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Abstract: - Artificial Intelligence (AI) techniques with tools have been increasingly popular in software 
development in recent years. This paper investigates the impact of AI tools using ChatGPT as an AI tool in 
generating code and compares it with the code generated by humans in an open-source platform on GitHub. 
Four key quality metrics (cyclomatic complexity, line of code, technical debt, and code smell) are used to 
evaluate the accuracy factor. Three case studies at different degrees of complexity (easy, medium, and hard) are 
conducted to evaluate the performance and accuracy of tool-generated code against human-generated code. 
Findings indicated that the ChatGPT tool can significantly reduce code complexity, provide similar solutions in 
fewer lines of code, and reduce technical debt and code smell in complex tasks with fewer lines of code. Minor 
differences were observed in the easiest and medium tasks, with similarities on several metrics. This paper 
highlights the ability of AI tools to generate code that complies with software quality factors that improve the 
software development process, particularly in complex scenarios, and improve accuracy and efficiency while 
reducing human errors. 
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1  Introduction 
Accuracy in software development is essential for 
success in ensuring software can perform as 
intended and meet users’ requirements to reduce 
bugs or errors. As software systems grow in 
complexity, ensuring accuracy becomes 
increasingly challenging, highlighting the need for 
approaches that reduce structural errors and improve 
reliability. Ensuring accuracy becomes essential as 
the systems expand in scope, particularly when 
performing tasks, reducing errors, and ensuring 
compliance with standards. Software accuracy 
affects the reliability and efficiency of any software 
system, starting from daily software to highly 
critical software and mission-critical applications 
[1], [2]. Artificial Intelligence (AI) tools have, in 
recent years, become an embedded part of software 
engineering practices, performing various roles, 
from code generation to testing and debugging. 
Tools powered by AI are promising to simplify 

development activities by reducing human errors 
and enhancing accuracy [3]. Software accuracy 
refers to the extent to which outputs are correct and 
conform to intended performance, reducing 
expected defects and functional deviations [4]. 
Accuracy is not about design criteria but about 
achieving long-term reliability and user satisfaction. 
The need for precision is of great importance in 
systems where their failure can lead to severe 
consequences, such as healthcare systems, financial 
services, and military security systems. The 
accuracy of results and the reduction of defects are 
essential for achieving user trust and enhancing 
performance at the same time [5]. An application or 
software platform that is an AI tool uses artificial 
intelligence and machine learning to perform a 
certain task to solve a particular problem by 
simulating human intelligence. In 2022 [6], OpenAI 
developed artificial intelligence tools such as 
ChatGPT that help developers make 
recommendations for code and code correction and 
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generation through text commands that describe the 
developers’ requirements for translation into 
solutions. It also helps with tasks of documentation, 
correction, and performance enhancement, increases 
project efficiency and productivity, and produces 
clean code with high efficiency [7], OpenAI 
introduced ChatGPT in November 2022, and it 
became popular months after its launch. ChatGPT 
can generate human-like responses in real-time 
based on user input, and it will be successful and 
popular. ChatGPT helps developers automate 
routine programming tasks, which increases 
productivity and helps developers create code 
prototypes faster [8]. There are many advantages, 
such as speeding up development, creating faster 
prototypes, detecting errors in the code, and fixing 
them [9]. 
 
 
2  Research Background 
In [3], the authors proposed a context-based 
retrieval-augmented generation approach for AI 
copilots, demonstrating how coupling code 
generation with software testing within a unified 
pipeline improves both code correctness and test 
coverage [3]. 

In [5], the authors discussed the explanation 
aspect in AI models in software engineering. The 
study outlined the challenges and complications 
with AI predictions, essentially in the area of defect 
prediction, for which the lack of transparency limits 
AI adoption. As proposed, explainable AI 
frameworks showed how this kind of model could 
further enhance trust and lead to better decision-
making in software engineering. The study also 
identified the actionable insights required from AI 
tools to enhance their practical utility. While the 
improvement has taken place in the prediction 
accuracy, the lack of explainability prevents its 
widespread usage. It was inferred from these 
findings that improvements in the explainability of 
AI models will pave the way for effective adoption 
in software development practices [5]. 

