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ABSTRACT

The introduction of transformer architecture was a turning point in natural language processing (NLP). Models based on the
transformer architecture, such as bidirectional encoder representations from transformers (BERT) and generative pretrained
transformer (GPT), have gained widespread popularity in various applications such as software development and education. The

availability of large language models (LLMs) such as ChatGPT and Bard to the general public has showcased the tremendous

potential of these models and encouraged their integration into various domains such as software development, for tasks such as
code generation, debugging, and documentation generation. In this study, opinions from 11 experts regarding their experience
with LLMs for software development have been gathered and analyzed to draw insights that can guide successful and responsi-
ble integration. The overall opinion of the experts is positive, with the experts identifying advantages such as an increase in pro-
ductivity and reduced coding time. Potential concerns and challenges such as risk of overdependence and ethical considerations

have also been highlighted.

1 | Introduction

The swift evolution of artificial intelligence (AI) in the past
decade has allowed advanced natural language processing
(NLP) tools to perform tasks such as translation, summari-
zation, and information retrieval. These tools are becom-
ing more easily available and integrate seamlessly with our
daily lives in the form of virtual assistants. Large language
models (LLMs) are large and complex deep learning mod-
els with millions or billions of parameters trained on vast
amounts of data. Models such as ChatGPT can carry out
human-like conversations keeping context in mind, highlight-
ing their advanced natural language understanding (NLU)

[1] and natural language generation (NLG) [2] capabilities.
Transformer-based models such as the bidirectional encoder
representations from transformers (BERT) [3] and generative
pretrained transformer (GPT) [4] have demonstrated unparal-
leled capabilities in tasks such as text generation [5], named
entity recognition [6], machine translation [7], text classifica-
tion [8-11], and more. LLMs are pretrained on large amounts
of data and can gain a considerable amount of domain knowl-
edge, which allows them to be a valuable assistant in fields
such as software development [12], healthcare [13], education
[14, 15], and agriculture [16-19]. Since their launch, LLMs
such as GPT-4 [20], Codex [21], and CodeBERT [22], have been
utilized by researchers and practitioners to efficiently perform
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various tasks in the software development workflow such as
code completion [23], code synthesis from natural language
[24], debugging, code review (CR) [25], code comment and
documentation generation [26], among others.

In the context of software development, LLMs can greatly re-
duce workload for developers, allowing them to focus on more
creative aspects of the coding process [27]. They can streamline
the development process by ensuring compliance and version
control, improving code quality, and promoting collaboration
[28]. They can also be leveraged to develop interactive educa-
tional tools that can provide tailored feedback to programming
students [29, 30]. Moreover, recent advances in agentic AT mark
a significant leap in software development tools, driven by their
ability to set complex goals in dynamic, unpredictable environ-
ments and to carry out tasks autonomously [31]. Table 1 displays
a list of the commonly used LLMs for software development,
along with their parameters, training data, training language,
and architecture.

However, there have also been certain risks and limitations
associated with using LLMs. LLMs may not fully understand
the context of a prompt [33], leading to erroneous responses.
Overreliance on LLMs to perform tasks may inhibit problem-
solving and critical thinking skills. There are also several eth-
ical considerations of using LLMs for software development,
such as unintended biases [34], security risks [35], trans-
parency, and explainability [36]. LLMs are trained on vast
amounts of data, which contains human-like biases [37]. The
models can reflect these biases in their responses and cause
further harm. It is important to mitigate biases and address
the concerns to ensure fairness in the model and its related
outputs.

In this study, a group of software development experts, consist-
ing of researchers and practitioners, was surveyed to understand
the potential applications of LLMs in software development.
Analysis of opinions obtained through a loosely structured
written interview from 11 experts, consisting of researchers and
practitioners, has also been performed to draw insights about
the potential of LLMs. These opinions were gathered in 2023;
therefore, discussion on Agentic AI and the latest tools is out of
scope of this study. The rest of the article is structured as follows:
In Section 2, we discuss the motivation behind conducting this

TABLE1 | Large language models for software development.

survey, as well as define the hypothesis and research questions.
Section 3 details the methodology used in the study, Section 4
describes the opinions of experts regarding the integration of
LLMs in processes such as code generation, review, debugging,
and so on. Section 5 provides an overview and analysis of the ex-
pert opinions, as well as a discussion of the research questions.
Section 7 concludes the review study.

2 | Motivation

LLMs such as GPT, CodeBERT, and Codex have demonstrated
transformative potential in software development. The hype
surrounding LLMs creates ambiguity regarding their potential
applications and drawbacks. There is some concern about job
security, as it is perceived by some that models will become bet-
ter at performing software development tasks than professional
developers [38]. Although LLMs can be an invaluable tool for
learning, students may also use them unfairly and compromise
academic integrity [39, 40]. Additionally, as with any new tech-
nology, there may be a steep learning curve before it can be
seamlessly integrated [41]. In order to get a clear picture of the
benefits and drawbacks of LLMs in the field of software develop-
ment, it is important to analyse the opinions of experts working
in the field. The motivation behind conducting this study is to
analyse and perform thematic coding on written interviews ob-
tained from 11 experts, including researchers and practitioners,
in the area of machine learning and AI and about the use of
LLMs in software development.

The hypothesis of the survey is as follows:

Hypothesis. Experts such as researchers and practitioners
have a positive outlook toward the integration of LLMS in software
development.

The research questions structured to explore the hypothesis are
as follows:

1. RQI1: What are the applications and advantages of LLMs in
software development as per expert opinions?

2. RQ2: What are the limitations and potential concerns of
LLMs in software development as per expert opinions?

Model Parameters Training data Language Architecture
CodeParrot 1.5b GitHub Python GPT-2
GPT-Neo 2.7b Pile dataset [32] — GPT-2 based
GPT-NeoX 20b Pile dataset — GPT-3

GPT-J 6b Pile dataset — GPT-3

Codex 12b GitHub, + Python, + GPT-3
CodeBERT 125M GitHub Multiple BERT
CuBERT — GitHub Python BERT
PolyCoder 2.7b GitHub 12 languages GPT-2

20of 16 Applied AI Letters, 2026

858017 SUOWIWOD BAIIEaID 3(edl|dde ayy Aq pausenob ale sajoie YO ‘SN Jo SNl 1oy Afeiq)8Ul|UO A8|IA UO (SUONIPUOD-PUE-SWBIAL0D" AB | IM"ALeq) Ul UO//ScY) SUOIPUOD Pue SW 1 8L 88S *[9202/20/v2] Uo ARiqiTauliuo A8iM 'y vYOs HOHVASTY HLTVAH AQ L8002 Z11B/200T 0T/I0p/woo" A3 (1M Aeiq 1 puljuoy/sdiy Wwolj pepeojumod ‘€ ‘9202 ‘G6356892



3 | Methodology

The study employed loosely structured written interviews to
obtain open-ended, experience-driven opinions from experts
in software development, applied AI, and other related fields.
This approach was selected to allow participants to articulate
nuanced opinions and perspectives in their own words, which
is consistent with the paper's aim of reporting and synthesizing
expert opinion rather than conducting a formal qualitative in-
vestigation through thematic analysis.

The study has been performed by obtaining loosely-structured
written non-risk interviews from experts, which include prac-
titioners and researchers. Practitioners are individuals who are
currently working with software development in industry, and
researchers are working on LLMs and other related areas. The
search for the experts was done through Google Scholar, by
contacting fellow researchers in the laboratory, and scheduling
meetings with acquaintances. 36 experts, 18 males and 18 fe-
males, were contacted across the globe to get their opinions on
the use of LLMs in software development. The study contains
the opinions of the 11 responses that were received. The experts
are not familiar with each other, and therefore, group bias is
avoided. Consent has been obtained from the experts to summa-
rize and share their opinions and reduce overlapping content.
The interviews were non-risk and did not require the disclosure
of any personal information from the interviewer.

