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ABSTRACT In Software Quality Assurance (SQA), predicting defect-prone software modules is essential
for ensuring software reliability and consistency. This task is commonly achieved through Machine
Learning (ML) techniques, but improving model performance typically incurs significant computational
costs. These high computational costs and uncertain payoffs make most Software engineering researchers
reluctant to optimize ML models. This creates a need for novel techniques that can achieve near-optimal
performance of hyperparameter settings while maintaining the computational efficiency of default settings.
To address this, we employed five ML models, Decision Tree, Ranger, Random Forest, Support Vector
Machine, and k-nearest Neighbors, and optimized their parameters using the random search technique.
Our experiments covered six diverse Software Fault Prediction (SFP) datasets, encompassing various
software features, application domains, and defect patterns, to evaluate the approach’s generalizability
and effectiveness. Moreover, the Permutation Feature Importance (PFI)-based model-agnostic method was
employed to identify the top ten features most critical for model accuracy and efficiency. These selected
features were used to retrain the ML models without hyperparameters (default settings) to determine whether
similar performance could be achieved at low computational cost. The results show an average accuracy
improvement of 77.39% and a 92.02% reduction in computational cost. The most important case attained
a 99.25% accuracy improvement and a 96.77% cost reduction. Such results clearly show that PFI-based
feature selection is capable of high performance at a fraction of computational cost, offering an efficient
solution for software engineers to optimize ML models.

INDEX TERMS Model-agnostic techniques, permutation feature importance (PFI), software fault
prediction (SFP), predictive accuracy, machine learning (ML), computational cost, default settings,
hyperparameter.

I. INTRODUCTION

The Software Quality Assurance (SQA) team is critical
in delivering defect-free software systems. One of their
key techniques is to predict which software system mod-
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ules (e.g., classes, methods, etc.) are likely defects-prone;
for that, they need highly accurate Machine Learning (ML)
models. To achieve precise predictions of faults or bugs, prior
research reported the need to optimize the parameters (hyper-
parameter) of the ML models [1], [2], [3], [4]. While some
studies suggest that hyperparameter ML techniques might not
consistently outperform default settings [5], [6], While some
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studies suggest that hyperparameter ML techniques might
not consistently outperform default settings [2], [7], [8], [9].
in the majority of cases, Software Faults Prediction (SFP)
studies report that parameter tuning significantly improves
the predictive performance [2], [10], [11], [12]. However,
hyperparameter optimization involves high computational
overheads; even when optimized settings outperform the
default ones, the additional time and resources consumed in
computation become a challenge. Therefore, researchers in
the SFP domain avoid hyperparameter tuning mainly because
of its time-consuming nature and uncertain payoffs [2], [10],
[11], [12]. For instance, Chakkrit et al. [2] found that 80%
of the 50 most cited SFP studies prefer default settings,
underscoring the preference for simplicity and computa-
tional efficiency. This emphasizes the need for substitute
approaches that keep predictive accuracy while reducing
computational costs. The existing literature explains the deci-
sions of complex ML models using intrinsic interpretability
and post-hoc explanations. Intrinsic interpretability focuses
on models that are inherently easy to understand [13].
In contrast, post-hoc explanations simplify the black-box
models, such as deep neural networks, without showing
their internal working [14], utilizing techniques like feature
attribution, text explanations, and visualizations [15].

Post-hoc explanations can be divided into model-agnostic
and model-specific methods. Model-agnostic methods,
such as Local Interpretable Model-Agnostic Explanations
(LIME) [16] and SHAP (Shapley Additive Explanations) [17]
are widely used in Explainable Artificial Intelligence (XAI).
These approaches provide interpretability across diverse
models. For instance, SHAP leverages Shapley Values,
a game-theoretic approach, to fairly distribute contributions
among players in a cooperative game. In the context of feature
selection, the model output is the “game,” and the features
act as ““players’ contributing to that output.

In contrast, model-specific explanations are tailored to
particular model designs. For instance, the feature impor-
tance(FI) function in tree-based models [13] provides expla-
nations specific to decision trees. However, such methods
lack the general applicability of model-agnostic approaches,
making them unsuitable for diverse modeling scenarios.
To overcome this limitation, model-agnostic approaches for
FI, such as Permutation Feature Importance (PFI), have been
developed to assess global feature relevance across different
models. PFI was introduced by Breiman [18] initially
designed for tree-based models, but has since been extended
to broader applications [19], [20], [21] demonstrating its
adaptability and effectiveness. Despite certain limitations,
such as sensitivity to data shuffling [22], PFI remains a robust
and computationally efficient baseline for feature selection.
Its utility is notable in SFP, where it provides a reliable
method for identifying critical features while maintaining
model-agnostic applicability [23].

Given the computational efficiency and robustness of PFI,
this study highlights whether feature selection using PFI can
reduce the challenges posed by hyperparameter optimization
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in SFP. We aim to assess whether default settings of hyper-
parameters, when coupled with the most important features
extracted using PFI, can reach comparable accuracy as
fully optimized models (hyperparameters) while significantly
reducing computation costs. Though PFI offers valuable
insights into feature selection, its applicability in real-world
SE domains is mainly unexplored. This study bridges this
gap by using PFI to extract the most critical features from
hyperparameter settings and applying them to default con-
figurations. Therefore, our approach is a balanced trade-off
between predictive accuracy and computational efficiency,
highlighting the scalability and resource challenges of SFP
research. By adopting this methodology, we aim to contribute
to the advancement of XAl in SE applications. Our proposed
approach is resource-efficient, scalable, and in line with
industry requirements, offering a practical solution that aligns
theoretical advancements with real-world needs. Through
this study, we hope to make state-of-the-art XAl techniques
impactful for researchers and practitioners alike.

A. RESEARCH QUESTION (RQ)

Based on the challenges discussed in the last section, this
research study aims to evaluate the impact of parameter
optimization in the SFP domain, considering the significance
of the XAI technique in interpreting model behavior. Prior
research underscores the importance of identifying the most
effective optimization techniques based on their performance
across diverse datasets. To assess whether hyperparameter
optimization positively affects prediction accuracy and com-
putational costs, we have formulated the following RQ:

RQ1: Can default settings achieve performance levels
comparable to hyperparameter settings while significantly
reducing computational costs?

