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Abstract
The paper relates to the use of Generative Artificial Intelligence in software engineering practice.
The nature of Generative Artificial Intelligence is introduced. Drawing upon the literature of the
field, the positive benefits of AI use are considered and discussed in relation to some of the
drawbacks and challenges involved. The discussion then moves on to examine the views of
professionals, ascertained through a longitudinal study involving interviews with experienced,
senior software engineers from a number of different organizations. These short interviews were
focused on participants’ immediate experience of using GenAI software in their work as
professional developers. All companies involved in the investigation have longstanding and
significant IT development departments for in-house ICT projects, and client-oriented,
collaborative business-to-business projects. The results suggest that an initial experience of
significant productivity improvement from AI-supported software development was critically
hampered by quality issues. There were unexpected and undesirable software issues and
problems, requiring laborious and resource-intensive efforts to address them retrospectively. Signi-
ficant delays and drains on resources resulted. Some key points for reflection are drawn from the
results of this small study.
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1. Introduction
The purpose of this paper is to consider the advantages and challenges involved in use of
Generative AI tools in the field of software engineering, as an example of a sociotechnical
endeavour. In the 21st Century, much progress has been made in the field of Artificial
Intelligence, leading to the possibility of enhancing processes, for instance in banking and
detection of crime (Ehrndal, 2025). AI that appears to mimic the ways in which human
beings think has been driven by developments in neural networks and machine learning,
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which have enabled natural language processing. Nowadays, it is necessary to make a
distinction between what may be termed ‘traditional’ AI and Generative AI. The former
includes predictive AI; conversational AI used in chatbots and on-line customer support; and
AI-based automation, which merges into robotics and underpins Industry 4.0 systems. Gener-
ative AI, on the other hand, employs Deep Learning models to produce novel output. Much
interest in finding applications for GenAI is apparent in industry and commerce.
For example, business commentators Forbes.com suggest:
 
“GenAI represents a new paradigm in how software is developed, and it's revolutionizing the en-
tire landscape of software engineering. Unlike traditional approaches that rely on human expert-
ise and labor-intensive processes, GenAI empowers developers with intelligent tools capable of
generating code, suggesting improvements and even anticipating potential issues— all in real
time.”  (Graham, forbes.com, 2024)

 
While it is easy to recognize that there is attraction to GenAI use within the field, we believe
that such enthusiasm is maybe premature. The next section of the paper will look at the
nature of GenAI, the purported benefits of using it  and the challenges posed by
incorporation of GenAI within sociotechnical systems, taking Software Engineering as a
specific example.  We then go on to report the findings of a small, longitudinal study into the
experiences of senior Software Engineering professionals of their experiences of working us-
ing GenAI-based support.

 
The Nature of Generative AI
Neural networks have underpinned the development of AI. These comprise interconnected
nodes (artificial neurons), structured in layers, that process and ‘learn’ from data. Feedfor-
ward neural networks, in which data flows in one direction, can perform tasks such as pat-
tern recognition, choice and classification. Their structure consists of three layers: an input
layer, a hidden layer and an output layer. The hidden layer transforms the input into some-
thing useable by the output layer, using key parameters such as weights and biases. Learning
can take place as parameters are updated in response to new data or conditions. Each adjust-
ment brings about an evolution in the response of the network, so that it can adapt to differ-
ent tasks or environments. Neural networks of greater complexity, comprising many layers,
have enabled further developments in the AI field through Deep Learning (Hinton, Osindero
& Teh, 2006). Deep learning models can use unsupervised learning to extract characteristics,
features, and relationships from unstructured, unlabelled data. The multiple layers of inter-
connected nodes in a Deep neural network will each build on the previous layer to refine and
optimize output and drive learning. The boundaries of AI have thus been moved on and ap-
pear to be closer to human reasoning through natural language processing, image processing
and even a semblance to creativity. Generative AI employs Deep Learning models to produce
novel output. A number of different techniques may be applied. Generative adversarial net-
works (GANs) create new data resembling the original data on which they are trained via a
back-and-forth ‘dialogue’ between a generator and a discriminator. Another technique is Dif-
fusion, which makes use of progressive Gaussian noise-addition and denoising, until original
data is unrecognizable, but its patterns remain. In Transformer models, an encoder converts



raw, unannotated text into representations known as embeddings. A decoder takes these em-
beddings, together with previous outputs of the model, and makes successive predictions.