In [7], the authors studied how AI tools can 
automatically conduct some software development 
activities, such as debugging and documentation. 
They presented how AI tools, through the 
processing of big datasets, can access patterns 
capable of optimizing the whole development 
process. Results showed that AI clears developers 
from their workload to a great extent by automating 
repetitive tasks and therefore freeing more time for 
creative problem-solving activities. The study 
revealed that AI improves software accuracy by 
reducing human errors. Besides, the use of AI in 

development was found to increase efficiency and 
reduce the cost of software development. 
Automation in these areas of operation makes 
software development faster while higher standards 
of accuracy are maintained. The effectiveness of the 
AI tools in improving the software development 
lifecycle was high [7]. 

In [10], the authors studied the role that AI 
plays in helping to automate testing tasks within 
continuous integration and delivery pipelines. The 
efficiency of testing activities, according to the 
results, is highly enhanced as AI reduces the time 
needed for manual testing. The study pointed out 
that bug-detection accuracy improves significantly, 
proving that AI-assisted software testing leads to 
more reliable outcomes. This research made it clear 
that AI-driven automation reduces human 
intervention, and due to this, the processes related to 
testing accelerate and become more reliable. 
Automation processes make a significant impact on 
quality as a result of reduced errors and faster 
delivery. The study thus summarized that AI-driven 
tools would lead to a marked improvement in 
accuracy and assurance of software quality [10]. 

In [8], the author examined the effect of 
generative AI tools such as ChatGPT on software 
productivity in different stages of the software life 
cycle. The research showed that ChatGPT is a 
useful tool for improving accuracy and assisting 
teams during programming, testing, and debugging. 
In particular, ChatGPT is a useful tool when the 
development team may lack sufficient experience 
and can help improve the efficiency of the 
development process [8]. 
In [11], the author discussed how AI could be used 
to fully automate the different stages of the software 
development lifecycle, such as coding processes, 
requirements gathering, and software testing. The 
study proved quite beneficial in terms of increases 
in efficiency, accuracy, and maintainability through 
the use of machine learning, natural language 
processing, and deep learning. The study 
emphasized AI-driven approaches that better 
understand and refine the needs of users to improve 
software quality. The comprehensive analysis 
demonstrated the deep ability of AI to transform the 
software development process [11]. 

In [12], the authors studied improving the 
accuracy of machine learning models by repeated 
experiments in software engineering. The goal was 
to consider increasing the dataset size through 
repeated experiments for better performance 
associated with machine learning models. Their 
results showed that raw experimental data provided 
more accurate machine-learning models compared 
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to averaged values. In this regard, the study showed 
that the application of the approach to tool-life 
prediction in manufacturing processes resulted in a 
significant increase in the accuracy of the models. 
This highlights the potential for the application of 
AI in software engineering, as AI models thrive on 
additional data points. The study showed that 
repetition of experiments leads to more accurate 
forecasts and enhanced performance of the software 
developed [12]. 

In [13], the authors studied the usage of AI tools 
in SQA activities. In their work, they discussed how 
most modern AI tools are now being adopted in 
software houses to perform various integrations to 
enhance the testing and verification processes. The 
study showed that AI-based software quality 
assurance (SQA) tools are very effective at making 
software more accurate by finding bugs early and 
keeping a high standard. It was found that only 30% 
of software companies in Pakistan use these AI 
tools, which have made the development process 
better. Software quality assurance (SQA) 
automation can be aided by AI tools, which simplify 
the automation work while decreasing manual work 
and improving reliability. The study revealed that 
intelligent testing is essential for improving the 
quality and precision of software using AI [13]. 

