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Abstract 

Software Defect Prediction (SDP) is a crucial component of software engineering aimed at improving quality and 

testing efficiency. However, the majority of SDP research often overlooks the fundamental influence of the 

programming paradigm on the nature and causes of defects. This study presents a comparative analysis to identify 

the most influential software metrics for predicting defects across two distinct paradigms: Object-Oriented (OOP) 

and Structured. To ensure modern relevance and reproducibility, we constructed two new datasets from large-scale, 

open-source projects: Apache Camel (Java) for OOP and Redis (C) for Structured which exhibited realistic defect 

rates of 14.4% and 21.8%, respectively. The dataset creation process involved mining Git repositories for defect 

labeling and automated metric extraction using the CK and Lizard tools. Correlation analysis and baseline modeling 

using Random Forest revealed significant differences between the paradigms. In the OOP system, dominant defect 

predictors were related to the complexity of the class interface and features (e.g., uniqueWordsQty, totalMethodsQty, 

WMC, CBO). Conversely, defects in the structured system were strongly correlated with size and algorithmic 

complexity (e.g., file_tokens, file_loc, file_ccn_sum). Although the baseline models performed well (ROC–AUC = 

0.82–0.87), the significant class imbalance resulted in low recall (44–50%). This motivates the need for more context 

aware approaches. These findings underscore that effective SDP strategies must be tailored to the underlying 

programming paradigm. 
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1. INTRODUCTION 

Software quality is a decisive factor in the success of modern system development. A primary 

challenge in maintaining quality is the early identification and mitigation of defects as undetected faults 

can lead to significant economic losses and system failures [1][2]. Software Defect Prediction (SDP) 

has emerged as a vital research area, aiming to identify potentially defective modules or components 

before the final testing phase, thereby enabling more efficient resource allocation [3]. The common 

approach in SDP involves using machine learning models trained on software metrics extracted from 

historical versions of a project [4]. 

However, many existing SDP studies tend to adopt a one-size-fits-all approach, applying the same 

metrics and models without considering the fundamental differences imposed by programming 

paradigms. The Object-Oriented (OOP) and Structured paradigms possess vastly different design 

philosophies, structures, and units of composition. OOP centres on classes and objects with concepts 

like encapsulation, inheritance, and coupling [5], while structured programming focuses on functions 
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and procedures with algorithmic complexity as a primary concern [6]. These fundamental differences 

logically influence the types and locations of defects that most frequently arise.  

Furthermore, much of the existing research still relies on legacy datasets such as NASA MDP and 

PROMISE, which, while valuable, originate from projects that are now over a decade old [7] [8] [9]. 

This raises questions about the relevance of their findings to modern software engineering practices 

[10]. This reliance on older data and paradigm-agnostic models creates a significant research gap. To 

address these gaps, this study conducts a comparative analysis aimed at answering the following 

research question: "Do the most influential software metrics for predicting defects differ significantly 

between the Object-Oriented and Structured programming paradigms in modern software projects?".  

To answer this question, we selected two large-scale, popular open-source projects as case studies, 

chosen for their clear representation of each paradigm, extensive development history, and high impact 

in the industry. Apache Camel was selected for OOP due to its vast codebase (>37,000 classes) and 

complex class interactions, providing a rich environment to study OOP-specific metrics like CBO and 

WMC. Redis was chosen for the Structured paradigm due to its high-performance, widely-used C 

codebase, which serves as a prime example of expert-level procedural programming where metrics like 

Cyclomatic Complexity are paramount. 

By analysing these modern projects, we provide two main contributions:  

a. Methodological: We present a systematic and reproducible framework for creating two modern 

defect prediction datasets from popular open-source projects: Apache Camel (Java, OOP) and 

Redis (C, Structured). 

b. Empirical: We perform a comparative analysis of these two datasets to identify and compare the 

most dominant metrics as defect predictors in each paradigm, as well as establish baseline models 

to measure predictive performance. 

The structure of this paper is as follows: Section 2 presents a review of related work on software 

metrics and SDP. Section 3 details the research methodology we employed. Section 4 presents the results 

of our analysis and an in-depth discussion. Section 5 discusses the implications and threats to validity. 

Finally, Section 6 provides a conclusion and outlines future research directions. 

