of 1 <
i < m, the Euclidean distance is represented by |.]|, the
weights are represented by X, witharangeof 1 < i < o,
and the number of kernel nodes is indicated by o.
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3.6. Convolutional Neural Network-Bidirectional Gated
Recurrent Unit

Convolutional Neural Network-Bidirectional Neural
Network is used for testcase prioritize based on high, average
and low priority. The CNN-BiGRU architecture was chosen
over LSTM or Transformer models because of its fair trade-
off between performance, computational efficiency, and
scalability. CNN, known for its capacity to capture local
characteristics and build spatial hierarchies, has been widely
used in test case prioritize for damage detection and lost-data

restoration.

CNN's inclusion of local connection, weight sharing, and
subsampling methods significantly decreases the number of
model parameters, resulting in increased computing
efficiency. Convolutional, pooling, and fully linked layers are
among the key layers that make up CNN. Stacking multiple
layer types can create distinct CNN designs to address specific
issues. Convolutional layer is the core of CNN and the major
extractor of features to the network. Convolution is a
mathematical operation that is used in combining two
functions that are real-variable. The following expression is
the method:

z=Yia X xy+¢ (6)

Where y and z signify input and output of convolutional
layer, respectively; X; and c; represent weights and bias
vectors of the i — th filter, respectively; and ' = ' denotes the
convolution operation.

Pooling layer generated through convolution down-
sampling of the feature maps, where the local neighbourhoods
are aggregated to decrease the spatial dimensions. This
reduction aids in managing model complexity, reduces
computation and enhances generalization, thus, reducing
overfitting. A fully connected layer establishes dense
connections between activation of all the neurons and all the
activations of the prior layer.

In the normal pipeline, convolutional layers are used to
learn hierarchical representations of the features and the
pooling layers are used to reduce the dimensionality of the
representations. The feature maps obtained are then flattened
into a one-dimensional feature vector after multiple
convolution-pooling steps and then passed on to fully
connected layers to be regressed or classified as needed.

GRU cells construct a GRU layer that takes up sequential
data, one time step at a time. The input is processed in
sequence using shared weights and biases at every step of a
GRU process. The GRU is capable of capturing the important
historical context and modeling long-term temporal sequence
dependencies by using the current input with a regulated
summary of the past states.
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GRU cells use two gating processes, namely: update gate
and reset gate. When the update gate decides the extent to
which the past hidden state should be used in the current state,
higher update values preserve more of the past, which is
conducive to the continuation of learned temporal
characteristics. The reset gate controls the extent to which past
information is forgotten during computation of the candidate
state; during low reset gate, the prior context is selectively
ignored, which enables the GRU to pay attention to novel
input patterns where necessary.

GRU's operating method consists of four parts: reset,
update, candidate hidden state, and hidden state calculation.
The update and reset gates remove long-term dependencies
from sequential data, addressing the issue of disappearing
gradients. The mathematical formula for these operations is as
follows:

Su = 0(Xs  [iy—1, 7] + ¢5) ()
ay = 0(Xg " [iy-1, Yul + o) (@)
iy = tanh(X; - [sy " iy-1, 7] + ¢1) 9)
y =1 2)ay iy-q +ay i (10)

Where s, and a, represent the outputs of the reset and
update gates, respectively, and i;, signifies the output of the
candidate hidden state. Sigmoid and tanh functions are
represented by o and tanh, respectively. i, represents the
output information for the current time step. X;, X,, X;, and
Cs, Cq, C; refer to weight matrices and biases.

The GRU's unidirectional construction, which only
transfers neuron states forward, leads to poor usage of
sequential input, despite its correlations with both past and
future time steps.

This strategy does not fully use the underlying qualities
of the data. The BiRNN idea was used to optimize the
utilization of past and future data, resulting in the invention of
the BiGRU, which is now widely used for response
reconstruction and prediction.

