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Abstract

The recent surge in the field of generative artificial intelligence (GenAl) has the poten-
tial to bring about transformative changes across a range of sectors, including software
engineering and education. As GenAl tools, such as OpenAI’s ChatGPT, are increasingly
utilised in software engineering, it becomes imperative to understand the impact of these
technologies on the software product. This study employs a methodological approach,
comprising web scraping and data mining from LeetCode, with the objective of comparing
the software quality of Python programs produced by LeetCode users with that generated
by GPT-40. In order to gain insight into these matters, this study addresses the question
whether GPT-40 produces software of superior quality to that produced by humans. The
findings indicate that GPT-40 does not present a considerable impediment to code quality,
understandability, or runtime when generating code on a limited scale. Indeed, the gener-
ated code even exhibits significantly better values across all the three code quality dimen-
sions in comparison to the user-written code. However, no significantly superior values
were observed for the generated code in terms of memory usage in comparison to the
user code, which contravened the expectations. Furthermore, it will be demonstrated that
GPT-40 encountered challenges in generalising to problems that were not included in the
training data set. This contribution presents a first large-scale study comparing generated
code with human-written code based on LeetCode platform based on multiple measures
including code quality, code understandability, time behaviour and resource utilisation. All
data is publicly available for further research.
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1 Introduction
1.1 Background

The question of whether machines can think was first posed as early as 1950, making it
almost 75 years old. This illustrates the historical dimension of the topic of artificial intel-
ligence. However, it was only with the release of ChatGPT as a free chatbot that a real boom
in GenAl was triggered in 2022 (time to reach 1 million users of ChatGPT"), which, in turn,
gave rise to a plethora of GenAl applications in the subsequent period.

1.1.1 GenAlin Everyday Software Development

These GenAl tools generate creative content or information through a conversational
approach in a format that humans can understand. The functionality of GenAl tools is based
on large language models (LLMs), which have been trained on an enormous amount of data
from the Internet (Villalobos et al. 2024). Consequently, these tools have access to a vast
repository of information on already published data, which could make them a potentially
powerful tool. In addition to its application in creative processes, such as image generation,
GenAl is also utilised in computer science, particularly in the field of software develop-
ment. The potential range of applications is wide-ranging and has the capacity to affect a
significant restructuring of the development process (Ebert and Louridas 2023). In order to
illustrate this point, it is useful to consider the Stack Overflow? platform, which is aimed at
software developers. Over an extended period, it has frequently been employed to address
issues pertaining to difficulties in comprehending code, locating errors, and asking gen-
eral questions. As a result, it has become a crucial component of the software engineer-
ing process for developers. Nevertheless, the advent of GenAl tools such as ChatGPT has
the potential to significantly reduce the time required for this process. ChatGPT generates
an answer based on prompts provided by the developer, thus obviating the need for the
developer to collate information from online sources, such as Stack Overflow. Furthermore,
ChatGPT is capable of both composing and executing code. This renders it appropriate for
the purposes of debugging code, generating code from natural language, elucidating code
and responding to questions on general topics (Ebert and Louridas 2023). Therefore, it can
be employed as a kind of pair programmer (Ma et al. 2023) or as a kind of tutor (Liu et al.
2024a) for all, including both beginners and advanced users. While some have even gone so
far as to claim that “[J]obs such as coders, software developers, computer programmers, and
data scientists are at risk of being displaced by Al [...]” (Zarithonarvar 2024), others have
expressed the opinion that GenAl tools “[...] did not end up being the crazy productivity
booster that I thought it would be, because programming is designing and these tools aren’t
good enough (yet) to assist me with this seriously” (Suresh 2023).

'Time to reach 1 million ChatGPT users, https://explodingtopics.com/blog/chatgpt-users
2Stack Overflow, https://stackoverflow.com/

@ Springer


https://explodingtopics.com/blog/chatgpt-users
https://stackoverflow.com/

Empirical Software Engineering (2026) 31:180 Page30f45 180

1.1.2 Empirical Findings, Research Gap and Motivation

Indeed, empirical studies have been conducted to investigate the impact of GenAl tools on
the software development process. In order to evaluate the efficacy of GenAl, a series of
benchmarks (Chen et al. 2021; Lu et al. 2021; Hendrycks et al. 2021; Austin et al. 2021)
were devised to initially assess its basic functional correctness (Nguyen and Nadi 2022; Liu
et al. 2024c). Subsequent studies have examined software quality in terms of poor code pat-
terns (Siddiq et al. 2022) and code understandability (Liu et al. 2024b), while others have
analysed the security of the code (Pearce et al. 2022) and errors therein (Jesse et al. 2023).
Nevertheless, the studies do not proceed to a subsequent stage, namely a comparison of the
quality of the generated software with that of the code written by humans. Consequently, it
is unclear whether the use of GenAl has a positive effect on software development and the
resulting code quality. Code generation may prove beneficial for developers, but it can also
result in the inadvertent introduction of suboptimal code quality in production. This can
become a significant challenge as it necessitates the involvement of additional developers
to maintain the code (Jones and Bonsignour 2011). This study aims to explore the basis
for comparing quality of Python code generated by GenAl with that of code produced by
humans.

For this, foundations regarding the produced software quality of GenAl tools are
inspected. The study aims to identify potential challenges and opportunities associated with
the adoption of GenAl, providing insights for educators, policymakers, and developers. In
order to achieve the aforementioned objectives, this study addresses the following research
question: “Does GenAl produce better software quality than humans?”

1.2 Research Question

The research question is addressed using a large-scale methodology, which is characterised
by a relatively low degree of control. Data science methods such as web scraping (Glez-
Pefia et al. 2013) of coding problems from LeetCode® are used to provide a solid basis for
evaluating the impact of GenAl on software quality on a large scale. The LeetCode platform
currently provides access to over 2,992 coding problems, offering a substantial repository of
information for researchers and developers alike. In addition to these problems, the platform
features over 278,397 posts, manually written and published by users. By employing a range
of web scraping and data mining techniques (Hassan 2008), the following information has
been extracted:

e The static code analysis tool SonarQube* is employed to report on two key aspects of
software quality: number of code smells per line of code, which determine code quality,
and cognitive complexity per line of code, which represents code understandability.

o The LeetCode platform is employed to report on two key aspects of performance ef-
ficiency: runtime, which determines time behaviour, and memory usage, which repre-
sents resource utilisation.

3 LeetCode, https:/leetcode.com/

4SonarQube, https://www.sonarsource.com/products/sonarqube/
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1.3 Hypotheses

The quality of software can be evaluated based on a number of different characteristics. This
large-scale research sought to ascertain whether the generated code of GenAl exhibits supe-
rior software quality when compared to manually created code, regarding to four quality
metrics. In order to achieve this objective, four hypotheses have been formulated regarding
the four quality characteristics, which can be seen in Table 1. The motivation behind these
hypotheses was based on the assumption that GenAl already has an extensive set of train-
ing data, ranging from various algorithms to different rules of software quality. The initial
estimates and assumptions posit that the publicly available, high-quality training data from
the Internet will soon be depleted (Villalobos et al. 2024), underscoring the vast scale of the
data sets. This could provide GenAl with more information about software development
than the average individual (Finnie-Ansley et al. 2022). Moreover, the existing literature
indicates that the GenAl’s capability to correctly resolve coding problems is already note-
worthy. A comprehensive overview can be found in Section 2.1. However, the objective was
to ascertain whether the optimal software quality can be generated by utilising the GenAl,
and whether this quality is superior to that produced by humans. This was evaluated in terms
of code quality, code understandability, resource utilisation and execution time.

1.4 Structure

This article comprises six sections. The initial section offers an overview, followed by a
section covering current research and related work. The third part outlines the methodology
employed in the study, its objectives and data mining approaches. The fourth part presents
experimental results and discusses them together with the hypotheses. After a detailed dis-
cussion of the results in part five and the threats to validity in part six, the conclusion and an
outlook are outlined in the final section.

Table 1 Null hypotheses with Null hypothesis Alternative
their alternative hypotheses for Hypothesis
the research question -

Code Quality Hé GenAl produces H% GenAl produc-
less or equal code qual- es better code qual-
ity than developers on ity than developers
LeetCode. on LeetCode.

Code Hg GenAl produces H% GenAl pro-

Understandability less or equal code un-  duces better code

derstandability than de- understandability
velopers on LeetCode.  than developers on
LeetCode.

Resource Utilisation  H3 GenAI produces H3 GenAl pro-
code that utilises equal  duces code that uti-
or more resources lises less resources
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Time Behaviour

than developers on
LeetCode.

Hg GenAl produces
code that takes equal
or more time to run
than developers on
LeetCode.

than developers on
LeetCode.

H‘ll GenAl pro-
duces code that
takes less time to
run than developers
on LeetCode.
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2 Related Work

The increasing prevalence and rapid dissemination of GenAl tools have highlighted the
necessity for a comprehensive scientific evaluation within the field of Software Engineer-
ing. The methodology of this study addresses web scraping and data mining of generated
code. Consequently, the related work on this topic is discussed in detail. This section is
followed by a summary, which presents the research gap and elucidates the motivation for
the present study.

2.1 Web Scraping and Data Mining

The practice of web scraping (Glez-Peia et al. 2013) and subsequent data mining (Hassan
2008) has already become a well-established methodology for the evaluation and compari-
son of software quality. The wealth of data and information available on the Internet has a
variety of evaluation options. In this context, the following sections presents an overview
of the platforms and methods that are currently being used for the evaluation of GenAl. The
following Table 2 provides an overview of the related work presented in this context. The
table includes only those scientific papers that were subjected to a more detailed description.
The papers have been categorised in accordance with the respective sections. The respective
research areas are presented in the table; the results can then be found in the section where
the studies are elucidated.

2.2 Data Mining on GitHub

The GitHub® platform has frequently been employed as a foundation for data collection,
given its vast archive of publicly accessible information spanning an extended period. To
illustrate, Ray et al. (2014) conducted an analysis of 729 projects in 2014, gathering and
examining data on the project history, project size, and team size across 17 distinct program-
ming languages. The objective of the study was to examine the impact of programming
languages on software quality. The findings indicate that language design exerts a minor
influence on software quality. However, when Berger et al. (2019) conducted a replication
study in 2019, they were unable to achieve the desired outcome with respect to two of the
four research questions. Among other issues, the data set was not entirely suitable for some
of the analysis, including the selection of TypeScript projects created prior to 2012 (i.e.,
before its official release). Furthermore, the practical effect size for the results of Ray et
al. is so small that the study’s conclusion could not be adequately supported. Nevertheless,
the study by Ray et al. (2014) has made an important contribution to the field of mining
software repositories. The methods were adopted in many cases (Gao et al. 2017; Kochhar
et al. 2016) and modified (Bogner and Merkel 2022) in accordance with the conclusions of
preceding studies. The utilisation of GitHub as a rich data source for the evaluation of the
quality of generated code presents a significant challenge at the present time. This is attrib-
utable to the nascent state of research in the domain of GenAl, coupled with the inherent
complexity of recognising the generated code to be analysed (Pan et al. 2024).

In 2024, however, Yu et al. (2024) developed a method to access the generated code
via GitHub. By searching for specific keywords within the comments of the code base,

5 GitHub, https://github.com/home
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Table 2 Overview of related
work on web scraping and data
mining discussed in detail
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Authors Platform

GenAl

Research Area

Ray et GitHub
al. (2014)

Berger et GitHub
al. (2019)

Yu etal. (2024) GitHub

Siddiq et HumanEval
al. (2022)

Nguyen and LeetCode
Nadi (2022)

Liuet LeetCode &
al. (2024c¢) CWEs

Liu et LeetCode
al. (2024b)

Idrisov and LeetCode
Schlippe (2024)

Liuet HumanEval+
al. (2023)

Coignion et LeetCode
al. (2024)

GitHub
Copilot

GPT Code
Clippy &
GitHub
Copilot

GitHub
Copilot

ChatGPT

ChatGPT

6 GenAls

26 GenAls

18 GenAls

Comparing the
software quality of
different program-
ming languages
(PLs)

Replication study
of Ray et al’s study

Comparison of
generated code
with human-
written code &
assessment of code
understandability

Analysis of secu-
rity & maintain-
ability code smells
in training data
and generated code
from GenAls

Comparison of
generated code
of 4 PLs for
functional cor-
rectness and code
understandability

Comparison of
generated code of 5
PLs for functional
correctness, code
understandability
& code security
(with multi-round
fixing)

Comparison of
generated code of 2
PLs for func-
tional correctness,
maintainability &
reliability (with
multi-round fixing)
Comparison of
generated code of
6 GenAls for func-
tional correctness

Comparison of
generated code

of 26 GenAls

for functional
correctness
Comparison of
generated code of
18 GenAls (also
with user solutions)
for performance
efficiency
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such as “generated by ChatGPT”, the authors were able to track and analyse the associated
generated code. In addition to the general information on the characteristics of the projects
that contained generated code and on the characteristics of the generated code itself, the
history of the generated code was also examined and analysed using, among others, the
methods provided by Ray et al. (2014). Furthermore, the generated code was subjected to
comparison with code written by humans. The generated code and the human-written code
were examined using SonarQube, a static code analysis tool, to ascertain metrics such as
lines of code, cyclomatic complexity, and cognitive complexity, which collectively provide
insight into the complexity of the code. The analysis was conducted on 983 projects con-
taining generated code. The authors conclude that developers tend to favour ChatGPT and
GitHub Copilot® as tools for generating Python and JavaScript code in the context of data
processing and transformation. The generated code is generally shorter, is less likely to be
subsequently adapted, and therefore contains fewer errors than code written by humans.
Finally, for Python and JavaScript, the generated code exhibits a lower median cyclomatic
complexity and cognitive complexity than the code written by humans. Interestingly, the
opposite is true for C/C++, Java and TypeScript. Further analyses of this insight are planned
for future work. The authors were thus among the first and only to analyse the quality of the
code generated by LLMs in a large-scale study using GitHub.

