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Abstract – Context: Source code translation enables cross-
platform compatibility, code reusability, legacy system migration, 
and developer collaboration. Numerous state-of-the-art 
techniques have emerged to address demand for efficient and 
accurate translation methodologies. 

Objective: This study compares code translation capabilities of 
Large Language Models (LLMs), specifically DeepSeek R1 and 
ChatGPT 4.1, evaluating their proficiency in translating code 
between programming languages. We systematically assess model 
outputs through quantitative and qualitative measures, focusing 
on translation accuracy, execution efficiency, and coding standard 
conformity. By examining each model’s strengths and limitations, 
this work provides insights into their applicability for various 
translation scenarios and contributes to discourse on LLM 
potential in software engineering. 

Method: We evaluated translation quality from ChatGPT 4.1 
and DeepSeek R1 using SonarQube Analyzer to identify strengths 
and weaknesses through comprehensive software metrics 
including translation accuracy, code quality, and clean code 
attributes. SonarQube’s framework enables objective 
quantification of maintainability, reliability, technical debt, and 
code smells which are critical factors in software quality 
measurement. The protocol involved randomly sampling 500 code 
instances from 1695 Java programming problems. Java samples 
were translated to Python by both models, then analysed 
quantitatively using SonarQube metrics to evaluate adherence to 
software engineering best practices. 

Results: This comparative analysis reveals capabilities and 
limitations of state-of-the-art LLM-based translation systems, 
providing developers, researchers, and practitioners actionable 
guidance for model selection. Identified gaps highlight future 
research directions in automated code translation. Results 
demonstrate that DeepSeek R1 consistently generates superior 
software quality compared to ChatGPT 4.1 across Sonar-Qube 
metrics. 
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I. INTRODUCTION 
The necessity to migrate legacy software systems to modern 

platforms has made source code translation a pivotal research 
topic in software engineering. Manual translation is resource-
intensive and error-prone, highlighting the imperative for 
automated tools that support seamless, reliable code conversion 
between programming languages. Despite substantial 
technological advancements, persistent challenges remain in 
maintaining semantic equivalence and ensuring readability and 
structural integrity in translated code. Thus, rigorous evaluation 
of AI-generated translations is required, including the use of 
software metrics such as McCabe’s cyclomatic complexity [1] 
to assess testability and maintainability. 

Given the inherent complexity of software development, 
robust safeguards and comprehensive review protocols are 
essential, particularly for AI-driven code translation. Best 
practices within a high-quality development framework include 
testing, code review, benchmarking, code style enforcement, 
and verification for functional equivalence, performance, and 
efficiency. Systematic integration of these practices ensures that 
AI-assisted translation upholds both functionality and quality 
standards central to contemporary software engineering [2]–[4]. 

Source-to-source code translation (transpilation) has evolved 
markedly since the 1950s [5], [6]. Early rule-based systems had 
limited scalability and adaptability [7]. Modern advances in 
statistical and neural network approaches have improved 
translation fidelity, though safeguarding semantic equivalence 
and data privacy remains challenging. Metrics such as BLEU 
are often used, but they insufficiently capture nuanced semantic 
correctness. Manual codebase migration remains lengthy, 
fuelling demand for streamlined, automated solutions. 

Advances in artificial intelligence, particularly in NLP and 
LLM code generation, have produced AI-powered tools capable 
of translating requirements into executable code across 
numerous languages [8], unlocking new possibilities for 
automating the software development lifecycle [9]. Among 
these, AI-driven code translation stands out for enabling more 
efficient legacy system migration, cross-platform compatibility, 
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and improved interoperability [10]. Accurate, efficient 
translation between languages such as Java and Python has 
become increasingly vital due to Java’s prominence in 
enterprise and Android development and Python’s dominance 
in machine learning, data science, and automation [11]. AI tools 
are also redefining programming education [12], providing 
personalized feedback and learning experiences [13]. While AI 
adoption expands, ethical and practical concerns including the 
appropriateness of AI use in education and continued 
challenges in higher-level algorithmic reasoning persist [14], 
[15]. 

Rigorous quality evaluation of LLM driven translation is 
therefore crucial, ensuring reliability and revealing limitations 
that guide responsible integration into engineering practice. 
Deep learning, especially transformer architectures [16], has 
become central to modern source code translation. AI-based 
automation increases efficiency and scalability when handling 
large codebases [17], but output quality its syntactic 
correctness, semantic fidelity, runtime performance, and 
maintainability remains decisive. Systematic evaluation must 
verify compliance with standards and support continuous 
human maintainability. 

Source-to-source code translation commonly referred to as 
transpilation has witnessed profound evolution since its 
inception in the 1950s [5], [6]. Initial efforts predominantly 
employed rule-based systems, which, despite their utility, were 
often hampered by limited scalability and adaptability [7]. In 
recent years, the emergence of statistical and neural network-
based methodologies has dramatically enhanced translation 
fidelity. Nevertheless, persistent challenges remain, particularly 
in safeguarding semantic equivalence and managing 
proprietary data. While metrics such as BLEU (Bilingual 
Evaluation Understudy) and ROGUE (Recall-Oriented 
Understudy) scores are routinely utilised to quantify translation 
quality in NLP tasks, they frequently fall short in capturing 
nuanced semantic correctness [18]. Additionally, the manual 
migration of extensive codebases can span several years, 
underscoring the demand for more streamlined and automated 
solutions. 

The evolution of machine translation from rule-
based/statistical origins to deep neural transformers reflects 
broader advances in cognitive science, AI, and computational 
thinking [19], [20]. Proliferation of open-source code, cloud 
platforms, and SaaS has fuelled the rise of AI-driven developer 
tools, including chatbots [21], which now demand strict quality 
assurance well beyond functional correctness [22], [23]. 

Key software quality dimensions include readability for 
maintainability, modularity, and debugging; maintainability 
itself (modularity, complexity, documentation) [24]; efficiency 
(execution/resource use); and security. Adherence to 
conventions, formatting, and architecture aids collaboration and 
reduces risk. 

State-of-the-art code generation automation techniques blend 
NLP (Natural Language Processing), LLMs (Large Language 
Models) and program analysis. LLMs like ChatGPT [25], 
DeepSeek, Grok, Claude, and Gemini are already leading 
modern code generation demand in software industry. Code-

based LLMs are achieving, and even surpassing, human 
performance in translation [26], as they excel in syntactic and 
semantic tasks and become fundamental to automated language 
processing [27], [28]. Still, challenges remain, especially in 
generating nuanced, robust explanations or performing 
comprehensive correction at industrial scale [3], [29], [30]. A 
major benefit of LLMs is semantic code comprehension, 
surfacing logic errors often missed by static analysis methods 
like AST, flow, or taint analysis [3], [29], [31]. LLMs now aid 
code generation [32], [33], debugging [34], and code 
explanation [35], [36]. Their multilingual reach facilitates broad 
adoption and integration. 