Motivation for RQ 1: Most defect prediction models
perform poorly with default parameter settings. Hence,
hyperparameter optimization becomes essential for improv-
ing prediction accuracy. Nonetheless, most researchers avoid
this process in industries because of the computational
burden involved in optimization. This RQ will establish the
feasibility of having default settings perform equally and
hyperparameter settings using important features identified
through model-agnostic techniques. With this approach,
it will minimize the computational cost of models while
maintaining their accuracy.

This study aims to provide researchers with a proper under-
standing of the valuable aspects and techniques involved in
feature selection and resource-efficient optimization of SFP,
paving the way for a more immediate and fast comprehension
of this domain’s critical inner components.

In this context, the key contributions of the study are listed
below:

o To the best of our knowledge, this is the first study
to explore the applicability of a model-agnostic PFI
method and identify critical features whose selection
improves the efficiency and effectiveness of the models.
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e The study evaluates the performance of five ML
models, namely Random Forest, K-Nearest Neighbors,
Decision Tree, Support Vector Machine, and Ranger,
on six SFP datasets, thus giving a more comprehensive
comparison of improvements in the computational cost
and accuracy.

o The study proposes an approach that utilizes PFI-
selected features to enhance default model config-
urations and offers a cost-effective alternative to
hyper-parameter tuning. This contribution provides SE
researchers and practitioners a practical strategy to
obtain near-optimal performance with the benefit of
lowering computational costs.

o This study applies PFI to enhance model performance
in SFP and contributes to the increasing Explainable Al
research in SE, discussing performance consistency and
resource constraints.

The rest of the paper is structured as follows: In Section II,
we provide background and a review of related work.
Section I11 is related to the study design; Section IV presents
the results. Section V presents Discussions, Section VI
addresses potential threats to the study, and the paper
concludes with Section VII, summarizing conclusions and
Section VIII outlining directions for future work.

Il. BACKGROUND AND RELATED WORK

ML techniques have been widely applied to improve the
SFP data, i.e., Tantithamthavorn et al. [2] demonstrated that
automated parameter optimization across 18 open-source
projects could enhance the area under the curve (AUC) by
up to 40%. They also highlighted the importance of defining
parameter search spaces, especially for sensitive classifica-
tion techniques like decision trees, to avoid overfitting risks.
Kang et al. [24] proposed parameter optimization for just-
in-time software defect prediction using Harmony Search to
improve random forest performance while addressing class
imbalance issues.

In addition, other studies highlighted the significance of
parameter optimization on defect prediction models; for
instance, Koru et al. [25] and Mende et al. [26] highlight
that parameter selection significantly impacts model per-
formance. Mende and Koschke [27] and Dyana et al. [28]
both utilize default settings using software defect predic-
tions utilizing Random Forest (RF). Jiang et al. [29] and
Tosun et al. [11] similarly emphasize that the default param-
eter settings of research toolkits (e.g., R [30], WEKA [31],
MATLAB [32] are suboptimal.

Moreover, research in SFP often relies on default settings
provided by widely used toolkits such as R and Weka.
For instance, Mende et al. [33] utilized an R package’s
default number of decision trees to train a Random
Forest classifier, highlighting a tendency to adopt pre-
set configurations. Despite these findings, previous studies
rely on default settings, as underscored by Fu et al. [34]
reported that 80% of the 50 highly-cited defect prediction
studies used default parameters for time efficiency and
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simplicity. Beyond the hyperparameter, feature-important
methods have become important in ML applications for
interpreting model predictions. Notably, identifying key
features can improve model interpretability in complex
datasets, such as genetic data. The study provides an
overview of five ML techniques, including Random Forest
and Support Vector Machines, concerning metrics designed
to uncover which features contribute most to accurate
prediction [35].

These studies highlight the broad preference for default
parameters in SFP studies and also motivate researchers into
whether default settings can be at least as hyperparameter set-
tings when enhanced by key features. Many studies indicate
that hyperparameters are computationally expensive, espe-
cially for complex models and large datasets. Hyperparameter
often requires advanced techniques like parallel processing
or model simplification [1], [2], [36]. For instance, [37] ana-
lyzed the trade-offs between computational cost and hyper-
parameter accuracy, and they found that resource-efficient
algorithms could obtain near-optimal results with fewer
demands on computational resources. The authors do similar
work [38] with the help of a bag-of-words model and
efficient feature extraction techniques for saliency-based
defect detection to demonstrate the potential of enhancing
the accuracy of predictions while maintaining reduced
computational costs.

Therefore, the computational cost of hyperparameter
settings, encompassing time, memory, and processing power,
is a crucial concern [39]. For instance, the authors in the
study [2] found that optimization added less than 30 minutes
for 75% of datasets in 12 out of 26 classification techniques.
While some methods like C5.0 required minimal extra
time, others like AdaBoost needed over 3 hours for larger
datasets. This study concluded that optimization benefits out-
weigh the costs, especially with affordable cloud computing
solutions.

Hence, the literature demonstrates that although perfor-
mance accuracy can be considerably improved through
hyperparameters, this improvement comes at a high com-
putational cost. Thus, novel techniques are needed that
achieve optimum performance benefits in terms of parameter
utilization with the same computational efficiency as default
settings.

lIl. STUDY DESIGN

A. DATASETS

This study used six datasets (regression-based) from the SFP
domain [27], i.e., Ant 1.7, Xalan 2.6, Xerces 1.3, Lucene
2.0, Synapse 1.1, and Velocity 1.6. These datasets, which are
publicly available and widely used in empirical SE studies,
focus on bug detection as the target variable. These datasets
were selected for their diversity, encompassing both large
(e.g., xalan is a large dataset with 885 observations) and
small/medium datasets ( e.g., Lucene is a small dataset
with 195 observations), ensuring robust and generalizable
conclusions. Table 1 illustrates the characteristics of these
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TABLE 1. Dataset information.

