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Abstract: Software defect prediction aims to identify defect-prone modules so that testing resources can be allocated
effectively. Modern software projects often contain a large number of software metrics, many of which may
be irrelevant or redundant for prediction. Using all available metrics can increase model complexity and
reduce prediction effectiveness. To address this issue, this paper proposes a reinforcement-learning-based
metric selection framework called Reinforced Metric Selection for Software Defect Prediction (RMS-DP).
The proposed approach formulates metric selection as a sequential decision-making problem and employs a
Deep Q-Network (DQN) to learn an adaptive metric selection policy. The selected metric subset is then used
to train a Logistic Regression classifier for defect prediction. The framework is evaluated on seven projects
from the JIRA dataset containing 65 software metrics. Experimental results show that RMS-DP improves
MCC and Recall compared with a non-metric-selection baseline while reducing the number of metrics from
65 to approximately 4–10 for most projects. Additional experiments further demonstrate the robustness of the
selected metrics across multiple classifiers and highlight the importance of class-imbalance handling in defect
prediction.

1 INTRODUCTION

Software defects significantly influence software reli-
ability, system stability, and long-term maintenance
costs (Chen and Huang, 2009). Detecting defect-
prone components during the early stages of de-
velopment enables development teams to prioritize
testing activities and allocate quality assurance re-
sources more efficiently. Consequently, software de-
fect prediction has become an important research
topic in software engineering (Thota et al., 2020).
These approaches analyze historical project informa-
tion together with machine learning models to es-
timate the likelihood that a software module con-
tains defects. Among the different prediction set-
tings, Within-Project Defect Prediction (WPDP) is
widely adopted, where prediction models are con-
structed using historical data from the same software
project (Hosseini et al., 2017). Software defect pre-
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diction models generally make use of software met-
rics derived from source code and software develop-
ment activities. Modern software repositories often
contain a large number of metrics describing differ-
ent aspects of software modules. These include code
complexity, size, change history, and developer ac-
tivity. However, not all metrics contribute equally
to defect prediction performance (Jureczko, 2011).
Some metrics may be irrelevant, redundant, or noisy,
which can increase model complexity and reduce pre-
diction accuracy. Therefore, identifying a compact
and informative subset of metrics is an important step
in improving defect prediction models. Several fea-
ture selection techniques have been explored in de-
fect prediction studies. These include filter-based
methods, wrapper-based methods, and embedded ap-
proaches (Bai et al., 2022; Bal et al., 2025). Al-
though these methods can reduce feature dimension-
ality, most existing feature selection approaches rely
on static ranking or greedy search strategies, which
evaluate metrics independently and often fail to cap-
ture complex interactions among metrics. As a re-
sult, useful combinations of metrics may be over-
looked, and the resulting subsets may not general-
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ize well across different projects (Madeyski and Ju-
reczko, 2015). In addition, the search space of possi-
ble metric subsets grows exponentially with the num-
ber of available metrics. This makes exhaustive ex-
ploration impractical for many software projects.

To address these challenges, this study proposes
a Reinforced Metric Selection for Software Defect
Prediction (RMS-DP). The framework models met-
ric selection as a sequential decision-making prob-
lem and employs a Deep Q-Network (DQN) to learn
an adaptive selection policy. The agent explores
different metric combinations and receives rewards
based on prediction performance and subset compact-
ness. Through repeated interactions, it learns to iden-
tify informative subsets that improve prediction qual-
ity while reducing redundancy. After selection, the
chosen metrics are used to train a defect prediction
model. Logistic Regression (LR) is adopted as the fi-
nal classifier due to its simplicity, interpretability, and
strong performance in metric-based studies. The main
contributions of this work are summarized as follows:

• We propose RMS-DP, a reinforcement-learning-
based framework that automatically learns an
adaptive metric selection policy for software de-
fect prediction.

• The proposed approach identifies compact and in-
formative metric subsets while maintaining or im-
proving prediction performance.

• An empirical evaluation is conducted on seven
JIRA projects. This analyzes the effectiveness and
robustness of the proposed framework.

• The study further investigates the impact of classi-
fier choice and class imbalance handling on defect
prediction performance.

To systematically evaluate the effectiveness of
RMS-DP, the following research questions are inves-
tigated:

• RQ1: How does RMS-DP perform compared to a
non-metric-selection method?

• RQ2: How does RMS-DP perform when used
with different machine learning classifiers?

• RQ3: How important is class-imbalance handling
for software defect prediction?

