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Abstract—With regard to the evolution of software systems, 

the process is hindered by the poor state of documentation, as 

software systems continuously evolve, which thereafter increases 

the maintenance costs to around 90% of development lifecycle 

spending. In addition, although the extraction of embedded 

business logic through the reverse engineering of requirements is 

essential, a gap in meaning remains between the source code and 

the high-level objectives, which means a need for addressing this 

issue. Therefore, currently, many artificial intelligence tools are in 

place for such actions. This research evaluates the performance of 

specialized Retrieval-Augmented Generation (RAG), general-

purpose large language models, and hybrid static AI systems by 

focusing on the expert observations of practitioners within 

industrial environments. To achieve this, the study gathers data to 

measure hallucination rates and the accuracy of business rule 

recovery based on the actual professional experience of those 

managing legacy code. In particular, these experts used EPAM 

ART, GitHub Copilot, and IBM ADDI to provide percentage-

based error estimates and rate rule identification on a standard 

scale. Ultimately, this empirical approach ensures that the 

research questions are addressed through the practical insights 

and lived experiences of professionals. In this research, a study of 

perspectives of 39 senior professionals observed that, while 

general models are successful at abstracting meaning with a score 

of 4.05 out of 5, a shortfall in traceability is retained. Furthermore, 

it was discovered that hybrid tools such as IBM ADDI allow for 

superior formal mapping with a score of 4.23 out of 5, although a 

struggle in verification is produced because high rates of incorrect 

data generation or hallucination exceeding 20% were reported by 

66.7% of the participants. In light of these findings, this research 

proposes a strategy of multiple tool coordination in order to make 

the evolution of software systems feasible over long periods.  
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I. INTRODUCTION  

A. Context and Problem Statement 

Regarding the operation of modern enterprises, legacy 
software systems are viewed as the functional base, although the 
fading of documentation is frequently observed as original 
requirements no longer align with the evolving source code [1-
6]. In addition, this state results in obsolete documentation that 
affects the maintainability of systems and increases the risk of 
architectural erosion during modernization efforts. Furthermore, 
as a shift toward microservices and cloud native architectures is 
accepted by organizations, the reverse engineering of 
requirements is required so that business rules embedded in 

undocumented implementations in the software are recovered. 
As a result, the difficulty of translating low level programming 
constructs into human readable requirements is encountered as 
a gap of semantics, additionally, while manual processes are 
considered economically not feasible due to costs reaching 90% 
of lifecycle expenses, traditional rule based automation is 
hindered by the lack of cognitive flexibility for complex logic 
[7-11]. 

Regarding the potential for modern artificial intelligence and 
large language models to offer a useful approach to bridge this 
gap, the deployment of such tools is hindered by risks as these 
models are prone to the generation of nonsense requirements or 
hallucinations that contradict the actual source code logic [12-
18]. In addition, a shortage in traceability is maintained, where 
high-level summaries are provided without a detailed mapping 
to the specific lines of code from which they were derived. As a 
result, this absence of mapping is found to make the verification 
process more difficult. Due to the influence of these factors, a 
struggle in verification is produced where the role of the 
engineer is required to change from an author to an oversight 
manager who is responsible for validating large generated 
output so that system functionality and integrity are ensured [19-
20]. 

B. Motivation 

In order to allow the integration of artificial intelligence into 
the reverse engineering of requirements, the process is imposed 
by a demand for economic improvement throughout the 
software lifecycle because maintenance and evolution are found 
to account for 60% to 90% of the total cost of software 
development [1, 21-26]. In addition, a large majority of these 
costs are produced by the cognitive effort that is required to 
understand undocumented legacy code, while it is also observed 
that artificial intelligence acts as a safeguard against the loss of 
institutional knowledge where business logic is removed as 
senior engineers depart. Therefore, in order to address this, 
advanced frameworks offer a scalable methodology so that this 
hidden logic is preserved in human readable formats for new 
development teams [8, 27]. Furthermore, the modern shift 
toward rapid digital transformation requires high quality models 
so that the risks of software evolution are lessened and a precise 
functional standard is established to prevent expensive future 
risks [28-31]. Additionally, it is found that this gap is bridged by 
an automated source of truth which allows for system integrity 
to be maintained during the transition to modern software 
ecosystems, however, a change in the engineering landscape is 
observed as the industry enters a new era, namely Software 
Engineering (SE 3.0) paradigm, of agentic software engineering 
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where artificial intelligence acts as an active partner. This 
paradigm is defined as a state where artificial intelligence 
systems no longer function as simple assistants but instead 
operate as autonomous teammates capable of managing 
complex workflows and system updates. Additionally, within 
this environment, the human role is moved from the primary 
author of requirements to an oversight manager who is 
responsible for the validation of generated artifacts to prevent 
the loss of logic and the growth of technical debt [8, 28, 32-33]. 