Responses were reviewed iteratively by the authors to identify re-
curring themes and topics, advantages and drawbacks of the tech-
nology, and points of disagreement across expert opinions. These
patterns have been synthesized and discussed in the results and
analysis section. Given the opinion-oriented scope of the study, the
analysis has been performed through manual interpretive synthe-
sis rather than formal qualitative thematic coding.

Table 2 displays the gender and role information for the experts
interviewed in the study. There are a total of three female and
eight male experts. There are four practitioners and seven re-
searchers. Out of the male experts, two are practitioners, and

TABLE 2 | List of the experts with their roles and gender.

No. Role Gender
Expert 1 Practitioner Male
Expert 2 Practitioner Female
Expert 3 Researcher Male
Expert 4 Researcher Male
Expert 5 Researcher Female
Expert 6 Researcher Male
Expert 7 Researcher Male
Expert 8 Researcher Male
Expert 9 Practitioner Female
Expert 10 Researcher Male
Expert 11 Practitioner Male

six are researchers. Out of the female experts, two are practi-
tioners, and one is a researcher. Thematic coding of the opinions
is performed by two annotators, and inter-annotator agreement
is calculated using Cohen's x in Section 5.

4 | Expert Opinions

In this section, the opinions of the experts have been analyzed
and categorized based on different aspects such as the role of
LLMs in code generation and review, NLU, quality assurance,
predictive analysis, developer collaboration, as well as bias and
ethical considerations of LLMs for code generation. The experts
were given these subheadings as a prompt, and some responded
to one or more of them. The content from the unstructured es-
says was classified into the mentioned classes without any mod-
ification or rephrasing.

4.1 | The Role of LLMs in Code Generation

LLMs are extensively used in code generation activities. These
language models have the capability to generate accurate and
efficient code. This section discusses the opinions of the experts
on utilizing LLMs in code generation tasks.

Expert 1: The advent of LLMs has rapidly accelerated software de-
velopment. Getting started with a new library, new programming
language, or a new tech stack in general has never been easier. A
smart use of LLMs employed by our team is translating code across
different languages. As a team of Scala Engineers, we had to de-
velop a new glue service in Pythonor and for some of the nuances,
we wrote Scala code and translated it into Python using LLMs.
While there is ease of use, the obvious caveat when using such
models is that the burden of proof is on the user. However, in the
case of software development, the accuracy of such models can be
easily and fairly validated as if the code generated is correct, there
should not be any compilation errors. Moreover, unit, split, and in-
tegration tests should validate that the business logic is preserved.

Expert 4: To illustrate the effectiveness of LLMs in code gener-
ation, a few case studies and examples are examined. GitHub
Copilot [27], powered by OpenAl's Codex, is an example of
LLMs in Code generation. Using Copilot, developers can au-
tomatically generate code based on their comments in natu-
ral language. It can even be corrected in real-time by entering
and modifying the text, which significantly speeds up code
writing and adds more efficiency. LLMs have also been used
to translate code between different programming languages
[42]. Language and cross-tool problems can be overcome
using source code translation integration. For example, if the
code snippet is written in English, it can be transformed into
Python, Java, or any other language. This facilitates cross-
language collaboration and code reuse, particularly in diverse
development environments. However, LLMs' potential role
in code generation is part of the picture, and some issues and
obstacles must be addressed. Communication is an innate
human skill, but when people talk to one another, sometimes
the language they use is unclear, such that it has more than
one interpretation. It is almost impossible to implement such
instructions in a program. In some cases, LLMs might not be
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able to grasp the user's ambiguous instructions, causing them
to generate [21] code that is not desired. Since LLMs take data
from a wide range of texts on which they are trained, they
may not always include highly specialized or domain-specific
programming concepts. This problem hinders LLMs' ability
to generate code that follows specific standards or advanced
programming.

Expert 8: The tasks like code generation, creating summaries,
and solving problems are easily handled by LLMs. They are
mainly used in code development to automatically generate
complex code. This can save developers time and effort. LLMs
has ability to understand different programming languages
and can produce accurate code snippets. This helps developers
by improving productivity and enhancing code quality, which
will help in reducing errors. By this, developers can focus on
high-level design and problem-solving tasks with more effi-
cient development processes [43]. LLMs such as Codex and
GPT-4 show good abilities in summarizing, creating, and un-
derstanding code, and they can solve complex programming
problems effectively. They efficiently address intricate pro-
gramming issues with a notable success rate. LLMs can also
help in speeding up the development process using features
like code completion. LLMs can make coding more efficient
by reorganizing it and can work directly in development envi-
ronments to provide real-time help and support by analyzing
code. In addition to this, LLMs can be customized for specific
projects, which makes them versatile tools in software devel-
opment. The code generation is made much easier by automat-
ing and streamlining the coding process through advanced
models like Codex. Evaluating these models' capability to pro-
duce correct and efficient code snippets from prompts shows
that these AT tools have the potential to change software de-
velopment, making coding tasks faster and easier for develop-
ers [21]. Also, [44] presents case studies showing the effective
use of LLMs for producing control code from piping and in-
strumentation diagrams in an industrial setting. The study
uses reference piping and instrumentation diagrams to test
the LLMs' ability to identify controllers and generate control
code. The LLMs were able to generate plausible interlock code
and startup sequences despite challenges like misinterpreta-
tion of graphical elements and misaligned signal references.
It is found that the generated code required adjustments for
practical use, highlighting the need for more contextual in-
formation in the prompts to improve accuracy. The other case
study focuses on control logic generation for a butane regen-
eration system. This study uses piping and instrumentation
diagrams. This method faced challenges with hallucinated
controllers and inaccuracies in identifying equipment. But it
is found that by focusing on a specific diagram section and re-
fining prompts, it successfully generated syntactically correct
structured text code for piping and instrumentation diagrams,
control loops, and startup sequences. This case study illus-
trated the importance of detailed prompts and the potential
for LLMs to produce functional code when given concrete op-
erational parameters and corrected for identified errors.

Expert 10: Other emerging approaches to augmenting and im-
proving LLMs may also find applications in code generation,
such as retrieval augmented generation (RAG) and chain of
thought to improve code generation [45]. RAG allows more

verifiable and predictive results by searching a data source to
prime the prompt with additional data. Mixed models, which
route to a collection of more specialized models are being de-
veloped, for instance, Mixtral [46]. The result of many of these
developments is that models are now getting better at the same
time as getting smaller and faster to train. The recent release of
Gemini 1.5 shows significant advancement in multi-mode mod-
els, integrating video, image and, language. Tools are already
coming to market that use AI to convert design directly to code,
without the need for any conventional coding. A recent example
of this is Builder.io, which takes web designs in Figma docu-
ments and converts them directly to code, producing HTML,
React, and JavaScript just as a developer would [47]. Another
unfolding space is the generation of No Code AI Application
Development. These tools allow a user to generate business solu-
tions by integrating AI models [48]. An example of this tool is
Imagica, which provides a graphical interface that allows users
to specify and configure AI models to meet business objectives
without the need for any traditional code. There are other tools
that allow the rapid integration of LLMs to build solutions, such
as Langchain. Agents are another area of growth that has the
potential to replace many tasks currently performed by code, or
even replace the activity of developers themselves. The emer-
gence of open source models has also significantly lowered
the barriers to LLM model development, as demonstrated by
Stanford with the Alpaca model they trained from Llama at low
cost [49]. This model also employed generative AI to produce
training data. This opens up the possibility for companies to de-
velop their specialized models, which would produce a whole
new area of software development and related tools. A further re-
sult of open-source models is the interest in running local LLMs.
Not only can companies develop their own proprietary models,
but they can also run on their own infrastructure. Beyond that,
this looks set to power AI at the Edge as the next generation of
processors should be able to run these models in mobile, desktop,
and IoT devices. Along with the growth of tools for development,
there is likely to be a significant evolution in AI tools for oper-
ations. This will include security tools, Infrastructure as Code,
and improved integration and deployment tools. In addition, the
tools necessary for training and deploying LLMs will require
new solutions. AI Augmented Testing and Security tools have
evolved rapidly alongside LLMs. These tools automate tasks that
were previously manual, expensive, and required high levels of
expertise. These tools also enhance the throughput of the con-
tinuous integration (CI)/continuous development (CD) pipeline,
which will be essential as AI code generation is likely to increase
the velocity and volume of new products. Indeed, every part of
the software supply chain management should be enhanced to
support productivity increases and the growth of new projects
that were previously not commercially viable.