Large Language Models (LLMs) are advanced machine learning models designed to
understand and generate human language. The largest and most ‘capable’ LLMs are
generative pretrained transformers. They are trained using vast amounts of text data, giving
them the capability to perform natural language processing (NLP) tasks. While LLMs do not
have agency in themselves, they are used in a variety of applications, such as generating
text, translating, summarizing content, and answering questions.

 

2. Use of Generative Artificial Intelligence in Software Engineering
There is a great deal of interest in the literature relating to this application. Much of this

focuses upon the benefits of AI use. Relatively little attention to date appears to have been 
given to the specifics of Generative AI.

A number of benefits are put forward for those adopting GenAI to carry out professional 
work, such as software development. Singh (2024) suggests that GenAI tools may afford a 
number of benefits, including enhanced workflow; fostering of creativity; automate bug 
detection; reduction in costs and democratization of Software Engineering itself. It can be 
seen that there is some justification for these claims. It is acknowledged that there are 
traditional AI tools that may be useful in managing the SE lifecycle. It may be possible to use 
GenAI as a means to generate and play with prototype software, stimulating creativity 
among software engineers; and there are tools that will find software bugs faster than a 
human being. However, the assertion that GenAI can democratize Software Engineering 
bears closer examination. Certainly, there are tools available that are relatively low cost and 
easy to use for a novice, thanks to natural language processing. It is possible to ask such 
tools to create a piece of code for a specified purpose. AI assistants are available that are 
usable by a beginner and will create code from natural language prompts, e.g. GitHub 
Copilot. This is possible because there are standard patterns of technical language that AI 
assistants can glean from their training data (Jaiswal, 2025). Such a process has been 
termed ‘vibe coding’ because it is driven by mere desire, rather than careful specification of 
requirements. Of course, this also means that it pays no regard to more demanding and 
possibly tedious matters, such as the need for security or recoverability if the code breaks 
down. AI assistants do not address such needs, but merely recognize and replicate the 
patterns of existing working code (Bahrini, et al, 2023; Yetiştiren, et al, 2023).

Thus, it is easy to see how the production process can be speeded up, and no particular 
professional skills are needed in order to become productive, but Software Engineering 
comprises more than just coding. If the necessary stress testing and the requirements of 
integration are considered, both the claim to democratization and to cost-saving are 
premature. As Feldt, et al (2018) pointed out, while AI use can bring benefits to Software 
Engineering life cycles, new functionality also brings new challenges. There is a need to 
focus upon the different ways in which AI may be applied in SE and the different types of 
risk that each may entail.



Kumar (2025) suggests benefits of AI use could include getting the product to market
faster; continuous delivery; built-in security; and improvements in collaboration among tech-
nical and non-technical members of a development team. However, this author also emphas-
ises that there is a need to focus on synergy between AI, security issues and accessibility
factors.

An overview of the early literature of this field was given by Batarseh, et al (2020), who
identified four ‘dilemmas’ in AI use. First, they highlighted a need to clarify the role of human
beings in Software Development. Can the work of SE professionals be reduced to simply
monitoring work performed by AI? Secondly, they point out that software can be created by
AI, but AI is itself software. They question whether any development cycle exists as such
when GenAI tools are used? It appears to be a closed circle. What are the implications of this
for the quality of software and for the development of the profession? Thirdly, most of the
evaluation research appears to focus on realisability of benefits from using AI in SE from a
‘scientific’ perspective. However, software engineers themselves regard it as both a science
and an art. What happens to the artistic dimension if AI drives the whole life cycle? Will the
evolution of software, and by extension of sociotechnical systems, become restricted and
stunted. Finally, these authors highlighted that there could be inherent conflict between the
development of AI agents (whose purpose is to demonstrate the possibilities of non-human
‘intelligence’) and the purposes of software engineering that require much more – ‘to a build
valid, verified system, on schedule, within cost and without any maintenance, or user
acceptance issues’ (2020, p.38).