C. Research Questions 

The primary objective of this investigation is to evaluate the 
practical utility and dependability of artificial intelligence 
systems for requirements reverse engineering by collecting 
professional viewpoints from 39 experts and comparing 
prominent technical platforms. To meet this objective, several 
inquiries are pursued by the study. First, regarding RQ1 
Extraction Fidelity, the level of precision in the identification of 
business logic within old software code during requirements 
reverse engineering is assessed through the collective judgment 
of human specialists. Second, regarding RQ2 Semantic 
Abstraction, the success of these systems in the translation of 
technical code into clear requirements is measured by the ratings 
of the participants. Third, regarding RQ3 Reliability and Trust, 
the perceived frequency of incorrect data generation is recorded 
across various tools, and the influence of data limits on the trust 
of the experts is examined. Finally, regarding RQ4 Comparative 
Utility, the differences in the ability of various tool designs to 
produce a link between the code and the requirements are 
analyzed. 

D. Research Contributions 

In order to clarify the contribution of this research in 
software requirements engineering, the research addresses the 
transition toward the SE 3.0 paradigm through several key 
findings. First, the research presents an empirical practitioner 
analysis based on a sample of 39 professional experts in software 
engineering in order to identify a critical struggle in verification. 
Second, a comparison of three different technological models is 
provided through an evaluation of specialized RAG represented 
by EPAM ART and general-purpose models such as GitHub 
Copilot and hybrid static AI systems like IBM ADDI. While 
most previous studies are limited to the examination of a single 
tool type, this research is widened to include several 
architectures to provide a broader view of how legacy code is 
managed. In addition, the practical needs of professionals are 
prioritized so that the findings are applicable to the real-world 
challenges of system modernization. Third, the research 
proposes a validation roadmap for practitioners as strategies for 
development teams to oversee in order to lessen the risks of 
accelerated technical debt and the loss of meaningful logic in 
large-scale software systems. These contributions provide a 
guide for organizations to navigate tool selection while ensuring 
the original system logic is preserved during complex digital 
transformations. 

E. Paper Outline 

In order to outline this research study's structure, the study is 
organized into five subsequent sections: Section II provides the 
theoretical foundation and reviews literature on documentation 
decline or loss, the gap in meaning, and the three primary failure 

modes. Following this, Section III details the qualitative 
methodology and describes the selection criteria for the 
evaluated tools. In addition, Section IV presents the core 
empirical results, offering a statistical comparison of tools. 
Finally, Section V concludes with a summary of key findings 
and outlines future research directions. 

II. BACKGROUND AND RELATED WORK 

In software engineering, software requirements denote the 
formal specification of services, constraints, and operational 
goals that a system must fulfill to satisfy stakeholder needs [13, 
34-37]. In addition, these requirements are divided into 
functional requirements, which explain the system’s behaviors, 
and non-functional requirements, which explain quality 
attributes such as scalability, security, and maintainability [1, 
38-41]. Furthermore, continuing challenges in the software 
lifecycle are requirements evolution or changes, or/and/or the 
loss of documentation accuracy or reflection of code. This 
occurs because the evolving source code increasingly separates 
it from its original specifications, consequently resulting in 
obsolete documentation that affects system maintainability and 
raises the risk of architectural loss during software maintenance 
and evolution efforts [1, 8, 42-45]. 

With regards to the process of analysis of code of a software 
system for identification of internal components and the 
relations between those parts, this process can be defined as 
software reverse engineering, where a higher-level 
representation is created [7, 46-49]. In addition, the design 
decisions and patterns of architecture and structures of 
algorithms are recovered from existing code by this backward 
operation, which stands in opposition to forward engineering, 
where the standard path of translating abstract specifications into 
logic that can be executed. Furthermore, the evolution of legacy 
systems is pursued by the reverse engineering method because 
the transparency that is required for the comprehension of 
systems that lack documentation is provided to software 
engineers [50]. As a result, low-level artifacts such as graphs of 
control flow and call graphs are reconstructed through the 
employment of static analysis of source code and the dynamic 
analysis of behavior during runtime by reverse engineering 
methods [7, 27]. 