Datasets Number of Number of Widely Used Features

Features Observa-
tions
Ant 16 745 WMC (Weighted Methods
per Class), CBO (Coupling
Between Objects), LOC (Lines
of Code), CAM (Cohesion
Among Methods of Class),
DIT (Depth of Inheritance
Tree), NOC (Number of
Children)
Xalan 21 885
Xerces 21 588
Lucene 22 195
Synapse 22 222
Velocity 22 229

datasets, including the number of features, observations, and
commonly used features [40].

B. HYPERPARAMETER OPTIMIZATION TECHNIQUE
Among numerous automated optimization techni-
ques [41], [42], Random search is selected due to its
scalability and efficiency.

1) RANDOM SEARCH

Random search [12] is an effective method for optimization
tasks, including hyperparameter tuning in ML models and
configuration settings in software systems. It is more straight-
forward yet effective than other optimization techniques,
delivering competitive results requiring less computational
effort. Its capability to explore the hyperparameter space
without relying on local gradients enables it to be highly
suitable for identifying a diverse set of configurations that
may lead to better performance [12], [43], [44].

This technique evaluates a subset of hyperparameter
settings that are randomly generated. This approach allows
Random search to broaden the parameter space’s exploration,
often yielding more effective models within the same
computational budget. This broader capability makes it
comparable to advanced optimization techniques, such as
Genetic algorithms, etc. [2]. The process of random search
includes:

o Generating hyperparameter settings: randomly create
parameter combinations for a specified number of itera-
tions (e.g., five iterations produce five combinations).

o Assessing the performance: evaluating the performance
of each randomly generated parameter setting using a
defined metric.

o Identifying the best configurations: identify the param-
eter setting that performs best.

Therefore, a random search using the default search
space was performed for 30 iterations. For optimizing
parameters, we utilized random search with the default
search space provided by the milr3 library. The default
search space contains all the relevant hyperparameters for
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the learner (model) being optimized and their respective
ranges predefined by the library. Since our aim was not
to inspect single search spaces or determine the effect
of a particular range of hyperparameters on performance
(as done in previous study [1]), we took advantage of
this standardized framework to promote reproducibility and
align with widely accepted standards. A random search was
performed for 30 iterations to guarantee diversity in exploring
the hyperparameter space.

Random Search balances efficiency and accuracy by
avoiding exhaustive evaluation and reducing computational
effort. It is an excellent choice for hyperparameter tuning in
this study. The working of Random search is represented by
using Algorithm 1.

Algorithm 1 Random Search Algorithm
1: Input: Objective function f(x), search space X, maxi-
mum iterations N
2: Output: Best solution xpes and its corresponding value
f (Xpest)
3: Initialize xpeq randomly from the search space X

4: foest < f (Xbest)
5: fori=1to N do

6: Generate a random solution Xpey, from X
7: Evaluate f (xpew)
8: if f (xpew) is better than fyes then
9: Xbest < Xnew
10: Joest < f (Xnew)
11: end if
12: end for

13: return xpest, foest

C. ML TECHNIQUES
Motivation: The study evaluated different ML models
that differ in complexity, interpretability, and algorithmic
principles. This selection aims to test the generalizability of
our approach toward other types of models, ensuring that our
findings are applicable across a broader set of algorithms
employed in SFP. Therefore, the selection contains simpler,
more interpretable models, such as Decision Tree, k-Nearest
Neighbors, and ensemble-based models, such as Random
Forest and Ranger, balancing traditional and moderately
complex algorithms [45]. The employed models used in
this study are computationally efficient and scalable, making
them suitable for SFP tasks that often involve datasets with
different sizes and complexities. Advanced models such as
Ranger also serve as benchmarks to evaluate the robustness
of our proposed approach.

The application of these ML models in the SFP domain has
been established in prior studies, for instance:

o Study [46] incorporated Random Forest, K-nearest

Neighbor, and Decision Tree
o Study [47] used K-Nearest Neighbors, Logistic Regres-
sion, Support Vector Machine, and Decision Tree
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o Study [9] employed Decision Tree, Random Forest,
k-nearest neighbours, and Support Vector Machine,

o Study [48] utilized a Support Vector Machine and a
Random Forest in the same context.

The study employs a combination of models to achieve
simplicity, interpretability, and performance. This study
aligns with the existing literature and ensures the findings are
practical and accessible for SQA practitioners who might not
have the resources to access advanced models.

Therefore We have utilized Decision Tree, Ranger,
Random Forest, Support Vector Machine, and k-nearest
Neighbors.

1) SUPPORT VECTOR MACHINE (SVM)

SVM is a powerful tool for handling high-dimensional data
and complex relationships, widely used in text classifica-
tion and image recognition due to its effectiveness and
simplicity [49].

2) DECISION TREES (DT)

DT, renowned for its simplicity, interpretability, and ability
to handle numerical and categorical data, are widely used
in healthcare, finance, and marketing to provide valuable
insights into decision-making processes [50].

3) K-NEAREST NEIGHBORS (KNN)
KNN is a robust ML algorithm for classification and
regression tasks, classifying data points according to the
majority class of its “‘k”” nearest neighbors. It assumes similar
instances exist nearby and is non-parametric, making it easy
to understand and implement [51].

4) RANDOM FOREST (RF)

RF is Known for its ability to handle high-dimensional
data with complex relationships; RF captures nonlinearity
and interactions, providing estimates of feature impor-
tance. Its versatility and effectiveness make it widely
applied in domains like bio-informatics, finance, and image
recognition [52].

5) RANGER

Ranger is a high-performance RF implementation in ML
known for its efficiency and scalability. It builds on the
principles of ensemble learning by constructing multiple DTs
and aggregating their predictions during training. Ranger
is highly valued for its robustness, ability to handle high-
dimensional data, and ability to capture complex relation-
ships. It has applications in bio-informatics, finance, and
image recognition [53].