4.2 | Enhancing NLU for Developers

LLMs use prompts that enhance communication and under-
standing of natural language, thus providing leverage to devel-
opers. Expert opinions that discuss the application of LLMs in
enhancing NLU are discussed below:

Expert 1: Companies like Amazon (Code Whisperer), Microsoft
(through their collaboration with OpenAlI and ChatGPT),
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Google, and Facebook (through their models Bard and Llama
[Open Source], respectively) are active players in this space.
There is a strong focus and investment toward enhancing devel-
oper experience and productivity.

As LLMs get integrated with scrum software such as JIRA and
Google Docs, they can be used for writing tasks such as docu-
mentation and planning sprints, without human errors, which
can greatly benefit teams. Furthermore, such tools can greatly
accelerate the onboarding of new engineers. For example, a new
engineer can ask the LLM to explain a line of code or doc in the
context of the entire org without having to ping individual engi-
neers or get lost in the Confluence rabbit hole.

Expert 4: Models like GPT-3 and BERT use advanced deep-
learning approaches to comprehend and create text resembling
human speech. This capability has been applied to transform
casual user interaction in natural languages into working code
snippets [1]. For example, a programmer can describe any func-
tion or algorithm in plain English, and the language model can
easily change this description into a function or algorithm in
any coding language required. The potential of bridging the gap
between natural language and code helps developers to work
with higher efficiency and productivity. Projects like GitHub
Copilot demonstrate the potential of LLMs in real-world applica-
tions. Nevertheless, the questions that involve natural language
ambiguity and the persistence of doubts about domain knowl-
edge concerning applying the LLMs in code generation should
be addressed.

4.3 | LLMs in CR and Quality Assurance

This section highlights the application of LLM in CR and quality
assurance in the opinion of experts.

Expert 1: Add-ons such as GitHub Co-Pilot start being ad-
opted at the enterprize level, and human-escaped bugs and
quality assurance gaps can be filled with the model running
additional checks to ensure business logic and data integrity/
coherence.

Expert 2: CRs are essential in reducing risks arising from medi-
cal devices in development and once placed on the market. The
introduction of LLMs into the CR process is now an urgent ne-
cessity to ensure Quality Assurance is adequately supported and
capable of identifying and removing potentially life-threatening
risks to patients [50]. Moreover, the potential benefits of intro-
ducing LLM for improvement in effectiveness and accuracy
of the CR performed with impact on the early development
lifecycle are significant, including: (a) best practice in coding
standards readily available using automated tools; (b) contin-
ual and automated consistency check of coding style and prac-
tices; (c) automated commenting of code by the LLM, freeing up
the coder to deal with complex tasks; (d) automation of CR for
vulnerability against known vulnerabilities and smells; (e) re-
moval of waste (human resources, time, and cost) from manual
reviews and improving the effectiveness of the review; (f) en-
abling integration of static and dynamic code analysis with sug-
gestions from the LLM for action by developers; (g) promotion
of learning and competency amongst coders; (h) avoidance of

overreliance on quality or validation functions to find the bugs;
and (i) lastly, self-learned adjustments from deep learning with
developer feedback mechanisms improve the performance of
the LLM within an organization, so that “skills” are not lost to
a competitor from resignation or retirement [51, 52]. Also, the
use of LLMs for CR is a necessity in a risk-adverse, highly com-
plex area of software development, and with the ever-increasing
software-related defects identified in medical devices, including
recalls and adverse events. Madera and Tomon [52] demonstrate
the benefits of a prediction model for CRs with a high precision
of 97% and an accuracy of 92% for large-scale medical software
projects considered worthy of implementation. The ability to
demonstrate measurable improvements from the introduction of
LLM in CR is self-evident in terms of project performance and,
most importantly, the potential for mitigation of clinical and pa-
tient risk.

Expert 8: LLMs help developers understand code by summariz-
ing it, finding and fixing bugs, correcting errors, and LLMs can
also help in speeding up the development process using features
like code completion. LLMs can make coding more efficient by
reorganizing it and can work directly in development environ-
ments to provide real-time help and support by analyzing code.

Expert 11: CR is a vital part of software development. CR allows
reviewers to identify defects and provide feedback, allowing de-
velopers to address the issues. Typically, the CR process consists
of two steps: defect identification and repair. Zhao et al. [25]
highlight various LLM models that can be used for CRs, namely
ChatGPT, InCoder, CodeT5+, CodeFuse, LLaMA, CodeGen-2,
CodeLLaMA, and CodeReviewer. All of these models can un-
derstand both natural language and programming languages,
and they can also produce superior code snippets. Once the
model is finalized, the second step is identifying the prompts.
Prompts are input strings sent to a language model to specify
the desired response [53]. Prompts are the primary means by
which users interact with LLMs. Prompt design has a signifi-
cant impact on inferences drawn, so it is important to consider
when using LLMs for specific tasks. It is critical to identify the
optimal prompt that maximizes performance while reducing
implementation effort. According to Zhao et al. [25], the follow-
ing prompts can be used for these models.

“Fix the following buggy code snippet....”

“Fix the following buggy code snippet according to the sugges-
tion in the //<Comment>’ line.”

As per Johnson [54], LLM offers the following advantages in the
CR process.

1. Efficiency: LLMs can review code faster and more accu-
rately than human reviewers. This is especially important
in large codebases, where manually reviewing every line of
code can take a long time.

2. Consistency: Unlike humans, LLMs do not tire or lose con-
centration. They can consistently provide high-quality re-
views, regardless of code volume or complexity.

3. Continuous learning: As LLMs review additional code,
they learn and grow
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This continuous learning process helps them improve their CR
skills over time.

4.4 | Collaborative Software Development
With LLMs

The utilization of LLMs provides a platform for sharing and
discussing ideas, reviewing code, and fostering a collaborative
development environment. This section focuses on the collabo-
rative aspects of LLMs from experts’ perspectives.

Expert 1: At scale, CI/CD workflows can greatly benefit from
LLMs as they can create efficient testing methods via auto-
matically generating mock data and associated unit, split, and
integration tests just by feeding business logic and code to the
model. Further, LLMs can set version control system standards
across a company by enforcing descriptive commit messages
and commit history. This can ease collaboration in large-scale
organizations where many devs are working on the same code
base in parallel. Project management and estimation can be
vastly improved by feeding objectives and key results (OKRs),
financial targets, engineering and product capacity, and market
and competition trends.