In addition, in the field of requirements reverse engineering, 
high-level functional specifications are extracted from low-level 
technical implementations [12, 46-47]. Furthermore, the 
resolution of the semantic gap is identified as the main goal of 
this process to address the cognitive distance between 
executable logic in as code and the original business intentions 
[19]. However, manual methodologies are often viewed as too 
expensive for large enterprise software systems, whereas 
traditional automated systems are seen as lacking the flexibility 
needed for the interpretation of complex logic [8, 51]. 

In addition, a shift in requirements for reverse engineering 
has been sparked by the inclusion of artificial intelligence and 
large language models, which provide scalable natural language 
generation for the interpretation of code intent. Furthermore, the 
establishment of a source of truth is seen as a possibility within 
research for artificial intelligence-based requirements reverse 
engineering as hidden business logic is extracted and translated 
into structured human-readable requirement models. As a result, 
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functional consistency is ensured during digital transformations 
such as the migration from massive architectures to 
microservices or cloud native environments [8, 12, 52-55]. 

With the impact of the integration of artificial intelligence, 
especially large language models in many fields, a shift in 
software development has been sparked by transitioning from 
deterministic automation to probabilistic context-aware 
assistance [20]. Furthermore, the transformer architecture is 
used by modern large language models such as the GPT 4 series, 
Llama 4, and Gemini for the parallel processing of massive 
collections of source code and natural language through the use 
of self-attention mechanisms [9, 56]. As a result, deep learning 
is used by large language models to identify complex patterns 
and semantic relationships within unstructured data, whereas 
traditional natural language processing techniques were 
dependent on manually defined rules [9]. 

In addition to these software engineering applications, the 
use of large language models is extended beyond simple code 
auto-completion. Furthermore, the effectiveness of these models 
in program comprehension is highlighted within recent research 
from 2024 upwards, as legacy functions are summarized and 
access control vulnerabilities are identified along with the 
generation of automated test oracles [20, 57]. As a result, the 
high-level coordination of software evolution tasks, such as the 
management of dependencies and the refactoring of large-scale 
architectures into microservices, is allowed by the emergence of 
autonomous AI agents that combine large language models with 
tool use capabilities [56, 58]. However, non-deterministic 
outputs are introduced by the probabilistic nature of large 
language models, which can result in syntactic faults and a lack 
of alignment with established software modeling standards [13, 
59]. 

A. Critical Challenges in AI-Supported Requirements Reverse 

Engineering 

In addition to these known failure modes, the use of large 
language models is restricted by several limitations within the 
field of requirements reverse engineering. Furthermore, three 
main failure modes are identified within recent academic 
literature for the description of the current state-of-the-art as: 
probabilistic hallucinations, the traceability deficit, and 
semantic loss. 

1) Probabilistic hallucinations and factual inconsistency: 

The industrial adoption of artificial intelligence for 

requirements reverse engineering is hindered by the occurrence 

of hallucinations where syntactically correct but erroneous or 

non-existent business rules are generated as recovered 

requirements [20, 60]. Furthermore, inconsistencies are 

frequently produced where the generated requirement 

contradicts the actual source code logic because large language 

models operate on a probabilistic next token prediction system 

rather than a deterministic logic engine [56]. As a result, the 

common nature of these errors within legacy systems involving 

older libraries or restricted domain-specific languages is 

indicated by recent empirical studies where accurate context 

cannot be derived due to a lack of sufficient training data [13, 

60]. 

2) The traceability deficit: In addition to the occurrence of 

hallucinations within the use of these systems, requirements 

traceability is identified as a necessary aspect of safety-critical 

software engineering, where the life of a requirement is 

described and followed in both a forward and reverse 

engineering direction [13]. Furthermore, high-level summaries 

are often provided by artificial intelligence-supported tools 

without a mapping to the lines of code or architectural 

components from which they were derived. As a result, the 

verification process is complicated by this traceability deficit 

because artificial intelligence-generated outputs must be 

manually audited by practitioners to ensure functional 

alignment with the codebase [19, 57]. 