2.3 Data Mining on Benchmarks

The widely-used GitHub platform has been demonstrated to be of limited utility for the web
scraping of generated code. Consequently, an endeavour has been made to devise a series
of benchmarks for the analysis, evaluation and comparison of the code output of LLMs.
The benchmarks, which comprise a data set of coding problems, include HumanEval (Chen
et al. 2021), CodeXGLUE (Lu et al. 2021), APPS (Hendrycks et al. 2021) and MBPP (Aus-
tin et al. 2021), all of which were created in 2021. The available datasets typically comprise
a substantial number of problems. The HumanEval benchmark, for example, was developed
by OpenAl’ for the purpose of evaluating their Codex model. However, the extensive num-
ber of problems of those benchmarks present a problematic aspect: not all of them have been
created manually. A portion of the datasets is sourced from GitHub and is highly probable to
be included in the Als’ training data (Chen et al. 2021). Furthermore, it is important to note,
however, that these benchmark data sets are not subject to maintenance and therefore do not
receive updates or extensions on a regular basis.

As one of the inaugural studies in the domain of software quality as it pertains to GenAl,
the authors Siddiq et al. (2022) undertook in 2022 an in-depth analysis of the code quality
of GPT-Code-Clippy®, the open-source version of GitHub Copilot. As part of the investiga-
tion, an analysis was conducted on both the Python code samples from the training datasets
and the generated code produced by the Al. The generated code was evaluated using a data
set of 164 programming problems, which were collected from the HumanEval repository.
The training data samples and the generated code for the problems were examined using the

% GitHub Copilot, https://github.com/features/copilot
7 OpenAl, https://openai.com/
8GPT Code Clippy, https:/github.com/CodedotAl/gpt-code-clippy/wiki
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static code analysis tools Pylint’ and Bandit'. During this process, code smells were docu-
mented and classified into two categories: security smells, which indicate potential vulner-
abilities in the code, and non-security-related smells, which indicate poor maintainability.
The results of the investigation demonstrate that both security-related and maintainability-
related smells are present in the training set of the GenAl and are therefore also reflected
in the generated output. The latter finding is consistent across both the open-source variant,
GPT-Code-Clippy, and the closed-source variant, GitHub Copilot.

2.4 Data Mining on LeetCode

However, due to the paucity of updates or the limited size of the data sets in the aforemen-
tioned benchmarks, the majority of studies currently employ the extensive programming
problems from LeetCode, with new coding problems being added on a regular basis.

In contrast with the study conducted by Siddiq et al. (2022), Nguyen and Nadi (Nguyen
and Nadi 2022) examined in 2022 the correctness and understandability of the solutions gen-
erated by GitHub Copilot. Moreover, the potential for generating code in multiple program-
ming languages was employed to facilitate comparisons between the various languages.
The LeetCode platform was utilised to randomly collect 33 programming problems (four
categorised as easy, 17 as medium and 12 as hard). For the selected programming problems,
a total of 132 solutions were generated by Copilot in the languages Python, Java, JavaScript,
and C. Subsequently, the solutions were submitted to LeetCode in order to evaluate the num-
ber of test cases that each solution passes. Furthermore, the code files were analysed using
the static code analysis tool SonarQube, which permits a judgement to be made regarding
the cognitive complexity of the code and thus an evaluation of its understandability. In the
context of easy programming problems, Copilot exhibited 100% correctness across all four
languages. However, Java demonstrated the highest overall performance, with a correctness
score of 57%, while JavaScript exhibited the lowest score of 27%. No significant differences
were observed between the languages in terms of code understandability.

In 2024, Liu et al. (2024c) addressed the same topics regarding generated code as those
addressed by Nguyen and Nadi (2022) in their study - specifically, code correctness and
complexity - and additionally considered code security. Furthermore, the study is consider-
ably more extensive, and the utilisation of revised methodologies facilitated a more com-
prehensive understanding of the subject matter. A total of 728 algorithmic problems were
randomly selected from LeetCode, and 18 CWEs'! comprising 54 code scenarios were con-
sidered. The solutions to the programming problems were generated with ChatGPT (GPT-
3.5) for five programming languages: C, C++, Java, Python and JavaScript. The data was
analysed according to a temporal framework, with the problems divided into two categories:
those published prior to the conclusion of the training data for the GenAl and those pub-
lished subsequent to this point. As anticipated, ChatGPT demonstrated superior functional-
ity in solving problems presumed to be included in the training data (68.41%) compared
to those not included in the training data (20.27%). As LeetCode provides feedback on
the specific error case, the authors employed a multi-round fixing method. This entailed

o Pylint, https:/pylint.readthedocs.io/en/stable/
10Bandit, https:/bandit.readthedocs.io/en/latest/

' Common Weakness Enumeration, https://cwe.mitre.org/
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sending another prompt to ChatGPT up to five times, including the faulty code informa-
tion, if the code was not functionally correct. The application of this multi-round fixing
method resulted in the improvement and functional correctness of 31% of the incorrectly
submitted code solutions. In terms of code understandability, the results differed across the
various programming languages, leading to a divergence from the findings of Nguyen and
Nadi (2022) in their study with GitHub Copilot. Liu et al. ascribe this to language-specific
properties. Multi-round fixing resulted in either no change or a decline in the level of code
understandability. Furthermore, the authors conclude that the generated code of ChatGPT
exhibits vulnerabilities, but it is promising in eliminating these vulnerabilities when multi-
round fixing the issue (89% removed).

The study by Liu et al. (2024b) presents a comprehensive investigation into the perfor-
mance and quality of code generated by ChatGPT (GPT-3.5) in 2024. The analysis encom-
passes 4,066 code snippets, generated for 2,033 programming tasks from LeetCode, written
in both Java and Python. Accordingly, the study seeks to evaluate the correctness of the gen-
erated code, identify common code quality issues through static code analysis, and inves-
tigate methods to mitigate these issues through ChatGPT’s self-repairing capabilities, in a
manner analogous to that described by Liu et al. (2024¢) before. The findings indicate that
while ChatGPT produces a considerable proportion of functionally correct code (66% for
Python and 69% for Java), there is nevertheless a considerable amount of code that suffers
from issues such as maintainability problems, erroneous outputs, and runtime errors. The
study indicates that ChatGPT’s performance deteriorates with the increasing complexity of
tasks, exhibiting better results for those categorised as easy and declining for those catego-
rised as medium and hard. Furthermore, while ChatGPT displays some capability for self-
repair (through prompting information from static code analysis tools or error information),
it frequently introduces new issues during this process. This study corroborates the findings
of previous studies by Liu et al. (2024¢) and Nguyen and Nadi (2022), while also providing
new insights into the relationship between code quality and software errors in the generated
code by ChatGPT.

Nevertheless, there are many other studies that address the functional correctness of the
solutions generated by LeetCode, e.g Bucaioni et al. (2024) or Ddderlein et al. (2023) that
also consider the settings of the GenAl model. Notwithstanding, studies such as Idrisov
and Schlippe (2024) and Liu et al. (2023) have concentrated on a comparative analysis of
code solutions generated with disparate AI models in 2024. Idrisov and Schlippe (2024)
utilised the LeetCode problem set, albeit on a smaller scale of 18 problems constructed sub-
sequent to the training dataset. In conclusion, the results demonstrated that GitHub Copilot
was the most effective in solving problems, with a success rate of 50%. BingAl Chat'?
(with GPT-4.0) exhibited a 38.9% success rate, while ChatGPT (with GPT-3.5) and Meta’s
Code Llama (with Llama 2) demonstrated a 22.2% success rate, while StarCoder'> and
InstructCodeT5+'* exhibited a 5.6% success rate. Amazon’s CodeWhisperer'® was unable
to solve any of the problems. In contrast, the authors from Liu et al. (2023) employed the
HumanEval dataset, expanded it, and conducted an analysis with 26 different GenAls on

12Meicrosoft Copilot, https:/www.microsoft.com/en-us/microsoft-copilot/learn?ep=0&form=MA 13LV &es=3 1
13 Hugging Face StarCoder, https://huggingface.co/blog/starcoder
14 Salesforce InstructCodeT5+, https:/huggingface.co/Salesforce/instructcodet5p-16b

15 Amazon CodeWhisperer, https://aws.amazon.com/q/developer/?ncl=h_Is
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it. However, it is possible that the problems may also be included in the training datasets of
the various GenAls. The results indicated that GPT-4 was able to solve the most problems
with 76.2%. In addition to the two different datasets of varying sizes, this result, when con-
sidered alongside the results of Idrisov and Schlippe (2024), suggests that GPT-4 may also
have difficulties in generalising to unseen problems. A comparison of the two results reveals
that Idrisov utilises problems that were created subsequent to the cutoff date of the GPT-4
training dataset (functional correctness of 38.9%), whereas Liu et al. employ problems that
may be included in the training dataset of GPT-4 (functional correctness of 76.2%). This is
a point that has previously been highlighted by Liu et al. (2024c¢) in the case of ChatGPT
(GPT-3.5).

In their study, Coignion et al. (2024) also conducted a comparative analysis of various
LLMs. The principal aim of the study was to evaluate the efficiency of code generation of
GenAls and to compare their performance with that of solutions created by humans. In
order to achieve this, programming problems from LeetCode were employed, with particu-
lar attention paid to ensuring that none of these were included in the Al training data set in
an effort to prevent contamination of the data. The problem set comprised a total of 204
problems, with ten solutions generated in Python for each of the 18 code LLMs. The metric
Memory Usage and Runtime, provided by LeetCode for each uploaded solution, was used as
a measure of efficiency. In order to facilitate a comparison of performance, the runtime was
measured locally with pytest-benchmark'® and compared with this provided by LeetCode.
A comparison with solutions created by humans was enabled by determining the respective
rank of the generated solutions in terms of runtime, as determined by LeetCode. Overall, the
authors concluded that LLMs generate code with comparable performance. Furthermore,
the authors conclude that the code of LLMs is, on average, more efficient than code writ-
ten by humans. However, it should be noted that Bucaioni et al. (2024) found the opposite
to be true for the generation of Java and C++ solutions to 240 programming problems of
LeetCode with ChatGPT (GPT-3.5).

One of the newer studies was presented by Huang et al. (2024). The researchers selected
1,000 efficiency-critical coding problems from LeetCode and compared the execution and
memory usage analyses of solutions from GPT-4 and other open-source models with those
of human-written canonical solutions. The authors conclude that the execution time of
GPT-4 generated code is, on average, 3.12 times longer than that of the human-written
canonical solutions.

2.5 Summary

A review of the literature reveals a considerable number of studies that have analysed and
compared the various qualities of LLMs. This encompasses studies that compare different
LLMs with regard to their code generation capabilities and studies that contrast the genera-
tion of code in different programming languages. In this regard, the LeetCode platform rep-
resents a valuable resource for coding problems, offering a consistent stream of new coding
problems, a substantial number of test cases, and comprehensive problem descriptions. This
makes it an optimal choice for evaluating the capabilities of GenAls.

However, Yu et al. is one of the few studies to undertake a comparison of generated code
with human-written code on a large scale, utilising code from GitHub. Given that some of

16 pytest-benchmark, https://pypi.org/project/pytest-benchmark/
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the GenAls have undergone training on code sourced from GitHub, there is a possibility
of data contamination in their study. Additionally, their data set for Python is considerably
smaller than that used in this study, and the authors only analysed code understandability,
leaving a gap in further insights into software quality. Furthermore, a direct comparison of
the generated code with human-written code for the same problem set was not possible for
them. It is the intention to address these shortcomings more comprehensively, to incorporate
additional quality attributes into the work, and to facilitate a direct comparison between the
generated and the human-written code. Furthermore, a benchmark has been established on
which further evaluations can be conducted, thus providing the opportunity to compare the
results.

With regard to the performance efficiency of the generated code, a small number of com-
parisons have been conducted with the code written by humans. However, this study pro-
vides valuable insights into the GPT-40 model in a large-scale setting, which has yet to be
incorporated into the existing literature. Additionally, some of these studies present conflict-
ing findingss, e.g., Bucaioni et al. and Coignion et al., which require further investigation.

3 Methodology

To answer the research question, the method of web scraping was selected as the most appro-
priate means of gathering the requisite information. The subsequent sections will provide a
detailed account of the study objects and the method of data collection employed. Figure 1
provides a visual representation of the abstract sequence of the web scraping and data min-
ing process, presented as a flowchart. The initial stage was sampling, which is discussed
in greater detail in Section 3.1. The subsequent Section 3.2 addresses the process of data
collection, including the selection of metrics and the methods employed to measure them.
The final step is the data analysis, which entails the statistical evaluation of the hypotheses.