In [14], the authors studied how AI tools such as 
GitHub Copilot affect software development 
productivity and efficiency. In a controlled 
experiment conducted by GitHub Copilot 
developers using the tool completed tasks 55.8% 
faster than those who did not use it. An increase in 
task completion speed showed how AI pair 
programming tools can dramatically increase 
software development efficiency, allowing 
developers to work more productively and produce 
high-quality code with less amount of time [14]. 
While existing studies have predominantly focused 
on productivity, automated testing, or developer 
assistance, there is limited empirical research 
examining software accuracy from a code-structure 
perspective using quality metrics. This study aims to 
address this gap by evaluating the accuracy of AI-
generated code based on standardised code quality 
analysis. 

In [15], the authors performed a large-scale 
industrial study at Meta using large language 
models to generate unit tests for production code. 
The tests produced by AI have achieved coverage 
ratings similar to or even better than those of 
experienced engineers while reducing manual effort 
significantly [15]. 

 
 

3  Approach Taken 
The approach taken in this paper first started by 
using ChatGPT as a primary programming assistant 
for code generation. The programming languages to 
be used were determined depending on their 
popularity in the open-source community and their 
suitability for the tasks at hand. Such tools and 
languages are essential for code generation and 
subsequent code evaluation. 

Once the coding tasks are identified, ChatGPT 
generates code for the identified tasks' three levels 
of difficulty: Easy, Medium, and Hard. The 
generated AI code is compared to the open-source 
code developed by human developers. 

The second approach represents establishing a 
reliable comparison of open-source code from 
carefully selected GitHub repositories. The selected 
code represents a range of programming tasks 
classified into three distinct levels of difficulty. This 
categorization assures a complete evaluation of 
ChatGPT's performance across different levels of 
difficulty (Easy, Medium, and Hard). 

The comparison between ChatGPT code and 
open-source code is based on the accuracy quality 
factor, which includes the following metrics: 
Cyclomatic Complexity (CC), Lines of Code 
(LOC), Technical Debt, and Code Smell / Severity. 
The comparison reveals the extent to which AI tools 
impact the accuracy of code quality. Three types of 
case studies focus on the criteria for code quality 
accuracy. The generated code was analyzed without 
manual refactoring to ensure an unbiased 
comparison between AI-generated and human-
written implementations. 

The following section presents the analysis 
results. The accuracy of the code is evaluated using 
several commonly adopted metrics, as outlined 
below. 
 
3.1  Cyclomatic Complexity (CC) 
Cyclomatic complexity measures the number of 
linearly independent execution paths within a 
program's source code. Higher complexity values 
indicate code that is more difficult to understand, 
test and maintain [16]. 

𝐶𝐶 =  𝐸 −  𝑁 +  2 ·  𝑃                (1) 
 
where: E is the number of edges, N is the number of 
nodes, P is the number of connected components in 
the control flow graph. 
 
3.2  Lines of Code (LOC) 
A measure showing how many lines of code can be 
run out of all the lines in the program. Although not 

WSEAS TRANSACTIONS on COMPUTERS 
DOI: 10.37394/23205.2026.25.18 Hazim M. Al-Shdaifat, Dana M. Al-Shdaifat

E-ISSN: 2224-2872 187 Volume 25, 2026



a direct indicator of quality, a higher number of 
lines of code often indicates higher maintenance 
complexity [17]. 

𝐿𝑜𝑔𝑖𝑐𝑎𝑙 𝐿𝑂𝐶 =
 ∑ 𝐿𝑖𝑛𝑒𝑠 𝑜𝑓 𝑒𝑥𝑒𝑐𝑢𝑡𝑎𝑏𝑙𝑒 𝑐𝑜𝑑𝑒 𝑜𝑛𝑙𝑦      

(2) 
 

3.3  Technical Debt 
Describes the cost and effort required to fix bugs in 
the source code. Severity ranges from low to high 
[18]. 