The remainder of this paper is organized as fol-
lows. Section 2 presents a review of related studies
on defect prediction. Section 3 describes the proposed
RMS-DP framework. Section 4 explains the experi-
mental design and dataset. Section 5 reports and an-
alyzes the experimental findings. Section 6 discusses
threats to validity, and Section 7 concludes the paper
while outlining directions for future work.

2 RELATED WORK

Within-Project Defect Prediction (WPDP) builds
models using historical data from the same project.
Research has improved feature representation, ad-
dressed class imbalance, and enhanced prediction re-
liability. (Pan et al., 2019) propose a CNN-based
framework that captures semantic information from
source code by converting Abstract Syntax Trees
(ASTs) into embedded token sequences, extracting
features via multi-layer CNNs, and applying logis-
tic regression for prediction, emphasizing semantics
over traditional metrics. (Gong et al., 2019) intro-
duce STr-NN to handle class imbalance using pseudo-
labeling and nearest neighbors, and integrate Trans-
fer Component Analysis (TCA) for cross-project
settings. (Khatri and Singh, 2022) survey CPDP
methods, categorizing them into data standardiza-
tion, training data selection, transfer learning, and en-
semble learning, while noting challenges like imbal-
ance and distribution mismatch. (Bai et al., 2022)
propose 3SW-MSTL, a multi-source transfer learn-
ing framework with source selection, KMM-based
alignment, and conditional weighting. (Bhutama-
puram, 2023) present HIEL, an ensemble combin-
ing heterogeneous classifiers with probabilistic vot-
ing and semi-supervised defect severity prediction.
(Liu et al., 2024) show that removing duplicated un-
changed modules improves evaluation validity. (Bal
et al., 2025) introduce DT-WPDP, which augments
training data with selected cross-project instances and
uses both deep and traditional models. Despite these
advances, adaptive metric selection remains limited.
Most methods rely on all metrics or static selec-
tion, ignoring prediction feedback. In contrast, RMS-
DP formulates metric selection as a sequential deci-
sion problem using reinforcement learning, enabling
adaptive construction of compact, informative subsets
while maintaining reliable prediction performance.

3 METHODOLOGY

This section presents the proposed framework, named
Reinforced Metric Selection for Software Defect Pre-
diction (RMS-DP). The goal of RMS-DP is to auto-
matically identify the most informative subset of soft-
ware metrics for defect prediction. Software projects
often contain many metrics, and only a subset con-
tributes significantly to predicting defect-prone mod-
ules. Instead of directly using all available met-
rics, RMS-DP learns an adaptive metric selection pol-
icy through reinforcement learning. After prepro-
cessing the project data, a Deep Q-Network (DQN)-
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based agent explores different metric combinations.
It selects those that maximize prediction performance
while maintaining a compact metric subset. Finally,
the selected subset is used to train a defect predic-
tion model for classifying defective and non-defective
modules. The overall workflow of the proposed RMS-
DP framework is illustrated in Figure 1.

3.1 Problem Formulation

Let a software project be denoted as:

D = {(xi,yi)}N
i=1 (1)

where N is the total number of software modules,
xi ∈ Rm is the metric vector of the i-th module, and
yi ∈ {0,1} is the corresponding defect label, where
1 denotes a defective module and 0 denotes a non-
defective module. Here, m represents the total number
of software metrics extracted from the project. The
task of defect prediction is to learn a classifier that
can map the software metrics of a module to its de-
fect label. However, not all metrics contribute equally
to prediction performance. Some metrics are highly
informative, whereas others may be irrelevant, redun-
dant, or noisy. If all metrics are directly used for
model construction, the prediction model may suf-
fer from increased complexity, reduced interpretabil-
ity, and degraded performance. Therefore, the prob-
lem addressed in this work is to identify an opti-
mal subset of metrics from the full metric set. Let
M = { f1, f2, . . . , fm} denote the complete set of avail-
able metrics, and let S ⊆M denote a selected subset.
The objective is to determine the best subset S∗ such
that the defect prediction performance is maximized
while the subset remains compact. This can be writ-
ten as:

S∗ = argmax
S⊆M

Perf(S) (2)

where Perf(S) denotes the prediction performance
obtained using the subset S. A major challenge in this
problem is that the total number of possible metric
subsets is 2m. This makes exhaustive search impracti-
cal even for a moderate number of metrics. To address
this issue, the proposed RMS-DP framework formu-
lates metric selection as a sequential decision-making
problem and solves it using reinforcement learning.
In this way, the model does not simply rank metrics
once. Instead, it learns how to progressively build a
useful subset based on predictive feedback.