D. EVALUATION METRIC

The MAE is a widely used method for comparing the
prediction accuracy of various ML models across multiple
research studies [54], [55]. It was utilized to compare the
prediction accuracy of models. It measures the average
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magnitude of the errors between predicted and actual values;
it is a computationally efficient and interpretable metric.
The formula is given below:

n
Zizo lpi — ail
n

MAE = ey
where p; is the predicted value, g; is the actual value, and 7 is
the number of data points.

where:

« p;is the predicted value,

e q; is the actual value, and

« nis the number of observations.
It is an excellent metric for measuring how a model performs
when that model is used to minimize prediction errors. It can
be explained in the following example. Suppose we have five
software modules with actual defect counts: [5, 7, 10, 4, 8],
and a machine learning model predicts: [6, 5, 9, 3, 7]. The
MAE is calculated as follows:

16 =5[+15=7/4+19—10[+[3 — 4| + |7 —§
- 5

=12

MAE

C1424141+1
- 5

This means, on average, the model’s predictions differ from
actual values by 1.2 defect counts.

E. PERCENTAGE DIFFERENCE FORMULA

The percentage difference formula is employed to quantify
accuracy and improvements in computational efficiency.
It provides a relative measure of change between two values,
making it widely used in comparative studies focusing
on optimization techniques and resource utilization [1].
In addition, the formula is also used for improved accuracy
when the difference in the accuracy after applying PFI
becomes less (better) than before applying the PFI, indicating
an improvement. This formula is used for computational effi-
ciency to evaluate the relative reduction in computationally
costly computations between the optimized and the default
configurations. The formula is as below:

Vi — V2|

Vi+V,
2

e Vi is the value Before PFI: (e.g., Accuracy before
applying PFI or computational time with optimized
settings)

o V3 is the value After PFI: (e.g., Accuracy after applying
the PFI (feature selection) or computational time with
default settings)

x 100 2)

where:

Based on the discussions above, this study incorporates the
percentage difference formula to quantify the improvement
in accuracy and reduction in computational cost, aligning the
studies [1], [2] with well-established methods for optimally
resource-efficient performance.
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F. TOOLS AND IMPLEMENTATION

This study utilized R, a widely recognized platform
from data science and statistical computing, renowned for
its extensive package ecosystem and versatility in ana-
lytical workflows [56]. The mir3 library was explicitly
adopted in this study to streamline and implement ML
capabilities.

G. MODEL-AGNOSTIC FEATURE SELECTION TECHNIQUES
Various model-agnostic methods, such as SHAP [16], [57],
LIME [15] etc, have been used for feature selection. This
study employed PFI [58], a widely recognized technique
(model-agnostic), to evaluate feature consistency across
different SFP datasets.

1) PFI

PFI [58] is a model-agnostic technique that measures the
decrease in a model’s performance when the value of a
single feature is randomly shuffled. By observing the change
in prediction accuracy after shuffling, PFI quantifies the
importance of individual features. The process of PFI has
been explained as follows:

1) Baseline Accuracy calculation: The baseline accuracy
p is established for a pre-trained model with n features
and a test set.

2) Feature shuffling: The values of each feature
are iteratively shuffled, and the prediction scores
of the model are recalculated on the modified
datasets.

3) Score reduction: The importance of each n feature
is determined based on the decrease in prediction
accuracy compared to p.

PFI quantifies the contribution of various characteristics to
the model’s prediction performance through the extent to
which their shuffling affects the accuracy at which the model
performs. This process breaks the relationship between the
feature and the target, indicating the feature’s importance
based on the resulting drop in the model’s performance.
It does not require feature normalization, can be generalized
to nearly any machine learning model with handcrafted
features, and is robust and efficient in implementation.
PFI applies to non-linear or opaque models and can be
repeated multiple times with different permutations for robust
results [18], [59], [60]; therefore, previous studies have
effectively utilized PFI [59], [61].

Algorithm 2, illustrates the procedural steps of PFI,
where the impact of each feature is measured by com-
paring the change in model error when its values are
permuted, thus quantifying its contribution to the predictive
performance.

The PFI method has been applied to this study due to its
simplicity, interpretability, and ability to generate actionable
insights. PFI is straightforward to implement and interpret
by permuting the feature values and measuring resulting
changes in model performance, providing transparent and
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Algorithm 2 Permutation Feature Importance
1: Input: Trained model f, dataset D =
{x1,y1), ..., (xn, yn)}, number of features m,
number of permutations P

2: Output: Importance scores for each feature

3: Train the model f on dataset D

4: Compute baseline accuracy accpaseline On D

5: for each feature j from 1 to m do

6: Set scorej = 0

7 for each permutation p from 1 to P do

8: Permute feature j in a copy of D to get D’

9: Compute accuracy accperm on D’
10: Update scorej = score; + (accpaseline — ACCperm)
11: end for

12: Average score: scorej = 5
13: end for
14: return Feature importance scores {scoreq, ..., score,}

interpretable results. Moreover, the method PFI outperforms
others in dealing with correlated features and hence tends to
minimize the bias associated with importance scores. Given
its widespread usage in SE literature [59], [62], [63], this
study marks a baseline effort to refine and adapt the PFI
method further. Future researchers in the domain can use
the findings of this study to explore alternative techniques,
validate results, and expand upon the presented insights.

H. EXPERIMENTAL SETUP

The study used six regression-based SFP datasets and
a random search optimization technique to evaluate the
accuracy of optimized ML models in optimized settings [12].
Performance accuracy was measured through MAE values,
and the computational time required for both the optimized
and default settings was recorded. To identify important
features, the PFI model-agnostic technique was applied to
extract the top ten features from the optimized settings.
In addition, all the experiments ran on a system with
specifications of an Intel Core i3-5010U CPU, 4 GB of
RAM, and a 64-bit operating system running Windows 10
Professional.

I. EXPERIMENTAL SETTINGS

Sixty experiments were performed, 30 using default parame-
ter settings and 30 using optimized parameters, across 5 ML
models and 6 SFP datasets.

The following Metrics have been evaluated:

1) Predictive Accuracy: Measured using MAE and per-
centage difference before and after applying PFI-
selected features. Cases of accuracy improvement and
degradation were noted.