3.1 Study Objects

At the outset of the process, a platform for the extraction of information was established
with the objective of obtaining the study objects and thus the samples. Subsequently, sam-
ples were collected based on the independent variable, which in this case was the code snip-
pets written by humans on the one hand and the generated code snippets by the GenAl on
the other. Accordingly, a sample is defined as a file containing either the executable code of
a user or the generated code that solves one coding problem. The following sections eluci-
dates this process in greater detail.

T D > > >

User solutions to
problem

Validate solutions

Coding problem
information

Generate solution

Submit solution
to problem -

Fig. 1 Research process of web scraping and data mining
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3.1.1 Selection of Platform

The LeetCode website was employed as the source of data for this study. LeetCode is a
platform designed for individuals seeking to enhance their programming abilities and/or
prepare for job interviews in the field of Software Engineering. The website offers a diverse
range of programming problems that can be solved using various programming languages.
The potential for mutual comparison and measurement is afforded by the competitive for-
mat. At the time of data collection (March 2024), the database contained 7,394 problems,
which were assigned to different problem categories and levels of difficulty (easy, medium
and hard). Figure 2 depicts the distribution of the problems across the categories, which
reveals that in the top five categories the majority of problems are in the category Array,
followed by String, Hash Table, Math, and Dynamic Programming. It should be noted that
a problem may be present in several categories, resulting in a total of 2,992 individual
problems. Nonetheless, in accordance with the stipulated cut-off date of March 2024 for the
meticulous collection of data, the data set was finally evaluated until August 2024. During
this period, 188 new coding problems were identified, which serves to illustrate the topical-
ity of the coding problems. However, these coding problems could not be included in this
study.

The structure of a problem on LeetCode is always consistent and comprises the follow-
ing elements:

1. A description of the problem in text form.
2. Examples with input, output and an explanation of how the output was obtained.
3. Restrictions on parameter values.

1600 1

14001

12001

1000 4

800 1

Frequency

600 -

400 1

200 -

y
e

AU -~ T ey T = —
SNOWOC ORC VEC VX CVNU SN CCCCOSITOVHCXL URN-CUNXOVC cfocwnc SO0t S>EEunE > vao=PEE or
ru:E:u:Uumumu-:o“mwugoamcgcc.!’ouw':*—ﬂJo:mmmo;;mogcm,gu‘—>gﬂf‘:mggu£u_g§moww:mg‘::u:‘:
CEoCcRER R Y0055 5380c 0T oRnEoo23m o800t BehoangioRdionalolctogste
ZoRESE 0o BoRE VR TP ER Y SRiio QO SE R e CLST g8 000 SEN R g SV SRR cE R e
A e S5RSR B=5525 " x300358585,00 F5302255Eg SR ony CREO5QBEE R 2oAE S80E8
o =4 =0 U U R 'S SOmO oS = S ARl ke
n© 2l o 0067 GE TOSLEEEZ0 L0g DUS0oxPIlccu, @ S g3 EINEES Y ® Ec@e
s 702 B cofy U5 UoNECESs oo ESEQD.OP=obPESmzeld ESSVYEECcn S5a0
o [ .C = g80c eSS S5 EEC .
g T & & szoc &V £g--285 9B 580 ©GoooeoEERE§T= 633udRs5a: TS
4 rchS2 s S8 &e° €& 07s Egocxgc® QTex OXc 2876 &)
& @ g g = S 3o W& SIgg GV© 2 s ® On 2 PIET
L a S @ 2 2 § =25 s 2 2h S S > ¢ Swgd
@ @ 2 S © s o £ E o O 20
5§ & ¢ g z = g sz & g
<
a @ £
c o [ © c ~¢c
> T gl c o o
e I s [SI]
[ > o
=)
c
e
5
%]
Categories

Fig. 2 Distribution of problems across categories. Frequency indicates the number of coding problems,
while category indicates the category to which the coding problems belong
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In addition to a comprehensive description of the problem, the user is provided with an inte-
grated development environment (IDE) for the implementation of a solution. It is customary
for solutions to be implemented in a single file, and they do not necessarily cover the entire
scope of a project, which may comprise several modules, for example. LeetCode provides
several test cases and environments. Therefore, is a comprehensive and versatile coding
problem platform, distinguished by a substantial number of problems, with a continuous
expansion of the problem set, the capacity to evaluate solutions in a comprehensive manner,
and a substantial corpus of handwritten solutions to the coding problems. These aspects are
the primary determinants of the decision to collect samples via this platform, rather than
utilising any of the briefly outlined benchmarks in Section 2.3.

A Python script was developed with the objective of automating the entire sampling
process, thereby reducing the time required for sample collection and enabling the process
to be replicated as accurately as possible. LeetCode provides indirect support for web scrap-
ing through the design of the API. The platform employs GraphQL'”, a query language for
communicating with the AP, to retrieve data from the backend. Therefore, the requisite
information was retrieved by means of a special GraphQL query, which was send using the
Python library requests'®. This entailed setting specific variables, header and body param-
eters within the request.

3.1.2 Coding Problems

In order to access the samples, it was first necessary to obtain the coding problems with the
corresponding general information from LeetCode. Two stages were necessary to obtain the
fundamental data: In the initial phase, data had to be requested for each category and prob-
lem, including the unique ID, the title, the acceptance rate, the difficulty level, the classifi-
cation as either a premium question or a non-premium question, and the affiliation to other
categories. This resulted in a dataset of 2,992 unique coding problems. In the subsequent
stage, non-compliant coding problems were identified and rectified. Ultimately, a list was
created for each category of problem, comprising the titles of the problems. More details on
problem requirements are presented in the Appendix A.

The final list of 2,321 programming problems serves as the foundation for the subsequent
sample collection. As illustrated in Fig. 1, the initial step has been concluded and is now
divided into two distinct paths. The first path delineates the gathering of human-crafted
solution samples, while the second path outlines the process of collecting Al generated solu-
tion samples. Both paths are elaborated in the subsequent two paragraphs.

3.1.3 Generate Solutions

This section addresses the lower pipe of the flow chart of the sampling process, as illustrated
in Fig. 1. The solutions were generated using the GenAl model GPT-4o from OpenAl via
API. In order to obtain valid generated solutions to the 2,321 programming problems, six
steps were carried out in the Python script as part of the sampling process. The ensuing

17 GraphQL, https://graphql.org/
18 Requests, https:/pypi.org/project/requests/
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Solve the coding problem in Python. Generate only one code
block. If there is a comment in the framework, use it as a
prerequisite and you can include it in your solution.
The coding problem:

The following code in Python that implements the coding
problem has an error: Runtime Error. Fix the code and generate
only one block of code with the same class and function name,
and the same parameters.
The coding problem:

Given a non-empty array of integers nums, every element
appears twice except for one. Find that single one... Given a non-empty array of integers nums, every element
appears twice except for one. Find that single one.
Example 1:
Input: nums =(2,2,1]
Output: 1

Error Message:

Constraints:

i e IndexError: list assignment index out of range ..
* 1<=nums.length <=3*

« Each element in the array appears twice except for one
element which appears only once.

The code with the error:

def t
) ) Listlin)
for index, num in enunerate(nums):

complement = target - num

if conplement in num_map:

if nums[index + 1]:
continue
um_map[ complenent], index]
index

ms: List[int], target: int) ->

Use this code framework for your solution:

** python
class sol

def t
List[int]

1, nums: List[int], target: int) ->

(a) First Prompt (b) Prompt with Error

Fig. 3 Example prompts for OpenAl API

paragraphs will provide a concise overview of each of the following steps. Comprehensive
details pertaining to these steps can be found in the Appendix B.

1. Request Problem Information from LeetCode The first step entails the retrieval of supple-
mentary data from LeetCode for the purpose of formulating a prompt.

2. Assemble the Input for the API Call In the second step, a parallel iteration is conducted
across all problem definitions, i.e. the description and the code framework, with the objec-
tive of assembling the prompt. The objective is not to consistently identify the optimal
solution through the utilisation of sophisticated prompt designs; instead, it is to construct
a query that closely approximates the actual scenario. An exemplar of the prompt can be
found in Fig. 3a. The prompts were developed in accordance with the standards established
by the model’s creators', as well as through a review of analogous studies for comparative
purposes (Tian et al. 2023; Liu et al. 2024c, b).

3. Generate the Code via OpenAl API In the third step of the process, interaction with the
LLM was initiated. The gpt-40-2024-05-13%° model, representing the latest version of Ope-
nAl at the time of the study, was employed. The model has a knowledge cutoff date of
October 2023.

4, Submit the Code on LeetCode The generated code had to undergo a validation process
prior to analysis. As part of the sampling process, the code was submitted to LeetCode for
execution and testing using the test cases provided by LeetCode.

5. Get Information on Submitted Code The feedback on the submitted solutions was
obtained from LeetCode.

19 OpenAl Prompt Engineering, https:/platform.openai.com/docs/guides/prompt-engineering
20Model GPT-4o, https://platform.openai.com/docs/models/gpt-40
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6. Evaluate Submission In the event that the status was designated as “Accepted”, the
solution was stored and the generation of the solution for the subsequent problem com-
menced. Conversely, in the event of an error occurring during the execution of the code
or other issues arising, a multi-round fixing approach with a maximum of five attempts
was employed, similar to Liu et al. (2024c¢), see Appendix B for details. For the retries, the
prompt was assembled accordingly to the error. An example is provided in Fig. 3b.

Upon completion of Steps 1 - 6 for all 2,321 programming problems, 3,676 prompts were
created and Python files comprising 110,819 lines of code were generated. The total number
of tokens utilised for this endeavour exceeded 2.1 million, with the financial outlay amount-
ing to just under $30. The validation process conducted by LeetCode permitted the accep-
tance of 2,086 of the generated solutions, which represents a total of 89.88% of the overall
generated solutions. Of the accepted problems, a total of 53,509 lines of generated code
were identified, of which 35,122 lines were pure code, devoid of blank lines or comments.

3.1.4 User Solutions

This section addresses the upper pipe of the flow chart of the sampling process, as illustrated
in Fig. 1. In order to obtain the handwritten samples from the users, a total of four steps were
required. The individual steps are described below. The sampling process commenced with the
initial list of coding problem titles from Section 3.1.2, with an iteration from top to bottom. A
more comprehensive description of each of the following steps is provided in the Appendix C.

1. Query list of all Community Posts Once a solution to the problem has been successfully
developed and all test cases have been completed successfully on LeetCode, users are given the
option of making the solution publicly available as a community post. This data contains a post
ID, user text (Markdown), title, tags, evaluation by other users (upvotes), and comments. There-
fore, the first step encompasses to query the list of all communtiy post IDs per coding problem.

2. Query each Community Post By iterating over the list of posts from the previous step, the
content of the post was requested using a query with the ID of the post.

3. Extract Code Snippets from Post The third stage of the process involved the extraction of
all code blocks from the Markdown document and their subsequent assignment to a specific
programming language.

4. Validate user Solution In the final stage of the process, the non-valid code snippets were
removed, and the Python code solutions were consolidated into a single solution per post and
problem. In order to achieve this, a local evaluation of the code was conducted. In some cases,
multiple code snippets with the same identified programming language were present within a
single post. In this manner, the code was frequently assembled in a step-by-step manner, with
the final solution typically presented as the concluding element. Consequently, the code snip-
pets were evaluated in a sequential manner, from the latter to the former, with the objective
of identifying any valid code. As the objective was to examine solely Python code snippets, a
comprehensive analysis of the code was conducted in cases where Python had been previously
assigned to the snippet.
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Table 3 Statistics of collected Solutions  Valid Solutions SLOC LOC

samples Generated 2,321 2,086 53,509 35,122
User Created 70,261 57,238 1,258,278 923,452
Total 72,582 59,324 1311,787 958,574

A total of 278,397 posts were collected for analysis; of this number, 70,261 posts were
identified as containing at least one Python code snippet. Following the removal of non-valid
code, 57,238 valid Python solutions were identified, representing 81.5% of the total. The
code snippets encompass 1,258,278 lines of code and 923,452 pure lines of code, excluding
blank lines and comments. The overall statistics for the collected samples are presented in
Table 3. Consequently, this study yielded a total of 59,324 Python code snippets, comprising
1,311,787 source lines of code and 958,574 pure lines of code.

3.2 Data Mining

The following section is dedicated to the second section of Fig. 1, data collection. A total
of four metrics were used for the first research questions, including only quantitative data.
A Python script was developed for data collection, which automates the process. In order
to obtain the metrics, two data sources were employed: the first was the platform LeetCode
itself with GraphQL queries, while the second was the static code analysis tool SonarQube
and its API. SonarQube is a tool that performs a local static analysis of the code using the
SonarScanner, whereby the results are evaluated and visualised on a SonarQube server. It is
important to note that in a large-scale study, the standard SQLite?' database of SonarQube is
unable to cope with the sheer volume of entries and almost parallel accesses. Consequently,
a PostgreSQL?? database was introduced as a replacement, offering superior performance
and resilience to the aforementioned issues.