3.2 Data Processing

Before metric selection and prediction, the data are
preprocessed to improve quality and reliability, as

defect datasets often contain missing values, du-
plicates, class imbalance, and differences in metric
scales (Bhandari et al., 2023). First, instances with
missing values are removed to avoid unstable or mis-
leading patterns. Duplicate instances are then elim-
inated to prevent bias caused by repeated observa-
tions. The cleaned data are divided into training and
testing sets: the training set is used for metric se-
lection and model learning, while the test set is re-
served for final evaluation. Since defect data are typ-
ically highly imbalanced, class imbalance handling
is applied only to the training set (Singh and Ku-
mar, 2026). SMOTE (Chawla et al., 2002) is used to
generate synthetic minority samples, which helps im-
prove defect pattern learning and reduces bias toward
the majority class. The test set is kept unchanged.
Finally, feature normalization is applied to bring all
metrics to a similar scale, preventing large-valued fea-
tures from dominating others and supporting stable
reinforcement learning and classification.

3.3 Reinforcement-Learning-Based
Metric Selection

The core component of RMS-DP is a reinforcement-
learning-based metric selection strategy. The main
motivation is that traditional feature selection meth-
ods usually rely on static ranking or greedy subset
construction (Afsar et al., 2022). Such methods of-
ten fail to capture the dependency among metrics and
may overlook useful combinations. In contrast, rein-
forcement learning treats metric selection as a sequen-
tial process, where each decision affects the next state
and the final prediction performance. In the RMS-DP
framework, metric selection is modeled as a Markov
Decision Process (MDP) (Wang et al., 2025). At
each step, an agent observes the current subset of se-
lected metrics, performs an action to modify the sub-
set, and then receives a reward based on the quality of
that subset. Through repeated interaction, the agent
gradually learns which metrics should be selected and
which should be ignored.

3.3.1 State Representation

A state represents the current metric subset and is en-
coded as a binary vector:

st = [b1,b2, . . . ,bm] (3)

where

b j =

{
1, if the j-th metric is selected,
0, otherwise.

(4)
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Figure 1: Overall workflow of the proposed RMS-DP framework for reinforcement-learning-based metric selection and soft-
ware defect prediction.

3.3.2 Action Space

At each step, the agent updates the metric subset by
adding an unselected metric or removing a selected
one. This toggle-based mechanism enables explo-
ration of different metric combinations and allows
evaluation of metrics both individually and in relation
to the current subset. An episode starts with an empty
subset and proceeds through sequential actions that
modify it. At each step, the agent selects an add or
remove action. The episode ends when a maximum
number of steps is reached or no further performance
improvement is observed. The final subset is then
used to compute the reward and update the learning
policy.

3.3.3 Reward Design

The reward guides the agent toward better metric sub-
sets. In RMS-DP, the reward is designed to favor sub-
sets that achieve strong defect prediction performance
while remaining compact. A general reward formula-
tion is given by

Rt = α ·Perf(St)−β · |St |
m

(5)

where Perf(St) denotes the predictive performance
obtained using the selected subset St , |St | is the num-
ber of selected metrics, and α and β are balancing fac-
tors. The first term encourages the agent to choose
informative metrics, while the second term penalizes
unnecessarily large subsets. Therefore, the learned
policy aims to produce a small but effective feature
subset.

3.3.4 Deep Q-Network Policy

To learn the metric selection policy, RMS-DP em-
ploys a Deep Q-Network (DQN) (Fan et al., 2020),
which approximates the action-value function Q(s,a)
estimating the expected long-term benefit of taking
action a in state s. Here, the state represents the

Algorithm 1: RMS-DP for Software Defect Prediction.
Input: Project D = {(xi,yi)}N

i=1.
Output: Defect prediction output using selected metric subset S∗.

1 Remove missing and duplicate instances from D.
2 Split D into training set Dtr and test set Dte.
3 Apply SMOTE on Dtr and normalize Dtr and Dte.
4 Initialize metric subset state s0 and DQN policy network.
5 for each episode do
6 Observe current state st and select action at .
7 Update subset St , compute reward Rt , and obtain new state st+1.
8 Update DQN using (st ,at ,Rt ,st+1).