2) Computational cost: Processing times were observed
for each experiment under the default and hyperparam-
eter settings and percentage cost efficiency to quantify
resource savings.
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IV. RESULTS AND DISCUSSION

A. RQ: CAN DEFAULT SETTINGS ACHIEVE PERFORMANCE
LEVELS COMPARABLE TO HYPERPARAMETER SETTINGS
WHILE SIGNIFICANTLY REDUCING

COMPUTATIONAL COSTS??

The study aims to evaluate how the PFI method can improve
the performance of default settings and reduce computational
costs by utilizing top (10) features derived from hyperparam-
eter settings. To illustrate the results, we provided only the
experiments for the RF/Ant, DT/Ant, Ranger/Ant, SVM/Ant,
Ranger/Lucene, and Ranger/Xalan in the main text (see
Table 2). In contrast, detailed results for all the datasets are
provided in Table 4, Appendix A. To thoroughly analyse the
effect of our approach, we perform an in-depth comparison
of several aspects. This includes comparing performance
differences between hyperparameter and default settings, the
effectiveness of PFI-selected features, and the computational
cost associated with both configurations. Such comparisons
help us identify the trade-offs involved in hyperparameter and
feature selection applied to SFP.

1) PERFORMANCE COMPARISON: HYPERPARAMETER VS.
DEFAULT SETTINGS

The hyperparameter settings are better in 23 out of 30
(76.6%) experiments, while the default settings performed
better only in 4 out of 30 experiments (13.3%). Consequently,
no difference in prediction accuracy was observed in 3 out of
30 experiments (10%), as shown in Fig. 1. These findings aim
to determine whether the performance of the hyperparameter
settings with the default settings could significantly save
computational cost, which is critical in real-world scenarios
where computational resources are limited. This approach
could enable software industries to utilize existing infrastruc-
ture efficiently.

2) FEATURE RANKING: HYPERPARAMETER VS. DEFAULT
SETTINGS
In the majority of the experiments, hyperparameter settings
performed better than the default settings (see Fig. 1), and
that is because both the default and hyperparameter settings
produce different subsets of features (for example, the
Fig. 2 & Fig. 3 illustrates the experiments of KNN/Synapse).

To illustrate these results further, Fig.2 and Fig.3 showed
the feature ranking for the KNN/synapse experiments under
default settings (Fig.2) and hyperparameter settings (Fig. 3).
In the default settings (Fig. 2), for instance, ce has the highest
importance, and then cbo, dit etc. Consequently, in Fig.3,
feature ce has the highest importance, followed by moa,
mfa, etc. This shows that ce is the most critical feature
in both settings while other features’ order (ranking) shifts
significantly. For example, dif is ranked 3rd in the default
setting while it drops in importance to 9th rank under the
optimized settings.

This observation raises a critical question: What happens
if we apply the important features applied with the optimized
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FIGURE 1. Performance comparison of the hyperparameter and default
settings.
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FIGURE 3. KNN/Synapse via hyperparameter settings feature ranking.

settings (using the PFI technique) to the default settings?
We aim to explore i.e., (1) does it improves the performance
of the default settings to a certain level or not and (2) how
much computational cost it saves compared to the time
required for the optimized settings.
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TABLE 2. Performance (Improved) and computational cost analysis of ML models on SFP Datasets with hyperparameter and default settings.

Experimental Tuned MAE |Untuned MAE | % Diff. Before | % Diff. After | Absolute Relative % Diff. (Time
Settings (Hyperparam- | (Default) PFI PFI Changes in | Improvement in | Efficiency)
eter) MAE Accuracy (%)

RF/Ant 0.489 0.512 4.440 0.230 +4.210 94.820 89.660%
DT/Ant 0.331 0.499 40.480 0.331 +40.180 99.250 93.750%
Ranger/Ant 0.501 0.511 1.980 0.400 +1.580 79.760 90.910%
SVM/Ant 0.531 0.581 8.990 2.230 +6.760 75.150 90.910%
Ranger/Lucene 2.221 2.901 26.550 2.220 +24.330 91.640 92.310%
Ranger/Xalan 0.410 0.419 2.170 0.240 +1.930 88.780 90.910%

3) PERFORMANCE IMPROVEMENT THROUGH PFI

Table 2 highlights the enhanced performance of default
settings after incorporating features identified under hyper-
parameter settings to facilitate comparative analysis. The
table highlights three primary metrics: (Note: these are
experiments where the hyperparameter settings performed
better than the default settings, as shown in Fig. 1)

1) %Difference Before PFI (Hyperparameter vs Default):
This column represents, the initial accuracy gap
between optimized and default settings, measured
using MAE. For instance, the gap in the RF/Ant
experiment is 4.440%.

2) % Difference After PFI (Key Features Applied): This
column represents the percentage difference in MAE
after applying PFI-selected features to default settings.
For instance, the RF/Ant experiment improved to
0.230 from the original 4.440.

3) Absolute changes in MAE: This column represents
the absolute difference between the MAE of the
hyperparameter and the default model, highlighting
the actual difference in accuracy. For instance, in the
case of DT/Ant, the absolute change in MAE was
+40.180, which shows that after applying key features,
the default MAE was reduced from 0.499 to 0.331.

4) Relative improvement in accuracy: This column
represents an improvement in model performance
after applying PFI compared to before PFI. For
instance, DT/Ant, the accuracy difference decreased
from 40.480% (before PFI) to 0.300 % (after PFI),
showing a 99.250% relative improvement.

5) % Difference increase (Time Efficiency with Fea-
tures): The percentage reduction in computational cost
between the hyperparameter and default settings. For
instance, RF/Ant experiments achieved an 89.660%
time efficiency increase.