BiGRU incorporates a reverse GRU structure into the
GRU framework, allowing for recursive feedback of both
forward and backward hidden layer states.BiGRU uses dual
training to analyze the relationship between present
acceleration data and past and future data.

This approach effectively collects data sequence
information, improving feature use and missing data
reconstruction accuracy. This work uses BiGRU as the
fundamental model to effectively extract time-related
characteristics from sequential data. The basic equations of

BiGRU are shown in Equations (11) to (13):

Z = GRU(yw lu—l) (11)
t, = GRU (Y, 1y—1) (12)
by = Xyly + Xyl + €y (13)

The terms GRU and X,, refer to the classic GRU network's
training process and forward weight, respectively.
Propagation at timet, X, represents the weight associated with
backward propagation at time t. The bias vector c,, represents
the hidden layer's state at time ¢.

Pseudocode: Deep-TCP Model

Input:

Test case repository T
Number of clusters k
Training epochs E= 100
Learning rate @ = 0.001

Output:

Prioritized test cases (High, Average, Low)

Begin

1. Extract test cases T from source code repository

2. Split each test case t; € T into test steps s;

3. For each test step s; do [[Pre-processing
4. Apply normalization

5. Perform tokenization

6. Apply stemming

7. End For

8. Compute word embeddings using Word2Vec for
all test steps  // Word Embedding

9. Apply K-means clustering on word embeddings
to form k clusters  // Clustering

10. For each cluster c;do
/I Feature Extraction

11. Extract features using Radial Basis Function
Network (RBFN)

12. End For

13. Initialize  CNN-BiGRU model with Adam
optimizer

14. Train CNN-BiGRU for E epochs with learning
rate

15. Classify test cases into priority levels:

{High Priority, Average Priority, Low Priority}
16. Return prioritized test cases based on predicted
priority labels
17. End

3.7. Design Rationale

The Deep-TCP framework is designed around three
major architectural choices, each of which contributes to
effective test case prioritization.
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3.7.1. K-means Clustering for Test Case Organization

K-means is used to group semantically related test cases
based on word embeddings. This grouping helps reduce noise
and redundancy, ensures that every cluster contains the same
test steps and allows identifying relevant patterns easily.
Through aggregating test cases into coherent groups, feature
extraction and prioritization can be carried out on more
structured data, making it more efficient and predicting
accuracy.

3.7.2. RBFN for Feature Abstraction

A Radial Basis Function Network (RBFN) is applied after
the clustering to obtain discriminatory characteristics. RBFN
is well suited to this since its radial basis functions are
centered around the cluster prototypes thus learning features
locally. In contrast to autoencoders, RBFN produces
interpretable and cluster-aware representations with reduced
computational complexity, quicker convergence, and reduced
overfitting risk, which is best suited to moderate size test data.

3.7.3. BiGRU for Sequential Test Steps

Test cases consist of a sequence of stages, and the
sequence of actions is decisive. BIGRU captures both forward
and backward dependencies efficiently representing temporal
interactions, which is used to represent them.

Compared to LSTM or Transformer models, BiGRU is
computationally lighter, converges faster, and works well on
moderate-sized datasets. When combined with CNN for local
feature extraction, the CNN-BiGRU combo efficiently learns
both local and sequential patterns, allowing for accurate
prioritization.

4. Result and Discussion
The experimental results were conducted in Python

(PyTorch) and evaluated on a system with NVIDIA RTX 4090
GPU. Deep-TCP model introduced as a PyTorch model and
was trained during 100 epochs with a starting learning rate of
0.001 as shown in Table 1. The model performance was
evaluated using standard evaluation metrics as accuracy,
precision, and recall. Early-stopping technique was used to
avoid overfitting and to have stable training. The test case
dataset was divided into 70 % training, 15 % validation and
15 % testing with equal distribution of high, medium and low
priority. All test steps were preprocessed with normalization,
tokenization, and stemming to provide some level of fair
comparison; the baseline models (CNN, BiGRU, and CNN-
BiGRU) were trained under the same settings. The test cases
gathered were well arranged and classified in order to
maintain uniformity and avoid confusion in the prioritization.