2. METHOD 

The methodology of this study is designed to ensure transparency, rigor and reproducibility. The 

overall research workflow is illustrated in Figure 1 and consist of three primary phases: Data Collecting 

and Acquisition, Preprocessing, Modelling and Evaluation.  

In the Data Collecting and Acquisition phase, we selected and cloned the source code and version 

history for our two case study projects, Apache Camel and Redis. The Preprocessing phase involved 

two critical parallel steps: first, we performed Defect Labelling by systematically mining the Git commit 

history to identify post-release bug fixes and label the corresponding source files as defective or clean. 

Second, we conducted Metric Extraction using appropriate static analysis tools (CK for Java, Lizard for 

C) to compute a comprehensive set of software metrics. The outputs from these two steps were then 

merged to create the final, labeled datasets. 

In the Modelling and Evaluation phase, each dataset was split into training and testing sets, which 

were then used to train our baseline Random Forest classifier and then the performance of the trained 

models was assessed using a standard suite of classification metrics, and a correlation analysis was 

performed to identify the most dominant defect predictors for each programming paradigm. Each of 

these stages is detailed further in the following sub-sections. 
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Figure 1. Research Methodology 

2.1. Data Acquisition 

The foundation of this study is built upon two new datasets created from modern, large-scale, 

open-source projects. We chose projects that are widely used, have a long and accessible development 

history, and are clear representatives of their respective programming paradigms. 

2.1.1 Project Selection:  

a. Object-Oriented (OOP): We selected Apache Camel, a comprehensive integration framework 

written in Java. Its vast codebase and complex class interactions make it an ideal subject for 

studying OOP-specific defects. 

b. Object-Oriented (OOP): We selected Apache Camel, a comprehensive integration framework 

written in Java. Its vast codebase and complex class interactions make it an ideal subject for 

studying OOP-specific defects. 

2.1.2 Data Source and Versioning 

a. The complete source code and version history for both projects were acquired by cloning their 

official public Git repositories. The repository for Apache Camel is located at 

https://github.com/apache/camel, and for Redis at https://github.com/redis/redis. 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.1.5315


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 1, February 2026, Page. 529-539 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.1.5315 

 

 

532 

b. To ensure a stable and specific point-in-time analysis, we checked out the codebase to a precise, 

stable release tag for each project. For Apache Camel, we used the tag camel-4.0.0. For Redis, 

we used the tag 7.0.0. All subsequent metric extraction and analysis were performed on these 

specific versions. This approach guarantees that our study can be precisely replicated. 

2.2. Defect Labelling 

To create an objective ground truth for our supervised learning models, we employed a widely 

accepted post-release bug labelling technique based on mining the project's version control history [11] 

[12] [13]. This approach assumes that commits made after a release that are explicitly intended to fix 

bugs indicate that the modified files were defective in that release. The process consists of the following 

systematic steps for each project: 

a. Defining the Analysis Window: 

i. Observation Period (S-Release): We defined a stable starting release as our point of 

analysis. For Apache Camel, this was version camel-4.0.0; for Redis, it was 7.0.0. All 

software metrics were extracted from the codebase at this specific tag. 

ii. Labelling Period (E-Release): We defined a subsequent stable release as the end of our 

bug-fix observation window. For Camel, this was camel-4.4.0, and for Redis, 7.2.0. This 

window provides a reasonable timeframe to identify and fix post-release bugs. 

b. Identifying Bug-Fixing Commits: 

We systematically scanned the log of all commits between the S-Release and E-Release tags. A 

commit was classified as a "bug-fixing commit" if its commit message contained one or more 

common keywords associated with corrective maintenance. Following the methodology of 

previous studies [10], we used a case-insensitive search for the following keywords: 'fix', 'bug', 

'error', 'issue', 'defect', and 'patch'. For the Redis (C) project, we also included the keyword 'crash', 

as it is commonly associated with bug fixes in systems-level programming. 

c. Mapping Commits to Files: 

For each identified bug-fixing commit, we extracted the list of all source files that were modified. 

For Camel, we considered files ending in .java; for Redis, we considered files ending in .c and.h. 

This process resulted in a comprehensive set of all files that were touched as part of a corrective 

action during the labelling period. 

d. Assigning Final Labels: 

A source file from the S-Release (camel-4.0.0 or redis-7.0.0) was assigned a label of 1 (defective) 

if its path appeared in the set of files modified by one or more bug-fixing commits. 