These findings suggest that PFI-based feature selection
improves the performance of models on multiple datasets.
In most cases, applying the PFI-selected features to default
settings resulted in accuracy levels comparable to or even
better than hyperparameter settings, making it a worthwhile
alternative to full hyperparameter tuning. In addition, the
Absolute Changes in the MAE column indicate the practical
improvement in the model’s performance after optimization
and feature selection. For instance, the DT/Ant model
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produced the most significant absolute reduction in MAE
(40.180), which implies a dramatic improvement, whereas
Ranger/Xalan has the smallest one (1.930). Interestingly,
both Ranger/Lucene and Ranger/Xalan showed almost
the same percentage (relevant improvements) of 91.640%
vs. 88.780%, but absolute changes in MAE were drastically
different: 24.330 vs. 1.930, respectively. The same was
the case with SVM/Ant and RF/Ant, where both showed
significant absolute reductions in MAE: 6.760 and 4.210,
respectively, indicating the effectiveness of the optimization
process. These absolute changes complement the percentage
differences with a clearer view of the actual impact on
model performance. Overall, the results present consistent
improvements across all models in varying degrees due
to data and algorithm-dependent factors. The graphical
representation in Fig. 4 depicts the percentage differences
in performance before and after applying PFI across a few
selected experiments detailed in Table 2.

4) ACCURACY FINDINGS

Table 2 is used to summarize such results, and a few more
selected examples are presented below (for detailed results,
see Table 4 in appendix A):

o SVM/Lucence: In this experiment, the accuracy differ-
ence reduced from 27.790% to 1.500%, reflecting a
remarkable 94.500% improvement.

o RF/Synapse: in this case, the accuracy difference
decreased from 4.405% to 0.230%, resulting in a
94.900% improvement.

o DT/Velocity: Accuracy difference fell from 8.530% to
0.190%, marking an exceptional 97.70% improvement.

PFI improved accuracy in almost all cases, but there were a

few cases where accuracy slightly degraded by some margin;
this shows the need to evaluate feature selection techniques
in given contexts, as shown in Table 3.

For instance

o SVM/Synapse: The accuracy difference increased from
0.196% to 2.035% after applying PFI.

o RF/Xerces: This experiment increased the accuracy
difference from 0.622% to 6.913%.

o RF/Xalan: Accuracy difference increased from 0.521%
t0 5.216%.

In addition, the MAE column in the table exhibits a degra-

dation trend after applying the importance of the feature.
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TABLE 3. Performance and computational cost analysis of ML models on various datasets with hyperparameter and default settings (where accuracy

degraded).
Experimental | Tuned ~ MAE | Untuned MAE | %  Diff. in | MAE After PFI | % Diff. in Ac- | Absolute
Settings (Hyperparame- | (Default) Accuracy Features curacy (After | Changes in
ter) (Before PFI) PFI) MAE
RF/xalan 7.849 7.890 0.521 7.450 5.216 -4.952
DT/xalan 0.335 0.335 0.111 0.334 0.332 -0.222
RF/Xerces 7.849 7.898 0.622 8.411 6.913 -6.290
DT/Xerces 0.327 0.338 3.367 0.315 3.461 0.094
SVM/Xerces 1.881 1.904 1.215 1.915 1.791 -0.576
RF/Lucene 1.170 1.180 0.851 1.160 0.858 -0.007
SVM/Synapse | 2.035 2.039 0.196 1.994 2.035 -1.839

For instance, the RF/xalan experiment model resulted in a
considerable hike in MAE (—4.952), which signifies a drop in
performance. Similarly, in the case of the RF/Xerces model,
degradation has been observed in MAE (—6.290). Among the
smaller-sized models, degradation is still quite noteworthy in
some cases, like that of DT/xalan (—0.222) and SVM/Xerces
(—0.576), indicating the negative effect of feature selection
on such models’ performance. Even this is not very small,
like that of RF/Lucene (—0.007), showing a deterioration
in accuracy. These declining accuracy indicate that PFI
might have effects that depend on dataset features, feature
interaction, or specific model dependency. Another reason for
degradation could be that the features are ranked based on
particular contributions, which does not consider inter-feature
dependency, thus leading to possibly suboptimal feature
selection in different datasets. In contrast, despite these
exceptions, the overall trend shows that PFI-selected features
can efficiently transform default model settings into highly
viable configurations with minimal computational overhead.
Table 4 of Appendix A contains a detailed breakdown of all
experiments.
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5) COMPUTATIONAL COST RESULTS
The findings show significant reductions in computational
costs when utilizing PFI-selected features, for instance:

o SVM/Lucene: In this case, the processing time was
reduced from 46 seconds to 17 seconds, illustrating a
92.060% reduction.

o DT/Velocity: In this experiment, processing time was
reduced from 45 seconds to 16 seconds, achieving a
remarkable reduction of 95.080%.

o kKNN/Xalan: The computational cost dropped by
96.770%.

« RF/Ant: Dropped computational cost by 89.660%.

o Ranger/Ant and SVM/Ant: Both achieved a 90.910%
reduction in computational cost.

Fig. 5 shows the computational cost efficiency across various
models and datasets.

6) VARIATIONS IN EFFICIENCY

For instance, in the RF/Xerces experiment, the computational
cost narrowed down from 39 seconds to 15 seconds, repre-
senting an 88.890% decrease. While PFI generally enhances
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Comparative Analysis of Computational Cost Efficiency Across ML Models
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FIGURE 5. Comparative analysis of computation cost efficiency across ML models for different datasets.

computational efficiency, it could vary according to dataset
and model configuration. By utilizing PFI-selected features,
this study demonstrates that the default settings can yield
their optimum without overheads, representing a promising
alternative for SFP applications. In addition, Fig. 5 depicts
the computational cost difference between default settings
with PFI-selected features and hyperparameter settings across
different experimental setups (for all experiments). The
X-axis shows the combination of ML models and datasets,
e.g., RF/Xalan, RF/Xerces, etc, illustrating the comparison
across different experimental settings (for details, see Table 4
in Appendix A). while the Y-axis displays the percentage
difference in computational cost, highlighting the increase
and decrease in efficiency for optimized settings compared
to default settings. Each point in the figure corresponds to a
specific experimental setting, with its position indicating the
percentage difference in computational cost for that particular
model/dataset combination. The trend lines connecting these
points show significant differences across the experiments,
showcasing how the computational cost differences vary. For
instance, KKNN/Xalan show relatively higher percentage dif-
ferences, underscoring computational efficiency variability
depending on the chosen model and dataset.