Table 1. Training parameters of the proposed deep-TCP model

Parameter Value
Epochs 100

Optimizer Adam

Learning Rate 0.001

4.1. Dataset Description

In this proposed work, the three independent projects-
Joda Time, Closure, and Chart-from the respected Defects4;j
collection [28] are used for preliminary analysis as shown in
Table 2. The Defects4j collection has 357 issues and 20,109
tests per project. Every iteration of the project has test cases
that correspond to both fixed and problematic code sections.
All test cases are written using the JUnit testing methodology.

Table 2. Information of the dataset

Identifier Project Name Amount of test Cases
Chart Jfreechart 2,205
Joda Time Joda-Time 2,245
Closure Closure Compiler 7,927
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Figure 2 illustrates the outcomes of the prioritization. The
x-axis represents as the APFD and y-axis represent as Density.
It is evident in Figure 2 that the suggested model generates an
average APFD value. Additionally, the histogram peak
displays a value of 1, showing a perfect forecast of fresh data.
Figure 3 shows APFD comparison of test case. The proposed
Deep-TCP techniques are compared with the existing
techniques like ATRL-TCP [19], QAOA-TCS [20] and
BootQA [22].

Figure 3(a), (b), (c) represent the contrast of APFD for
Chart, Joda Time, Closure dataset with proposed and existing
techniques. The x-axis represents as Number of Test Cases
and y-axis represent as Each Dataset. In closure dataset, APFD
value of proposed Deep-TCP techniques for number of
testcase 500 is 0.87% and for the existing system are 0.72%,
0.70%, 0.78% respectively. Likewise, the APFD value for the
proposed techniques is higher than existing techniques for all
dataset.
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Fig. 3 APFD comparison of test cases
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Figure 4 represent the Convergence curves of Testcase.
Figure 4(a), (b) represents the contract of mean fitness value
for Fault coverage and statement coverage with proposed and
existing techniques. The x-axis represents as Number of Test
Cases and y-axis represent as Mean Fitness Values. The
proposed Deep-TCPtechniques has higher coverage for both
the fault and statement coverage than the existing techniques.

In fault coverage, mean fitness value of the proposed Deep-
TCS techniques for number of Testcase 600 is 97.58% and the
existing system are 96.57%, 96.45%, 96.50% respectively. In
statement coverage, mean fitness value of the proposed Deep-
TCP techniques for number of Testcase 600 is 99.95% and the
existing system are 97.89%, 97.50%, 98.45% respectively.
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Fig. 5 The average APFD of existing and proposed technique for prioritizing

Figure 5 illustrates the average APFD of existing ATRL-
TCP [19], QAOA-TCS [20] and BootQA [22] and
ProposedDeep-TCP techniques for Testcase prioritizing. The
X-axis represents the number of test cases, whereas the y-axis
represents APFD. The proposed Deep-TCP techniques are
higher than the existing techniques.

For instance, the proposed Deep-TCP model produced a
APFD of 99% with 500 testcases, compared to 86%, 80% and
93% for the ATRL-TCP, QAOA-TCS and BootQA
approaches. The proposed model is 94.5%, which higher than
the ATRL-TCP of 71.25%, QAOA-TCS of 73.5%, BootQA
of 81.5% respectively.
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Fig. 6 APFD trend of proposed and existing method

303




Sowmyadevi S & Shashi Mehrotra

Figure 6 display the APFD trend of proposed Deep-TCP
method and the existing techniques such as ATRL-TCP [19],
QAOA-TCS [20] and BootQA [22]. X-axis represent the
Testcase Execution and y-axis represent the APFD values. As
compared to the existing methodology, the proposed Deep-
TCP method has higher APFD up to 84%, and the lower
APFD up to 75%. When the number of Testcase execution is