9 Obtain final selected subset S∗ from the learned policy.
10 Train LR on Dtr using S∗ and evaluate on Dte.

current subset of selected metrics, and the action
updates it by adding or removing a metric. Thus,
metric selection is modeled as a sequential decision
process where actions iteratively construct candidate
subsets. At each step, the state vector is input to
the Q-network, which outputs Q-values for available
actions. The agent selects actions using an explo-
ration–exploitation strategy, where exploration tests
new combinations and exploitation favors previously
rewarding actions. After each action, the subset is up-
dated, evaluated on training data using a classifier, and
assigned a reward based on predictive performance
and subset compactness. Higher rewards are given to
subsets achieving better performance with fewer met-
rics.

Using the observed transition (st ,at ,rt ,st+1), the
parameters of the Q-network are iteratively updated
so that actions leading to more informative metric
subsets receive higher preference over time. Through
repeated interaction with the environment across mul-
tiple episodes, the DQN gradually learns a policy that
favors compact and predictive metric subsets. The
action-value update is expressed as

Q(st ,at)← Q(st ,at)+η

[
rt + γmax

a′
Q(st+1,a′)

−Q(st ,at)
] (6)

where η denotes the learning rate, rt denotes the re-
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Table 1: Overview of JIRA projects used for experimental
evaluation.

Project No. of Metrics No. of Instances Defect (%)

activemq-5.3.0 65 2367 10.90

camel-1.4.0 65 1515 18.81

derby-10.5.1.1 65 2705 14.16

groovy-1 6 BETA 1 65 821 8.53

hbase-0.95.2 65 1834 26.34

hive-0.12.0 65 3993 19.83

wicket-1.5.3 65 1566 31.93

ward obtained after taking action at in state st , and γ is
the discount factor that determines the importance of
future rewards. By iteratively updating the Q-network
according to this rule, RMS-DP is able to explore the
large metric search space adaptively and identify in-
formative subsets that contribute to improved defect
prediction performance.

3.4 Defect Prediction Classifier

After reinforcement-learning-based metric selection
identifies the final metric subset, these metrics are
used to train the defect prediction model. RMS-DP
employs Logistic Regression (LR) as the final predic-
tor due to its widespread use in defect prediction and
suitability for tabular metric data (Jiang et al., 2024;
Bal and Kumar, 2025). LR is simple, effective, and
interpretable. Since RMS-DP already performs intel-
ligent metric selection, a complex classifier is unnec-
essary. Using LR allows clearer assessment of the
selected metrics’ contribution, ensuring that perfor-
mance primarily reflects the effectiveness of RMS-
DP rather than classifier complexity. The overall steps
of the proposed RMS-DP framework are presented in
Algorithm 1. Lines 1–3 perform preprocessing, in-
cluding data cleaning, train–test splitting, SMOTE-
based imbalance handling, and normalization. Line
4 initializes the metric subset state and DQN policy
network. Lines 5–8 describe the reinforcement learn-
ing process. Finally, Lines 9–10 obtain the selected
subset and train and evaluate the Logistic Regression
classifier.

4 EXPERIMENTAL SETUP

This section describes the datasets, evaluation met-
rics, and experimental protocol used to assess the ef-
fectiveness of the proposed RMS-DP framework.

4.1 Dataset Overview

To evaluate RMS-DP, experiments are conducted on
the JIRA defect dataset (Yatish et al., 2019), collected

from open-source repositories. It contains software
metrics extracted from Java projects, where each in-
stance represents a Java source file. The dataset in-
cludes 65 metrics: 54 static code metrics, 5 process
metrics, and 6 ownership metrics, capturing structural
and development characteristics of software mod-
ules. Following prior work, seven representative JIRA
projects are selected. These projects vary in size and
defect distribution, enabling evaluation of RMS-DP
robustness across different settings. Table 1 summa-
rizes the selected projects.

4.2 Evaluation Metrics

Software defect prediction is typically formulated as
a binary classification task with strong class imbal-
ance, where non-defective instances dominate. This
makes accuracy misleading and overly optimistic.
To address this, Matthews Correlation Coefficient
(MCC) and Recall are used as primary evaluation
metrics (Yao and Shepperd, 2021). MCC is well-
suited for imbalanced data as it considers all compo-
nents of the confusion matrix, providing a balanced
performance measure. Recall evaluates the ability to
correctly identify defective modules, which is critical
since missed defects increase maintenance and debug-
ging costs. Together, MCC and Recall offer a reliable
assessment of overall performance and defect detec-
tion capability.