V. DISCUSSION

In this study, we observed that in 76.6% of the cases, the
hyperparameter settings outperformed the default settings.
In contrast, in 13.3% of the experiments, the default
settings delivered better performance than the optimized
configurations. In 10% of the experiments, no difference in
prediction accuracy was detected (for instance, RF/Xerces
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and RF/Xalan showed marginal differences). Prior stud-
ies [2], [64] also suggest that hyperparameter settings perform
better than the default settings but with high computational
costs. However, unlike traditional studies, this research
addresses the problem of computational load by integrating
the PFI technique to balance performance and cost. This
study employed the PFI (an XAl technique) to address this
challenge and extract the most important features in the
hyperparameter settings. These features were re-applied to
models under default settings, eliminating the need for further
parameter tuning. The results demonstrate that this approach
achieves almost the same performance levels comparable to
hyperparameters while significantly reducing computational
cost. For instance, DT/Ant showed accuracy improvements
of over 99.250% (see Fig. 6), making them highly efficient
in resource utilization. In addition, SVM/Lucene showed
a dramatic improvement, narrowing the performance gap
by 94.500%. In contrast, RF/Synapse reduced the accuracy
difference from 4.454% to 0.227% after applying PFI
features, Which is 94.900%. These results make PFI a
promising tool for enabling efficient predictive modeling in
real-world scenarios.

The results highlight the potential of PFI in narrowing the
performance gap between different methods without incur-
ring high computational overheads. This approach provides
SE practitioners with a practical solution to utilize existing
computational infrastructure efficiently toward near-optimal
performance. This approach helps resource-constrained envi-
ronments, such as small-scale software development projects
or restricted access to high-performance computing systems
in an organization. Another valuable characteristic of PFI
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FIGURE 6. Trade-off between Accuracy and computational cost(percentages) across different experiments.

for software fault prediction is its ability to prioritize critical
features. This would allow for better resource usage and
better-quality software to be built. For instance, in the
experiment, KKNN/Lucene exhibited 49.780% improve-
ment, accompanied by computational time narrowed down
by 91.530%. In addition, DT/Lucene accuracy improved by
47.910%, and computational cost was reduced by 95.080%.
These are aligned with the larger goals of cost-effective ML
applications in the domain of SE.

However, with the improved results, it should be noted
that, in a few cases, there is limited or no improve-
ment using PFI-selected features. The experiments include
RF/Xalan, DT/Xalan, RF/Xerces, DT/Xerces, SVM/Xerces,
RF/Lucene, and SVM/Synapse. This lack of improvement
may be attributed to dataset-specific characteristics or model-
specific limitations, such as imbalanced distributions, noisy
data, or the inherent complexity of specific feature interac-
tions. Similarly, the ML model’s nature might contribute to
this result because some models are less sensitive to feature
importance rankings provided by PFI.

For instance, in RF/Xalan, time saved in processing was
minimal, and improvements in accuracy were 5.216%. Sim-
ilarly, SVM/Xerces showed negligible changes in accuracy
from 1.215% (before applying PFI) to 1.791% (after applying
PFI). This means the characteristics of the dataset might
determine the effectiveness of PFI. Further investigation is
needed to understand the dataset’s properties and the model’s
behavior while addressing these challenges. Further study
into complementary feature selection techniques should also
be undertaken. This study highlights the utility of techniques
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like PFT in XAI to address this trade-off in performance and
efficiency. Beyond predicting software faults, the insights can
be expanded to other domains, such as effort estimation and
resource allocation, where high computational cost remains a
critical determinant. These findings set the course for further
improving cost-effective predictive modeling in the domain
of SE by coming up with a scalable and easy-to-access
approach (see Fig. 6).

A. COMPARISON OF THE PROPOSED METHOD WITH
PRIOR STUDIES

We compared the performance of our proposed method
with the previous studies referred to in the Background and

Related Work section.
o Tantithamthavorn et al. [2] demonstrated that optimiza-

tion of parameters improved performance up to 40%
AUC but had high computational costs. At the same
time, our approach yields similar improvements in per-
formance with default settings using PFI-selected fea-
tures and significantly reduces the computational load.

o - Jiang et al. [29], Tosun et al. [11] highlight the ineffi-
ciency of default parameters. However, by incorporating
feature importance, our method achieves a balance and
shows how default settings are practical when the key
features are added; for instance, RF/Synapse reduced
accuracy gaps from 4.450% to 0.230%, reducing the
computational cost by 10.55

o Fu et al. [34] have also reported that 80% of the
50 highly-cited defect prediction studies used default
parameters for time efficiency and simplicity. This trend
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underscores a great need for methods, such as the one
proposed in this study, that balance interpretability with
simplicity and computational efficiency but maintain
high predictive accuracy.

Our study highlights the utility of techniques like PFI in
XALI to address this trade-off in performance and efficiency,
as shown in Fig.6. Beyond predicting software faults, the
insights can be expanded to other domains, such as effort
estimation and resource allocation, where high computational
cost remains a critical determinant. These findings set
the course for further improving cost-effective predictive
modeling in the domain of SE by coming up with a scalable
and easy-to-access approach.

VI. THREATS TO VALIDITY

This study is based on six datasets from the Tera Promise
database [27], which includes large and small datasets.
However, it is crucial to note that different results may
be obtained using various SFP datasets from other reposi-
tories. Furthermore, the study focuses on regression-based
SFP datasets, leaving classification-based SFP datasets that
can produce different results. Moreover, five different types
of ML models were used, and it is left to question whether
these results can be generalized to other models or SE tasks.
Even though PFI was shown to be helpful in this work, the
fact that it is susceptible to dataset characteristics and quality
variations necessitates further exploration to understand its
potential and limitations fully. Despite these limitations, the
study provides detailed experimental descriptions, allowing
researchers to replicate and build upon findings in new
contexts. We acknowledge the following as potential threats
to validity that may impact the results of this study:

A. INTERNAL VALIDITY

While the random search method was used in this study, the
choice of parameter ranges could introduce some bias into
the results. Further studies should consider the alternative
techniques and extended parameter space.