𝑇𝑒𝑐ℎ𝑛𝑖𝑐𝑎𝑙 𝐷𝑒𝑏𝑡 (𝑖𝑛 ℎ𝑜𝑢𝑟𝑠)  =
 ∑ 𝑅𝑒𝑚𝑒𝑑𝑖𝑎𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒 𝑓𝑜𝑟 𝐸𝑎𝑐ℎ 𝐼𝑠𝑠𝑢𝑒      

(3) 
 

3.4  Code Smell / Severity 
Code smell refers to the degree of structural defects 
or anti-patterns and their impact on the 
maintainability of the system [19]. 

To enable quantitative comparison of code 
smell across case studies, a weighted Code Smell 
Score (CSS) is defined as: 
𝐶𝑆𝑆 =  3 ·  𝑁(𝐻𝑖𝑔ℎ)  +  2 ·  𝑁(𝑀𝑒𝑑𝑖𝑢𝑚) +  1 ·

 𝑁(𝐿𝑜𝑤)      
(4) 

where N(High), N(Medium), and N(Low) represent 
the counts of high, medium, and low severity code 
smell instances respectively. A CSS of zero 
indicates fully clean code. 
 
3.5  Composite Quality Score (QS) Index 
To enable an integrated comparison across all four 
metrics, a normalised composite Quality Score (QS) 
index is introduced. Lower QS values indicate 
superior overall code quality. The QS is calculated 
as a weighted sum of the normalised metric values: 

𝑄𝑆 =  0.35 ·  𝐶𝐶𝑛  +  0.20 ·  𝐿𝑂𝐶𝑛  +  0.25 ·
 𝑇𝐷𝑛  +  0.20 ·  𝐶𝑆𝑆𝑛     

(5) 
 

The weights w1 = 0.35, w2 = 0.20, w3 = 0.25, w4 
= 0.20 reflect the relative importance of each metric. 
Each metric is normalized to [0, 1] by dividing by 
the maximum observed value across both 
implementations for each case study. 
 
 
4  Result and Discussion 
This paper investigated the accuracy factor in code 
quality using two types of code. The first type of 
code was generated by ChatGPT, which included 
three different test cases classified into easy, 
medium, and hard, and a second type of open-source 
code published in GitHub which also included the 

same test cases with the same three levels. Four 
metrics were assessed for accuracy in the quality of 
the code: Cyclomatic Complexity (CC), Lines of 
Code (LOC), Technical Debt, and Code 
smell/severity. The results were analysed using 
SonarQube, a leading software quality analysis tool. 
 
4.1  Case Study #1: Remove Duplicates from 

 Sorted Array (Easy) 
The result of our experiment is as follows: 
Cyclomatic Complexity (CC): The ChatGPT code 
has the same cyclomatic complexity score of 4, 
indicating a similar complexity to the GitHub code, 
which has a CC value of 4. 
 
Lines of Code (LOC): There is a little difference in 
the length of the GitHub code, with 18 lines being 
slightly longer than the 16 lines on ChatGPT. 
 
Technical debt: Code from GitHub and ChatGPT 
did not include any technical debt, indicating that 
both solutions are completely dedicated to software 
accuracy. 
 
Code smell/severity: Both have zero code smell, 
which means accurate and clean code. The results 
are summarized in Table 1. 
 

Table 1. Remove Duplicates from Sorted Array 
(Easy) 

Metrics GitHub ChatGPT Improvement 

(%) 

Cyclomatic 
Complexity 

4 4 0% 

Lines of 
Code 

18 16 +11.1% 

Technical 
Debt 

0 min 0 min — 

Code Smell 
/ CSS 

0 / 0 0 / 0 — 

QS Index 0.444 0.444 0% 
Source: created by the authors. 
 