There are undoubted drawbacks to the use of GenAI in creating software, quite apart
from the risks mentioned above. Any output from such tools can only ever be unreliable
since their underlying logic is to generate a plausible outcome, based on pattern recognition.
Gen AI assistants have no in-built conceptions of either truth or reality (see Yetiştiren, et al,
2023; Morrone, 2024), merely probability. In any application in which reliability and
accuracy are crucial, this will be a major difficulty. It is interesting to reflect upon examples
from another field in which ‘truth’ and reliability are of great importance. Difficulties have
arisen with use of GenAI tools within legal systems around the world. For instance Harkess
refers to the case of Ayinde v Haringey which came before the High Court in London (Ayinde
v London Borough of Haringey, 2025; Harkess, 2025; Khan, 2025). The junior barrister
appearing for the claimant cited five cases in support of a legal argument, including
quotations from judgments. These had been found using a GenAI search tool. It transpired
that the cases were non-existent, and the quotations fabricated. The cases were
confabulated by the GenAI tool she had used. These ‘hallucinations’ of GenAI appeared
completely plausible in comparison to real law reports, except that there were suspicious
traces – an American spelling, for instance, which no genuine English court reporter would
adopt. Having been asked for five supporting cases, the tool duly provided them, using
patterns gleaned from its training data to confabulate what was not available in reality. The
lawyer  narrowly avoided being held in contempt of court. In her judgment, the presiding
judge set out five lessons that must be learned by the legal profession for future practice: 1.
that GenAI tools are fundamentally unreliable; 2. they are driven by prediction, not
verification; 3. that a legal training increases vulnerability because these confabulations con-
form to expectations and are plausible; 4. that there is an absolute duty of verification



of all sources derived from GenAI and a rebuttable presumption of AI fabrication; and  5. 
that consequences for improper use will be severe and inevitable. Similar judgments have 
arisen in other jurisdictions, such as the United States Supreme Court (Surden, 2024) and Aus-
tralia (Taylor, 2025). The process of verification is estimated to require twice the time and ef-
fort of producing the output, thus negating, to some extent, the suggestion savings in both 
time and cost.

A further point to consider is a benefit mentioned by Alenezi and Akour (2025). They 
suggest that GenAI might be used to elicit and specify user requirements. According to these 
authors, traditional methods used to elicit requirements are labour-intensive and 
‘susceptible to misinterpretations and omissions’ (2025, p.6). AI Systems, they claim, can extract 
meaningful requirements, including both functional and non-functional elements, by pro-
cessing unstructured data such as emails, minutes of meetings and feedback forms. Using nat-
ural language processing they would be able to detect ambiguities and mitigate the risk of 
misunderstandings. (This suggestion appears to conflate a process of elicitation for the pur-
pose of specifying program design with a process of analysis underpinning system design). As 
has been pointed out elsewhere (Nissen, 2002) most professionals do not regard themselves 
primarily as users of software, and any such material as emails and meeting records would 
give only the merest glimpse into their working lives. From a sociotechnical perspective, such 
an approach can only be regarded as questionable, since only the engaged actors could have 
meaningful understanding of contextual dependencies involved in complex roles and interac-
tions. It might, on the other hand, be possible to engage users in surfacing and making expli-
cit their needs from the system using an intelligent assistant with which they can establish a 
dialogue. Users need support for their sense-making so that they can move from a situation of 
uncertainty to one of ambiguity. Bednar, et al (2014) describe such an agent, which can sup-
port ambiguity through application of paraconsistent logic. By extension, it may be possible 
to use such assistants to support meaningful dialogue among users about their system re-
quirements.

As can be seen, GenAI tools may have much to offer in helping to improve productivity 
in fields such as software engineering, by supporting prototyping, improving workflow and 
enhancing error detection. However, proponents would do well to consider the tasks that will 
be involved in ensuring reliability, validity and security. These must be set against the desired 
productivity gains.

The next section of the paper looks at a small study designed to gauge opinions of 
professional software engineers regarding use of GenAI tools in their work. These snapshot 
accounts from practice were derived from a longitudinal study conducted between 
February 2023 and January 2025.

3. The study
Purpose of Study
The purpose of the study was to obtain snapshot views of real-world experiences and practice 
of AI use in software engineering, by exploring participants’ views of professional experience 
within individual work contexts, from their own, unique perspectives.