[ 1JETT, 74(6), 294-308, 2026

300, the corresponding APFD values computed by the existing
ATRL-TCP, QAOA-TCS, BootQA and Proposed Deep-TCP
are 80.2%, 81.3%, 82.0%, and 83.8% respectively. When the
number of Testcase execution is 500, the corresponding APFD
values computed by the existing ATRL-TCP, QAOA-TCS,
BootQA and Proposed Deep-TCP are 75%, 76%, 78.0%, and
81.8% respectively.
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Fig. 7 Runtime comparison for existing and proposed techniques

Figure 7 shows the runtime comparison of existing and
proposed approaches, including ATRL-TCP [19], QAOA-
TCS [20] and BootQA [22], and the proposed Deep-TCP
model. The x-axis represents as Number of Test Cases and y-
axis represent as Runtime. Further demonstrates how runtime

increase as the number of Testcase increase. When a Testcase
is 300, the runtime of the proposed methods is 4.7 s and the
existing ATRL-TCP, QAOA-TCS and BootQA vyield 5.15 s,
5.3, and 6.4 s respectively. As the number of Testcase
increase, so does the amount of runtime comparison.
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Fig. 8 Complexity analysis for existing and proposed techniques

Figure 8 illustrates the complexity analysis for existing
and proposed techniques such as ATRL-TCP [19], QAOA-
TCS [20] and BootQA [22] and proposed Deep-TCP model.
The x-axis represents the Number of Testcase and y-axis
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represent the Complexity analysis. For instance, the proposed
Deep-TCP model produced a complexity of 0.27 s with 300
Testcases, compared to 0.65 s, 0.41 s and 0.30 s for ATRL-
TCP, QAOA-TCS and BootQA approaches. The proposed



Sowmyadevi S & Shashi Mehrotra / 1JETT, 74(6), 294-308, 2026

Deep-TCP strategy eventually achieves a better complexity
with 500 Testcases, while the existing ATRL-TCP, QAOA-

TCS and BootQA strategies provided a higher complexity.

Table 3. Comparison of statistical testing for proposed and existing

approaches
Author Methods Accuracy p-value
Su, Q., ATRL-TCP 92.80% 0.041
Trovato, A., QAOA-TCS 91.10% 0.019
Wang, X., BootQA 89.70% 0.028
Proposed Deep-TCP 99.03% 0.007
Table 3 indicates the comparison of statistical

significance for proposed and other existing approaches like
ATRL-TCP [19], QAOA-TCS [20], BootQA [22]. The Deep-
TCP model achieves an accuracy of 99.03% compared to other
models obtained like ATRL-TCP (92.80%) [19], QAOA-TCS

(91.10%) [20], and BootQA (89.70%) [22] respectively.
Additionally, the Deep-TCP model attains a low p-value of
0.007 shows strong statistical significance and improved
reliability compared to the existing methods.

Figure 9 depicts the suggested model's performance in
comparison to the current ATRL-TCP [19], QAOA-TCS [20]
and BootQA [22] and proposed Deep-TCP model. The x-axis
represents as performance Metrics and y-axis represent as
Values. The proposed model achieved remarkable results,
with precision of 98.85%, recall of 98.64%, F-measure of
98.95%, and accuracy of 99.03%, whereas the other remaining
classifiers achieved approximate rates of precision, recall, and
F-measure of 93%, 95%, and 94%respectively. Figure 6
shows that the proposed model outperforms earlier models
due to its capacity to optimize the learning process, which
leads to better overall performance.
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Fig. 9 Performances metrics for proposed and existing techniques

1.00
0954 ) %
0.90 1

0.85 - : | —|—

0.70 1 — - o]

0.65

0.60 1 =

& & &

& & N o

Fig. 10 Comparison of APFD performance for TCP methods
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Figure 10 indicates that suggested Deep-TCP model will
be assessed based on the APFD measure and will be compared
to the current TCP approaches like ATRL-TCP, QAOA-TCS,
HGP, BootQA, DC-TCP, DeepOrder and AI-TCO. The
findings indicate that the model suggested has a better APFD
value, which means that it is efficient in terms of fault
diagnosis at an earlier stage and test case priority than current
methods.