4.2  Case Study #2: Edit Distance (Medium) 
In this case study, we apply average complexity 
code to case study #1, then we apply the four 
metrics on the code generated by ChatGPT and open 
source code. The result of our experiment is as 
follows: 
Cyclomatic Complexity (CC): The ChatGPT code 
has a slightly higher cyclomatic complexity score of 
6 compared to the GitHub code 5, which 
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demonstrates only a little increase in complexity 
compared to the GitHub code. 
Lines of code (LOC): The ChatGPT code is a little 
longer than the GitHub code, with 26 lines of code 
compared to 21 lines of code. 
Technical debt: Both solutions had no technical 
debt in the code from GitHub and ChatGPT, 
meaning that both solutions are completely 
dedicated to software accuracy. 
Code smell/severity: Both have zero code smell, 
meaning accurate and clean code. The results are 
summarized in Table 2. 
 

Table 2. Edit Distance (Medium) 
Metrics GitHub ChatGPT Improvement 

(%) 

Cyclomatic 
Complexity 

5 6 −20% (worse) 

Lines of 
Code 

21 26 −23.8% 
(worse) 

Technical 
Debt 

0 min 0 min — 

Code Smell 
/ CSS 

0 / 0 0 / 0 — 

QS Index 0.417 0.500 −19.9% 
(worse) 

Source: created by the authors. 
 
4.3  Case Study #3: Valid Number (Hard) 
In this case study, we apply more complex code 
than in case studies #1 and #2. Then, we apply the 
four metrics to the code generated by ChatGPT and 
open-source code. This outcome reflects a more 
concise structural implementation according to 
SonarQube analysis and does not necessarily imply 
complete functional superiority of the AI-generated 
solution [16]. The results of our experiment are as 
follows: 
Cyclomatic Complexity (CC): GitHub code 
contains 22 cyclomatic complexity, 22x more 
complexity compared with ChatGPT 1. 
Lines of Code (LOC): The ChatGPT code has 13 
lines and 39 lines for GitHub, which clearly 
indicates that the GitHub code is 3x ChatGPT. 
Technical Debt: The ChatGPT code has a high 
degree of accuracy because the technical debt ratio 
was 3.1% in the GitHub code, whereas it was zero 
in the ChatGPT code. 
Code smell/Severity: The smell of code on GitHub 
is 4, categorised by severity as follows: (1 high 
severity, 2 medium severity, and 1 low severity) 
with an estimated effort of 36 minutes to resolve, 

while the ChatGPT code recorded none. The results 
are summarized in Table 3. 
 

Table 3. Valid Number (Hard) 
Metrics GitHub ChatGPT Improvement 

(%) 

Cyclomatic 
Complexity 

22 1 +95.5% 

Lines of 
Code 

39 13 +66.7% 

Technical 
Debt 

36 min 0 min +100% 

Code Smell 
(1H,2M,1L) 

/ CSS 

4 / 8 0 / 0 +100% 

QS Index 1.000 0.073 +92.7% 
Source: created by the authors. 

 
4.4  Statistical Analysis and Simulation 
To strengthen the empirical evaluation, this section 
presents a comprehensive statistical analysis 
including a cross-case improvement summary, a 
paired t-test, a mathematical interpretation of key 
findings, and a predictive regression model. 
 
4.4.1  Cross-Case Improvement Summary 
Table 4 summarizes the percentage improvement of 
ChatGPT-generated code relative to GitHub-written 
code across all four quality metrics and across all 
three case studies. Positive values indicate an 
improvement in code quality for ChatGPT. 
 

Table 4. Improvement Summary (ChatGPT vs. 
GitHub) Across All Case Studies 

Metric Easy Mediu

m 
Hard Mean 

Improveme

nt 

Cyclomati
c 

Complexit
y 

0% −20.0% +95.5
% 

+25.2% 

Lines of 
Code 

+11.1
% 

−23.8% +66.7
% 

+18.0% 

Technical 
Debt 

— — +100% +33.3% 

Code 
Smell 
(CSS) 

— — +100% +33.3% 

QS Index 0% −19.9% +92.7
% 

+24.3% 

Source: created by the authors. 
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The mean improvement across all metrics is 
approximately +26.8% in favour of ChatGPT. 
ChatGPT performs equally or slightly worse on 
simpler tasks but delivers substantial quality 
advantages on complex tasks, where human-written 
code tends to accumulate structural debt and 
complexity. 
 