Expert 6: One of the impactful techniques in software development
is pair programming, which is where two programmers work to-
gether at one workstation. One programmer writes code, while the
other reviews each line of code as it's typed in, providing feedback
and thinking ahead strategically. Pair programming improves
code quality, reduces development cycle time, and accelerates the
feedback loop. The recent advancements in large neural networks,
particularly those built on transformer-based architectures, have
revolutionized code generation. These advancements have enabled
the integration of such models into pair programming workflows.
GitHub Copilot stands out as one of the most mature models in
this domain, facilitating collaborative coding with its sophisticated
capabilities. Also, in a large-scale survey conducted by the GitHub
Copilot team, they examined the benefits experienced by develop-
ers using GitHub Copilot. Key findings include:

« Fast coding: Developers who used GitHub Copilot [27] com-
pleted the task significantly faster-55% faster than the de-
velopers who didn't use GitHub Copilot.

« Enhanced developer satisfaction: 60%-75% of users re-
ported increased job fulfillment, reduced frustration
while coding, and the ability to focus on more fulfilling
tasks.

« Conservation of mental energy: Users noted that GitHub
Copilot helped maintain workflow (73%) and saved mental
effort during repetitive tasks (87%), contributing to overall
developer happiness. This is crucial, as context switches
and interruptions can negatively impact productivity.

4.5 | LLMs and Predictive Analysis in
Software Development

LLMs are trained on a vast amount of data that helps in various
aspects by providing predictions by analyzing historical data.

The applications of LLMs for predictive analysis from the view-
point of experts are given below:

Expert 1: Code completion based on the overall code-base con-
text can be accelerated rather than just syntax completion.
Based on company-wide knowledge, OKRs can be set using
these LLMs.

4.6 | Biasin LLMs for Software Development

As LLMs are trained on a large amount of internet data, bias in
their output is inevitable. This section discusses the biases pres-
ent in different LLMs and how they can impact the results.

Expert 5: LLMs are generally trained on the large text data
available on the internet. This data is largely human-
generated or collected through systems created by humans
[55]. Therefore, Al bias, also known as machine learning bias
or algorithm bias, describes AI systems that generate biased
outcomes that mirror and reinforce human prejudices in a
community, including social inequity that exists today and has
existed historically. The original training set, the algorithm,
or the predictions the algorithm generates can all contain bias.
It can be inherited in the form of gender stereotypes, religion,
and racial prejudices [56]. When producing text, the models
can pick up on and replicate these biases that can result in dis-
crimination in automated decision-making systems, among
other negative outcomes, in addition to reinforcing negative
perceptions [57]. For example, GPT-3, which OpenAl released
in 2020, showed an unparalleled capacity to produce coherent
and contextually relevant text through training on a massive
corpus of text data [36]. Different studies reveal that content
generated by GPT-3 is biased in many ways. A study investi-
gates and reports brilliance bias in two models of GPT-3 [58].
Also, another study findings show that some gender precon-
ceptions in generated short stories that appear to be benign
are reproduced by GPT-3 [59]. Similarly, the code generated
by these LLMs can also produce unfair results, especially in
handling bias-sensitive tasks. Due to the increasing popular-
ity of LLMs in software development, these biases may have
far-reaching effects, including discriminatory hiring prac-
tices, lending choices in the financial sector and biased medi-
cal care. For example, when used in the recruitment process,
the candidate's personal image and behavior are just as im-
portant as their level of professionalism. It is challenging for
language models to accomplish this, whether it is over video
chat or another form of communication. It requires specific
analytical abilities, such as evaluating the tone of voice, gaze,
and facial expressions of the candidate's response to ascertain
whether the candidate is qualified for the position. Therefore,
in order to minimize bias when using AI for recruiting, it also
needs to be continuously monitored and the outcomes regu-
larly analyzed by the relevant parties. In the event of issues,
this could be more expensive than using conventional hiring
techniques [60]. Moreover, the preconceptions in the natural
languages are reflected in the codes generated by these mod-
els if the task involves any protected attributes, that is, age,
education, race, gender, city, region, and so on. For example,
potential bias is detected in code snippets generated by five
different state-of-the-art LLMs to assess employability, given
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the attributes [34]. Also, studies investigating the replacement
of human feedback with LLMs report verbosity bias, that is,
the systems prefer long or more wordy answers than humans,
even if they appear of lower quality [61]. It can also lead to
unnecessarily complex and lengthy code generation for soft-
ware development. Therefore, the software developed by these
codes would also reflect bias in its results that can lead to un-
fair treatment of a special group, culture or region.

Expert 9: LLMs have the power to dramatically influence and
improve our lives. As the use of LLMs becomes more prevalent,
behaviors, we must remain vigilant to ensure we properly as-
sess all ethical considerations, particularly when these systems
are applied within safety-critical domains, such as healthcare.
There have been many reported incidents in recent years of
LLMs producing biased or discriminatory results. Therefore, we
must be extra vigilant in their use, particularly when they are
deployed in situations where they could potentially cause harm.
It is well documented that medicine has been developed for the
white, male patient [62] and unfortunately, AI systems have the
power to exacerbate this problem [63]. If we accept the world as
it is, with all its flaws, AT systems such as LLMs will inevitably
exhibit such behaviors and it is the most vulnerable patients in
our society who will suffer the consequences. One of the funda-
mental, most popular uses of LLMs is as a chatbot—a mecha-
nism for the user to engage with the model in a query-response
interaction. The instant, and seemingly intelligent, responses an
LLM can offer to individual queries has the potential to resemble
a human conversation. While we know this is not true human
interaction, it can appear genuine enough to simulate human
communication. As such, these techniques have been proposed
for use as healthcare chatbots, including some applications such
as mental-health chatbots [64]. There are clear potential bene-
fits to the use of such technology for this type of application, for
instance, a chatbot is always available, a chatbot does not get
tired, a chatbot will never judge you. Users may find the non-
judgmental, always-available support to be of great help, partic-
ularly if they feel stressed at unsociable times such as during
the night or in response to stressful situations where they do not
have the opportunity to arrange to speak to a person. However,
a chatbot is not a trained professional, and there is a danger in
allowing it too much influence over a person’'s mood, particu-
larly if that person is emotionally vulnerable. Any LLM or Al
is trained on a dataset, and they are trained according to their
overall accuracy on results; such training does not consider the
needs of an individual. A human counselor or psychologist stud-
ies and trains for years to be able to detect and diagnose the ail-
ment and correct treatment or response that a patient will need.
How could we be sure an LLM will give the response needed by
the individual and not merely offer a recommendation or plati-
tude that it decides is statistically the best, based on a superficial
attribute of the person such as their age, gender, or race?

Mitigating Al biases is not a simple task, but that does not mean
we should not aspire to address the issue and work toward a
better future. The responsibility to ensure duty of care falls to
each person who is involved in creating, deploying, and using
a system that can be used to treat or influence a patient—in-
cluding the developer, the product owners, and the institution
or medical professional that employs any device that uses such
technologies. While the use of AI techniques such as LLMs in

medical and healthcare products is relatively new, there are
a number of standards and guidelines that these stakehold-
ers must familiarize themselves with. The EU has recently
reached a political agreement on the EU AI Act, to be final-
ized this year, which considers generative Al including LLMs.
This was developed to ensure the regulated use of AI within
the EU. NIST has also published a standard on identifying and
managing bias in AI [65], and the IEEE plans to release the
P7003 standard on Algorithmic Bias Considerations later this
year [66], along with a certification course available through
the IEEE CertifAIEd [67]. Ideally, there would be a simple
coding fix to this problem; we could merely install a plug-in,
a function or an update that would ensure all software would
act in a fair and non-discriminatory manner. Unfortunately,
no such technological fix exists, nor is it likely to ever exist.
There are now a number of standards, guidelines, and regula-
tions that developers must consider in order to ensure ethical
and fair code generation, and it is up to each developer and
user to make themselves aware of these guidelines and fol-
low them to the best of their ability. If an LLM is employed as
a chatbot that acts as a medical first-aider, or mental-health
support bot, for instance, there is a duty to ensure it only offers
fair, unbiased opinions or suggestions regardless of any sensi-
tive or protected attribute from the user. LLMs are trained on
real-world data, and the real world is biased. This is a simple
fact that we must not just accept, but must work to overcome.
Technology is here, and it is at our fingertips, but it is up to us
to use it in a manner that helps all; we can only achieve this by
considering the ethical and fairness implications of the use of
these technologies on all people, at each step of development
and deployment.