4.3 Evaluation Protocol

Experiments follow a structured protocol to ensure
robust, unbiased results. For each project, data is
split into training and testing sets: the training set is
used for RMS-DP metric selection and model train-
ing, while the test set is reserved for evaluation. A
five-fold cross-validation is applied, where data is di-
vided into five folds, four used for training and one
for testing, until each fold serves as the test set. To
reduce randomness, the entire process is repeated ten
times with different seeds, and results are averaged.
In each fold, metric selection is performed using only
training data, and the test fold is excluded from se-
lection, training, and imbalance handling. SMOTE
and feature normalization are applied only to training
data, and the learned transformations are then applied
to the test fold, preventing data leakage and ensuring
reliable performance estimation.
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5 EXPERIMENTAL RESULTS
AND ANALYSIS

5.1 RQ1: How Does RMS-DP Perform
Compared to a
Non-Metric-Selection Method?

This research question evaluates the effectiveness of
the proposed RMS-DP framework in comparison with
a non-metric-selection baseline. The objective is to
analyze whether reinforcement-learning-based metric
selection can improve defect prediction performance.
It also analyzes whether it can reduce the number of
software metrics used. To answer this question, RMS-
DP is compared with a baseline method. The baseline
directly uses all available metrics without performing
metric selection. For each project, the defect predic-
tion model is trained using the selected metric sub-
set generated by RMS-DP. It is compared with the
model trained using the complete set of metrics. The
comparison focuses on MCC and Recall. These are
suitable evaluation metrics for imbalanced defect pre-
diction tasks. Table 2 presents the results of RMS-
DP and the non-metric-selection baseline across the
seven projects. From Table 2, it can be observed
that RMS-DP improves the overall prediction perfor-
mance across most projects. The average MCC in-
creases from 0.31 to 0.35. The average Recall im-
proves from 0.58 to 0.63. This indicates that the
reinforcement-learning-based metric selection strat-
egy helps the model identify defect-prone modules
more effectively. Another important observation is
that RMS-DP significantly reduces the number of
metrics used for prediction. The baseline method
uses all 65 metrics. RMS-DP typically selects only
4 to 10 metrics for most projects. This shows that
RMS-DP can identify compact and informative met-
ric subsets while maintaining or improving prediction
performance. Overall, these results demonstrate that
reinforcement-learning-based metric selection is ef-
fective for defect prediction, and it improves predic-
tion quality while simultaneously reducing feature di-
mensionality.

Table 2: Performance comparison of RMS-DP with and
without metric selection.

Project With RMS-DP Without RL Metric Selection
MCC Recall Metrics MCC Recall Metrics

activemq-5.3.0 0.41 0.73 10 0.34 0.59 65
camel-1.4.0 0.43 0.60 5 0.36 0.55 65
derby-10.5.1.1 0.38 0.51 4 0.33 0.57 65
groovy-1 6 BETA 1 0.36 0.64 7 0.34 0.70 65
hbase-0.95.2 0.34 0.60 4 0.29 0.51 65
hive-0.12.0 0.30 0.73 6 0.26 0.63 65
wicket-1.5.3 0.23 0.58 7 0.22 0.53 65
Average 0.35 0.63 – 0.31 0.58 –

5.2 RQ2: How Does RMS-DP Perform
When Used with Different Machine
Learning Classifiers?

In the proposed RMS-DP framework, Logistic Re-
gression (LR) is used as the primary defect predic-
tion model due to its effectiveness and widespread
use. To evaluate the robustness of the selected met-
ric subsets, this research question examines their per-
formance with additional classifiers. The subsets se-
lected by RMS-DP are tested using k-Nearest Neigh-
bors (KNN), Naive Bayes (NB), Random Forest (RF),
and Support Vector Machine (SVM). The comparison
focuses on MCC and Recall, enabling analysis of both
overall classification quality and defect detection abil-
ity. Table 3 summarizes classifier-wise performance
across seven projects. The results show that RMS-
DP achieves competitive performance across all clas-
sifiers, indicating that the selected metric subsets are
informative and robust. Among them, LR achieves
the best average MCC (0.35) and Recall (0.63), with
SVM as the second-best. KNN, NB, and RF pro-
duce slightly lower but comparable results. Overall,
the findings confirm that RMS-DP generates effective
metric subsets across models, while LR provides the
most consistent and balanced performance, support-
ing its use as the final classifier.