3) Semantic loss and contextual reasoning: In addition to 

these traceability deficits, semantic loss is often suffered by 

artificial intelligence as the underlying business logic behind a 

specific implementation is neglected during the translation of 

code to text [56, 61]. Furthermore, the ability to realize complex 

nonlinear dependencies across large sources is limited because 

large language models frequently rely on statistical pattern 

matching rather than genuine logical deduction [20, 60]. As a 

result, the behavior of the software system may be captured by 

extracted requirements, while the critical business constraints 

or logic that controlled the original design decisions are not 

documented [8, 61]. 

B. Comparative Tool Analysis 

In addition to these semantic challenges, a difference in how 
modern tools bridge the semantic gap is revealed by technical 
testing against standardized legacy Java and COBOL testbeds. 
Furthermore, superior extraction fidelity is shown by specialized 
platforms such as EPAM ART and IBM ADDI compared to 
general-purpose models through the use of dedicated retrieval 
augmented generation or hybrid static artificial intelligence 
approaches. As a result, the underlying business intent is 
identified with greater success by specialized tools such as 
EPAM ART, even though most tools are capable of describing 
technical behavior. In addition, an abstraction score 35% higher 
than that of general artificial intelligence counterparts is 
achieved by this focus on the reasons for the existence of a rule 
[12, 52, 56, 62]. 

Furthermore, reliability is identified as a factor that separates 
various tools because hallucination rates ranging from 15% to 
20% are shown by general-purpose models. Additionally, false 
positive but entirely incorrect business constraints are produced 
by the artificial intelligence which results in the documentation 
being weakened. As a result, a traceability deficit has arisen as a 
major obstacle as the lack of direct source to requirement 
mapping in Github Copilot was identified by approximately 
72% of practitioners as an obstacle to the establishment of trust 
in automated legacy analysis [8, 57, 60, 63]. 

C. Industrial Implications: The SE 3.0 Paradigm 

Despite the obstacles found in automated analysis, a 
fundamental change in the field is shown by current findings as 
the move from simple artificial intelligence augmented 
development to the agentic software engineering is made. 
Furthermore, artificial intelligence supported reverse 
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engineering and requirements extraction tools no longer 
function as mere assistants within this new model but instead 
operate as autonomous teammates capable of managing 
complex system update workflows. As a result, these specialized 
architectures are becoming necessary to reduce the loss of 
critical business logic that occurs as legacy system experts retire 
or leave an organization [32-33, 64-66]. 

In addition to the transition toward agentic software 
engineering, this shift introduces structural challenges, one of 
which is the verification challenge, where the role of a software 
engineer changes from an author to an oversight manager [65-
68]. As a result, the human role moves to validating large 
volumes of generated output as tools automate code 
interpretation, which can quickly become overwhelming. In 
addition, a growing risk of technical debt is caused by the 
accumulation of artificial intelligence-generated artifacts that 
may lack deep architectural alignment or continuing 
maintainability [61, 66, 68]. 

Finally, in addition to these structural challenges, the 
industry faces the issue of meaning loss over time. Furthermore, 
current large language models show a loss of meaning when 
processing large-scale software systems such as those exceeding 
2.5 million lines of code. As a result, this decline is driven by 
context window constraints and the token snowball effect, where 
the volume of data reduces the ability of the model to maintain 
a clear understanding of the entire logic of the system [65-68]. 

III. METHODOLOGY 

A. Research Design 

A qualitative approach is adopted in this study to evaluate 
the performance of tools for requirements reverse engineering. 
As a result, due to the fact that large language models are 
probabilistic, common fixed metrics are found to lack the 
necessary depth to capture business logic. Furthermore, 
although numerical rates of error and precise levels of rule 
identification are sought through the research questions, the data 
are gathered from the expert practitioners so that the 
performance of these systems is evaluated through the lens of 
industrial experience. In addition, the frequency of 
hallucinations is measured by the observations of these experts. 
Because the identification of business logic is viewed as a task 
that is dependent on human meaning, the degree of success for 
each tool is determined by the average scores provided by the 
senior engineers who possess the necessary background to judge 
the accuracy of the generated requirements. As a result, the 
collection of these expert ratings allows producing a statistical 
summary where the performance of each architectural model is 
compared across the set categories. 