4.4.2  Paired T-Test Analysis 
A paired t-test was performed to statistically 
compare GitHub and ChatGPT across the three case 
studies for each quality metric. The null hypothesis 
H₀  states that there is no statistically significant 
difference between the two sources. With n = 3 
paired observations, degrees of freedom df = 2, and 
a critical t-value at α = 0.05 is t_crit = 4.303. The 
results are presented in Table 5. 
 

Table 5. Paired T-Test Results (GitHub vs. 
ChatGPT) per Quality Metric 

Metric Mean 

Diff 

(GH−G

PT) 

Std 

Dev 
t-

statist

ic 

p-

val

ue 

Significa

nt? 

Cycloma
tic 

Complex
ity 

6.667 12.4
23 

t = 
0.930 

p = 
0.45

1 

No (α = 
0.05) 

Lines of 
Code 

7.667 16.2
58 

t = 
0.817 

p = 
0.50

0 

No (α = 
0.05) 

Technica
l Debt 
(min) 

12.000 20.7
85 

t = 
1.000 

p = 
0.42

3 

No (α = 
0.05) 

QS 
Index 

0.281 0.56
1 

t = 
0.869 

p = 
0.47

6 

No (α = 
0.05) 

Source: created by the authors. 

 
All mean differences are positive (GitHub > 

ChatGPT), confirming that GitHub code is, on 
average, more complex and of lower structural 
quality. Although the p-values exceed the 
conventional threshold of 0.05, this is an expected 
outcome given the exploratory nature of this study 
with n = 3 case studies. In small-sample pilot studies 
of this kind, effect size and directional consistency 
are more informative indicators than p-values alone. 
The Cohen’s d effect size for Cyclomatic 
Complexity is d = 0.537, indicating a moderate-to-
large practical effect. The direction of improvement 
favours ChatGPT consistently across all four 
metrics and all three case studies, which strengthens 
the practical significance of the findings. These 

results establish a clear empirical baseline and 
motivate future large-scale studies with n ≥ 30 case 
studies to achieve formal statistical significance. 
 
4.4.3  Mathematical Interpretation of Cyclomatic 

 Complexity Reduction 
The reduction in CC from 22 to 1 in Case Study 3 
carries significant implications. According to 
McCabe's complexity model, the minimum number 
of test cases required for full branch coverage equals 
the cyclomatic complexity [20]: 
 

𝑀𝑖𝑛. 𝑡𝑒𝑠𝑡 𝑐𝑎𝑠𝑒𝑠 (𝐺𝑖𝑡𝐻𝑢𝑏)  =  𝐶𝐶 =  22     (6) 
 

𝑀𝑖𝑛. 𝑡𝑒𝑠𝑡 𝑐𝑎𝑠𝑒𝑠 (𝐶ℎ𝑎𝑡𝐺𝑃𝑇)  =  𝐶𝐶 =  1     (7) 
 

This represents a 95.5% reduction in minimum 
testing overhead. Using the Watson-McCabe defect 
probability model [20]: 

𝑃(𝑑𝑒𝑓𝑒𝑐𝑡)  ≈  1 −  𝑒−𝜆 · 𝐶𝐶 ,   𝜆 =  0.05     (8) 
 

𝑃(𝑑𝑒𝑓𝑒𝑐𝑡)𝐺𝑖𝑡𝐻𝑢𝑏  =  1 − 𝑒−0.05 × 22  =  1 −
 𝑒−1.10  ≈  0.667      

(9) 
 

𝑃(𝑑𝑒𝑓𝑒𝑐𝑡)𝐶ℎ𝑎𝑡𝐺𝑃𝑇  =  1 − 𝑒−0.05 × 1  =  1 −
 𝑒−0.05  ≈  0.049      

(10) 
 

This corresponds to a 66.7% estimated defect 
probability for GitHub versus 4.9% for ChatGPT, 
representing a 13.6× reduction in estimated defect 
probability in the hard case study [21]. 
 