4.7 | Ethical Considerations in LLMs
for Software Development

Other than bias, there are also some ethical concerns, including
privacy breaches associated with LLMs that need to be consid-
ered. The ethical implications of LLMs discussed by experts are
as follows:

Expert 1: At established scales such as enterprize customers,
these models will have to deal with a lot of proprietary data
bound by many data protection laws, such as the General Data
Protection Regulation (GDPR) in the European Union (EU).
For best ethical practices, LLM service providers would need to
comply with such laws, for example, through on-premises clus-
ters/instances for those customers to ensure data locality and
protection. Further, they would need to come to an agreement
with customers about the kind of data that can be used to train
their models, both bespoke and general training.

Expert 5: The extensive use of LLMs by students can limit their
ability to learn, think critically, and experiment with coding,
and can raise ethical issues concerning cheating and plagia-
rism. The capacity of LLMs to enable plagiarism compromises
academic integrity and undermines the goal of assessment,
which is to impartially assess students' learning. Students
who do excellent work using LLM models such as ChatGPT
unfairly benefit from an advantage over their colleagues who
do not have access to it. More importantly, using these models
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interferes with teachers' ability to effectively assess student
performance, making it challenging to address students’
learning issues [68]. One other aspect of biases in LLMs is the
language dominancy that hinders the explanation of the prob-
lem for non-native speakers, thus producing faulty outputs.
Moreover, it also imposes some other ethical concerns, includ-
ing dominance, breaching the privacy and confidentiality of
individuals, dissemination of inaccurate information, and pla-
giarism. Italy was the first European country to ban ChatGPT
by questioning the regulations for the storage and collection
of users’ data. Authorities also expressed disapproval for the
improper handling of erroneous information generated by
the platform [69]. Although the ban has been lifted now, it
raises some serious concerns about the LLM models that are
rigorously trained on text data without undergoing any pre-
processing to preserve privacy, ensure transparency, mitigate
biases, and handle inaccurate information that, in code gen-
eration, can limit assessability of functional correctness of the
code generated [70]. It becomes crucial to strike a balance be-
tween minimizing ethical hazards and utilizing LLMs' pow-
ers in sensitive contexts. This calls for strict regulations and a
close examination of how they are used.

4.8 | Challenges of Using LLMs in
Software Development

Although LLMs have huge potential, there are also some chal-
lenges that need to be addressed as follows:

Expert 3: There is a lot of hype around AI at the moment,
largely due to the attention economy that is capitalizing on
recent advancements like PaLM 2, ChatGPT, Midjourney, and
so on. Hype is not the same as recognizing the advancements
in technology. Instead, the hype inflates expectations and
confuses the real-world applications of AI with science fiction
[71]. This can impact a population of workers in a number of
ways. It makes them emotional, scared, fatigued, and finally
skeptical (when hyped-up predictions fail to come to pass).
Many ATl experts are skeptical of contemporary Al replacing
software developers, highlighting how the most advanced AI
systems today, LLMs, are just statistical models. These don't
have intelligence or understanding. Even if all software de-
velopers and companies used AI during development, the de-
veloper would still be required to design, review, and analyze
the entire system. Rather than replacement, it is believed that
it will be a tool to augment their work and abilities, which
is known as intelligence augmentation [72]. As the technol-
ogy improves, more tasks and responsibilities of a software
developer may be automated by AI. But we don't know if the
capabilities of Al will be so advanced that they can replace hu-
mans entirely. A possible future where Al is advanced enough
to replace a human at tasks will not be the same as the world is
now. We can't think about the future in terms of how the pres-
ent is. In the same way that when the combustion engine was
first invented, no one could have predicted how this would
impact the world for the next century. While there were some
paved roads, there was no expanse of highways. Likewise,
the secondary industries that exist due to cars include motor-
sports, petrol stations, mechanics, and aftermarkets for spare

parts and accessories. No one could have predicted the vast-
ness of the car industry at the time of its birth, and AI will be
the same. There will be other opportunities that come with
advanced AI. We have the benefit of learning from the past.
Software developers should be aware that we are now in a rev-
olutionary time, where the world is slowly starting to shift into
a new trajectory.

Expert 7: LLMs serve as a driving force behind the transforma-
tive change in developers' methodologies for conceptualizing,
crafting, and enhancing code in software development endeav-
ors. Similar to how automation rendered much of manual testing
obsolete, the strategic utilization of LLMs holds promise for aug-
menting productivity and elevating the quality standards of soft-
ware products. However, despite the proliferation of available
options, many LLMs remain nascent in their capabilities, thus
constraining their current applicability. Moreover, Instruction-
tuned LLMs [73] like OpenAl's ChatGPT emerged as an early
frontrunner in the conversational AT market, establishing wide-
spread adoption until the introduction of Google's Bard, a suc-
cessor of pathways language model 2 (PaLM 2) [74]. Utilizing
both platforms extensively, developers tend to encounter a sense
of disillusionment with ChatGPT's performance. Particularly
within the context of interfacing with Windows services and
applications, expectations were set for more dependable re-
sponses and proficient generation of code snippets tailored for
Microsoft-owned libraries. While challenges without immediate
resolutions are inherent in software development, the provision
of inaccurate or irrelevant solutions is considered unacceptable.
While prompting ChatGPT to suggest or create code snippets
for web application development within the Microsoft Blazor
framework [75], it was found that the generated code block
ostensibly addresses specific frontend properties that were ab-
sent in the framework. Furthermore, comparative evaluations
between ChatGPT and Bard have highlighted instances where
the latter has offered more appropriate solutions, intensifying
dissatisfaction with the former's performance.

Expert 8: 1t is found that there is a lack of research on the use
of LLMs in software engineering, especially in areas like soft-
ware testing, turning natural language into code, and incor-
porating newer models like ChatGPT. Integrating LLMs into
software engineering is a complicated process. This stresses
the importance of conducting thorough literature reviews to
understand the capabilities and limitations of LLMs which can
bridge this knowledge gap [76]. Despite the advantages, there
are also several challenges and limitations when it comes to
generating code using language models. The LLMs struggle
with retaining the testing context, which makes it difficult to
generate accurate and relevant test scripts within the dynamic
mobile app testing environment. LLMs may use inappropriate
or deprecated APIs, which can lead to non-executable scripts
and necessitate manual intervention to align scripts with cur-
rent APIs. It is also found that LLMs require human expertise
for fine-tuning scripts to ensure compatibility with the mo-
bile app's environment, due to a lack of deep understanding of
app intricacies. LLMs have limited capabilities in generating
scripts for complex test events like scrolling or managing pop-
ups, requiring additional tools or manual efforts for compre-
hensive test coverage [77].
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Expert 10: LLM augmented development already looks set to
accelerate rapidly in 2024, with new LLM models and tools
being announced almost weekly. Alongside the now well-
established tools such as Copilot, Code Whisperer, and Gemini,
other tools are regularly coming to market with new capabil-
ities. However, some of the concerns about the proprietary
models used to power these tools are that they are all commer-
cial, opaque, and require internet access. Additionally, they
still have unresolved questions about copyright. A counter
to these concerns is the growth of open-source models such
as Llama, Mistral, and Dolphin, which are opening up LLM
development to far more participants in both industry and ac-
ademia. This will allow for far more research and innovation
in the specialist area of AI coding tools. While current coding
assistants have proven very effective in code production, they
are also still susceptible to excessive and irrelevant code as
well as hallucinations. They are also still limited in terms of
software design [78].