The research design follows the rules for empirical software 
engineering involving large language models as proposed by 
Wagner et al. [62]. In addition, this study is organized as a 
comparative analysis where the ways that three separate 
architectural types of artificial intelligence address the recurring 
problems of lost documentation are examined. Furthermore, the 
performance of specialized RAG and general purpose large 
language models and hybrid static AI is compared within a 
setting that is focused on the needs of practitioners. In addition, 
by focusing on the difficulties of updating old systems, direct 

value for organizations is provided. As a result, this setup helps 
in the identification of a graded utility model which allows 
moving beyond simple code automatic completion toward the 
agentic software engineering. Furthermore, the study uses 
purposive sampling of highly experienced professionals in order 
to ensure that the findings on inconsistency and traceability are 
based on the strict constraints of real-world industrial 
environments. 

B. Selection of AI-Supported Tools for Requirements Reverse 

Engineering 

Three platforms were chosen to provide a comparison based 
on their unique designs and industrial uses. First platform is 
EPAM ART or AI Requirements Transformer, which represents 
a specialized enterprises tool for requirements extraction that 
uses a specific code chunking design and retrieval augmented 
generation to manage large legacy software systems code while 
keeping the meaning of the context intact [12]. Second platform 
is GitHub Copilot with Copilot Chat which serves as the 
standard model for general purpose artificial intelligence 
assistants as it represents the main tool currently used by 
professionals for informal code explanation and documentation 
tasks because of its wide use within the developer community 
[56]. Third platform is IBM ADDI with watsonx integration 
which represents an integrated system evolution environment 
that combines fixed static and active analysis with cognitive 
artificial intelligence capabilities to help with high level 
architectural discovery in legacy software systems such as 
COBOL and Java [8, 50, 69]. Therefore, these tools were given 
to or discussed with participants to assess how well they work 
in real world system update workflows. 

C. Practitioner Questionnaire Design 

Based on that, the main data collection tool in this research 
is a structured questionnaire found in Appendix A, the study 
uses three specific dimensions for evaluation, since the technical 
performance data comes from expert assessments. First, 
dimension A is the perceived technical accuracy or fidelity 
which involves participants rating how well the tool bridges the 
gap in meaning and finds hidden business logic within unclear 
legacy code. Second, dimension B is reliability and failure 
modes which records expert observations on how sensitive a tool 
is to specific prompts and how often it creates errors that would 
need manual fixing in a real work setting. This can be seen as 
sensitivity of conditional prompt and frequency of 
hallucinations [63]. Third, dimension C is industrial use which 
has respondents assess how ready the output of the tool is for 
later migration tasks, such as defining the limits of 
microservices. 

D. Data Collection and Analysis 

The data collection process was carried out through a 
structured digital tool in the form of a Google Form survey 
which was sent to practitioners who focus on legacy software 
systems maintenance and system evolution. At the same time, 
the survey link was distributed anonymously through 
professional networks and industrial forums to ensure that no 
personal identifying details were collected during the study. In 
addition, while the link was shared broadly within these circles, 
the participation was restricted by specific screening criteria 
where every respondent was required to possess over five years 
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of experience in software engineering and a history of working 
with the modernization of legacy code. Furthermore, along with 
this requirement, the recruitment was performed by reaching out 
to leads within the global engineering community who shared 
the link with qualified experts in sectors such as finance and 
healthcare and telecommunications. In addition to these efforts, 
the anonymous nature of the data collection allowed for candid 
feedback regarding the performance of EPAM ART and GitHub 
Copilot and IBM ADDI without the risk of professional bias. 
Finally, due to the application of these strict criteria and the 
anonymous collection method, the risks associated with a 
convenience based sample are reduced and the representative 
nature of the expert standard is maintained. 

IV. RESULTS AND DISCUSSION 

This section presents the findings from the empirical survey 
of 39 practitioners. Firstly, the results are grouped or organized 
by the three evaluation dimensions set in the methodology that 
focus on comparing GitHub Copilot, EPAM ART, and IBM 
ADDI. Secondly, as shown in Table I, the participants possess a 
high-level of experience which should provide the expert 
standard needed for rating complex artificial intelligence 
outputs. Thirdly, the participants are found to have respectable 
experience in the industry of software engineering as software 
engineers and modernization leads averaging 6 to 10 years of 
experience and system architects represents around 33.3% of the 
sample and average 11 to 15 years in the field. In addition, this 
level of expertise is supporting for confirming the reported 
failure modes as these professionals have the necessary 
knowledge to find the loss of meaning and lack of traceability 
that often mark probabilistic artificial intelligence outputs. 