3.2.1 Code Quality

The initial stage of the data collection and analysis process entailed an examination of the
code smells. The analysis of code smells enables the identification of poor programming
patterns, which can serve as an indicator of low code quality. It is vital that these code smells
are identified and eradicated in a timely manner; otherwise, they can result in a build-up of
technical debt Palomba et al. (2018) and the emergence of bugs (Van Emden and Moonen
2012). Consequently, the presence of code smells has an impact on the maintainability of
the code (Yamashita 2013), as also reflected by SonarQube. The code smells were quanti-
fied using SonarQube, with a local analysis conducted for each of the 59,324 Python files,
including the samples of the user and the generated samples. As part of the analytical pro-
cess, 152 rules were applied to the Pyton source code, for instance, the rule designated as
“Builtins should not be shadowed by local variables” or “Functions and methods should
not be empty”. The rules are classified (e.g. Consistency, Intentionality, Responsibility) and
presented in accordance with their level of impact on the maintainability (low, medium,

2ISQLite, https://www.sqlite.org/
22postgreSQL, https:/www.postgresql.org/

@ Springer


https://www.sqlite.org/
https://www.postgresql.org/

Empirical Software Engineering (2026) 31:180 Page 17 of 45 180

high). The local analysis and the determination of the metrics were conducted in three steps,
which were implemented in the Python script:

1. A unique token was generated for each code file, as well as a unique title (structured as
{postVotes}! {postld}).

2. The command to initiate the local analysis was executed with the requisite information
pertaining to the unique token and title.

3. Following the processing of the analysis on the SonarQube server, the metric could be
retrieved via a request to the API with the unique title.

As the number of code smells is not a meaningful variable due to its dependence on project
size, the code quality for individual Python solutions was operationalised using the number
of code smells per LOC. To this end, SonarQube was employed to ascertain ncloc, which
encompasses the number of lines of code, excluding comments and empty lines.

3.2.2 Code Understandability

A further, more specific type of code quality is the degree of understandability of the code
for developers. The assessment of cognitive complexity in relation to the understandability
of a code snippet is emerging as a promising metric (Baron et al. 2020), having gained
increasing prominence in recent times. Cognitive complexity is a score based on the struc-
tural and flow characteristics of the source code. The evaluation is based on three rules,
which are as follows:

1. The score is increased with each break in the linear flow of the code. This encompasses
loop structures, conditionals, switches and catch statements, sequences of logical opera-
tors, recursion and jumps to labels.

2. Additionally, the score is augmented with each increment of nesting. To illustrate this,
the following example: In the event that a condition exists within a loop, the nesting is
increased by a factor of one, resulting in an initial score of two. Consequently, an addi-
tional nesting would result in an increase of the score by two for the nesting, and so forth.

3. In evaluating the structures, any readable, shorthand structures are disregarded. Conse-
quently, structures that permit the consolidation of multiple statements into a concise,
comprehensible format are not considered. To illustrate, an increase in the score is not
observed when null coalescing operators are employed, that is, when the “?”” symbol is
utilised to ascertain whether the variable possesses the value null or is undefined. Camp-
bell (2018)

Consequently, a higher score indicates that the code snippet is more challenging to
understand.

The cognitive complexity score is calculated by SonarQube during the analysis and was
requested via the API. In a manner analogous to the code quality, the code understandability
was operationalised using the cognitive complexity score per line of code.
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3.2.3 Time Behaviour

In the ISO 25010 definition*, the time behaviour is treated in terms of performance effi-
ciency, which allows a direct influence on software quality to be derived. Consequently, the
runtime of the code during execution is quantified. Nevertheless, the assessment is not con-
ducted at the local level; rather, it is provided by LeetCode subsequent to the submission of a
solution. The data is presented in millisecond units. However, as emphasised by the authors
Choudhuri et al. (2024), the metrics offered by LeetCode do not consistently align closely
with the times recorded locally. On average, a slight correlation can be observed; in some
cases, though, a high correlation can also be seen. Furthermore, a higher degree of variance
was observed. These factors must be taken into account when analysing the data, and the
results must be interpreted with caution. In order to ensure comparability of performance
with that of other LeetCode users, the runtime rank provided by LeetCode was considered.
The value is expressed as a percentile and indicates the proportion of users whose runtime
speed is slower than that of the submitted solution. For example, a value of 60 indicates that
the submitted solution is faster than 60% of other users’ solutions in terms of runtime. The
metrics of the rank were collected via a GraphQL query after generating the solution for the
individual programming problems and uploading it to LeetCode.

3.2.4 Resource Utilisation

Resource utilisation, like time behaviour, is included under performance efficiency in the
ISO for software quality. The measurement of resource utilisation is based on the memory
usage in megabytes required during code execution. In this context, the metrics employed
by LeetCode are utilised, with a comparison of the generated solution with the users of
LeetCode facilitated by the memory usage rank.

4 Analysis and Results

The research question assesses the large-scale data mining aspect of the study, comprising
four hypotheses that were subjected to a range of hypothesis tests. The specific test method
is detailed for each hypothesis in the corresponding section. For enhanced clarity, a box plot
is provided for each hypothesis. Prior to the presentation of the hypothesis results, an over-
view of the collected data is provided in Section 4.1. Here, we also discuss possible biases
and risks. Subsequently, the hypotheses are evaluated in Sections 4.2 - 4.5.

4.1 General Data

Given the considerable volume of data obtained through web scraping and data mining, it is
imperative to undertake an initial overview of the samples in order to evaluate the hypoth-
eses. The following section presents a statistical overview of the samples.

Table 4 provides an overview of the number of coding problems for which samples have
been collected. It is essential to categorise the number of problems according to difficulty

IS0 25010 software quality, https:/is025000.com/index.php/en/iso-25000-standards/iso-25010/59-perfor
mance-efficiency
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Table 4 Overview of problems with valid generated solutions by GPT-40 and valid created solutions by
LeetCode user

Easy Medium Hard
Problems # % # % # % Total
GPT-40 solved 573 27.47 1,125 53.93 388 18.60 2,086
User solved 577 24.94 1,207 52.16 530 22.90 2,314
Total 579 24.95 1,209 52.09 533 22.96 2,321

# indicates the number of solutions and % indicates the percentage of the difficulty category in relation to
the total

level, as this has implications for the methodology of the statistical analysis. In total, 2,321
coding problems were sourced from LeetCode. However, a solution in Python created by
an user could not be recorded for every problem, resulting in the final number of 2,314
problems for which a valid user solution has been provided. Consequently, seven problems
remain without a solution in Python. A total of 2,086 valid solutions were generated for the
programming problems by GPT-4o, while 235 generated solutions of the total 2,321 were
invalid. A solution deemed valid could be achieved within a maximum generation of five
attempts. This yields a valid solution rate of 89.88% for the generation by the GPT-40 model.
As evidenced by the data presented in the table, it appears that GPT-40 encounters greater
challenges in generating valid solutions as the difficulty level of the problems increases.
Consequently, the distribution of problem difficulty levels is uneven, with a notable discrep-
ancy in the proportion of Hard problems. Specifically, 18.60% of the problems for which a
valid solution was generated by GPT-40 are classified as Hard, compared to 22.90% of the
problems for which a valid solution is available from the developers on LeetCode.

Table 5 illustrates the corresponding mean and median acceptance rates for the afore-
mentioned coding problems, as determined by LeetCode. This key figure provides informa-
tion regarding the proportion of valid solutions submitted on LeetCode. With regard to all
problems, the mean shows a rate of 53.90%, indicating that more than every second solution
submitted to LeetCode is valid. As anticipated, the rate declines with increasing difficulty.
It is noteworthy that for problems for which valid generated solutions are available, the
acceptance rate for each difficulty level is higher than for problems for which solutions from
users are available. With regard to the median, a difference of 2.80% can be observed at the
Hards difficulty level. In general, this indicates that GPT-4o0 encountered greater difficulty
in finding solutions for problems with a lower acceptance rate.

In order to investigate the coding problems presented in Table 4, the corresponding sam-
ples were collected. In total, 2,086 generated solutions (one valid solution per problem)
and 57,238 solutions from users were collated. Table 6 depicts the respective proportions
of the collected solutions to the difficulty levels, in addition to the problem count. Once
again, divergent proportions of difficulty emerge, particularly in the Easy and Hard catego-
ries, where the discrepancy between generated and handwritten samples is noteworthy, at

Table 5 Overview of the acceptance rate of the problems

Easy Medium Hard Total
Problems M Mdn M Mdn M Mdn M Mdn
GPT-40 solved 64.90 65.50 54.00 53.30 47.09 46.00 55.71 55.10
User solved 64.71 65.40 52.93 52.20 44.42 43.20 53.92 53.05
Total 64.72 65.40 5291 52.20 44.41 43.20 53.90 53.00

Values are presented in %. M indicates mean and Mdn denotes the median of the acceptance rate

@ Springer



180 Page 20 of 45 Empirical Software Engineering (2026) 31:180

Table 6 Overview of solutions created by GPT-40 and LeetCode user

Easy Medium Hard
Samples # % # % # % Total
GPT-40 generated 573 27.47 1,125 53.93 388 18.60 2,086
User created 19,401 33.90 29,885 52.21 7,952 13.89 57,238

# indicates the number of solutions and % indicates the percentage of the difficulty category in relation to
the total

Table 7 Overview of problems introduced before and after October 2023

Easy Medium Hard Total
Problems # % # % # % # GenAl Solv.
before-problems 527 24.92 1,108 52.38 480 22.67 2,115 1,975
after-problems 52 25.24 101 49.03 53 25.73 206 107
Total 579 24.95 1,209 52.09 533 22.96 2,321 2,086

# indicates the number of solutions and % indicates the percentage of the difficulty category in relation to
the total. GenAlI Solv. indicates the number of solved problems by the GenAl

6.43% and 4.71%, respectively. In regard to the hypotheses that involve a direct comparison
between the user samples and the generated samples (Hi and H?), the following actions
were undertaken: Given the disparate sample sizes for each difficulty level and the varying
acceptance rates for problems in different difficulty categories, only the solutions matching
the intersection of problems from Table 4 of the generated samples and the user samples
were included in the subsequent analysis. Furthermore, the mean was calculated for the user
solutions for each problem in order to facilitate a direct comparison between the generated
solutions and the average user solution. This approach avoids any potential distortion of
the influence of the difficulty of the problems and ensures a fair comparison in terms of the
distribution of user solutions to the problems. Therefore, there is no risk of bias at this point.

In light of the fact that certain studies only incorporate problems that are not included
in the training data set of the GenAl, the problems were classified in Table 7 into two dis-
tinct categories: those that emerged prior to the cutoff date of the training data set, which
are designated as before-problems, and those that originated subsequent to the cutoff date,
which are designated as after-problems. It is not feasible to determine the exact date of the
cutoff. The only available information is that the training data is up until October 2023%*,
Accordingly, a cutoff date of 1 October 2023 was established. The table additionally illus-
trates the number and ratio per difficulty category, the total number of problems included in
the before and after categories, and the number of problems solved by the GenAl. A total
of 2,115 before-problems and 206 after-problems were identified. It is noteworthy that the
GenAl only generated a valid solution for just over half of the after-problems, 107 in total.
The solution rate for the problems contained in the training dataset was 93.38%, which cor-
responds to 1,975 out of 2,115 problems.

Figure 4 depicts a heat map that illustrates the problem question ID (which is incre-
mented for new problems on LeetCode) on the x-axis and the number of attempts until the
GenAl has generated a valid solution on the y-axis. The maximum value on the y-axis rep-
resents the number of problems for which a valid solution could not be generated. Question
ID 2,873 represents the cutoff date for the training data, thus marking the final inclusion in

24 Cutoff date training data, https://platform.openai.com/docs/models/gpt-40
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Fig. 4 Heatmap of questions by id and retries until the solution is accepted

the before-problems category. It is evident from the heat map that the GenAl encountered
increasing challenges in solving the problems as it approached the cutoff date. The heatmap
clearly demonstrates that the rate of problem-solving is notable lower after the cutoff, a find-
ing that is also evident in Table 7. However, given that the sample size for the after-problems
is relatively small (107), and the objective is to consider the entire dataset, the subsequent
analyses only suggest discrepancies between the tests of the entire dataset and the after-
problems. Otherwise, the tests are always conducted with the entire dataset.

4.2 Hj GenAl Produces Better Code Quality than Developers on LeetCode

The initial hypothesis concerning code quality was assessed by comparing the opera-
tionalised metric, number of code smells per kLOC, of the generated code snippets by
GPT-40 with that of the code snippets written by the users. In order to facilitate a more
straightforward and readily comprehensible understanding, the metric was extrapolated
to code smells per thousand lines of code. The data pertinent to the initial hypothesis are
presented in Table 8.