4.9 | Future Directions and Innovations in LLMs
for Software Development

LLMs have also opened up various future opportunities for
innovation to leverage the true potential of these architec-
tures. Some of the opportunities from expert opinions are
listed below:

Expert 1: Currently, the biggest blocker is scaling these mod-
els. For an incremental improvement in the dataset size or
efficiency, it requires a lot of computing power. This makes
these extremely useful technologies a difficult sell at an en-
terprize level. Now that we're approaching a saturation point
in Moore's law and the number of transistors we can fit in
conventional silicon, we need to invest in silicon chips that
follow the principles of a human brain. It will help democra-
tize this breakthrough technology for the masses. The pricing
models for such LLMs are based on the number of tokens used
per prompt. As Prompt engineering is becoming an up-and-
coming job profile, we can train engineers to be more efficient
in their prompts and extract maximum value out of prompts.
Currently, the feedback loop of these models for media-based
inputs (such as pictures, videos, or audio) is long. With invest-
ment toward human-brain-like chips, we can reduce this feed-
back to reach near real-time response from LLMs for a wide
array of input types.

Expert 6: Despite the current productivity gains and perfor-
mance of code language models, their full potential remains un-
realized. Due to their unreliability, current models are primarily
utilized for automating repetitive tasks and providing skeletal
structures for ideas, simplifying the ideation process. However,
a significant transformation in the software development pipe-
line is still on the horizon. Ethical considerations come into play
as these code models could inadvertently aid in the development
of malicious software, amplifying the ease of scaling such ef-
forts. Future development efforts hinge on designing more reli-
able models. Key considerations include obtaining high-quality
code data and fine-tuning language models to adhere to specific
software development patterns and best practices, thereby min-
imizing errors.

Expert 10: The speed of evolution of new LLMs makes it dif-
ficult to predict exactly what technologies will be powering
3GL code generation tools, even in the near term. But what
is easier to predict is the drivers of this technology, which re-
main relatively unchanged. Businesses will always aspire to
convert business ideas to IT solutions with the lowest possible
cost and time to market. The popularity of Low Code was on
the back of this promise, but to date has not been able to de-
liver. AT tools may finally make it possible to convert business
ideas to solutions with little or no need for traditional develop-
ment. This could precipitate a realignment of solution delivery
roles. The role of developers who currently convert business
requirements to code could move to no-code solutions, devel-
oped by “business engineers” who are primarily aligned to
business functions rather than IT. These would be technical
experts fully embedded in the business. They may still require
some traditional coding skills (for instance, Excel has just
embedded Python), but not in the way they do as application
developers. Data scientists may increasingly occupy this space
as many Al tools automating functions that data scientists
currently need to code are coming to market. Operations has
evolved significantly over the last decade with DevOps, but
there are already signs that this will evolve further and re-
align into Development and Platform Engineering. Platform
engineering is responsible for developing tooling to run infra-
structure, production, and the development environment, ab-
stracting away the complexity of operations from developers.
This is also a further enabler of moving solution development
to business functions. At the same time, Platform engineers
will require increasingly advanced AI coding tools. These will
need all the development features of existing AI code, but in
addition will need tools for IaC, configuration, security, test-
ing, production management, and other pipeline toolsets. Al
Ops skills may likely need this level of expertise to manage
and deploy models. Finally, AT model developers and AI tool
developers will require a range of existing and new AT tools
to facilitate training, testing, and management of new mod-
els. Already, these are using LLMs to generate new LLMs, and
if this proves productive, no doubt new developer tools will
emerge to accelerate these processes. It is possible that the fu-
ture of AI coding tools may be shaped as much by the future
landscape of development roles in the AI age as it is by the
evolution of the AI tools we have today.

Expert 11: LLMs have numerous benefits, but they cannot com-
pletely replace human interaction. As a result, it is recommended
that LLM models be used in conjunction with the manual CR pro-
cess, with LLM handling mundane and repetitive tasks and human
developers focusing on higher-order, creative problem-solving.

5 | Overview, Analysis, and Discussion

This section provides a brief overview of the major themes dis-
cussed by experts.

5.1 | Thematic Analysis

This section presents a thematic analysis of the expert opin-
ions collected in the study. The analysis is based on themes
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TABLE 3 | Major themes discussed by the experts.

Theme 1 2 3 4 5 6 7 8 9 10 11
Compliance v v

Ethics and fairness v v v v

Lack of innovation and creativity v

Human-AI collaboration v v

Increase productivity v

Code review v v v

Code quality v v v v

NLG and NLU v

Lack of contextual understanding v v v
Collaboration and inclusivity v v v
Security concerns v v

Non-compliance v v

TABLE4 | Cohen'sxforinter-annotator agreement between themes.

Theme x score
Code quality 0.2142
Code review 0.7441
Collaboration and inclusivity 0.7441
Compliance 1.0
Ethics and fairness 0.3773
Human-AI collaboration 0.6206
Improve productivity 0.2978
Lack of contextual understanding -0.1578
Lack of innovation and creativity 1.0
NLG and NLU -0.1379
Non-compliance with industry standards 1.0
Security concerns 0.6206
Mean 0.5269

identified by two annotators through iterative reading, discus-
sion, and subsequent agreement between the two annotators.
Rather than following a formal qualitative thematic coding
methodology, the annotators collaboratively reviewed the re-
sponses, identified prominent themes, and reached consensus
on the final themes that captured common viewpoints, per-
ceived advantages, eminent concerns, and areas of emphasis
across experts. This approach aligns with the exploratory and
opinion-oriented nature of the study rather than in-depth
qualitative exploration.

The analysis revealed a set of recurring themes that reflect how
experts perceive the role of LLMs in software development.
These themes span technical, organizational, administrative,

and ethical dimensions, highlighting both opportunities and
challenges associated with LLM adoption in the development
workflow. In total, 12 common themes have been identified to
perform thematic analysis, which are as follows: Compliance,
Ethics and Fairness, Lack of Innovation and Creativity, Human-
AT Collaboration, Increase in Productivity, Code Review, Code
Quality, NLG and NLU, Lack of Contextual Understanding,
Collaboration and Inclusivity, Security Concerns, and Non-
Compliance to Industry Standards. Table 3 displays the corre-
sponding themes for each expert. The most common themes are
“Ethics and Fairness” and “Code Quality,” as out of 11 experts,
4 talk about the potential ethical considerations and fairness
in the application of LLMs in software development and their
impact on code quality. Only one expert explicitly discusses the
“NLG and NLU” capabilities of LLMs.

Table 4 displays the kappa coefficients for the 12 thematic codes
annotated by two annotators. The x score ranges from —1 to +1,
with +1 conveying perfect agreement and —1 indicating less
than chance agreement. “Compliance,” “Lack of innovation and
creativity,” and “Non-compliance to industry standards” have
perfect agreement between the two annotators, whereas “Lack
of contextual understanding” and ‘NLG and NLU’ have less
than chance agreement. The mean kappa score is 0.5269, which
indicates moderate agreement between the annotator assigned
labels. While not all experts discussed every theme, several top-
ics appeared consistently across responses, indicating shared
concerns and expectations.