LLM translation performance varies widely reported 
accuracy ranges from 2.1 % to 47.3 % [37] and some models 
even outperform transpilers though improvement is ongoing 
[38]. Since standard LLM prompts lack deep project-specific 
context, new methods are needed for broader contextual access. 

This work empirically compares two top LLMs, ChatGPT 
and DeepSeek in translation accuracy, maintainability, 
efficiency, language coverage, and flexibility across diverse, 
real-world code. We also introduce federated LLM approaches 
for secure, distributed code translation evaluation. Our findings 
offer holistic insights into modern LLM translation, establish 
rigorous benchmarks, highlight remaining challenges, and 
guide practitioners in selecting the right tools for specific needs. 

Research Question: Does a significant difference exist in the 
software quality of code translated by different state-of-the-art 
LLMs, specifically ChatGPT and DeepSeek? 

II. BACKGROUND 
Several research endeavours have focused on source code 

translation and comprehension, utilising a wide array of 
techniques and methodologies. Notable contributions in this 
domain are discussed below. 

Alon et al. introduced Code2Vec, an innovative approach for 
learning distributed representations of code through neural 
networks [39]. This method harnesses code snippets along with 
their contextual surroundings to capture rich semantic 
information, thereby advancing both code understanding and 
translation. In the domain of paraphrase detection, Allamanis et 
al. explored convolutional, recurrent, and hybrid models to 
identify semantically analogous code segments [40]. Their 
research underscores the importance of recognising code 
similarities, a factor that is highly pertinent to source code 
translation tasks. 

Automated program repair has garnered significant scholarly 
interest, with Jiang and Su providing a comprehensive literature 
review of the field [41]. While the primary focus of program 
repair is bug resolution, many of the transformation techniques 
surveyed are relevant to code translation, especially when 
structural modifications are necessary. Yang et al. proposed 
Deep Code Search, a deep learning-based approach designed to 
retrieve code snippets in response to natural language 
queries [32]. This work demonstrates the efficacy of leveraging 
natural language processing algorithms to enhance both code 
understanding and translation. 
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Raychev et al. pioneered the application of statistical 
language models for code completion, employing machine 
learning techniques to predict and suggest contextually 
appropriate code fragments [42]. Although their primary focus 
was on completion, their methodology facilitated code 
translation by offering accurate, context-aware suggestions 
throughout the translation process. Robbes et al. conducted user 
evaluations of automatic software repair methods [43], 
providing important insights into the usability and efficacy of 
automated code transformation techniques, which are also 
salient for source code translation initiatives. Sachdeva et al. 
presented a robust program synthesis framework through 
efficient code transplantation [44], illuminating the promise 
of transplantation as a powerful means for automating code 
transformation and translation workflows. 

Collectively, these studies present foundational insights and 
rigorous methodologies that underpin advances in source code 
translation, augmenting both code analysis and transformation 
capabilities. 

Among legacy approaches, tools such as Rosetta have 
employed neural machine translation strategies to convert code 
snippets between programming languages [45]. By comparison, 
transpilers are engineered to translate source code from one 
language to another while meticulously preserving structural 
and semantic fidelity [5]. More recent trends in AI-driven 
software engineering have yielded tools for tasks such as code 
summarisation [46], code comment analysis [31], [36], and 
code translation [39], [47], [48]. LLMs tailored for code are 
progressing rapidly, with code editing now emerging as a 
pivotal capability. The application of LLMs within Generative 
AI has gained significant traction in software engineering, 
notably in autocode generation [49], [50]. A proliferation of 
new code-centric LLMs has also marked the field, including 
models such as Mixtral [51], DeepSeek-Coder-33b-base [52], 
OpenCodeInterpreter-DS-6.7B [53], and Phind-Code-Llama 
[54], among others. 

The use of LLMs for programming tasks represents a 
significant advancement in computer science, enabling 
capabilities that were once considered unattainable [55]. This 
progress is driven by the growing complexity of software 
development and the increasing demand for tools that assist 
programmers in automating repetitive or technically 
challenging tasks. One such task is code translation, which 
involves converting source code from one programming 
language to another, a process that often demands a deep 
understanding of the syntax, semantics and idiomatic practices 
of both languages. Consequently, LLMs have emerged as 
promising tools for automating code translation, offering the 
potential to save time and reduce human error. 

A. Overview of LLMs Used in Source Code Translation 
The application of LLMs to programming tasks marks a 

profound advancement in computer science, enabling 
functionalities that were once unattainable [55]. This evolution 
is propelled by the escalating complexity of software 
development and the growing demand for intelligent tools that 
support programmers in automating both repetitive and 

technically demanding functions. Among these, code 
translation converting source code from one programming 
language to another stands as a particularly challenging task, 
necessitating a nuanced understanding of syntax, semantics, 
and idiomatic conventions unique to each language. LLMs have 
consequently emerged as highly promising instruments for 
automating code translation, holding the potential to 
significantly reduce time investment and mitigate human error. 

General-purpose LLMs, such as ChatGPT, have 
demonstrated considerable efficacy in code generation, paving 
the way for the emergence of specialised models tailored to 
software engineering applications, commonly referred to as 
Code LLMs [56]. These models are pre-trained on vast corpora 
of source code and can be fine-tuned for specialised tasks, 
including code completion, bug detection and repair, and cross-
language code translation [57]. 

With the rapid progress in Generative AI, a new generation 
of LLMs is achieving or even surpassing human-level accuracy 
across many code-related tasks, underscoring the necessity of 
rigorous comparative analyses of code translation performance 
across leading models such as DeepSeek and ChatGPT. It is 
imperative to systematically assess the strengths and limitations 
of each model, providing detailed insights into their 
effectiveness and applicability for code translation tasks. 
Benchmark datasets such as CodeXGLUE [58], CodeSearchNet 
[59], and XLCoST [60] serve as standard evaluation 
frameworks during inference and testing. These resources 
underpin the development and assessment of code-centric 
natural language processing tasks, including translation. 

LLMs have consistently exhibited outstanding performance 
on a broad array of natural language processing challenges, 
such as text generation, machine translation, and question 
answering. Most of these models are architected using the 
Transformer framework, enabling the capture of long-range 
dependencies and complex contextual relationships within text 
data [61]. The landscape of language modelling has witnessed 
a transformative shift, largely attributed to the advent of pre-
trained Transformer architectures [61]. 