The generated and human-written samples were subjected to analysis for a total of 2,082
programming problems. In the user code snippets, 89,825 instances of code smells were
identified, which relate to 55,392 solutions and 876,748 lines of code. However, the aver-
age value per problem was used for the user solutions to eliminate potential bias. In the
context of solution generation, a single solution was created for each problem. This resulted
in a total of 2,082 solutions and 35,029 lines of code, which were then analysed to identify

Table 8 Code quality results

Samples Problems Solutions Code Smells LOC M Mdn
GPT-4o0 solutions 2,082 2,082 2,906 35,029 94.23 76.92
User solutions 2,082 55,392 89,825 876,748 115.94 104.17

Mean (M) and median (Mdn) are indicated as number of code smells per kLOC
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Fig. 5 Boxplot of code smells per KLOC of the generated solutions and the user solutions

2,906 instances of code smells. Figure 5 illustrates the descriptive statistics of the distribu-
tion of the two data sets of code smells per kKLOC, represented by box plots. The median
value of the generated solutions is less than that of the solutions created by developers, with
76.92 code smells per kKLOC for the generated solutions and 104.17 for the user solutions.
The analysis indicates that the code quality of the solutions written by users is 27.25 code
smells per kLOC worse than that of the generated code. It is, however, noteworthy that
the box plots of the two groups exhibit a slight offset, with the data sets of the generated
solutions displaying slightly lower values. Nevertheless, there is a greater prevalence of
outliers in the generated code, which brings the mean closer to that of the solutions written
by humans.

The already lower median of the generated sample provides support for the correct
assumption made in formulating the alternative hypothesis. Given the non-normal distribu-
tion of the data set, the one-tailed Mann-Whitney U hypothesis test was conducted. The
p-value of 2.13 x 1078 is less than the adjusted significance level of 1.25 x 10792, indi-
cating that the null hypothesis can be rejected and the alternative hypothesis accepted. Addi-
tionally, Cohen’s d indicates a value of 0.65, suggesting a medium-sized effect between the
difference in distribution of the generated and human-written samples.

Result for H} Code solutions generated by GPT-40 exhibit a significantly lower prevalence
of code smells in comparison to those developed by human coders on LeetCode. Conse-
quently, the quality of the generated code by GPT-40 is superior for LeetCode problems.

4.3 H? GenAl Produces Better Code Understandability than Developers on
LeetCode

The second hypothesis seeks to assess the understandability of the code between the two

sample groups using the operationalised metric cognitive complexity score per kLOC. Simi-
larly, the cognitive complexity score per line of code was extrapolated to a thousand lines of
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Table 9 Code understandability results

Samples Problems Solutions CC Score LOC M Mdn
GPT-4o0 solutions 2,082 2,082 15,774 35,029 405.18 375.00
User solutions 2,082 55,392 383,560 876,748 423.42 405.29

Mean (M) and median (Mdn) are indicated as a cognitive complexity (CC) score per kKLOC

code, in a manner analogous to the approach taken with regard to the code smells. The data
collected for this purpose is presented in Table 9.

The same set of the 2,082 problems was employed in this hypothesis as in the previous
one. A total of 35,029 lines of code and a cognitive complexity score of 15,774 were deter-
mined for the 2,082 solutions generated. For the 55,392 solutions provided by LeetCode
users, 876,748 lines of code were measured with a cognitive complexity score of 383,560.
To avoid any possible bias, the average cognitive complexity score per problem was calcu-
lated for the user solutions. As illustrated in Fig. 6, the box plots offer a compelling repre-
sentation of the data distribution. It is evident that the distribution of the generated solutions
is more dispersed than that of the solutions created by humans. Furthermore, the outliers
are considerably larger, which is likely attributable to the average per problem for solutions
authored by users. Nevertheless, the interquartile range (IQR) and median for the generated
solutions are lower. When evaluated on a per kLOC basis, the median of the generated code,
at 375, exhibits a slightly lower cognitive complexity score than that of user-written code,
at 405.29, representing a difference of 30.29.

The lower median offers an insight into the result of the hypothesis test. Given that the
datasets in question are not normally distributed, the one-tailed Mann-Whitney U test was
employed in this instance. The p-value of 4.01 x 1079 is less than the significance level of
1.25 x 10792, indicating that the null hypothesis can be rejected and the alternative hypoth-
esis accepted. With regard to the effect size of Cohen’s d, it can be observed that this has a
small effect with d = 0.14. With regard to this hypothesis, it should be noted that the test
result for the after-problems with a p-value of 0.43 would yield a different result.
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Fig. 6 Boxplot of cognitive complexity per kLOC of the generated solutions and the user solutions
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Result for H? Code solutions generated by GPT-40 exhibit a significantly lower cognitive
complexity score in comparison to those developed by human coders on LeetCode. Conse-
quently, the code understandability of the generated code by GPT-4o0 is superior for Leet-
Code problems.

4.4 H3 GenAl Produces Code that Utilises Less Resources than Developers on
LeetCode

This hypothesis compares the solutions devised by LeetCode users with the generated
solutions in terms of the utilisation of resources during the execution of the solution. The
comparison is based on the memory usage rank on LeetCode. An overview of the pertinent
information can be found in Table 10, including the mean and median memory usage rank.

This analysis is based on the complete data set comprising 2,086 coding problems for
which a valid solution could be generated. As illustrated in Table 10, the median and mean
values are below the 50th percentile. This leads to the conclusion that the median ranking
of the solutions provided by users is higher and that they consume fewer resources than
the generated solutions. It should be noted that this statement does not apply to the prob-
lems pertaining to the difficulty level designated as Hard. This is evident from Table 11,
which shows that both the median and the mean value are just above the 50th percentile.
This indicates that the other difficulty levels exert a downward influence on the overall
mean. In the boxplot in Fig. 7, it is notable that the IQR and the whiskers cover almost the
entire range from 0 to 100, with the boxplot positioned almost in the centre.

The lower mean value of less than 50 indicates that the null hypothesis cannot be
rejected. As the data set represents a non-normally distributed population, the Wilcoxon test
was performed. With a p-value of 5.85 x 10792, this is not below the significance level of
1.25 x 10792, which means that the null hypothesis cannot be rejected.

Result for H GenAl produces code that utilises equal or more resources than developers
on LeetCode.

4.5 H7 GenAl Produces Code that Takes Less Time to run than Developers on
LeetCode

The final hypothesis pertaining to the initial research question concerns the time behaviour
of the submitted solutions on the LeetCode platform. The evaluation is based on the runtime

Table 10 Memory usage rank of generated soltuions on LeetCode

Samples Problems Mean Median
GPT-40 solutions 2,086 49.02 48.16
Mean and median are presented in %

Table 11 Memory usage rank of generated soltuions on LeetCode for Hard problems

Samples Problems Mean Median
GPT-40 solutions 388 52.04 53.87
Mean and median are presented in %
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Fig. 7 Boxplot of memory usage rank of the generated solutions on LeetCode

Table 12 Runtime rank of generated soltuions on LeetCode

Samples Problems Mean Median
GPT-40 solutions 2,086 55.73 57.18
Mean and median are presented in %

rank on LeetCode, which enables a comparison with other users. All pertinent information
is presented in Table 12, including the mean and median runtime rank.

The mean and median values are both above the 50th percentile, at 55.73 and 57.18,
respectively, for the 2,086 programming problems. This suggests that the mean runtime of
the generated solutions is less than that of the users on LeetCode. As illustrated in Fig. 8, the
IQR is not symmetrical around the value 50, but is slightly higher.
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Fig. 8 Boxplot of runtime rank of the generated solutions on LeetCode
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The data corroborate the formation of the alternative hypothesis. In the absence of a
normal distribution of the data set, the Wilcoxon test was conducted. The p-value of
1.17 x 10722 is below the adjusted significance level of 1.25 x 1072, indicating that the
null hypothesis can be rejected and the alternative hypothesis accepted. Nevertheless, the
d-value of 0.44 reported by Cohen indicates a small effect.

Result for H { Code solutions generated by GPT-4o take a significantly lesser time to run
in comparison to those developed by human coders on LeetCode. Consequently, the time
behaviour of the generated code by GPT-40 is superior when confronted with LeetCode
problems.

4.6 Summary

Table 13 provides an overview of the hypotheses pertaining to the initial research ques-
tion. In each case, the alternative hypothesis is indicated, and whether the hypothesis was
accepted. Additionally, the table lists the p-values and test statistics determined by Python.
If the hypothesis was accepted, the effect size is also indicated. It can thus be concluded
that three of the four null hypotheses can be rejected, and the respective alternative hypoth-
esis can be accepted. Specifically, hypotheses Hi and H? regarding code quality and code
undestanderbility were accepted with medium and small effect sizes, respectively. For the
hypotheses regarding performance efficiency, only H} regarding time behaviour could be
accepted; hypothesis H3 on resource utilisation could not be accepted.

5 Discussion

The null hypothesis was rejected for three of the four hypotheses, namely with regard to
code quality, code understandability and time behaviour when executing the code. However,
contrary to expectations, the null hypothesis regarding resource utilisation could not be
rejected. The results pertaining to code quality and understandability will now be discussed.
As the time behaviour and resource utilisation characteristics fall within the domain of per-
formance efficiency, they will be addressed in a subsequent step.

Table 13 Overview of hypothesis results from RQ1

Alternative Hypothesis Test Statistics p-Value doonen  Accepted

H1 GenAl produces better code quality 1,391,207.5 2.13 x 10~89 0.65 Yes
than developers on LeetCode.

H% GenAl produces better code 1,994,182.0 4.01 x 10~06 0.14 Yes
understandability than developers on

LeetCode.

H$ GenAl produces code that uti- 1,034,307.5 5.85 x 1002 - No
lises less resources than developers on

LeetCode.

H4% GenAl produces code that takes 817,996.0 1.17 x 10—22 0.44 Yes
less time to run than developers on

LeetCode.
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5.1 Code Quality and Understandability

In terms of code quality and code understandability, there is a possibility that the assumption
that GPT-40 exhibits a higher standard of software quality than an average solution created
by users due to the high proportion of training data (Villalobos et al. 2024). It was previ-
ously hypothesised that GPT-40 has the capacity to develop a more optimised solution for
coding problems that surpasses the capabilities of developers on LeetCode. However, this
raises the question of whether the data set is sufficiently meaningful and whether further
factors need to be considered that could influence the results.

It is, however, conceivable that the quality of the software provided by the user on Leet-
Code may be perceived as inferior by developers with less expertise. This can be attrib-
uted to the fact that the platform serves not only to enhance programming expertise, but
is also utilised by programmers preparing for job interviews. This observation leads to the
assertion that the platform is becoming increasingly utilised by developers with diminished
practical experience, who typically do not produce software of the same quality as experi-
enced developers (Techapalokul and Tilevich 2017), or the GPT-40 model. In light of the
challenges associated with assessing the proficiency of developers on LeetCode, a subopti-
mal hypothesis is put forth: as the intricacy of the programming challenges rises, there is a
heightened likelihood that these can be addressed in a valid manner by experienced devel-
opers. Conversely, those with less experience are more prone to encounter difficulties when
attempting to solve more challenging programming problems. To test this assumption, it is
proposed that more experienced developers generate a smaller number of code smells than
less experienced developers. Therefore, a potential correlation between the number of code
smells per line of code and the level of difficulty is examined. As the data is ordinal in nature
(with categories for difficulty: easy, medium, difficult), the Spearman rank test was carried
out in Python. This yielded a significant result, albeit with a weak correlation (p-value =
1.48 x 10731, p = —0.25). This indicates that the number of code smells per line of code
generally decreases as the difficulty of the problems increases. This can be interpreted in
two different ways. It is plausible that the data may reflect a disparity in proficiency levels
among developers, indicating the presence of a more extensive spectrum of expertise. This
assumption appears to be reasonable, given that less experienced developers may lack the
opportunity to address more complex problems, and even experienced developers seek a
challenge from LeetCode. Conversely, the correlation is only weakly pronounced, and thus
does not correspond to a perfect monotonic distribution that would underpin the assump-
tion. Furthermore, the assumption that experienced developers produce fewer code smells
seems suboptimal. In any case, the varying degrees of difficulty among the coding problems
indicate that the platform will also appeal to experienced developers. Unfortunately, there
is no way to examine the experience of the developers and determine whether we conse-
quently demonstrate a lower level of software quality than in other contexts due to the users
of the LeetCode platform. Further research is required in this context.

It is also important to consider that the age of the coding problems can have an impact
on software quality. As previously stated, GPT-40 demonstrates a constrained capacity for
generalization (also shown by Liu et al. (2024c¢)), which may also impact the quality of the
software. Consequently, an investigation was conducted to ascertain whether the two met-
rics correlate with the age of the problem on LeetCode, specifically whether the quality of
newer problems deteriorates or not. The Spearman rank correlation tests was performed for
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both metrics, yielding a statistically significant result, albeit with a very minimal correla-
tion and thus no evidence of a monotone relationship in the distribution of the data (code
quality: p-value = 8.97 x 1074, p = 0.073; code understandability: p-value = 7.24 x 1074,
p = —0.074). It can thus be inferred that the age of the problems has no impact on the qual-
ity of the generated code or its complexity. This observation indicates that the valid solved
after-problems exhibit a comparable quality to the before-problems. On initial examination,
this appears to be at odds with the finding that there was no significant lower values in the
cognitive complexity score per LOC for the generated solutions for the after-problems in
comparison to the solutions produced by the users. Nevertheless, the correlation test merely
serves to reinforce this observation and offers further insights. It should be noted, however,
that the sample of after-problems is relatively small, comprising only 107 cases. Moreover,
the number of user solutions in this period is restricted. In this study, the deadline for the
collection of posts was reached in mid-March 2024, a mere 4.5 months after the cutoff for
GPT-40’s training data. The number of posts is limited, which may indicate a concentration
of more experienced developers seeking new challenges and therefore providing less com-
plex code. These are, however, speculative assumptions. Nevertheless, the hypothesis test
and the correlation test serve to illustrate the multitude of factors that exert an influence on
the quality of software. Notably, GPT-40 produces a fairly consistent quality of valid coded
problems over time.