1. Compliance and non-compliance to industry standards:
Compliance with industry standards and best practices
emerged as an important consideration in the adoption
of LLMs for software development amongst the opinion
essays. Experts noted that while LLMs can assist in en-
forcing coding standards and formatting guidelines, they
do not inherently guarantee compliance with domain-
specific regulations or organizational policies, and may
sometimes be detrimental to that goal without human
supervision.

10 of 16

Applied AI Letters, 2026

858017 SUOWIWOD BAIIEaID 3(edl|dde ayy Aq pausenob ale sajoie YO ‘SN Jo SNl 1oy Afeiq)8Ul|UO A8|IA UO (SUONIPUOD-PUE-SWBIAL0D" AB | IM"ALeq) Ul UO//ScY) SUOIPUOD Pue SW 1 8L 88S *[9202/20/v2] Uo ARiqiTauliuo A8iM 'y vYOs HOHVASTY HLTVAH AQ L8002 Z11B/200T 0T/I0p/woo" A3 (1M Aeiq 1 puljuoy/sdiy Wwolj pepeojumod ‘€ ‘9202 ‘G6356892



2. Ethics and fairness: Ethics and compliance emerged as sig-
nificant cross-cutting themes. Experts expressed concerns
about bias embedded in training data and the potential for
LLMs to propagate unfair or discriminatory outcomes.
Compliance with industry standards and responsible Al
principles was also highlighted, particularly in regulated
environments. Some experts raised concerns about non-
compliance, especially when LLM-generated code is used
without sufficient review or documentation

3. Lack of innovation and creativity: A smaller but notable
theme relates to the potential impact of LLMs on the crea-
tivity of developers and users. While some experts viewed
LLMs as enablers of rapid prototyping, brainstorming, and
productivity enhancers, others cautioned that overreli-
ance on automated suggestions could lead to homogenized
solutions, reduced creativity and innovation in software
design.

4. Human-AI collaboration and inclusivity: Another prom-
inent theme extracted from the essays was concerns
about the collaborative relationship between developers
and LLMs. Experts consistently emphasized that LLMs
should be used as assistive tools rather than replacements
for human developers. Effective human-AI collabora-
tion was seen as the essential step to realise the benefits
of LLMs while keeping the risks to a minimum. Several
experts emphasized that developers must retain the final
decision-making authority, particularly in critical choices
and scenarios. The essays also emphasized how LLMs
within the development environment can enhance collab-
oration between experts, as well as promote inclusivity by
encouraging participants from experts across the world in
cross-lingual scenarios.

5. Increase in productivity: One of the most frequently
identified themes was ‘Increased Productivity’. Experts
emphasized the ability of LLMs to automate time-
consuming tasks such as code generation, documen-
tation, debugging, and evaluation. These capabilities
were seen as particularly valuable in reducing develop-
ment time and effort, allowing developers to focus on
higher-level problem-solving and reducing cognitive
load. However, productivity gains were often discussed
alongside the need for careful oversight and the need for
human-in-the-loop development

6. Code review and code quality: Experts widely acknowl-
edged the effectiveness of LLMs on streamlining the CR
processes and enhancing overall code quality. LLMs were
viewed as useful tools for identifying syntactic errors,
debugging, and suggesting improvements. Some experts
noted that automated and instant support can enhance
consistency and reduce human error, but concerns were
also raised about the limitations of LLMs in understand-
ing complex problems, reinforcing the need for human
oversight.

7. NLG and NLU: Experts frequently discussed the advan-
tages of the enhanced NLU and NLG capabilities of LLMs
within software development. LLMs are particularly effec-
tive at translating natural language requirements into code
snippets and generating documentation. This capability

was seen as valuable for bridging communication gaps be-
tween technical and nontechnical stakeholders, enabling
improved collaboration

8. Lack of contextual understanding: Several experts noted
that LLMs often lack deep contextual understanding of
domain-specific requirements or organizational con-
straints. They also lose track of context within a long con-
versation, which can be detrimental to code development
and may introduce bugs into the code.

9. Security concerns: Security-related concerns were identi-
fied by multiple experts, including the risk of introducing
vulnerabilities through Al-generated code. Experts ex-
pressed concern that developers may place unwarranted
trust in Al-generated code and potentially ignore standard
security reviews or testing procedures. This risk is am-
plified when LLMs are used to rapidly generate large vol-
umes of code to be used in critical scenarios. As a result,
experts emphasized the need to integrate LLM usage with
standard and secure development practices, involving CRs,
static analysis, and security testing.

5.2 | Opinions Overview

The role of LLMs in automating or assisting code generation
is significant. Our expert panel has highlighted several advan-
tages and use cases where LLMs can make a huge difference
in software development. Four experts acknowledged that inte-
grating these models in code generation activities can reduce the
chances of errors in both syntax and logic, thus improving the
code quality. Also, Experts 1 and 4 have mentioned that these
platforms can aid cross-language collaboration, that is, code
written in one programming language can be translated into
other languages easily, which increases usability and reduces
effort. Moreover, Experts 4 and 8 mention that LLMs can gener-
ate code snippets based on statements written in plain language
or natural language, increasing the LLMs' applicability span.
In the view of Expert 1, companies like Amazon, Microsoft,
Google, and Facebook (Meta) are big players in developing these
platforms to enhance developer productivity and experience.
Furthermore, Expert 8 draws attention to the ability of LLMs
to create problem-specific software development or code gen-
eration that helps developers in efficient time utilization and
reduces their burden. Figure 1 shows the names of the most
common LLMs discussed by the expert panel. GPT is the most
frequent LLM mentioned, followed by Co-Pilot and Llama.

LLMs have greatly impacted the CR process. According to
Expert 11, the incorporation of LLMs can enhance communi-
cation and collaboration between developers. An automated CR
process can increase the effectiveness and accuracy of the code
as well as the CR process. It can help to ensure best practices,
thus improving the overall code quality as recognized by Experts
1 and 2. Moreover, Expert 2, being a practitioner in the medical
industry, says that the LLMs' CR process can reduce the risk by
mitigating defects in the early stage of medical device software
development. Another important aspect that was brought for-
ward by Expert 2 is related to security, as these models can also
check codes for vulnerability detection and security audits. It
can also help prioritize and optimize resource allocation.

Applied AI Letters, 2026

11 of 16

858017 SUOWIWOD BAIIEaID 3(edl|dde ayy Aq pausenob ale sajoie YO ‘SN Jo SNl 1oy Afeiq)8Ul|UO A8|IA UO (SUONIPUOD-PUE-SWBIAL0D" AB | IM"ALeq) Ul UO//ScY) SUOIPUOD Pue SW 1 8L 88S *[9202/20/v2] Uo ARiqiTauliuo A8iM 'y vYOs HOHVASTY HLTVAH AQ L8002 Z11B/200T 0T/I0p/woo" A3 (1M Aeiq 1 puljuoy/sdiy Wwolj pepeojumod ‘€ ‘9202 ‘G6356892



Common LLMs platforms by experts

60%
50% 50%
40% 36%
30% %
20% #
14% 14% 14%
0%
X A X
Q\\Q RS 2 Q§8\ Q}\‘L \ro@fo @(’Q' 0&\\- 0& \&ﬁ, é\%x & & ‘(\{9@
A & V& o & erb & F®
X &R P & 2 X
.\QG o X R
N &
2 2
NN c_,’l}

FIGURE1 | Mostcommon LLMs discussed by the expert panel.

Expert 1 also draws a view on the predictive analysis of LLMs.
The data-driven predictions made by these language models can
empower software development processes, help in optimized
resource allocation, and provide assistance in long-term innova-
tion and improvement in the software community.