DeepSeek [62] demonstrates remarkable prowess in code 
generation, particularly excelling at producing efficient and 
optimized code. It is adept at tackling complex programming 
tasks and consistently delivers outputs with high accuracy. 

Grok [63] is an emerging, versatile LLM exhibiting robust 
capabilities in both natural language processing and code 
generation. While it may not possess the deep technical 
specialisation of some peer models, Grok offers a well-balanced 
performance across both language understanding and 
programming competence. 

Claude [64] distinguishes itself as a reliable and consistent 
LLM, consistently yielding readable and maintainable code 
attributes highly valued in real-world software development 
projects. Named in honour of Claude Shannon, a luminary in 
information theory, Claude is engineered with a strong 
emphasis on safety, interpretability, and alignment with user 
intent. The model is underpinned by a transformer-based 
architecture and has been trained on an expansive and diverse 
dataset encompassing books, technical literature, programming 
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content, and publicly available web data. This extensive 
training corpus empowers Claude to perform a multitude of 
language tasks, including code generation, summarization, and 
translation. 

A defining characteristic of Claude lies in its prioritization of 
AI safety and ethical value alignment. Employing strategies 
such as Reinforcement Learning from Human Feedback 
(RLHF), the model is designed to enhance output quality, 
reduce the risk of biased or harmful responses, and ensure close 
alignment with user expectations. These attributes render 
Claude especially suitable for contexts where adherence to 
ethical standards and safety is of paramount concern. 

Gemini [65], developed by Google DeepMind, is a state-of-
the-art multimodal large language model that represents a 
significant leap in artificial intelligence capabilities. Built upon 
an advanced transformer-based architecture, Gemini is 
engineered for both performance and scalability. A distinctive 
aspect of Gemini is its multimodal proficiency, enabling it to 
interpret and generate not only natural language text, but also 
visual and structured data inputs. 

Gemini is widely recognised for its advanced language 
understanding, which translates directly to its effectiveness 
in code generation, debugging, and code explanation. Its ability 
to follow complex instructions and produce functionally 
accurate code makes it suitable for a wide range of development 
tasks. Gemini can generate, explain, and debug code in more 
than 20 programming languages, including Python, JavaScript, 
Prolog, Fortran, C++, Go, Java, and many others. With features 
like a large context window up to 2 million tokens and the 
ability to process up to 10 000 lines of code at once Gemini 
facilitates extensive code analysis and project-scale 
transformations. 

Within development environments, Gemini Code Assist 
integrates Gemini’s capabilities into popular IDEs (such as 
Visual Studio Code, JetBrains IDEs, and Android Studio), 
offering context-aware code completion, instant code review, 
automatic bug identification, and suggestions for code changes 

and optimisations. The system also supports multi-file edits, 
project-scale context awareness, human-in-the-loop 
supervision for critical tasks, and integration with ecosystem 
tools via the Model Context Protocol (MCP). Through its API, 
Gemini can iteratively generate and execute Python code, learn 
from execution results, and refine outputs a feature essential for 
code-based reasoning and complex solution synthesis. 

In advanced use cases, Gemini underpins AlphaCode 2, 
which competes at a world-class level in programming 
competitions by solving advanced algorithmic tasks, 
demonstrating coding abilities that surpass most human 
participants. 

Other application-specific LLMs, including LLaMA-3,  
Phi-3, Mistral, and Gemma, have also made notable advances 
in code summarization, offering sophisticated methods for 
generating concise, functionally accurate descriptions of source 
code [66]. These models contribute to the rapidly evolving 
landscape of LLMs for code, supporting broad applications 
from generation and translation to documentation and 
intelligent explanation. 

Table I shows the detailed comparison of current widely used 
LLMs and supported programming languages along with 
trainable parameters. 

The following LLMs have been extensively applied to code-
related tasks such as code summarization, bug detection, code 
comprehension, and translation across different programming 
paradigms. 

B. ChatGPT 4.1 
ChatGPT-4.1, released by OpenAI in April 2025, is a state-

of-the-art general-purpose LLM built upon the GPT-4 
architecture. It is notable for its advanced reasoning abilities, 
improved instruction-following, and robust multimodal 
comprehension including both text and image inputs. GPT-4.1 
represents the latest evolution in OpenAI’s language model 
series. 

TABLE I 
COMPARISON OF LLMS USED FOR SOURCE CODE TRANSLATION 

Model Developer Parameters Supported Languages Key Features 

ChatGPT 4.1 OpenAI 1.76T 
Python, Java, C++, 
JavaScript, TypeScript, SQL, 
HTML, etc. 

General-purpose transformer model with 
strong reasoning and translation 
capabilities, trained with RLHF 

DeepSeek R1 DeepSeek AI 
Undisclosed 
(estimated 
50B–100B) 

Python, Java, C++, TypeScript, 
JavaScript, etc. 

Lightweight reasoning model with strong 
performance in code generation and 
mathematical reasoning 

Claude Anthropic 
Undisclosed 
(estimated 100B–
200B) 

Python, Java, C++, Go, 
JavaScript, etc. 

Focuses on alignment, safety, and ethical 
reasoning with conversational and 
problem-solving proficiency 

Gemini Google DeepMind Undisclosed 
(estimated >500B) 

Python, Java, C++, JavaScript, 
HTML/CSS, SQL 

Multimodal reasoning model capable of 
understanding text, images, charts; strong 
factual grounding 

TransCoder Meta AI 1B (estimate) Python, Java, C++ 
Pretrained specifically for code 
translation tasks using supervised 
learning on parallel code datasets 
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ChatGPT-4.1 has demonstrated remarkable proficiency in 
Python code generation, delivering robust solutions for 
exploratory data analysis, data preprocessing, and categorical 
data analysis [67]. Its code generation capabilities establish 
it as a highly asset for data-driven development tasks [68]. 
More recently, its application in code translation has emerged 
as a promising research direction, with the model showing 
notable potential to automate code conversion between diverse 
programming languages [69]. 

Modern code-oriented LLMs, exemplified by ChatGPT, 
leverage billions of parameters and are fundamentally based on 
transformer-driven neural network architectures [48], [70]. 
These models are pre-trained on large-scale, application-
specific corpora containing both natural language and source 
code [71]. The pre-training phase is typically supplemented by 
supervised fine-tuning and reinforcement learning from human 
feedback (RLHF). In the ChatGPT architecture, the 
predominant pre-training objective is language modelling, 
wherein the model learns to predict the next token in a sequence 
conditioned on the preceding context [72]. 
The key architectural and performance highlights include: 
ChatGPT-4.1 is constructed with 1.76 trillion parameters and a 
120-layer transformer architecture and was trained on more 
than 25 000 GPUs over a period of nearly 100 days. It achieves 
outstanding performance in natural language understanding and 
code generation. Notably, ChatGPT-4.1 demonstrates 
significant improvements in multimodal benchmarks (e.g., 
MMMU, MathVista) and exhibits enhanced alignment with 
user intent through RLHF. Within the context of this study, 
GPT-4.1 is employed to translate Java source code into Python, 
utilising carefully engineered prompts to guide its behaviour, 
ensuring consistency and translation fidelity. 