All other source files from the S-Release were assigned a label of 0 (clean). 

This semi-automated and deterministic process provides an objective and reproducible method 

for labeling many files, forming the basis for our subsequent supervised machine learning analysis. 

2.3. Metric Extraction 

Metrics were extracted using static analysis tools appropriate for each language: 

a. For Camel (Java): We used CK (version 0.71), a popular command-line tool that computes the 

Chidamber & Kemerer (CK) metric suite (e.q., CBO, WMC, RFC) and other class-level metrics 

[14] [15] [16]. 

b. For Redis (C): We used Lizard (version 1.17.9), an efficient code complexity analyser, to compute 

procedural metrics like Lines of Code (LOC), Cyclomatic Complexity (CCN), and token count 

per function [17]. These function-level metrics were then aggregated (e.g., summed or averaged) 

to the file level. [18][19] 
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2.4. Data Analysis and Modeling 

a. Correlation Analysis: We used the Pearson correlation coefficient to measure the linear 

relationship between each numeric metric and the binary target variable (is_defective).[20] 

b. Baseline Modeling: We trained a Random Forest Classifier as a baseline model. This model was 

chosen for its strong performance and its ability to handle complex interactions between features 

without extensive hyperparameter tuning [21]. For reproducibility, the model was configured with 

n_estimator=100 and random_state=42, using the implementation from Scikit-learn libray [22]. 

The dataset was split into 70% training data and 30% test data. 

c. Evaluation Metrics: Model performance was evaluated using standard metrics for classification 

tasks. In the formula below, TP, TN, FP, and FN refer to True Positives, True Negatives, False 

Positives, and False Negatives, respectively. 

1) Precision: Measure the accuracy of positive predictions. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
 (1) 

2) Recall (Sensitivity): Measures the ability of the model to find all actual positive instances. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
 (2) 

3) F1-Score: The harmonic mean of Precision and Recall 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =  
2∗(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙)
 (3) 

4) ROC-AUC: Area Under the Receiver Operating Characteristic Curve, which measure the 

model’s ability to distinguish between classes.  

3. RESULT 

This section presents the objective findings from our data analysis, including the characteristics 

of the datasets, the correlation analysis, and the performance of the baseline prediction models. 

3.1. Datasets Characteristics 

Following the data acquisition and defect labelling process, we produced two datasets that serve 

as the foundation for our comparative analysis. Table 1 presents the descriptive statistics of both 

datasets, including information on language, paradigm, total file count, and defect rate.  

 

Table 1. Descriptive Statistic of Datasets 

Dataset Language Paradigm File Count Defect Rate 

Apache Camel Java OOP 37,153 14.4% 

Redis C Structured 385 21.8% 

 

A key finding from these descriptive statistics is the presence of a significant class imbalance in 

both datasets. In the Camel dataset, only 5,336 out of 37,153 files (approximately 14.4%) were identified 

as defective. Similarly, in the Redis dataset, only 84 out of 385 files (approximately 21.8%) were 

labelled as defective. This phenomenon is very common in real-world software defect data and has direct 

implications for the training and evaluation of machine learning models, as models can become biased 

towards the majority class (clean files). This fact will be a central point of focus when we interpret 

model performance metrics such as accuracy and recall in the subsequent sections. 
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3.2. Correlation Analysis of Defect Predictors 

To identify the most influential metrics for each paradigm, we calculated the Pearson correlation 

coefficient between each software metric and the binary is_detective target variable. Table 2 present the 

top-rangking metrics for both datasets. 

 

Table 2. Correlation Analysis 

Rank OOP Metric (Camel) Correlation Structured Metric (Redis) Correlation 

1 uniqueWordsQty 0.21 file_tokens 0.46 

2 defaultMethodsQty 0.20 file_loc 0.45 

3 totalMethodsQty 0.13 file_ccn_sum 0.45 

4 loc 0.12 function_count 0.41 

5 wmc 0.08 file_ccn_avg 0.19 

6 cbo 0.07 file_avg_params 0.11 

 

  
(a) Redis Dataset (b) Camel Dataset 

Figure 3. Correlation Matrix Heatmaps for (a) Redis (Structural) Dataset and (b) Apache Camel 

(OOP). 

 

The is_detective row/column shows the correlation of each metric with presence of defects. 