5.3 RQ3: How Important Is
Class-Imbalance Handling for
Software Defect Prediction?

This research question examines the impact of class-
imbalance handling on RMS-DP performance. Soft-
ware defect datasets are typically highly imbalanced,
with far fewer defective modules. Without proper
handling, models tend to favor the majority class.
To evaluate this, RMS-DP with SMOTE is compared
to RMS-DP without SMOTE using MCC and Re-
call, as shown in Table 4 across seven projects. Re-
sults show a strong impact of imbalance handling.
With SMOTE, average MCC increases from 0.22
to 0.35, and Recall from 0.30 to 0.63. This indi-
cates a substantial improvement in detecting defec-
tive modules. The effect is particularly evident in Re-
call: for example, in hive-0.12.0, Recall rises from
0.12 to 0.73, and in wicket-1.5.3, from 0.08 to 0.58.
Without SMOTE, many defects are missed. Overall,
class-imbalance handling is essential, and integrating
SMOTE in RMS-DP significantly enhances predic-
tion reliability and defect detection.
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Table 3: Performance of RMS-DP with different machine learning classifiers.

Project RMS-DP-LR RMS-DP-KNN RMS-DP-NB RMS-DP-RF RMS-DP-SVM
MCC Recall MCC Recall MCC Recall MCC Recall MCC Recall

activemq-5.3.0 0.41 0.73 0.33 0.73 0.38 0.58 0.42 0.63 0.36 0.64

camel-1.4.0 0.43 0.60 0.34 0.60 0.40 0.40 0.34 0.59 0.41 0.60

derby-10.5.1.1 0.38 0.51 0.34 0.58 0.37 0.46 0.29 0.54 0.36 0.54

groovy-1 6 BETA 1 0.36 0.64 0.32 0.70 0.31 0.58 0.36 0.63 0.36 0.66

hbase-0.95.2 0.34 0.60 0.28 0.48 0.37 0.47 0.31 0.64 0.33 0.56

hive-0.12.0 0.30 0.73 0.32 0.60 0.23 0.90 0.32 0.52 0.29 0.71

wicket-1.5.3 0.23 0.58 0.22 0.43 0.18 0.58 0.19 0.37 0.20 0.56

Average 0.35 0.63 0.31 0.59 0.32 0.57 0.32 0.56 0.33 0.61

Table 4: Performance comparison of RMS-DP with and
without SMOTE.

Project With SMOTE Without SMOTE
MCC Recall MCC Recall

activemq-5.3.0 0.41 0.73 0.29 0.39

camel-1.4.0 0.43 0.60 0.34 0.44

derby-10.5.1.1 0.38 0.51 0.29 0.38

groovy-1 6 BETA 1 0.36 0.64 0.19 0.21

hbase-0.95.2 0.34 0.60 0.28 0.45

hive-0.12.0 0.30 0.73 0.11 0.12

wicket-1.5.3 0.23 0.58 0.03 0.08

Average 0.35 0.63 0.22 0.30

6 THREATS TO VALIDITY

Internal Validity: Internal validity addresses biases
in training and evaluation. Randomness from rein-
forcement learning and data partitioning may influ-
ence results. To reduce this, five-fold cross-validation
is repeated ten times with different seeds. Metric se-
lection, model training, and SMOTE-based imbalance
handling are applied only to training data.
External Validity: External validity concerns gener-
alizability. The study evaluates seven JIRA projects
in a within-project setting. While widely used, valida-
tion on more diverse projects would further strengthen
the general applicability of RMS-DP.
Construct Validity: Construct validity examines
whether evaluation metrics reflect defect prediction
performance. MCC and Recall are used as they suit
imbalanced classification, capturing both balanced
prediction quality and defect detection ability.

7 CONCLUSION

This paper presents Reinforced Metric Selec-
tion for Software Defect Prediction (RMS-DP), a
reinforcement-learning framework that models met-
ric selection as a sequential decision process. It uses
a Deep Q-Network (DQN) to learn an adaptive pol-
icy for selecting compact, informative metric subsets,
improving prediction performance while reducing di-
mensionality. Evaluation on seven JIRA projects
shows that RMS-DP outperforms a no-selection base-
line while using significantly fewer metrics. The
selected subsets remain effective across classifiers,
with Logistic Regression providing the most stable
results. The results also highlight the importance of
handling class imbalance, as SMOTE preprocessing
improves defect detection. Overall, reinforcement-
learning-based metric selection effectively identifies
useful metrics and enhances prediction reliability. Fu-
ture work will explore advanced reinforcement learn-
ing methods to improve selection efficiency. The
framework can be extended to cross-project and het-
erogeneous defect prediction, and incorporating se-
mantic code representations and process metrics may
further improve effectiveness.
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