ChatGPT’s widespread adoption, comprehensive support for 
a multitude of programming languages, and continual model 
refinement position it as an ideal baseline for comparison with 
specialised tools such as TransCoder and more recent entrants 
like DeepSeek. 

C. DeepSeek R1 
DeepSeek [62] is a state-of-the-art suite of LLMs that has 

rapidly evolved since its inception. Established in 2018, 
DeepSeek initially focused on accessible and efficient AI tools 
and has since developed into a leader in open-weight, high-
parameter LLMs. Notable milestones include the release of 
DeepSeek Coder (2023), DeepSeek-V3 (2024), and DeepSeek-
R1 (2025), each introducing major advancements in reasoning, 
efficiency, and cost-effectiveness [32], [52]. The flagship 
DeepSeek-V3 and R1 models comprise an immense 671 billion 
parameters, employing a Mixture-of-Experts (MoE) 
architecture with 37 billion parameters activated per token. 
DeepSeek-Coder-V2, specifically optimised for code-related 
tasks, features 236 billion parameters and supports a 128 000-
token context window. Training DeepSeek-V3 required 
approximately 2000 NVIDIA H800 GPUs over 55 days, with 
each GPU equipped with at least 80GB of VRAM. The 
infrastructure leverages distributed computing, high-speed 
networking (InfiniBand), and frameworks such as PyTorch and 

DeepSpeed to optimise parallelism and efficiency [52]. The 
total training expenditure for DeepSeek Coder was estimated at 
$6 million, reflecting significant optimisation compared to 
competitors like ChatGPT and Gemini. DeepSeek utilises both 
data and model parallelism, incorporating advanced 
communication strategies and memory optimisations to 
efficiently scale across thousands of GPUs while minimising 
bottlenecks [52]. 

DeepSeek excels at code generation, debugging, refactoring, 
and optimisation across a variety of programming languages, 
including Python, JavaScript, C++, Java, and more. Like other 
leading LLMs, DeepSeek is trained to generate entire code 
blocks from natural language prompts, debug and correct code 
errors, and provide explanations and optimised solutions. It also 
possesses the capability to refactor disorganised or inefficient 
code, enhancing readability and performance. Currently, it 
supports project-level code completion and infilling with large 
context windows (up to 128 000 tokens), offers multi-language 
support, and can automatically generate documentation. With 
state-of-the-art performance on code benchmarks and open-
source availability, DeepSeek has emerged as a preferred tool 
among developers, educators, and researchers seeking 
powerful, efficient AI-driven coding assistance. DeepSeek 
LLMs are meticulously designed to address complex AI 
challenges using advanced deep learning techniques. These 
models vary in architecture, training data, and performance 
metrics, underscoring the necessity of evaluating their 
suitability for specific code translation tasks [73]. 

D. CodeGen 
TransCoder, developed by Facebook AI Research (FAIR), is 

a specialised neural trans-compiler engineered for translating 
source code between programming languages. Built upon the 
transformer architecture, it is trained using unsupervised 
learning techniques on expansive monolingual code corpora. 
The tool supports translation across several programming 
languages, including Java, Python, and C++, making it well-
suited for code migration and interoperability tasks. 

CodeGen, previously known as TransCoder, is a dedicated 
tool developed by MetaTM for converting code among 
languages such as C++, Java, and Python. Trained on a 
substantial corpus of code examples, it utilises a multilingual 
approach to accommodate both source and target languages. 
While CodeXGLUE encompasses a broader range of code-
related NLP tasks, TransCoder is specialised for code 
translation and is intended as a practical resource for developers 
and researchers operating across programming environments. 

Training Architecture: CodeGen utilises a Transformer-
based architecture with 6 layers, 8 attention heads, and a model 
dimensionality of 1024. A single encoder-decoder pair handles 
all supported programming languages. After pre-training, the 
model undergoes alternating training phases using Denoising 
Auto-Encoding and Back-Translation objectives. The Adam 
optimizer is employed for model optimisation. 

Dataset Used in TransCoder: For training, the authors 
leverage the publicly available GitHub dataset from Google 
BigQuery, filtering for repositories that allow redistribution, 
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and selecting Java, Python, and C++ projects. Training and 
evaluation occur at the function level, as modest-sized code 
snippets are manageable within a single batch and facilitate 
clear assessment. For validation and testing, multi-language 
solutions to problems from the GeeksforGeeks platform are 
utilised. TransCoder integrates static analysis with machine 
learning techniques to facilitate cross-lingual code retrieval and 
translation [48]. 

E. Transpiler 
A transpiler tool [5] developed by researchers at the 

University of California, San Diego, is capable of translating 
source code between diverse programming languages, 
leveraging a combination of machine learning and advanced 
program analysis techniques. Transpiler is a sophisticated AI-
driven system specifically designed to automate code 
translation [74], [75], code generation, and optimisation 
across multiple programming languages. Its development aligns 
with the rising demand for technologies that bridge language 
barriers in software engineering, thus serving as an invaluable 
asset for developers engaged in modernising legacy codebases 
or migrating projects across technology stacks. 

Transpiler models typically span from hundreds of millions 
to several billion parameters, depending on the specific version 
and target application. State-of-the-art variations employ 
transformer architectures analogous to those powering large 
language models, enabling nuanced code understanding and 
generation [5], [76]. Training durations are contingent on model 
scale and dataset complexity, with large models often trained 
over several weeks on distributed clusters of NVIDIA A100 or 
H100 GPUs with some iterations utilising between 512 and 
2048 GPUs. Each GPU is generally furnished with 40–80 GB 
of VRAM to efficiently manage the expansive context windows 
required for comprehensive code translation tasks. The cost of 
training a high-performance Transpiler model can escalate into 
several million dollars, accounting for computational 
infrastructure, storage, and engineering efforts. To optimise 
both efficiency and expenditure, techniques such as mixed-
precision training and parallelism are implemented, alongside 
high-speed interconnects to facilitate distributed training across 
substantial GPU clusters. 