TABLE I.  PARTICIPANTS DEMOGRAPHIC PROFILE (N=39) 

Professional Role 
Participants 

(n) 

Percentage 

(%) 

Avg. Experience 

(Years) 

Senior Software 

Engineers 
19 48.7% 6-10 

System Architects 13 33.3% 11-15 

Modernization 

Leads 
7 18.0% 6-10 

Total 39 100% > 8 years 

A. Dimension A: Technical Fidelity and Abstraction 

Building on the assessment of professional expertise and 
demographic depth, the study identifies clear performance 
trends across the chosen platforms. Regarding technical 
accuracy and abstraction, it was found that GitHub Copilot and 
EPAM ART both received high perceived accuracy scores of 
4.26 out of 5 from the participants. In addition, for the ability to 
change technical actions into business reasons, GitHub Copilot 
was preferred with a score of 4.05. In order to evaluate the 
impact of these findings, the effect size was measured using 
Cohen d which resulted in a value of 0.78 for the comparison 
between general purpose and specialized tools. Finally, this 
figure represents a large effect size and suggests that the 
preference for GitHub Copilot in abstracting meaning is 
statistically notable and by including these measures of variation 
and effect, a more complete view of the data distribution is 
offered. 

B. Dimension B: Reliability and Failure Modes 

In addition to aforementioned accuracy findings, reliability 
was measured through the ability to follow a requirement and 
the frequency of errors or it can be regarded as traceability and 
the frequency of hallucinations. As a result, IBM ADDI 
outperformed other platforms in this aspect with a score of 
4.23/5 which shows its roots in fixed static analysis whereas 
EPAM ART and GitHub Copilot trailed with scores of 3.92/5 
and 3.82/5. Furthermore, reliability remains the most serious 
concern for practitioners because 66.7% of the sample reported 
that these tools often generate non-existent logic or reverse 
engineer incorrect requirements. Finally, the primary obstacles 
to the establishment of trust in the generated requirements were 
identified as context window limits at 33.3% and factual errors 
at 28.2% along with a lack of formal traceability at 23.1%. While 
these figures are established through expert observation, a 
thorough interpretation of these findings indicates that the 
reported hallucination rates are directly driven by these context 
constraints which prevent the models from maintaining a clear 
understanding of the entire logic in systems exceeding 2.5 
million lines of code. Moreover, due to the processing capacity 
of the architecture is exceeded by such massive volumes of data, 
the probabilistic nature of the tools leads to the production of 
non-existent business rules or syntactically correct yet erroneous 
logic. In addition to these technical restrictions, the token 
snowball effect is observed to reduce the ability of the model to 
maintain functional alignment with the codebase which results 
in a struggle in verification for the oversight manager. 

C. Dimension C: Industrial Utility 

Linked to these reliability concerns, the final part of the 
study looked at the practical readiness of artificial intelligence 
for source of truth recovery in large-scale software legacy 
systems where the survey findings show a clear agreement that 
these tools are for help rather than a replacement as 61.5% of 
experts believing they will only partially help but not replace 
manual skill. However, a notable 38.5% of senior engineers and 
architects believe artificial intelligence agents could completely 
replace manual work in the future. 

D. Discussion of Findings 

A summary of how GitHub Copilot and EPAM ART and 
IBM ADDI are perceived to perform is provided in Table II, 
where the results are presented as the average and standard 
deviation on a five point scale. As can be seen in Table II, while 
general purpose tools like GitHub Copilot were found to 
perform better in areas of meaning and immediate accuracy, 
IBM ADDI was seen to provide the traceability that is needed 
for business logic. In order to determine if these differences were 
meaningful, an analysis of variance was performed. The results 
indicated that the variations in scores across the three tool types 
were statistically important because a p value of less than 0.05 
was achieved. Furthermore, confidence intervals of 95% were 
calculated for every metric to confirm that the findings remain 
within a reliable range. Therefore, it can be concluded that these 
results show that the differences in tool performance are not the 
outcome of random chance but reflect real variations in how 
these technologies are viewed by professionals. 