It is noteworthy that the only comparable study cited in related works, by Yu et al. (2024),
which also evaluated the software quality of human-written and generated code, reached
the same conclusion for the Python programming language: generated Ptyhon code is more
understandable than human written code. The present paper thus employs a classification
that is analogous to that of Yu et al. (2024). To the best of our knowledge, no other stud-
ies have hitherto analysed the quality of generated code in terms of understandability and
maintainability in comparison to the quality of human-written code. Nevertheless, it would
be a welcome development if future studies were to critically examine our findings or adopt
a position alongside us.

5.2 Performance Efficiency

With regard to performance efficiency, namely the utilisation of resources and the time
behaviour, only the latter exhibited a significant result. However, the observed practical
effect was, as indicated by Cohen’s d, only small. Both metrics were in the median around
the 50th percentile, with the memory rank slightly below (48.16%) and the runtime rank
slightly above (57.18%). This suggests that GPT-40’s value for both metrics is average and
that there is only a practical, small difference for the runtime rank.

One potential explanation for this discrepancy may be that, in contrast to the extensive
literature on code quality and complexity on the Internet, there may be a paucity of docu-
mentation on the optimisation of memory usage. To illustrate, the KISS** (Keep It Simple,
Stupid) principle demonstrates the significance of clean code. In light of this principle, it is
recommended that the code be designed in an easily understandable and maintainable form
wherever feasible. In such cases, the optimisation of the utilisation of resources is often not
the primary objective, provided that it facilitates the comprehension of the code. However,
the presented assumptions do not explain the significantly superior runtime values, while

ZKISS, https://medium.com/@curiousraj/the-principles-of-clean-code-dry-kiss-and-yagni-f973aa95fc4d
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the memory usage is below average. Moreover, there are entire research areas that specialise
in system performance, with entire lectures dedicated to the subject. An illustrative example
can be found in the field of theoretical computer science, where the time and space hierarchy
classification plays a pivotal role.

An additional potential explanation for the discrepancy between runtime and memory
usage efficiency is the presence of a greater number of unused objects, such as lists, diction-
aries, or other collections, within the GPT-40 code in comparison to human-written code.
This is a rule established by SonarQube, which is presented in the form of a code smell.
Nevertheless, an analysis of the code smell is not feasible given that only the code of the
generated solutions is accessible, not that of the submitted user solutions. In this context,
the published code in the posts represents only a limited portion of the total code of the user
solutions. Furthermore, the initial hypothesis posits that the code generated exhibits a mark-
edly diminished prevalence of code smells per line of code in comparison to code written
by humans. This observation renders the assumption that the unused objects are an essential
feature implausible. This line of reasoning can also be applied to the assumption that the
generated code is simply longer or more complex. The latter assumption is inconsistent with
the second hypothesis (cognitive complexity per LOC), while the former is challenging
to quantify, as previously discussed in the context of code smells. A limited investigation
indicated that the average length of the code for both sides was relatively balanced, at 16.8
lines for the generated solutions and 15.8 lines for the solutions from thr posts. This makes
the argument of longer code implausible.

An additional rationale may be that the solutions on LeetCode are of an exemplary stan-
dard with regard to both metrics. This is due to the fact that LeetCode displays the corre-
sponding metrics to each user, which provides an incentive for users to develop solutions
that are more efficient than those of their peers. The objective is therefore to develop solu-
tions that consistently outperform those of other users with regard to both metrics. In numer-
ous posts, data was presented indicating the number of users who had been surpassed, which
serves to corroborate this assumption. It may therefore be assumed that GPT-40 is unable to
provide an even more optimal solution regarding the memory usage than the already highly
optimised solutions provided by users. Nevertheless, this does not elucidate why the gener-
ated code exhibits a markedly reduced runtime, yet only a higher average memory usage
compared to the users from LeetCode.

A final potential explanation for this discrepancy is that the code in the training data
prioritised runtime over memory usage. In the context of algorithmic problems, a shorter
runtime is often the primary objective for users, while memory usage is frequently regarded
as a secondary concern. Further investigation into the code domain and the influence of
runtime and memory usage is necessary to elucidate the underlying causes of these observed
differences. It is noteworthy that the methodology employed by Siddiq et al. (2022), which
involved an examination of the training data of an open-source GenAl with a focus on code
smells, could be replicated with a similar approach to assess performance efficiency.

In regard to the markedly superior runtime of the generated code in comparison to that of
the developers on LeetCode, this study corroborates the findings of Coignion et al. (2024).
However, it should be noted that Coignion et al. only collected data on runtime, and not
on memory usage. Consequently, a comparison on the latter is not possible. On the other
hand, the study of Huang et al. (2024) presents findings that contradict the results of this
study with regard to the runtime metric. However, aside from an older GenAl model GPT-4
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(GPT-4 in contrast to the GPT-40 model utilised in this study), they exclusively regarded a
sole human-generated solution as a benchmark. In contrast, our approach entailed a com-
parison of the rankings across all valid solutions submitted on LeetCode, a strategy that
complicates a direct comparison with Huang et al. (2024). Nevertheless, there is a degree of
overlap in the results obtained in relation to memory usage. Therefore, the results obtained
in this study offer valuable insights into this topic. However, further research is required to
verify this claim and to either support our position or critically examine this thesis.

5.3 Implication

It can be posited that the utilisation of GPT-40 does not impede the software developer in
terms of code quality and complexity, nor does it affect runtime behaviour when generat-
ing code in Python. Consequently, it may not negatively impact the software product when
employed on a limited scale. Nevertheless, there remain numerous unanswered questions
that have the potential to affect software quality and cast the data set of this study in a differ-
ent light. Therefore, further research is necessary in this regard, and the results of this study
should be contextualised within the framework of this research. These results may have
several concrete implications for different stakeholder groups.

For example, practitioners can integrate GenAl tools, such as GPT-4o, into their everyday
development workflows to solve algorithmic problems, prototype, and implement standard
solutions. Developers can use these tools as coding assistants or pair programmers with-
out significantly degrading code quality. However, given the average performance in terms
of memory usage and the observed limitations in generalization on unseen coding prob-
lems, practitioners should critically review and optimize generated code before deploying
it in performance-critical or resource-constrained environments. Human oversight remains
essential, especially for complex system design and long-term maintainability.

For managers, this study poses intriguing questions, particularly concerning to the effi-
cacy of employing algorithmic problem-solving as a recruitment metric, particularly in sce-
narios where such problems can already be solved by LLMs. Indeed, LeetCode is regarded
as a platform for learning and preparing for job interviews, although, as this study demon-
strates, such problems can already be solved quite effectively by GenAl. It is recommended
that companies adopt a creative approach during technical interviews and generate new
problem scenarios, taking into account the key skills that the new employee should possess
with the powerful GenAl tools at their disposal.

For educators and students, the findings suggest that GenAl tools can be valuable learn-
ing aids. Students can use generated code to study alternative implementations and improve
their understanding of algorithms and programming patterns. At the same time, educators
should emphasize critical evaluation skills and discourage blind reliance on Al-generated
solutions. Teaching should focus on helping learners assess, adapt, and improve generated
code rather than merely reproducing it.

Overall, the results suggest that GenAl tools should be considered supportive technolo-
gies rather than replacements for human developers. They excel at producing understandable
and efficient solutions with no impairment in code quality for standardized tasks. However,
their limitations become apparent in novel, complex, or highly specialized contexts. There-
fore, stakeholders should adopt a hybrid development approach in which human expertise
and GenAl capabilities complement each other.
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6 Threats to Validity

Although the process from sample collection to data collection and data evaluation was
largely automated and best practices were employed, there are still some threats to the valid-
ity of the procedure. In the study, some threats were largely derived from other studies and
prevented directly during the web scraping and data mining process. However, some new
threats emerged and were largely already addressed in the description of the relevant sec-
tions. For the sake of completeness, these are listed again below in summarised form.

6.1 LeetCode

The 2,086 LeetCode problems included in the present study exhibit a notable degree of
breadth and scope. Moreover, the problems were classified into categories that encompass
a comprehensive range of software development tasks. However, it should be noted that
these categories do not fully reflect the reality of the situation. For instance, security prob-
lems are absent from the data set, thus precluding any assessment of how GPT-40 would
respond to different types of vulnerabilities. Moreover, the problems presented on LeetCode
are frequently more limited in scope, with solutions comprising approximately 15 LOC,
making it challenging to extrapolate their applicability to larger-scale problems within a
complex code base that necessitates more significant design decisions. Nevertheless, these
large-scale problems can be decomposed into smaller units, thus enabling the creation of a
comparable range of problems to those on LeetCode. However, it is reasonable to conclude
that LeetCode does not encompass all potential problems, which limits the generalisability
of the findings of this study on larger code bases.

6.2 Samples

The data collection in this study was conducted exclusively with samples in Python, there-
fore the findings can only be applied to this particular programming language. Nevertheless,
a foundation has already been established for other programming languages that can be built
upon in future studies. As part of the data collection process, the code frameworks of the
other languages from LeetCode were also recorded. In regard to the solutions proffered by
users, all posts were likewise collated; however, only those in Python underwent valida-
tion and evaluation. The data collected are available for further research, thereby facilitat-
ing statements regarding additional programming languages in the future. The selection of
Python was made on the basis of its pervasive usage and, therefore, a foundation has been
established regarding the software quality.

6.2.1 User Solutions

In examining the posts of the users, it is important to note that no influence could be exerted
on the demographic factors of the developers. The LeetCode platform provides statisti-
cal data on users, including the number of solved problems and the respective difficulty
category. Nevertheless, the data in question permit only limited conclusions to be drawn
about their experience. However, the usernames of the users who created the posts were
recorded in the present dataset. This information can be employed to query the aforemen-
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tioned statistics and to conduct further analyses. However, it is evident that further research
is required to examine the experiences of the developers of LeetCode, as this platform is
utilised to enhance programming skills and prepare for job interviews. Neveretheless, the
varying levels of difficulty of the problems should result in a heterogeneous group of devel-
opers in terms of their experience on the platform. However, it is not possible to generalise
to a specific work environment in a company, for example.

One factor that was beyond the control was the potential for users to upload generated
solutions to the platform. As a consequence of the elevated difficulty of identifying gener-
ated code (Pan et al. 2024), particularly when this is done automatically, there is a risk that
those generated solutions are present in the dataset, thus contaminating the data (Jacovi
et al. 2023). Nevertheless, the rationale behind the decision to upload a generated solution is
open to question. The sole purpose of uploading a solution in the form of a post is to solicit
feedback from other users and to provide assistance to other users. The assessment of the
tests and the feedback on runtime and memory usage are conducted independently of the
post. Therefore, there should be no intrinsic motivation (the code was not written by the
user) nor extrinsic motivation (there is no monetary incentive and chatbots are often free to
use for all) to upload a generated solution. However, it is not possible to analyse the propor-
tion of this, but the influence should be only marginal.

Additionally, it is conceivable that the solutions provided by other users were replicated
and subsequently uploaded once more in a subsequent post. In order to prevent data manipu-
lation, a minimum of two upvotes was set for posts. This was to ensure that no content that
was clearly copied was included in the dataset. This process ensured that each post was
evaluated and approved by at least one other developer. In the event that copies of other
solutions received at least two upvotes, those solutions were also included in the dataset.
However, it is anticipated that this will only constitute a minor proportion of the dataset and
have no considerable impact on the results.

One potential threat to the validity of the findings is that the submitted solutions as a
post may be of a higher quality than solutions that were not uploaded. This threat to valid-
ity pertains exclusively to the evaluation of SonarQube’s code quality metrics on the user
posts, encompassing aspects of code quality and understandability. However, given the sig-
nificance of the results in terms of the two alternative hypotheses, namely that the software
quality of generated code is superior to that of code written by humans, this argument of
higher quality user posts would merely serve to emphasise and support the results. For the
two metrics from LeetCode (time behaviour and resource utilisation), all submitted solu-
tions were considered, which is why this does not pose a threat to the validity here.

As users are permitted to input any content in their posts, provided that they have previ-
ously had a solution validated by LeetCode, it is possible that our dataset may also contain
incomplete or erroneous code snippets. To circumvent this issue, the method signatures
were contrasted with the LeetCode code framework and the code was executed to ascertain
potential errors in the code. Subsequently, a comprehensive examination was conducted on
the solution only after both elements had been successfully validated. However, it is possi-
ble that the solutions are explained in a step-by-step manner (multiple code snippets), which
could result in the presence of only partial solutions in our dataset, despite the method signa-
ture being correct. To circumvent this issue, the code snippets were validated in accordance
with the sequence of the post, commencing with the last snippet and ending with the first
snippet. In the event that functions were divided and presented as discrete code segments,
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this should result in an error when the code is executed. Consequently, it may only occur
that the solution is not semantically valid. However, this should only be a minor occurrence,
given that only posts with two upvotes are taken into consideration.