Designed specifically for code-centric applications, 
Transpiler excels at automating complex software engineering 
workflows [5], [6], [48] demanding deep semantic 
comprehension and accurate language mapping. Among its 
principal capabilities are: 
• translating code between major programming languages 

(e.g., Python to Java, C++ to Rust) while faithfully 
preserving logical structure; 

• generating idiomatic code in the target language that 
adheres to language-specific conventions and library 
usage; 

• refactoring and modernising legacy codebases to enhance 
readability and replace obsolete patterns; 

• providing contextual code completion, infilling, and 
automated documentation generation for multilingual, 
large-scale software projects; 

• supporting project-wide migration through large context 
windows, thereby ensuring cross-file and cross-module 
consistency [77]. 

Transpiler’s robust performance on code translation and 
migration benchmarks [76], [78], coupled with its adaptability 
to emerging languages and frameworks, establishes it as a 
preferred solution for organisations engaged in large-scale code 
modernisation and cross-platform software development 
initiatives. 

III. METHODOLOGY 
The principal aim of this study is to achieve a holistic 

understanding of the quality of source code produced by two 
state-of-the-art (SOTA) LLMs, namely ChatGPT and 
DeepSeek, coupled with a comparison of software quality 
metrics of translated source code from each LLM. This 
investigation is designed to elucidate the intrinsic strengths and 
potential drawbacks of these advanced techniques, thereby 
equipping practitioners with actionable insights for selecting 
the most appropriate solution tailored to their unique project 
demands. Figure 1 illustrates the methodological framework 
adopted to assess the efficacy of various LLMs within the 
domain of source code analysis. 

A. Prompts Used for ChatGPT and DeepSeek LLMs 
Prompt engineering is a critical determinant in fully 

leveraging the capabilities of LLMs for code generation and 
translation. In this study, prompts are crafted with meticulous 
attention to detail and systematically optimised to elicit high-
quality outputs from each model. 

Each prompt delivers clear and succinct instructions, 
delineating the target programming language, coding task, and 
any specific constraints or requirements. A variety of prompting 
strategies are assessed, including detailed step-by-step 
directives, examples reflecting preferred coding conventions, 
and precise definitions of input/output formats. 

For ChatGPT, prompt templates are strategically utilised 
to enhance code translation accuracy, facilitate code 
refactoring, and support requirements elicitation [79]. These 
prompt formulations undergo iterative tuning generated results 
are actively evaluated, and prompts are refined in accordance 
with performance metrics. 

This cyclical process systematically adjusts prompt 
parameters, with continual measurement of their impact on 
code quality indicators such as syntactic correctness, execution 
efficiency, and readability. The prompt designs are adaptable 
across different programming languages and coding scenarios, 
thus ensuring an equitable and consistent assessment of the 
LLMs under varied experimental conditions. The overarching 
objective is to craft prompts that minimise ambiguity and 
optimise the models’ ability to produce accurate, idiomatic code 
translations. 
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Fig. 1. Methodology for source code analysis using LLMs. 

Prompt patterns act as structured directives that guide LLMs 
in applying rules, adhering to workflows, and achieving 
predetermined quality attributes in generated code [79]. 
However, empirical studies have revealed that common 
prompting approaches, including simple, persona-based, and 
conversational prompting, do not consistently surpass the 
default performance of models such as ChatGPT-3.5 [80]. 

These results highlight the necessity of refining prompt 
engineering practices, including the integration of elements 
from multiple prompting techniques, to further enhance LLM 
performance [81]. 

Prompts Used in ChatGPT and DeepSeek Source Code 
Translation: The same prompt was employed for both LLMs 
following multiple iterations and validations to ensure output 
fidelity. These prompts were then further optimised to eliminate 
unnecessary additions during the translation process. 

The final prompt applied is as follows: 
” Translate the following Java code to equivalent Python 

code without adding complexity. Keep the same logic and 
structure. Only provide the Python code without any additional 
explanation. Please do not add any code block markers in the 
translated code.” 

B. SonarQube Analysis 
To rigorously assess the quality and security of the 

translated code, SonarQube, a widely adopted static analysis 

platform, is integrated into the evaluation workflow [82]. 
SonarQube facilitates the detection of code smells, potential 
bugs, and security vulnerabilities within the generated outputs 
[83]. 

Setup and Configuration: A dedicated SonarQube server will 
be established, equipped with language-specific plug-ins for 
both Python and Java to enable a robust static code analysis. 
The configuration will include tailored measurement of 
software quality metrics across three principal categories: 
maintainability, reliability, and security [82]. Quality gates will 
be defined to enforce coding conventions and ensure alignment 
with industry-standard security practices. 

Code Analysis: Each code artefact produced by the LLMs 
will be subjected to a comprehensive static analysis via 
SonarQube [84]. The analysis will encompass an extensive 
evaluation of multiple quality dimensions, such as cyclomatic 
complexity, maintainability, and potential security 
vulnerabilities [85]. 

Metric Collection: Key software metrics, including the count 
of code smells, identified bugs, and detected vulnerabilities, 
will be systematically recorded for every translated code 
instance. These quantitative indicators will provide objective 
measures of the code quality produced by each LLM. 

Comparative Assessment: The results from SonarQube 
analyses will be comparatively assessed across the evaluated 
LLMs to identify which models generate code that is more 
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secure and maintainable. Statistical methods will be employed 
to determine the significance of observed disparities in the 
collected metric values. 

Integration of Low-Level Software Metrics: The principal 
SonarQube metrics pertaining to reliability, maintainability, 
and overall code quality will be integrated with additional low-
level sub-metrics such as execution success rate, code 
readability, and code comprehensibility. This holistic approach 
will yield a comprehensive and multidimensional evaluation of 
each LLM’s code translation performance. 

By incorporating SonarQube analysis within the 
methodological framework, this study delivers a robust and 
nuanced examination of both the functional correctness and the 
key quality characteristics of code produced by large language 
models. 

IV. JAVA-PYTHON DATASET SELECTION 
For evaluation, we selected two of the most prevalent 

programming languages: Java and Python. Both are prominent 
representatives of the object-oriented paradigm, consistently 
ranking among the most widely utilised languages as reported 
by Statistica [86]. This choice not only reflects industry 
relevance but also allows for a more controlled comparison 
of software metrics, given their shared paradigm yet distinct 
syntactic and semantic features. The selected languages 
encapsulate diverse yet widely adopted software ecosystems, 
supporting a robust and generalizable evaluation. 

For each language, we curated representative datasets 
comprised of high-quality code samples. These samples served 
as input for both ChatGPT and DeepSeek LLMs, with the 
translations performed into Python code. The use of high-
calibre datasets is essential for training and evaluating code 
translation systems. HumanEval, for instance, is a widely 
adopted benchmark that evaluates code generation from doc-
strings; it contains 164 programming problems, each 
accompanied by unit tests to rigorously verify functional 
correctness. Another important dataset, CoNaLa, offers pairs of 
natural language and code, which has been leveraged 
extensively in code generation research for fine-tuning and 
evaluation tasks [87]. 