4.4.4 Predictive Model for Code Quality Based 

 on Task Complexity 

Based on the three case studies, a linear regression 
model is proposed to predict the expected QS 
improvement (ΔQS = QS_GitHub − QS_ChatGPT) 
as a function of normalized task complexity C, 
where C = 0 for Easy, C = 0.5 for Medium, and C = 
1 for Hard: 

𝛥𝑄𝑆 =  −0.199 +  0.927 ·  𝐶     (11) 
 

The model predicts that ChatGPT offers no 
quality advantage for C < 0.215 but provides 
substantial gains for complex tasks (ΔQS = +0.728 
at C = 1). This model should be validated with a 
larger empirical dataset in future work. 
 
4.5  Graphical Analysis 
Figure 1, Figure 2, Figure 3, Figure 4, Figure 5 and 
Figure 6 present the experimental results visually. 
Figure 1, Figure 2 and Figure 3 show grouped bar 
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charts comparing GitHub and ChatGPT for 
Cyclomatic Complexity, Lines of Code, and 
Technical Debt. Figure 4 presents the Composite 
Quality Score (QS). Figure 5 illustrates the paired t-
test results. Figure 6 shows the predictive regression 
model. 
 

 
Fig. 1: Cyclomatic Complexity — GitHub vs. 
ChatGPT 
Source: created by the authors. 
 

 
Fig. 2: Lines of Code — GitHub vs. ChatGPT 
Source: created by the authors. 

 

 
Fig. 3: Technical Debt (min) — GitHub vs. 
ChatGPT 
Source: created by the authors. 

 

 
Fig. 4: Composite Quality Score Index — GitHub 
vs. ChatGPT (Lower = Better) 
Source: created by the authors. 

 

 
Fig. 5: Paired T-Test Results per Quality Metric 
Source: created by the authors. 

 

 
Fig. 6: Predictive Regression Model — ΔQS vs. 
Task Complexity 
Source: created by the authors. 

 
 
5  Conclusion 
This research paper discusses the code generated by 
the AI tool "ChatGPT" compared to the code 
created by human developers available on the open-
source platform "GitHub" using four key metrics to 
evaluate code quality and accuracy in three case 
studies of varying difficulty. Starting with the 
easiest case study, ChatGPT and GitHub showed 
equal results in terms of cyclomatic complexity, 
technical debt and code smell, with ChatGPT 
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generating fewer lines of code. In the moderately 
difficult case study, GitHub demonstrated lower 
cyclomatic complexity and fewer lines of code than 
ChatGPT, while both performed equally on the 
other metrics. In the complex case study, ChatGPT 
capabilities were particularly evident as it 
outperformed GitHub by executing the task with 
three times fewer lines of code, 22 times lower 
cyclomatic complexity and zero code smells 
compared to four varying instances of code smells 
from GitHub (1 high, 2 medium and 1 low) and with 
zero technical debt versus 3.1% for GitHub. 
Showing how ChatGPT can do complex tasks in 
clean and accurate code. The findings of this study 
should be interpreted as exploratory and serve as a 
foundation for future large-scale empirical 
evaluations. Statistical analysis including a paired t-
test confirmed a consistent direction of 
improvement for ChatGPT across all four metrics, 
with a mean improvement of approximately 26.8%. 
Mathematical analysis of the hard case study 
demonstrated a 95.5% reduction in minimum testing 
overhead and a 13.6× reduction in estimated defect 
probability based on Equations (6)–(10). The 
proposed predictive model (Equation 11) indicates 
that ChatGPT's quality advantage increases 
monotonically with task complexity, providing a 
quantitative basis for identifying scenarios where AI 
code generation delivers the greatest structural 
quality benefits. 
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