B. EXTERNAL VALIDITY

The results are based on particular datasets (Ant, Xalan,
Xerces, Lucene, Ant, Synapse) and SFP tasks. Although
these datasets are widely used in SE research, further work
is needed to generalize the findings to other domains, such
as effort estimation or resource allocation. In addition,
this study considered five ML models, although these are
already well-established in SFP. However, their performance
and feature importance might not translate to more com-
plex or newly developed models, such as deep learning
approaches.

C. CONSTRUCT VALIDITY

The PFI technique assumes that important features directly
influence model predictions but may be sensitive to
collinearity. This could lead to misinterpretation of rankings,
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so using other feature selection techniques would be
beneficial.

D. CONCLUSION VALIDITY

The study primarily used accuracy and computational
cost as the evaluation metrics for SFP, but more metrics
such as Fl-score, precision, and recall might help better
understand model performance, especially when dealing with
imbalanced datasets.

VIl. CONCLUSION

This study presents a novel methodology that leverages PFI
to achieve the predictive performance of optimized parameter
settings while significantly reducing the computational cost
of default settings in SFP datasets. We conducted extensive
experiments using the PFI (XAI method) across five ML
models (DT, KNN, Ranger, RF, and SVM) and six diverse
SFP datasets. The results have shown that the proposed
approach considerably improves model performance without
the high computational costs typically associated with
parameter optimization. The results confirm that the proposed
approach overcomes the trade-off between predictive perfor-
mance and computational efficiency. In general, it showed
comparable accuracies to optimized settings while realizing
computational cost savings of as much as 99.250% in
certain instances. For instance, in the DT/Ant experiment,
the accuracy difference between default and optimized
settings was reduced from 40.480% to 0.331%, alongside
a drop in computational cost of 99.250%. The results
demonstrate promising applicability in real-world situations
within resource constraints and a cost-effective solution to the
tasks in SE. To the best of our knowledge, this study is the first
to leverage PFI to bridge the gap between high accuracy from
optimized settings and the efficiency of default settings by
providing an adaptive framework that can be applied to a wide
range of SE tasks. The experiments validate the effectiveness
of this approach in SFP, and further avenues of research are
opened in terms of its adaptability in other domains.

VIil. FUTURE WORK

For future work, we aim to extend this methodology to
other domains, such as code smell detection and mutation
testing, to see if the findings persist. We also plan to
expand it to further ML models and PFI methods like
Incremental Permutation Feature Importance (iPFI) [61],
DEPICT: Diffusion-Enabled Permutation Importance [65],
Conditional permutation importance (CPI) [66]. etc. Such
extensions would demonstrate how scalable and adaptable the
method is within various contexts and techniques.

APPENDIX A

(The table only includes those experiments where opti-
mized settings improved performance, excluding cases where
default settings outperformed or both default and hyperpa-
rameter settings showed the same performance.)
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TABLE 4. Comparison of experimental settings, MAE, Accuracy, and computational cost.

Experimental | % Diff. in | % Diff. in | Absolute Relative Improvement/ | Processing | Processing | % Diff. in
Settings Accuracy Accuracy Changes in | Improve- No Time Time (Op- | Computa-
(Before (After PFI) | MAE ment (%) improvement (Default timized, 50 | tional Cost
PFI) with  PFI | Iterations)
Features)
RF/xalan 0.521 5.216 4.952 901.340 No Improvement | 16 sec 42 sec 89.660%
DT/xalan 0.111 0.332 0.222 200.380 No Improvement | 17 sec 47 sec 93.750%
kknn/xalan 3.174 1.600 1.574 49.590 Improvement 16 sec 46 sec 96.770%
Ranger/xalan 2.171 0.240 1.930 88.780 Improvement 15 sec 40 sec 90.910%
SVM/xalan 10.328 0.985 9.343 90.460 Improvement 18 sec 48 sec 90.910%
RF/Xerces 0.622 6.913 6.290 1010.320 No Improvement | 15 sec 39 sec 88.890%
DT/Xerces 3.367 3.461 0.094 2.800 No Improvement | 16 sec 44 sec 93.330%
kknn/Xerces 3.005 0.338 2.667 88.750 Improvement 16 sec 43 sec 91.530%
Ranger/Xerces | 1.503 0.252 1.251 83.230 Improvement 14 sec 37 sec 90.200%
SVM/Xerces 1.215 1.791 0.576 47.370 No Improvement | 17 sec 45 sec 90.320%
RF/Lucene 0.851 0.858 0.007 0.860 No Improvement | 15 sec 40 sec 90.910%
DT/Lucene 1.680 0.875 0.804 47910 Improvement 16 sec 45 sec 95.080%
kknn/Lucene 1.785 0.896 0.888 49.780 Improvement 16 sec 43 sec 91.530%
Ranger/Lucene | 26.550 2.220 24.330 91.640 Improvement 14 sec 38 sec 92.31%
SVM/Lucene 27.792 1.500 26.291 94.500 Improvement 17 sec 46 sec 92.061%
RF/Synapse 4.454 0.227 4.227 94.900 Improvement 15 sec 40 sec 90.910%
DT/Synapse 0.225 0.197 0.027 12.130 Improvement 16 sec 45 sec 95.080%
SVM/Synapse | 0.196 2.035 1.839 934.510 No Improvement | 17 sec 46 sec 92.061%
DT/velocity 8.532 0.192 8.340 97.740 Improvement 16 sec 45 sec 95.080%
RF/Ant 4.440 0.230 4210 94.820 Improvement 16 sec 42 sec 89.660%
DT/Ant 40.480 0.331 40.180 99.250 Improvement 17 sec 47 sec 93.750%
Ranger/Ant 1.980 0.400 1.580 79.760 Improvement 15 sec 40 sec 90.910%
SVM/Ant 8.990 2.230 6.760 75.150 Improvement 18 sec 48 sec 90.910%
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