Numerous datasets have been curated for source code 
machine learning tasks, such as CODEXGLUE, 
CodeSearchNet, Tree-to-Tree, and XLCoST. Further details 
and dataset comparisons are presented in Section IV. Among 
these, XLCoST stands out as a critical benchmark for cross-
lingual code intelligence tasks, including code translation [60]. 

Implementation and Setup: To ensure a comprehensive and 
fair comparison between ChatGPT 4.1 and DeepSeek, a 
dedicated evaluation framework was established as described in 
Section V. Implementations were methodically set up, with all 
dependencies addressed and parameters finely tuned. 

These datasets are typically sourced from real-world 
repositories, comprising aligned code snippets and their 
counterparts across various languages [88]. Recent research has 
prioritized the construction of large-scale multilingual datasets 
that cover a spectrum of programming languages and paradigms 
[89]. These datasets are often mined from prominent open-

source hosting sites, online coding forums, and publicly 
available repositories, providing a rich substrate for data-driven 
model development [90]. 

Data augmentation techniques such as code mutation and 
back-translation are frequently employed to expand dataset size 
and diversity, enhancing model robustness and generalization. 
Moreover, rigorous data cleaning and preprocessing (including 
noise filtering, error correction, and standardization of code 
formatting) are crucial to maintain dataset quality and 
consistency for downstream tasks. 

Other notable datasets include Concode, which encapsulates 
natural language problem descriptions via JavaDoc comments 
within Java class contexts [91], and the IRCoder dataset, which 
utilises publicly available code files for extensive pre-
training [92]. Additionally, synthetic datasets are often 
constructed to bolster pre-training and fine-tuning stages [93]. 

While labelled data is plentiful for certain tasks (e.g., code 
completion), complex endeavours, including code generation, 
translation, summarization, and repair, depend on meticulously 
curated, high-quality datasets [94]. Previous research has 
demonstrated that careful cleaning and structural refinement of 
code substantially boosts the effectiveness of code generation 
models [95]. 

A summary of the key datasets used for machine learning-
based source code translation is given below. 

TABLE II 
SOURCE CODE DATASETS FOR MACHINE LEARNING 

Dataset Languages 
Supported Size Source code 

Translation 
Google Code Jam [96] 20 2.4 M Yes 
Code Search Net [97] 20 908 K Yes 
XLCoST [98] 7 132 K Yes 
Project CodeNet [59] 55 13.9 M No 
Tree-to-Tree Dataset 
[99] 

2 20 K No 

CodeXGLUE-
CodeTrans 
Dataset [58] 

2 13 K Yes (Java to 
C#) 

GraphCodeBert [100] 2 2.4 M No 
AVATAR [101] 2 9 K No 
 
After a careful evaluation of the available code translation 

datasets, summarised in Table II, we selected the XLCoST 
dataset for our empirical study. XLCoST stands out for its 
comprehensive scope and fine-grained snippet-level alignment, 
covering 1625 parallel programming problems across seven 
major programming languages, notably including Java and 
Python. Unlike method-level alignments found in datasets such 
as CodeXGLUE, the snippet-level annotation of XLCoST 
provides substantially finer granularity for direct comparison, 
making it particularly suitable for assessing the quality and 
fidelity of translated code in a multilingual context. 

Introduced by Zhu et al., XLCoST is a benchmark 
specifically designed for cross-lingual code intelligence. The 
dataset features fine-grained parallel data spanning seven 
widely used programming languages (C++, Java, Python, C, 
JavaScript, PHP, and C), as well as natural language (English), 
supporting ten cross-lingual code-related tasks. These tasks 
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include code translation, code search, and code classification, 
among others, making XLCoST a comprehensive resource for 
multilingual code intelligence research. 

A key distinguishing feature of XLCoST is its snippet-level 
alignment: for each code snippet in a given source language, the 
dataset contains equivalent translations in all other supported 
languages such as Python. Programs are segmented into aligned 
code snippets, each paired with a language-consistent comment 
that provides a uniform natural language description across all 
language variants. This enables precise comparisons during 
evaluation and facilitates supervised training of translation and 
code understanding models. The consistent annotation across 
languages also enhances the dataset’s value for semantic 
alignment tasks, such as code summarization and comment 
generation. 

With the largest parallel coverage in terms of both size and 
number of supported languages, XLCoST is a pivotal resource 
for developing and validating cross-lingual code intelligence 
methods and benchmarking state-of-the-art code translation 
models. 

A. Sample Size Determination for Source Code Analysis 
Sample size is a fundamental statistical concept, representing 

the number of observations or replicates required in a study to 
draw reliable and generalizable inferences about a population 
[102]. In empirical software engineering, determining an 
appropriate sample size is essential to ensure that research 
findings achieve statistical significance and can be extrapolated 
beyond the studied sample. 

The XLCoST dataset offers approximately 132 k unique Java 
samples collected from open-source GitHub repositories. For 
this study, random selection of 500 samples from the training 
set of XLCoST dataset is used for evaluation. To substantiate 
this choice, we reference the standard statistical significance 
[102] calculation formula (1) for calculating the required 
sample size (n), based on predetermined confidence levels and 
margins of error. 

For a significance level of pvalue ≤ 0.05, z-score = 1.96, 
confidence interval = 95 %, and margin of error = 5 %. 

 n = e2 × Z 2 × p(1 − p), (1) 

where:  
Z = 1.96 (95 % confidence level); 
p = expected accuracy proportion (use 0.5 for conservative 
estimates); 
e = margin of error (±5 % typical). 
In this empirical study, ChatGPT 4.1 and DeepSeek R1 

are employed for Java-to-Python translation tasks, with the 
objective of evaluating code quality, translation fidelity, and 
static analysis performance using the SonarQube Static 
Analysis Tool (SAT). 

 
 
 

V. EVALUATION 
This section provides an overview of the results and the 

empirical comparison between the two models. The translated 
code generated by ChatGPT (v4.1) and DeepSeek R1 was 
subjected to analysis using SonarQube. 

A randomly selected batch of Java code snippets was 
extracted from the XLCoST dataset for this analysis. These Java 
snippets were formatted according to standard conventions 
using Google Java Format to prevent any formatting 
discrepancies during the subsequent translation process by the 
LLMs. The batch was then submitted to both ChatGPT and 
DeepSeek using an identical prompt. Representative outputs 
from each model, along with a visual depiction of a key 
software metric such as Lines of Code (LOC) is presented 
in Fig. 2. 

A. Evaluation Flow for Analysis of LLM Translated Code 
Figure 3 presents the evaluation pipeline utilised to assess the 

performance of ChatGPT and DeepSeek in the source code 
translation task. The outputs generated by both models are 
subsequently subjected to comprehensive static analysis using 
SonarQube. 