In Apache Camel (OOP), the top predictors are not the classic OOP metrics like CBO or WMC 

(though they remain significant), but rather metrics related to interface size and feature richness 

(uniqueWordsQty, totalMethodsQty). This suggests that in large, modern OOP systems, classes with 

more methods and a more diverse "vocabulary" tend to harbor more defects. 

In Redis (Structured), the story is classic and clear. The most dominant predictors are metrics of 

raw size and algorithmic complexity (file_tokens, file_loc, file_ccn_sum). The larger and more 

convoluted a C file is, the more likely it is to contain a defect. This difference empirically proves that 

the nature of defects is highly paradigm-dependent. Efforts to reduce defects in OOP systems might 

need to focus on simplifying class interfaces, whereas in structured systems, the focus should be on 

breaking down large functions and files into smaller, less complex units.  

3.3. Baseline model performance 

We trained a Random Forest classifier as a baseline model for each dataset. The performance 

results, evaluated on a 30% hold-out test set, are detailed in Table 3. 
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Table 3. Model Performance 

Dataset Precision (Defect) Recall (Defect) F1-score (Defect) ROC-AUC 

Camel (OOP) 0.78 0.50 0.61 0.868 

Redis (Structured) 0.69 0.44 0.54 0.828 

 

While both models achieve high precision (0.78 for Camel and 0.69 for Redis), their recall for the 

defective class is notably low (0.50 and 0.44, respectively). To determine if this 6% absolute difference 

in recall was statistically meaningful, we performed a two-proportion Z-test. The result yielded a p-

value of 0.55, which is well above the standard significance level of α = 0.05. Therefore, we cannot 

conclude that there is a statistically significant difference in the recall performance between the OOP 

and Structured models. This suggests that despite the numerical difference, both models struggle 

similarly with the challenge of identifying all defective modules, a common issue in imbalanced 

datasets. Both models demonstrate strong overall discriminative ability, with ROC-AUC scores of 0.868 

for Camel and 0.828 for Redis. A visual comparison of their Receiver Operating Characteristic (ROC) 

curves, which illustrates this performance, is presented in Figure 3. 

 

 
Figure 3. ROC Curves for Baseline Random Forest Models. 

 

The model for the Camel (OOP) dataset show a slightly superior ability to distinguish between 

defective and clean classes compare to Redis (Structured) model 

Precision is also quite high (69-78%), meaning that when the model predicts a file is defective, it 

is often correct. This makes the models useful for prioritizing testing efforts, as they can effectively 

guide developers to high-risk modules with a low rate of false alarms. 

However, the critical weakness revealed is the low Recall (44-50%) in both models. This means 

the models fail to identify approximately half of all actually defective files. This trade-off between 

precision and recall is a well-documented challenge in software defect prediction, particularly when 

dealing with the naturally imbalanced datasets where non-defective modules vastly outnumber defective 

ones [23], [24]. The low recall highlights the limitations of a purely metrics-based approach, which may 

not capture all the nuances that lead to a module being defective. 

Our findings have important implications for practitioners and researchers. For practitioners, it 

emphasizes the need to use the right metrics for their project's paradigm. For researchers, it shows that 

universal SDP models may be less effective than paradigm-tailored ones. 
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4. DISCUSSION 

In this section, we interpret the meaning of our results, compare them to the existing body of 

knowledge, and discuss the implications of our findings.  

4.1. The Nature of Defects in OOP vs. Structured Code 

The correlation analysis (Table 2) provides strong empirical evidence that the nature of defect 

predictors is paradigm dependent. In the modern OOP system (Camel), defects are most strongly 

associated with the breadth of a class's interface and its vocabulary size. This suggests that as classes 

accumulate more methods and responsibilities, they become more error-prone. This finding extends the 

classic view, where metrics like WMC and CBO were considered dominant, by highlighting that sheer 

feature count is a major modern predictor. Conversely, the findings for Redis confirm the classic view 

of structured code: defects are overwhelmingly a function of raw size and algorithmic complexity. A 

file with more lines, tokens, and complex pathways is fundamentally more likely to contain a bug. This 

empirical evidence strongly supports the need for paradigm-aware quality assurance strategies. 