6.2.2 Generated Solutions

Given the pervasive utilisation of ChatGPT as a GenAl tool, the decision was taken to
employ GPT-40 for the generation of solutions. It is therefore not possible to generalise
to other GenAl systems, given that these are typically driven by different large language
models. Moreover, it is not feasible to generalise across the various models from OpenAl,
given that these models utilise disparate quantities of training data in terms of both size and
recency, in addition to differing training parameters. To illustrate, the recently published
OpenAl ol model is also based on a dataset up to October 2023 and aims to achieve “[...]
PhD-level accuracy on a benchmark of physics, biology, and chemistry problems [...]”%.
However, it remains unclear whether the software meets the same quality standards. This
must be investigated as part of a scientific evaluation in order to create a basis for compari-
sons. Our study can serve as a framework for this.

The validity was evaluated in dependence on LeetCode, as the generated code was sub-
mitted to and evaluated on the LeetCode tests. At such a scale, a manual evaluation is not
feasible, as it would be unduly time-consuming and would not provide sufficient assurance.
However, the validity should be sufficiently checked by an average of 285 tests.

GPT-40 consistently produces disparate solutions despite identical prompts, a phenom-
enon attributable to the intrinsic characteristics of Al systems. Nevertheless, it would have
been feasible to generate a more deterministic code by setting the temperature to zero,
thereby enabling replication. Nevertheless, this does not align with the real-world scenario,
as ChatGPT also employs the default values and does not operate in a deterministic manner.
Consequently, a comparable methodology was employed with GPT-40 to generate a more
realistic representation. However, this has the disadvantage that different code snippets may
be produced when the process of reproduction and comparison is carried out with other
LLMs. Moreover, modifying the prompts can result in a change in the results. To obtain
consistent values, the same prompt design was employed throughout and strict design rules
were followed. However, further research is required that addresses the prompt design and
the resulting software quality. In the case of incorrect submissions to LeetCode, a maximum
of four retries were performed to obtain a valid solution. This has already been used as a
cut-off in other studies and found to be sufficient (Bucaioni et al. 2024; Dong et al. 2024).

Moreover, this study has identified potential problems that may also be present in the
training data of GPT-40 (up to October 2023). This approach was selected for two reasons.
Firstly, it allowed for the creation of a significantly larger data set (2,086 overall problems in
comparison to the 107 after-problems). Secondly, it enabled an examination of the general
software quality in comparison to the users. Moreover, it is of interest to ascertain how GPT-
40 responds to problems that may be present within the training data set and whether this
response is above average in comparison to other users. The investigation was not primarily
concerned with functional correctness and generalisation; rather, it sought to compare the
quality of the generated output with that of users. Moreover, only a limited number of user
solutions were created subsequent to the conclusion of GPT-40’s training data (a period of

26OpenAl ol, https://openai.com/index/learning-to-reason-with-1ims/
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4.5 months), which raises questions about the utility of a comparison. Nevertheless, the data
sets that are definitively not included in the training data were also considered separately.
Overall, both perspectives were thus taken into account (all problems vs. after-problems).

6.3 Data Collection

It should be noted that the quality of software is not limited to the four metrics examined
here. To gain a more comprehensive understanding of the quality of the generated code,
further research is required that builds upon our findings. The data collection was conducted
on two platforms, namely LeetCode and SonarQube.

LeetCode records the ranks in terms of both runtime and memory usage. As we have
no influence over this metric, we must accept the values provided by LeetCode. Informa-
tion regarding the other users is not provided; only the respective rank in comparison to
the user on LeetCode is given. Moreover, it is unclear whether other users have submitted
generated solutions, as we have done with one account. Research has determined that the
rank is subject to temporal fluctuations and that the solutions submitted by participants
exert an influence on it Coignion et al. (2024). In this context, the authors highlight that the
submission of a substantial number of generated solutions by a single user could potentially
impact the assigned ranks. Nevertheless, this argument requires critical examination, as the
metric indicates the number of users who have been beaten. It follows that a user who has
submitted multiple solutions should only be included in the rank statistics with one of their
solutions. This has a relatively minor impact on the rank metric. It is therefore reasonable
to conclude that solutions generated by other users have only a marginal impact, given
that they only appear once in each statistic. Nevertheless, it is notable that LeetCode is a
prevalent evaluation methodology for GenAls. This could prove problematic, particularly in
the case of newer problems. The argument put forth by Coignion et al. (2024) that the per-
formance efficiency ranks should be treated with caution is supported by the fact that they
are influenced by a high degree of variance in measurement compared to locally measured
values. Moreover, it was found that local measurements and those of LeetCode occasionally
demonstrate a negligible correlation, yet occasionally a pronounced correlation. Therefore,
while the two metrics can be used with regard to performance efficiency, they should be
considered with caution. However, since the ranks are also influenced by other users, a
comparison with other LLMs and research over time is extremely difficult.

As with Coignion et al., Huang et al. (2024) also undertook their own local measurement
of code execution time. Nevertheless, the study merely offers a comparison with a single
human-generated solution, which calls its generalisability into question. This is an advan-
tage of the LeetCode metric - it is based on all valid solutions submitted.

We have a more substantial degree of influence over the static code analysis tool Sonar-
Qube. The analysis was conducted using the default Python configurations on all generated
and user solutions. Given the total number of 59,324 code snippets, it was not feasible
to validate the collected values on an individual basis. Nevertheless, SonarQube provides
feedback in the event of an individual analysis failing. However, these instances were few
and far between and were subsequently re-executed. Additionally, in some cases, a double
check of the values was carried out to avoid errors. Nevertheless, it is possible that wrong
values may be present in the data set, but they should be exceedingly rare and have no influ-
ence on the analysis.
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6.4 Statistical Evaluation

In consideration of the notable variability in the ratio of user solutions to generated solu-
tions, an average was calculated for each problem with regard to the user solutions based
on the code quality and complexity metrics. Consequently, problems deemed relatively
straightforward may exhibit a higher number of solutions, accompanied by a different level
of software quality, compared to those perceived as more challenging. In order to address
the potential imbalance in the data sets, a comparison was limited to an average developer
on LeetCode.

It should be noted that other factors may have influenced the observed results with regard
to the statistically significant values shown for code quality and complexity, as well as for
runtime. Furthermore, the statistical method of correlation employed in the discussion does
not necessarily imply a causal relationship.

7 Conclusion and Outlook

This study illustrates the transformative potential of GenAl by taking the example of GPT-40
in the context of Software Engineering. In order to elucidate this hitherto obscure research
area, the fundamental principles of the software quality of generated code and a comparison
with the quality of code written by humans were initially presented. As part of this endeavour,
a comprehensive web scraping and data mining process was undertaken to obtain a problem
set comprising 2,321 coding problems from LeetCode. In the course of this process, 2,086
valid solutions were generated by OpenAl‘s GPT-4o, while 57,238 valid solutions were col-
lected by users of the LeetCode platform. A total of 958,574 lines of code in Python were
analysed to ascertain whether the software quality of the GPT-40 model is superior to that
of an average solution created by users on LeetCode. The evaluation of software quality is
based on four main criteria: code quality, code understandability, time behaviour and resource
utilisation. Static code analysis was conducted using SonarQube to assess the quality of the
software in terms of code smells and cognitive complexity. The LeetCode platform provided
data regarding the memory usage and the runtime of the generated code. The objective of this
study was to ascertain whether ChatGPT offers beneficial assistance to software engineerer in
addressing software-related tasks or, conversely, impedes their capabilities.

The investigation of the programming problems from LeetCode has revealed that GPT-40
exhibits deficiencies in its capacity to generalise. This results in a diminished performance
of the model when attempting to solve tasks that are not included in the training data. The
proportion of instances in which the problem was solved correctly within five attempts was
51.94%. However, it is noteworthy that the general solution rate of all publicly and freely
available problems on LeetCode was 89.88%. A comparison of the valid solution with that of
human-written code revealed that GPT-40 generally produces code of a higher quality than
humans. However, this assertion is limited to the assessment of code quality in terms of the
number of code smells per LOC (medium effect), the code understandability through the cog-
nitive complexity score per LOC (small effect), and the time behaviour through the runtime
rank (small effect). Contrary to expectations, only the resource utilisation by the memory
usage rank shows a different picture, with the LeetCode developer showing superior quality.
From a pragmatic standpoint, these findings imply that GPT-40 can be utilized with a degree
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of caution to facilitate software development tasks without compromising code quality, code
understandability or runtime behaviour, at least when employed on a limited scale.

The study introduces a novel methodology for the comparison of handwritten code with
generated code on LeetCode. This provides a framework for other studies to replicate and
expand upon this results, thus facilitating further research in this field. In accordance, the
code and data set have been made accessible via the Zenodo?’ repository. The concept of
software quality is complex and incorporates a range of elements that extend beyond the
four metrics presented in this context. It is thus imperative that future research endeavors
to gain a more comprehensive understanding of the diverse range of quality characteristics
inherent to generated code. Furthermore, it is vital to examine user experiences on LeetCode
in order to gain a comprehensive understanding of the quality of the software produced
by them. Accordingly, the data from this study can be organised and the quality generated
can be classified in accordance with the user experiences. Moreover, a comparison of the
generated code with that produced by users in different programming languages and using
different LLMs would be a valuable addition to the findings of this study. The study’s focus
is exclusively on ChatGPT 4o, making it a case study rather than a general overview. A
foundation has already been established in this study, and a substantial corpus of data has
been assembled for use in future studies.

Appendix A: Problem Requirements

Upon completion the retrieval of the coding problems, the foundation of this problem set
was established. The selection was limited to problems related to the Python programming
language, given its widespread popularity (according to a Stack Overflow survey?®). The
language is distinguished by its intuitive syntax, dynamic typing, and interpreted execu-
tion (Summerfield 2009). The popularity of Python, which is also embraced by beginners due
to its intuitive nature, has led to its pervasive use as a programming language. This may have
attracted a considerable number of individuals with an interest in providing solutions on the
LeetCode platform. In the light of the aforementioned considerations, Python was selected as
the programming language for analysis. Subsequently, 81 of the total 2,992 individual prob-
lems were excluded from the data set as they could not be solved with the Python program-
ming language, only with SQL (category Databases) and Bash (category Shell). As previ-
ously stated in step one, there are also coding problems that can only be viewed and solved
with a premium plan at LeetCode. Consequently, a further 590 premium problems had to be
excluded, leaving 2,321 individual programming problems for the evaluation of the GenAl.
In some studies, the coding problems were sorted out prior to the date of the last training data
set of the Al in order to prevent contamination of the data (Jacovi et al. 2023). This approach
was not adopted, as a comparison of the generated solutions to the problems included in the
training data with those created by humans was also of interest, as this will yield insight into
the quality of the AI’s output. However, the analysis was also been divided into problems that
are deployed prior to and subsequent to the cutoff date of the training data, in order to ascertain
the extent of the Al’s generalisation abilities.

%7 Zenodo repository with scripts and data, https://doi.org/10.5281/zenodo.13881451
2 Stack Overflow survey, https:/survey.stackoverflow.co/2024/technology
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Appendix B: Generate Solutions

1. Request Problem Information from LeetCode The first step entails the retrieval of data
from LeetCode for the purpose of formulating a prompt: the problem descriptions and the
Python framework in which the solution was to be implemented. A GraphQL query was
executed on the resource questionContent using the parameter titleSlug (the title of the
problem, with a hyphen used instead of spaces) in order to retrieve the problem descrip-
tion. The questionEditorData resource was queried with the titleSlug parameter in order to
obtain the code structure.

2. Assemble the Input for the API Call In the second step, a parallel iteration is conducted
across all problem definitions, i.e. the description and the code framework, with the objec-
tive of assembling the prompt. The objective is not to consistently identify the optimal solu-
tion through the utilisation of sophisticated prompt designs; instead, it is to construct a query
that closely approximates the actual scenario. An exemplar of the prompt can be observed
in Fig. 3a. The prompts were developed in accordance with the standards established by
the model’s creators®, as well as through a review of analogous studies for comparative
purposes (Tian et al. 2023; Liu et al. 2024c, b).

The structure of the prompt was consistent across all problems:

1. The precise and detailed command®® for the GenAl containing the specifications for the
generation of the solution. It was determined that the sole objective of the generative
GenAl should be the generation of Python code, as any accompanying description would
serve no practical purpose.

2. The problem description, which also contained the examples and the parameter restric-
tions, was enclosed in three quotation marks®! to distinguish it from the command.

3. The second clear command, which instructed the Al to use the code framework defined
in the next point. The command was separated from the first command to split*? the
problem and create a clearer structure for the Al

4. The code framework served as the framework for the Al to generate solutions. This code
block was initiated with three backticks and the programming language to indicate the
commencement of a code sequence and terminated with three backticks to demarcate the
end of the code block®®. This delineation allows the Al to discern the code within this
block and its associated programming language.