Source Code Translation Evaluation Framework: A fully 
automated evaluation framework was developed, based on the 
methodology outlined in Section III. This framework facilitated 
a series of systematic experiments designed to thoroughly 
evaluate the selected AI models. Each experiment targeted 
distinct evaluation dimensions, including translation accuracy, 
performance profiling, language coverage, reliability, and 
flexibility analysis. All assessments were conducted within a 
controlled environment to minimise external variability and 
ensure the validity of results. 

Evaluation Metrics: A comprehensive suite of software 
evaluation metrics, as provided by SonarQube SAT, was 
employed to measure the effectiveness and performance of code 
translated by ChatGPT and DeepSeek. Metrics include not only 
standard dimensions of reliability, maintainability, and security 
but also translation accuracy, execution time, language support, 
and structural flexibility. Language coverage quantified the 
breadth of programming languages supported by each model, 
while flexibility was gauged based on each model’s aptitude for 
managing complex code structures and edge cases. Previous 
study by Weisz et al. [103] conducted an empirical study to 
assess the effectiveness of use of AI in programming 
language translation. The study explored the capabilities of AI 
techniques in translating code between different programming 
languages, evaluating factors such as accuracy, efficiency, and 
performance. 

1) Weighted Methods per Class (WMC). 
2) Depth of Inheritance Tree (DIT). 
3) Number of Children (NOC). 
4) Coupling Between Objects (CBO). 
5) Response for a Class (RFC). 
6) Lack of Cohesion in Methods (LCM). 
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Fig. 2. Comparison of translated Python code of ChatGPT and DeepSeek LLMs. 

The metrics in source code translation encompass 
functionality equivalence, object-oriented metrics like CKMS, 
code similarity metrics like CrystalBLEU, comparative metrics 
for different high-level languages, and code plagiarism 
detection metrics. These metrics provide valuable insights into 
the correctness, design, efficiency, and originality of the 
translated code, facilitating the evaluation and improvement of 
source code translation techniques. The tools for evaluation of 
AI translated code such as Codegen [48] introduced 
heterogeneous solution and software metric CA 
(Computational Accuracy). 

Data Collection and Analysis: Batches of randomly selected 
Java snippets from the XLCoST dataset were translated using 
both ChatGPT and DeepSeek, employing the same prompts for 
consistency. The translated outputs were recorded and 
aggregated into batches, then analysed in SonarQube for quality 
and correctness. The evaluation encompassed translation 
accuracy scoring, execution time measurement, and qualitative 
observations concerning language coverage and model 
flexibility. Statistical analysis techniques were applied to the 
resulting dataset to extract meaningful insights and elucidate 
comparative trends. 

Comparative Analysis: A comparative assessment was 
carried out to evaluate the software quality of translations 
produced by ChatGPT and DeepSeek. Evaluation outcomes 
were compared across key dimensions, including software 
quality, translation effectiveness, language support, 
performance, and the capacity to handle diverse and complex 
code structures. 

The findings are organised across three primary software 
quality domains, as established by SonarQube analysis: 

Maintainability: Evaluated through the presence of code 
smells, duplicated code blocks, and cyclomatic complexity. 

Reliability: Assessed by identifying bugs and potential 
logical errors in the translated output. 

Security: Measured by detecting common vulnerabilities and 
risky coding patterns. 

This structured methodology enables a robust comparison of 
code quality and correctness delivered by each large language 
model and aligns with current best practices in the evaluation of 
LLM-driven code translation. 

In addition to the high-level metrics comparison shown in 
Fig. 4a, we conducted an in-depth analysis of low-level metrics, 
as depicted in Fig. 4b. These fine-grained metrics, utilised by 
SonarQube as rule-based tags, enable more nuanced filtering 
and evaluation of specific software quality attributes within the 
analysed source code. 

The comparison of software metrics, as depicted in Fig. 4, 
indicates that DeepSeek consistently outperforms ChatGPT 
across all assessed domains. Furthermore, we observed that 
DeepSeek’s translations are generally more efficient, frequently 
yielding fewer lines of code compared to those produced by 
ChatGPT. A comprehensive summary of the software quality 
measurements obtained through SonarQube analysis is 
provided in Table III. 

The analysis of software quality metrics from SonarQube, as 
presented in Table III, reveals that the original Java code 
achieves the highest maintainability score (3432), which 
encompasses measurements of code smells, technical debt, 
technical debt on new code, technical debt ratio, and code 
complexity. In contrast, the translated outputs from ChatGPT 
(score: 1500) and DeepSeek (score: 832) demonstrate 
substantially lower values across maintainability, reliability, 
and security metrics. Java code exhibits the greatest volume of 
issues at all severity levels, especially within the medium (747) 
and low (3400) severity categories. 
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Fig. 3. Source code translation evaluation flow. 

TABLE III 
SOFTWARE METRICS MEASUREMENTS TRANSLATED CODE FROM CHATGPT AND DEEPSEEK LLMS 

Metrics Category Java (Original) ChatGPT 
(Python) 

DeepSeek 
(Python) 

Maintainability 3432 1500 832 
Reliability 63 7 5 
Security 1 0 0 
Severity Blocker 2 4 1 
Severity High 47 20 22 
Severity Medium 747 86 446 
Severity Low 3400 1400 363 
Clean Code: Consistency 2000 1400 726 
Clean Code: Intentionality 222 118 81 
Clean Code: Adaptability 1200 23 25 
Clean Code: Responsibility 0 0 0 
Cyclomatic Complexity 2846 2766 2295 
Cognitive Complexity 2684 2907 2664 
Size: LOC 10559 9886 7808 
Size: Lines 11844 11002 9256 
Size: Statements 6603 8712 7525 
Size: Functions 1188 928 698 
Size: Classes 506 505 6 
Size: Programs/Files 500 500 500 
Total Remediation Effort 6 h 45 m 1 h 30 m 1 h 
Total Maintainability Debt 42 days 13 days 11 days 
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(a) Comparison of high-level software metrics 

 

(b) Comparison of low-level software metrics 

Fig. 4. Comparison of software metrics. 

Among the translated outputs, DeepSeek demonstrates 
superior maintainability, evidenced by a notably lower 
technical debt of 11 days compared to ChatGPT’s 42 days. In 
SonarQube, technical debt is calculated as the total estimated 
remediation effort required to resolve all maintainability issues 
(code smells), typically expressed in working days. The 
technical debt ratio quantifies this as the proportion of 
remediation cost to total development cost, highlighting the 
extent of maintainability challenges in each codebase. 