One of the major concerns highlighted by experts is ethical and
fairness issues, as these models are trained on a large corpus of
internet data. The data can be biased, and these biases can be
reflected in the form of gender stereotypes, religion, or social
prejudice. The impact of these biases can highly affect a spe-
cific group when implemented in systems such as hiring soft-
ware or medical care applications, as mentioned by Experts 5
and 8. Other than that, the applications of open-source LLMs
have raised ethical concerns for their extensive use by students.
It limits the learning and innovation process. Furthermore,
Experts 1 and 5 also highlight that these models can breach pri-
vacy and data protection laws as they can memorize new data.
Experts 5 summarize that these models lack transparency and
accountability. Also, the underlying bias can lead to discrimina-
tory outputs.

There are several other limitations mentioned by the experts.
These mainly include the inability of language models to han-
dle ambiguity and vague instructions, which makes it difficult
to generate correct, accurate, and relevant scripts. Also, LLMs
are trained on a large amount of text on the internet; therefore,
the code generated by them lacks specific industry standards
or regulations. Also, these generated code snippets may not
align with new APIs. Experts 3 and 11 express reservations
about the applicability of these models, noting that viewing
them as a replacement for human beings can bring anxiety
and depression to the workforce. It is important to acknowl-
edge that software development still requires humans to per-
form tasks such as higher-order planning, code verification,
and fine-tuning of the code.

The full potential of LLMs is still not realized. Expert 1 says that
these models should be trained on large datasets, and also that
developers should be trained to use prompts efficiently to get
the maximum from them. Expert 6 believes that these models
should be trained to increase the reliability of the content gener-
ated by them by increasing data exposure and testing protocols.

6 | Discussion

In this section, we will discuss the findings of the study with
respect to the research questions:

1. RQI: What are the applications and advantages of LLMs
in software development as per expert opinions? The the-
matic analysis approach applied in this study has revealed
several perceived benefits that the integration of LLMs in
software development can provide. LLMs have been used
to perform several tasks in software development, such as
code reviewing and pair programming [79], code genera-
tion, converting from natural language prompts to code,
generating documentation for the code, improving code
quality [76], translating code across programming lan-
guages, and predicting code snippets in real time. LLM-
assisted platforms such as GitHub Copilot can serve as
valuable assistants for developers by automating tedious
tasks and allowing them to focus on tasks that require
creative problem solving (Eirini [27]). Within a predefined
framework, LLMs can help ensure compliance with stand-
ards [76]. They can also help in maintaining version con-
trol for the various dependencies in an application. LLMs
can also support cross-platform and cross-lingual collabo-
ration between developers.

2. RQ2: What are the limitations and potential concerns
of LLMs in software development as per expert opin-
ions? Despite seeing extensive application in software
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development, there are still significant drawbacks to
using LLMs, as affirmed by the expert opinions. Firstly,
LLMs suffer from “hallucinations,” which refers to gen-
erating factually incorrect information [80]. Therefore,
responses provided by LLMs should always be verified.
Secondly, overreliance on LLMs can limit the critical
thinking skills of new developers and hamper innova-
tion. Students can also unfairly use LLMs to complete
assignments or tests [39]. Vague instructions given to
LLMs may result in incorrect scripts. There are also sig-
nificant ethical considerations to the application of LLMs
in software development [36]. Deep learning algorithms
contain inherent biases which may be amplified with
downstream applications. LLMs are pretrained on a large
amount of data, which also contains biases such as gen-
der bias [81], racial bias, and brilliance bias. Integration
of LLMs into software development workflows may also
disrupt version control and compliance, model transpar-
ency, and responsible AI practices. Additional training
may also be required to efficiently use the LLMs.

6.1 | Implications of the Findings

The findings suggest that LLMs have the potential to meaning-
fully reshape software development practices, but only when
integrated ethically and with due consideration. The results
highlight the importance of balancing automation with account-
ability and human oversight. LLMs can accelerate development
workflows, but also introduce new risks which can impact trust,
explainability, and ethical responsibility. For research, the study
underscores the value of expert opinions as an early indicator of
emerging technologies such as Al and their associated hype and
concerns. The identified themes point to the need for further
empirical and qualitative research on how LLM usage affects
code quality, developer expertise, training and education, and
organizational decision-making.

6.2 | Practical Recommendations for Practitioners
and Researchers

Based on the synthesized expert perspectives, several practi-
cal recommendations emerge for software development practi-
tioners and researchers: First, LLMs should be used as assistive
tools under the developer's supervision, rather than autonomous
decision-makers. Human review and validation remain essen-
tial. Second, organizations should invest in developer training
and education, emphasizing critical evaluation of AI-generated
outputs, rather than blindly accepting LLM-generated code.
Third, ethical considerations, including bias awareness, data
provenance, privacy and security, and responsible Al practices,
should be embedded into software development workflows in-
corporating LLMs. Finally, administrators and policymakers
should establish clear guidelines on the appropriate use of LLMs
in educational and professional settings to prevent misuse, pla-
giarism, and overdependence.

Based on the analysis of the expert opinions performed in the
study, LLMs have the ability to efficiently perform tasks in the
software development lifecycle. However, their integration

into existing workflows must be done while keeping the var-
ious ethical, security, and privacy concerns in mind. The
study analyzed opinions belonging to experts from a varied
demographic, and from the industry and academia sectors.
However, additional work must be conducted by considering
different populations to ensure that the findings of the study
generalize to other groups. Exploring additional tools, such as
in-person interviews and structured surveys, may allow an
in-depth analysis of the opinions of experts in the field of soft-
ware development and NLP.

There are several limitations to this study. The opinions were
gathered in 2023, when the use of LLMs in software develop-
ment was still relatively niche. Therefore, this paper lacks the
expert opinions on newer models and tools which we will ad-
dress in our future work. As of 2026, we have followed up with
our experts regarding the use of agentic Al in software devel-
opment activities. Most respondents continue to prefer LLMs
for code generation over agentic Al systems due to reasons such
as debugging complexity, predictability, security risks, and re-
duced control over system behavior.

7 | Conclusion and Future Work

Since the launch of LLMs, they have been utilized for various
applications such as image generation, healthcare, education,
and software development. LLMs such as CodeBERT and
Codex can be used for various tasks in the software develop-
ment lifecycle such as CR, generation of documentation, pair
programming, and so on. Despite the numerous advantages,
there are several limitations as well as ethical implications to
their use, and any integration with existing frameworks needs
to be carefully monitored. This paper presented an opinion-
driven synthesis and cursory thematic analysis of expert per-
spectives on the influence of LLMs in software development.
By consolidating insights from practitioners and researchers,
the study identified both the opportunities and challenges as-
sociated with LLM-assisted development, including produc-
tivity gains, enhanced collaboration, improvements in code
quality, ethical and fairness risks, and concerns related to
overreliance and developer satisfaction. The primary contri-
bution of this work to the field of applied AT lies in its anal-
ysis of first-hand expert perspective on a rapidly evolving
technological landscape. Rather than focusing solely on algo-
rithmic performance and quantitative evaluation, the paper
highlights practical and human-centric considerations critical
for the responsible and ethical application of LLMs in real-
world software engineering scenarios. The analysis of expert
opinions can be a good indicator of emerging practices, risks,
and research directions in applied AI. Moving forward, it is
important to understand that LLMs are based on algorithms
that contain bias, which can be further propagated through ir-
responsible use. Future work can extend this research by con-
ducting deeper thematic analyses using structured qualitative
methods and thematic coding, expanding the diversity and
size of the expert participant pool, and examining the long-
term impacts of LLM integration on software development
practices through quantitative studies. Also, we will extend
the scope to the use of agentic Al in software development and
the latest advancements in LLMs.
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