2 OpenAl Prompt Engineering, https://platform.openai.com/docs/guides/prompt-engineering

30 Clear Command Tactic, https:/platform.openai.com/docs/guides/prompt-engineering/strategy-write-clear-
instructions

31 Delimiters Tactic, https://platform.openai.com/docs/guides/prompt-engineering/tactic-use-delimiters-to-
clearly-indicate-distinct-parts-of-the-input

328plit Tasks Tactic, https:/platform.openai.com/docs/guides/prompt-engineering/strategy-split-complex
-tasks-into-simpler-subtasks

3 Code Block Tactic, https:/platform.openai.com/docs/guides/prompt-engineering/tactic-use-code-executio
n-to-perform-more-accurate-calculations-or-call-external-apis
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3. Generate the Code via OpenAl API In the third step of the process, interaction with the
LLM was initiated. The gpt-40-2024-05-13°* model, representing the latest version of Ope-
nAl at the time of the study, was employed. The model has a knowledge cutoff date of
October 2023. An API for Python is provided by OpenAl, which facilitates the automation
process. Furthermore, the provided API enabled the specification of parameters®” related to
the model, in addition to the model and prompt. In the evaluation of the LLM, the tempera-
ture of the model is frequently subjected to experimentation, e.g. Doderlein et al. (2023).
The temperature serves as a parameter that delineates the deterministic (lower tempera-
ture value) or random (higher temperature value) characteristics of the output. However,
in order to ensure the greatest possible degree of real-world applicability, this study retains
the default value of 1, which is in the middle of the possible spectrum (0 and 2) provided
by OpenAl for their model*®. Moreover, the number of outputs to be generated by GPT can
be specified. A value of n = 1 was selected; further details on this can be found in the
last step # 6. It is possible to set a limit for the number of tokens for input and output, but
this may result in the generation of an incomplete answer and the omission of parts of the
code. Accordingly, the maximum default value was also selected for this parameter, which
is 4,096 tokens in total (approximately 100 tokens correspond to 75 words). The defined
limit encompasses the total number of input and output tokens. Nevertheless, the value of
the tokens is relatively high and has never been reached within the scope of this study. To
exemplify this, the Tivo Sum problem necessitated the input of 306 tokens and the output of
145 tokens. Consequently, a total of 451 tokens were used, which represents a slight excess
of 10% of the limit. In the second step assembling the prompt, a restriction was defined
that prescribed the generation of code without explanations. This resulted in a reduction
in output and, consequently, a reduction in token usage. Finally, by specifying the model,
prompt, number of outputs, and maximum number of tokens, it was possible to generate a
solution to the coding problem. In Step 2, the LLM was instructed to implement the code
within the three backticks in the code framework. A regular expression was used to facilitate
the extraction of the generated code, ensuring its consistent transfer to the subsequent step.

4, Submit the Code on LeetCode The generated code had to undergo a validation process
prior to analysis. As part of the sampling process, the code was submitted to LeetCode
for execution and testing using the test cases provided by LeetCode. Due to the difficul-
ties encountered in executing the request to submit the solution using Python, an alterna-
tive approach was adopted, utilising the Selenium?®’ framework. Selenium is a framework
designed for the automated testing of web applications. Furthermore, it is particularly well-
suited to the domain of web scraping, as it facilitates the automation of browser instruc-
tions (Chapagain 2019). In the Python script, the importation of the selenium>® library was
conducted, thereby enabling the full sequence of browser actions to be programmed. The
initial step involved accessing the LeetCode page associated with the specific problem and
establishing a valid session by setting cookies. This circumvented the conventional sign-

3*Model GPT-40, https://platform.openai.com/docs/models/gpt-40

35 API Parameters for Chat, https:/platform.openai.com/docs/api-reference/chat/create
3¢ Temperature OpenAl API, https://platform.openai.com/docs/api-reference/chat/create
37 Selenium, https://www.selenium.dev/

38 Selenium library, https:/pypi.org/project/selenium/
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up process, which would have entailed solving captchas automatically, a challenging task.
Subsequently, the Python3 programming language could be selected in the LeetCode IDE,
the code generated by the LLM could be inserted, and the submission could be initiated.

5. Get Information on Submitted Code Due to the time required for the execution of the
code and the evaluation of the tests associated with the submitted solution on the LeetCode
platform, the feedback on the submitted solutions was obtained from LeetCode in two que-
ries during the fifth step of the sampling process.

1. The five latest solutions were requested via a GraphQL query on the submissionList
resource, utilising the title of the problem as the questionSlug parameter and the lan-
guage Python as the lang parameter. The final submission was identified from the list and
the corresponding ID was established.

2. A further query on the submissionDetails resource, with the ID parameter, provided
all the requisite information about the submission of the generated solution. In addi-
tion to the information about the problem, the status of the submission (accepted or not
accepted), the total number of test cases for the problem and the number of successfully
executed test cases, the error information in the event of errors, and other metrics were
stored. This information was then passed on to the final step of the sampling process.

6. Evaluate Submission In the event that the status was designated as “Accepted”, the solu-
tion was stored and the generation of the solution for the subsequent problem commenced.
In the event that this is not the case and an error occured during the execution of the code or
other issues arise, a multi-round fixing approach is employed, similar to Liu et al. (2024c).
This process emulates a dialogue with the GenAl, as a human user would conduct in the
event of the Al incorporating errors into the generated code. In such a scenario, a new solu-
tion had to be generated through a new prompt, with further information about the error
included. In contrast to the capabilities of ChatGPT, the API does not permit the submission
of further queries within the same chat session. Moreover, the context is lost after a query is
submitted. Accordingly, the prompt had to be substantially modified in order to generate a
new solution. An illustrative example of a prompt to rectify an error in the code is presented
in Fig. 3b and has the following structure:

1. The revised command provided GPT with the specific details of the error in the code and
the objective of rectifying it.

. The initial problem definition was reiterated, as the context was no longer accessible.

. The second command was then issued, announcing the error.

. The error message was accompanied by the relevant information from LeetCode.

. The third command was provided, announcing the faulty code.

. The erroneous code generated by the LLM that had to be amended.In formulating the
revised prompt, due consideration was again given to ensuring compliance with the
established standards for writing a prompt. Subsequently, Steps 3 to 6 were repeated with
the new prompt. A maximum of five attempts was permitted to achieve a valid solution
to the coding problem. This number has been demonstrated to be sufficient in previous
studies (Bucaioni et al. 2024; Dong et al. 2024).

AN AW N
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Appendix C: User Solutions

1. Query List of all Community Posts Once a solution to the problem has been successfully
developed and all test cases have been completed successfully on LeetCode, users are given
the option of making the solution publicly available. In this regard, users are afforded the
option of composing a post in Markdown® according to their own preferences. Additionally,
it is possible to assign a title and specify tags. The initial tag is automatically assigned the
name of the programming language utilised to resolve the coding problem. Subsequently,
other users are afforded the opportunity to view and evaluate these posts by casting upvotes.
Moreover, other users are afforded the opportunity to leave a comment beneath the post. A
list of posts is provided under each respective problem. Accordingly, the initial stage of the
sampling process entailed the retrieval of all posts presenting handwritten solutions, with-
out imposing any preliminary constraints pertaining to the specific programming language
or the nature of the content. However, to guarantee the quality of the contributions and, in
particular, to prevent contributions that consist solely of copied and pasted code, a minimum
of two upvotes was required. A single upvote may be provided by the author of the post;
however, a minimum of one additional upvote is required from another user. A GraphQL
request was made to the communitySolutions resource, with the questionSlug parameter
passed in order to create lists of posts for each problem. These lists were paginated, with 50
posts displayed at a time. As part of the data collection process, general information about
the posts was recorded, including the title, solution tags, post ID, number of upvotes, cre-
ation date, author’s username, and other metadata. However, the content of the posts was not
yet available for collection. This approach resulted in a comprehensive list of 278,397 posts,
which were subsequently examined in the next step.

2. Query each Community Post By iterating over the list of posts from the previous step,
the content of the post was requested using a query to communitySolution with the ID of the
post as the fopicld parameter. At this point, the content was subjected to its first round of
validation. The code in the original post is indicated in Markdown format by enclosing three
backticks. In order to extract the code from the Markdown in the subsequent step, it was
necessary for users to ensure that the Markdown was correctly formatted. However, it was
noted during the web scraping process that some posts did not comply with the required for-
matting standards, specifically the use of three backticks. Nevertheless, it was not feasible
to ascertain whether the issue originated from LeetCode or from the users. In some cases,
it was observed that the number of consecutive backticks did not correspond to an even
number. Indeed, the # backtick blocks modulo 2 = 0 should per post evaluate
to true, given that a user is permitted to integrate several code solutions into a single post. It
should be noted, however, that the LeetCode web interface correctly displayed the code in
the post, indicating that the render engine or the LeetCode editor itself is capable of recog-
nising and automatically correcting faulty Markdown code. In such a scenario, the pertinent
post could be retrieved through the utilisation of Selenium. By entering the URL https://le
etcode.com/problems/{questionSlug}/solutions/{postID}/{postTitleSlug}, it was possible to
access the respective post directly via the browser. The markdown was obtained by search-
ing for the class “FN9Jv WRmCx” in the HTML page. Consequently, the raw content could

39 Markdown, https://www.markdownguide.org/
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be obtained for each post ID either via a GraphQL query or by Selenium, and subsequently
transferred to the subsequent step.

3. Extract Code Snippets from Post The third stage of the process involved the extraction of
all code blocks from the Markdown document and their subsequent assignment to a specific
programming language. The extraction of the code was initiated only when it exceeded
a length of two lines. This is due to the fact that in Python, a single line is required for a
class definition, while an additional line is necessary for the definition of a function and at
least one line for the implementation of a solution. In certain instances, the use of backticks
was employed to elucidate the solution, for example, by providing variables within three
backticks. However, this was inconsequential with respect to the ultimate code block with
the full solution, and thus had not to be considered. Accordingly, the code was employed
only from a length of three lines onwards. In order to ascertain the programming language
of the code, Markdown allows the user to specify the relevant programming language after
the initial backticks, thus facilitating the clear assignment of the code block to a specific
language. In the absence of a precise definition, an examination of the tags was required.
In some cases, the specific programming language employed was not specified, or multiple
languages were referenced. In such instances, the title was subjected to a search for a dis-
tinctive language. In the absence of a discernible programming language, the Python library
Pygments*’ was employed as a means of identifying the language used for implementation.
Pygments is typically employed in the context of syntax highlighting; nonetheless, its func-
tionality can also be applied to the recognition of a programming language from a string
containing code. However, the results of the manual testing of the lexer did not meet the
desired outcome. As a result, a unique lexical analyser was created. In the case of certain
programming languages from LeetCode, the process involved defining keywords and pat-
terns and then assigning a weight to each. Subsequently, the presence of these keywords and
patterns of each programming language was determined for the extracted code, and a score
was calculated based on this, taking the weighting into account. The programming language
with the highest score was then selected. While this process did not yield perfect preci-
sion, this was not a significant issue, as an incorrect assignment could be validated in the
subsequent step. However, the recall could not be determined, but this was not considered
problematic due to the large number of samples.

4. Validate user Solution In the final stage of the process, the non-valid code snippets were
removed, and the Python code solutions were consolidated into a single solution per post
and problem. In order to achieve this, a local evaluation of the code was conducted. Sub-
sequently, in some cases, multiple code snippets with an identified programming language
were present within a single post. In this manner, the code was frequently assembled in a
step-by-step manner, with the final solution typically presented as the concluding element.
Consequently, the code snippets were evaluated in a sequential manner, from the latter to
the former, with the objective of identifying any valid code. As the objective was to examine
solely Python code snippets, a comprehensive analysis of the code was conducted in cases
where Python had been previously assigned to the snippet.

40Pygments, https://pygments.org/
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It should be noted that, due to the internal handling of common imports on LeetCode,
users are not required to specify the individual imports of the libraries used. However, the
imports were required for validation purposes in order to execute and analyse the code, as
otherwise error messages will appear. The process of adding the imports was not a trivial
task and required several steps:

1. The autoimport*' library was employed to incorporate the most common imports into
the code.

2. In many instances, the autoimport library proved insufficient, particularly when utilising
more specialised libraries. Subsequently, a static code analysis was conducted utilising
the pylint* library. In the event of an absence of requisite imports or an absence of defi-
nition for variables, the message “Undefined variable {variabele name}” was logged.

3. The pertinent log entries were collated and a mapping was constructed in Python to an
import. This enables Python to automatically access the mapping when the same module
is required for subsequent importation. However, the mapping had to be created manu-
ally and ultimately comprised 89 different imports.

4. The missing imports had to be correctly inserted in the code before the class defini-
tion and in the appropriate sequence with the correct spacing. This part was also
automated.Subsequently, the code incorporating the aforementioned imports was sub-
jected to parsing (utilising the ast module**), compilation and execution. This process
enabled the removal of code segments that were identified as erroneous. Moreover, this
process ensured the collection of namespaces for all variables and functions defined
within the code. In order for the LLM to generate solutions, it was necessary to provide
the code framework from LeetCode within which these solutions were to be generated.
At this stage, the code framework was reused and also parsed, compiled and executed,
thus ensuring the collection of namespaces. This enabled an analysis of the code snippets
in terms of their compliance with the classes and methods specified by LeetCode. This,
in turn, permitted the removal of code snippets that provided only partial solutions or
solutions to other problems.
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