Regarding low-level code quality attributes, the original Java 
code attains the highest scores in clean code characteristics such 
as consistency (2000), intentionality (222), and adaptability 
(1200), while both ChatGPT and DeepSeek fall short in these 
dimensions. Notably, all three code sets Java, ChatGPT, and 
DeepSeek report zero for responsibility metrics. Cyclomatic 
complexity is comparable between Java (2846) and ChatGPT 
(2766), whereas DeepSeek achieves greater simplicity with a 
lower value (2295). 
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(a) Java Code Maintainability Distribution (b) ChatGPT Python Code (Translated) Maintainability Distribution 

 

 

(c) DeepSeek Python Code (Translated) Maintainability Distribution  

Fig. 5. Maintainability distribution of original Java, ChatGPT (Python) and DeepSeek (Python). 

For size-related metrics, the Java codebase is the largest, 
comprising 10 559 lines of code and 1188 functions, followed 
by ChatGPT (9886 LOC and 928 functions) and DeepSeek 
(7808 LOC and 698 functions), confirming DeepSeek’s ability 
to generate more concise and efficient code. Collectively, these 
results demonstrate that DeepSeek outperforms ChatGPT in 
code translation tasks, particularly with respect to 
maintainability, code size, and significant reductions in 
technical debt. 

The overall distribution of the entire data analysed through 
SonarQube is depicted in Fig. 5. The figure clearly 
demonstrates that DeepSeek exhibits minimal maintainability 
issues and technical debt across the 500 randomly selected 
samples used for translation. 

VI. CONCLUSION 
By conducting empirical analysis of ChatGPT and 

DeepSeek, this study systematically evaluated and compared 
software metrics of LLM-translated code. Research assessed 
effectiveness, performance, and applicability of each model in 
source code translation contexts. Software quality indicators 
including execution time, language coverage, and flexibility 
were examined, offering comprehensive perspective on 
distinctive strengths and limitations of both approaches. 

While AI can effortlessly generate code, it does not 
inherently ensure high-quality, maintainable output. Recent 
research in this area commonly employs static code analysis 
tools, such as SonarQube, PMD, and FindBugs, for Python and 
Java to assess code quality. However, these studies primarily 

focus on a broad codebase analysis rather than the specific 
challenges posed by code translation workflows. Additionally, 
their evaluations largely concern syntactic and semantic 
correctness of AI-translated code, without systematically 
quantifying improvements in software quality dimensions like 
reliability, maintainability, and overall software metrics. 

This study insights suggest that supplying rich contextual 
information during code translation can enhance LLM output 
quality. However, prompt strategies effective for one LLM may 
not yield comparable improvements with another, due to 
variations in model architecture, training data, and fine-tuning 
methodologies. Employing static analysis tools can help 
uncover quality and security issues in AI-generated outputs. 
Integrating real-time static analysis platforms, such as 
SonarQube, into evaluation pipelines is essential for 
comprehensive translated code assessment and quality software 
development. 

Despite being released three months before ChatGPT-4.1, 
DeepSeek demonstrates superior performance across all 
assessed software quality metrics for code translation. This 
outcome highlights the pivotal role of targeted pre-training and 
fine-tuning strategies in developing effective LLMs. Results 
from Java-to-Python translation experiments reveal notable 
quality gaps between DeepSeek and ChatGPT, reinforcing the 
importance of additional evaluation layers for AI-generated 
code. 

This paper provides researchers, practitioners, and 
developers actionable insights for selecting appropriate source 
code translation solutions for specific use cases. This work 
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advances the field by delivering thorough evaluation of current 
SOTA techniques and promoting adoption of more robust and 
reliable translation methods. 

VII. FUTURE WORK 
As LLMs continue evolving with new content and 

architectural innovations, maintaining pace with these 
advancements ensures an ongoing, rigorous code quality 
analysis. 

Introduction of New Code-Based LLMs: With AI expanding 
into agentic architectures and tool-using autonomous agents, 
LLM workflows are evolving at pace. Next generation LLM 
models are being developed with more efficient training 
paradigms, expanded context windows, and superior reasoning 
capabilities, moving closer to achieving nuanced, human-level 
comprehension and decision-making. Future research iterations 
will incorporate emerging LLMs, including Tesla Grok, 
Perplexity AI, Google Gemini, and Anthropic Claude. These 
models draw considerable attention due to multi-modal 
functionality, grounded reasoning, and real-time scenario 
applicability. 

Enhanced Accuracy Metrics Assessment: Evaluating source 
code translation accuracy across programming languages 
remains inherently complex due to fundamental syntactic and 
semantic disparities. While automated tools provide substantial 
support, human expertise is often indispensable for interpreting 
edge cases, semantic ambiguities, and idiomatic constructs 
inadequately addressed by current automated systems. 

Future research proposes integrating AI-driven code analysis 
platforms such as DeepCode, employing advanced machine 
learning algorithms for semantic analysis extending beyond 
conventional static analysis techniques. DeepCode represents 
new generation intelligent code review tools, leveraging large-
scale code repositories and machine learning models to detect 
bugs, security vulnerabilities, and anti-patterns that might elude 
traditional rule-based systems. 

System/Application-Level Dataset Expansion: While this 
study primarily evaluates software quality metrics on 
procedure-level code snippets in object-oriented languages, 
future research aims at expanding an analysis to encompass 
larger, system- or application-level datasets. Such extension 
would facilitate LLM evaluation on complex, multifaceted 
codebases, yielding a deeper understanding of translation 
capabilities within realistic software project environments. 

System-level datasets would allow integration of advanced 
object-oriented metrics including Depth of Inheritance Tree 
(DIT), Number of Methods (NOM) per class, and Coupling 
Between Objects (CBO). These metrics are crucial for assessing 
maintainability, modularity, and overall complexity in object-
oriented paradigms. 

VIII. AI ETHICS 
Another important consideration is the ethical implications 

of using AI in source code translation. As with any technology, 
there are potential risks associated with the use of AI, such 
as the potential for biased or unfair translations. It will be 
important for researchers to carefully consider these issues and 

develop appropriate safeguards and guidelines for the use of AI 
in source code translation. 

A recent study by PwC [104] suggests that 84 % of CEO 
agree that AI-based decisions need to be explainable to be 
trusted. There is a clear need to review the AI practice in source 
code translation and ask a series of key questions related to 
trustworthy AI [105], take steps to tackle the variety of risks 
from AI-based solutions. There is also a need to examine how 
the interactions between people and AI models influenced the 
accuracy, reliability, and fairness of their decisions. Although 
AI-supported decisions were more accurate, people struggled to 
determine the accuracy of their own decisions as well as the AI 
recommendations. Systems with artificial intelligence or 
machine learning components raise new challenges and require 
careful engineering. 
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