4.2. Effectiveness and Limitations of Baseline Models 

The baseline models (Table 3) demonstrate that a standard, metrics-based approach can build 

useful predictors, as indicated by the high precision and strong ROC-AUC scores. A precision of 0.78 

for Camel means that when a developer is told a class is likely buggy, there is a high probability that it 

is true, making the model valuable for prioritizing testing. However, the critical limitation revealed by 

our results is the low recall (44-50%). This indicates that our baseline models, while reliable when they 

make a positive prediction, are failing to identify more than half of the actual defective modules. This 

confirms that while metrics are informative, they do not capture the complete picture of defect 

causality[25][26]. While a full comparison with state-of-the-art deep learning or ensemble models is 

beyond the scope of this baseline study, our reported recall of 44-50% is consistent with challenges 

reported in other studies using traditional models on imbalanced data [27] 

4.3. Comparison with Existing Work 

Our findings for the Redis dataset align closely with decades of research in procedural code, 

which has consistently shown a strong link between LOC, CCN, and defect rates [28] [29] [30]. Our 

findings for the Camel dataset, however, offer a more nuanced view for modern OOP systems. While 

classic metrics like CBO and WMC remain relevant, our results suggest that metrics related to the sheer 

number of features (totalMethodsQty, uniqueWordsQty) have become more dominant predictors, 

possibly due to the scale and complexity of modern frameworks. 

4.4. Implications for Practitioners and Researchers 

For software practitioners, this study highlights that quality assurance strategies should be 

paradigm aware. For teams working on OOP systems, managing the size of class interfaces and 

responsibilities may be a key defect-prevention strategy. For teams working on C-style structured 

systems, the classic advice of keeping functions and files small and simple remains paramount.[31] [32] 

For researchers, our work demonstrates the value of creating and analyzing modern datasets. It 

also establishes a clear performance baseline and identifies low recall as a key open problem, motivating 

the need for new approaches that incorporate richer, more contextual information beyond static metrics. 

4.5. Threats to Validity  

As with any empirical study, our findings are subject to certain limitations that must be 

acknowledged. 
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4.5.1. External Validity 

This threat concerns the generalizability of our results. Our study is based on two large and 

popular projects, but they are still only two data points. The findings may not generalize to all software 

domains (e.g., embedded systems, web applications) or to proprietary, closed-source projects. Future 

work should replicate this study across a wider variety of projects to strengthen these conclusions. 

 

4.5.2. Construct Validity 

This threat relates to whether we are truly measuring what we intend to measure. Our defect 

labeling process relies on keywords in commit messages, which is a common heuristic but may not be 

perfectly accurate. Some bug fixes might not use these keywords (false negatives), and some commits 

with these keywords might not be true bug fixes (false positives). 

4.5.3. Internal Validity 

Our analysis is correlational, and we do not claim causality. While we observe a strong 

relationship between certain metrics and defects, other confounding factors (e.g., developer experience, 

team process, test coverage) could also be influencing the defect rate. Furthermore, our study is limited 

to source code metrics and does not include higher-level architectural metrics, which could provide 

additional explanatory power.[33] 

5. CONCLUSION 

This study presented two main contributions: a reproducible framework for creating modern, 

paradigm-specific defect datasets, and an empirical analysis comparing the nature of defect predictors 

in Object-Oriented and Structured programming. Our analysis empirically demonstrated that the factors 

driving software defects are fundamentally different between these paradigms in modern projects. 

Defects in OOP systems (Apache Camel) are most related to the complexity of class interfaces and 

features, while defects in structured systems (Redis) are dominated by size and algorithmic complexity. 

While standard machine learning models can build useful predictors, we found their performance 

is significantly limited by low recall (44-50%), suggesting that static metrics alone are insufficient to 

capture the full context that leads to defects. 

As future work, we propose a more context-aware approach by integrating architectural roles as 

categorical features into our ML models. We hypothesize that recall can be significantly improved by 

explicitly modeling the responsibility of each module (e.g., 'Controller' vs. 'Entity' in OOP; 'Core Logic' 

vs. 'I/O' in Structured). Improving recall by even 10-15% could substantially enhance testing efficiency 

by allowing teams to discover a significantly larger fraction of bugs before release. Future research will 

explore this hypothesis to build more accurate and reliable defect prediction models. The datasets and 

analysis scripts used in this study are made publicly available to encourage replication and extension of 

this work by other researchers. 
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