Table 4. Ablation result for deep-TCP accuracy

Techniques Accuracy (%)
With Clustering 98.15
Without Clustering 96.50
With RBFN 98.25
Without RBFN 96.00
CNN (only) 97.10
BiGRU (only) 97.50
CNN + BiGRU 98.80
Proposed Deep-TCP 99.03

Table 4 demonstrates the methods that use clustering and
RBFN exhibit better accuracy than the similar methods that do
not use these elements. The CNN-BiGRU combination is an
additional improvement, which allows to capture the locals
and sequential elements of the test steps. On the whole, the
Proposed Deep-TCP model has the best accuracy of 99.03
exceeding all the single and composite baseline methods
which shows its ability to prioritize automated test cases with
high efficiency and accuracy.

Table 5. Statistical analysis of prioritization techniques

Compared Models Accuracy (%) p-value
CNN 97.10+0.18 0.015
BiGRU 97.50 £ 0.16 0.012
CNN + BiGRU 98.80+0.14 0.004
Proposed Deep-TCP 99.03+ 0.10 0.001

As shown in Table 5, the proposed Deep-TCP model
achieves a mean accuracy of 99.03% with a low standard
deviation of +0.10, indicating highly stable performance
across multiple runs. The p-value of 0.001 which goes with
the latter indicates that the over-base line techniques are
significantly better.

Although CNN and BiGRU are the only two methods
which also demonstrate significant improvements with p-
values of 0.015 and 0.012 respectively, their accuracy is not
the same as that of CNN-BiGRU and Deep-TCP methods. The
findings indicate that the proposed Deep-TCP framework has
strong and effective test case prioritization, which is more
efficient than all techniques compared.

Table 6 show that the proposed Deep-TCP model has
better APFD and classification performance than the current
baseline methods, and shows greater performance in terms of
early fault detection and test case prioritization.
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Table 6. Performance comparison with recent baseline methods

Accuracy | Precision | Recall

Method APFD (%) (%) (%)

ATRL-TCP | 0.72 85.1 84.6 83.9

DeepOrder | 0.86 92.1 91.5 90.6

AI-TCO 0.88 93.2 92.6 91.7
Proposed

Deep-TCP 0.94 99.03 95.7 94.8

5. Conclusion

In this section, a novel An Intelligent Deep Learning
Model for Automated Test Case Prioritization Systems using
Neural Networks (Deep-TCP) has been proposed. Testcases
have been extracted from the source code repository and
broken down into test stages. To eliminate noise, testing steps
include pre-processing with techniques like as normalization,
tokenization, and stemming. Following pre-processing, word
embedding is calculated and test cases are clustered using K-
means clustering, and. Radial Basis Function Network
(RBFN) is utilized to extract significant characteristics, while
Convolutional Neural Network-Bidirectional Gated Recurrent
Unit (CNN-BIGRU) is used to prioritize test cases as high,
average, or low. The average APFD of the proposed method
is 94.5% which is higher than 71.25% at ATRL-TCP, 73.5%%
at QAOA-TCS and 81.5% at BootQA approaches. The
proposed Deep-TCP model is practical to implement in the
continuous integration setting in order to automatically rank
test cases in the regression process. The framework is also
scalable and can support large test case repositories of more
complicated software projects.

The model makes testing more efficient by allocating
more critical test cases earlier which allows earlier fault
detection. Nevertheless, the efficiency of the suggested
methodology relies on the quality and diversity of the gathered
test case data that can influence the quality of prioritization in
various software systems.

Future research will improve this framework by using
transformer-based  embeddings,  adaptive  clustering
approaches, and continuous learning processes to improve
accuracy, scalability, and real-world applicability in
automated test case prioritizing.
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