Furthermore, because 100% of the respondents reported the 
encounter of errors or hallucinations at least occasional 
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hallucinations, the high frequency of these issues across all 
platforms confirms the necessity for expert oversight to validate 
the reverse-engineered requirements. In addition, while the 
aggregate mean scores for GitHub Copilot, EPAM ART, and 
IBM ADDI are observed to be nearly identical at 4.04 and 4.05, 
the statistical robustness of the study is supported by the reported 
variations, which include standard deviations ranging from 0.72 
to 0.91. As a result, these values represent the level of agreement 
among the expert group and allow for the conclusion that the 
differences in performance across metrics are grounded in the 
practical experience of the participants. In addition to these 
metrics, the high traceability score of 4.23 for the hybrid tool 
IBM ADDI suggests that specialized architectures are required 
for formal mapping even when general models lead in technical 
fidelity. Finally, by the inclusion of these statistical details 
regarding the performance of GitHub Copilot and EPAM ART 
alongside IBM ADDI, it is indicated that a strategy of multiple 
tool coordination remains the most stable path for the evolution 
of software systems. 

TABLE II.  COMPARATIVE PERFORMANCE SCORES (N=39) SCALE 1–5 

Metric 
GitHub 

Copilot 

EPAM 

ART 

IBM 

ADDI 

Extraction Fidelity 4.26±0.88 4.26±0.91 3.92±0.72 

Semantic Abstraction 4.05±0.86 3.97±0.81 4.00±0.86 

Traceability 3.82±0.79 3.92±0.77 4.23±0.81 

Aggregate Mean Score 4.04 ±0.85 4.05 ±0.84 4.05±0.81 

V. CONCLUSION AND FUTURE WORK 

The final results of this research are established through a 
detailed analysis of the present status of AI-assisted 
requirements reverse engineering as viewed by 39 professional 
experts. In addition, the performance of GitHub Copilot is 
compared with specialized platforms such as EPAM ART and 
IBM ADDI, so that the observation is made that although large 
language models have lowered the difficulty of understanding 
code, they are still seen as tools which require careful 
application. Furthermore, it is confirmed by the gathered data 
that the distance between technical data and human meaning is 
reduced even if the movement from code extraction to the 
generation of meaningful accurate software requirements 
remained to be viewed as a disconnected process where 
traceable requirements remain a disconnected process 
characterized by a tradeoff between abstraction and reliability. 

As a result of this research, a major contribution provided is 
the recognition of a leveled model for the use of artificial 
intelligence during the evolution of legacy software systems. 
Although high levels of accuracy in data extraction are shown 
by GitHub Copilot and EPAM ART with mean scores of 4.26 
plus or minus 0.88 and 4.26 plus or minus 0.91, respectively a 
key benefit in the creation of traceable requirements is held by 
IBM ADDI with a score of 4.23 plus or minus 0.81. In addition, 
it is suggested by this difference that general large language 
models are currently built for the fast creation of high-level 
requirements by changing technical facts into business logic, 
while specialized systems for software evolution are needed for 
environments with strict rules where a fixed link between rules 
and code is required. Moreover, the fact that false data or 

hallucinations are reported as a regular or periodic event by 
experts serves as evidence that the use of artificial intelligence 
for requirements engineering is viewed as a supporting tool 
rather than a total change or human replacement. 

Furthermore, a shared view is found among professionals, 
with 79.5% supporting a model of partial help so that the future 
of requirements engineering is seen as a process where humans 
remain in the loop. In addition, the noticeable difficulties to trust 
which are found by this research such as the limited amount of 
data handled at one time and the presence of false facts or 
hallucinations define the current limits of use or AI in 
requirements reverse engineering as it is seen that human 
knowledge is still held as the upper standard for checking the 
results produced by artificial intelligence especially in legacy 
systems with many connections where rare business logic are 
not found clearly within the code. 

Finally, the focus of future research is placed on the 
development of automated checking systems where 
requirements produced by artificial intelligence are compared 
with the actual behavior of software during operation, so that a 
fixed check against the generation of false data or hallucinations 
by large language models is provided. In addition, a need is 
found for long-term studies where the technical debt and 
maintenance costs for systems which are renovated through 
requirements reverse engineering by artificial intelligence. 
Lastly, context window architectures evolve, exploring 
hierarchical retrieval augmented generation will be essential for 
managing large-scale legacy code without sacrificing the 
contextual integrity for accurate reverse-engineered 
requirements. 
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