 



Philosophical Perspective
The authors have approached this study taking an interpretive stance. Many sociotechnical
inquiries are conducted from a desire to uncover generalisable principles for good practice,
focusing upon precision and clarity in expressing an issue or problem. This approach has been
termed logical empiricism. However, Radnitzky (1973) points to a danger that such an approach
promotes an artificial separation between observers, with their unique worldviews, and the
observations of phenomena that they make. This inquiry is therefore based in an alternative
philosophical paradigm of hermeneutic dialectics. Here, there is explicit recognition of
uncertainty and ambiguity, as features of socially constructed perspectives on human activity.
Rather than precision and clarity, focus is on transparency, emphasising individual self-
awareness.

Such an interpretive stance emphasises relevance in findings, rather than rigour and
generalisability. The material uncovered is considered to be illuminating in its own right.
Researchers adopting an LE stance will make provision in their design of inquiry for meas-
ures of reliability and validity. Within an HD-informed study, on the other hand, the appro-
priate measures will be transparency and recoverability. Thus, coding is used so that it will be
possible to attribute particular findings to particular subjects, and the observations recorded
are fed back to the participants, so that they have an opportunity both to confirm and reflect
upon them. 
Research Ethics
The research was conducted within the Ethical Framework adopted and published by the
University of Portsmouth. This is grounded in the UKRIO Code of Practice for Research. An
ethics review was conducted at the beginning of the project, taking into account the prin-
ciples set out in this framework. These include, inter alia, assessing whether the study would
maximise benefit for individuals and society, while minimising risk/harm to participants; re-
specting privacy, autonomy, diversity, values and dignity of individuals, group and com-
munities; ensuring that participation is informed and voluntary, and can be withdrawn at any
time; ensuring that activities are conducted with integrity and transparency, using appropri-
ate methods. Full details of this framework can be found at https://
policies.docstore.port.ac.uk/policy-028.pdf.

In the context of this inquiry, it was possible to involve participants in discussion of ethical
considerations during the first round of interviews, including decisions on such matters as the
need for anonymity. The results of these discussions were incorporate into the ongoing re-
search design.  Initially, not all of the interviewees saw a need for anonymity. However, this
changed over time, and by the 3rd round of interviews everyone involved agreed that an-
onymity had been the right choice. This was a direct reflection of their changes in perspect-
ive, becoming more and more sensitive and potentially challenging to the viewpoints of their
own managers and the corporate environment. This reflection on ethical commitment also re-
quired that the identities of their employers to be kept anonymous.

It was further agreed with the interviewees no recordings should be made. All notes were
therefore made on paper, and consolidated during, as well as immediately after the meetings.
Personal names, company names, places, etc were explicitly excluded from any notes. 
 Methodology
Recruitment and Sampling

https://policies.docstore.port.ac.uk/policy-028.pdf


Convenience sampling was used to recruit participants in this small study, drawing on personal
recommendations and connections with professionals, including some alumni of the univer-
sity. The selection criteria were specifically, [a] senior professionals with significant experi-
ence as lead software developers and project managers; [b] professionals who were actively
working in organizations with relatively large scale (in house) projects, in departments, teams
or groups of more than 50 software developers, contracted as employees. This resulted in 7
participants, all of whom were employed at a senior level. The interviewees were the same
throughout all four interviews.

Table 1 shows the range of employing organisations and the professional role of parti-
cipants, providing context for their reflections.

 
Method
Four rounds of informal, on-line interviews were conducted, using Teams, Google Meet, Zoom
etc dependent on the convenience and preferences of the interviewees. The interviews were
short (approximately 15 minutes), sometimes during lunch breaks, sometimes in the late after-
noon (after 17:00 when support staff had left for the day). While areas for discussion were
considered during the planning stage, the interviews took the form of informal, guided con-
versations, in which participants were invited to explore their own perceptions from profes-
sional practice, within the context of their own work environments. Open-ended, generic
questions were used to initiate conversation, asking participants to talk about their experi-
ences and personal views on the situation and use of GenAI tools and technologies. Notes
were made and fed back to the participants, during and after the conclusion of each interview.

Each snapshot response was systematically and carefully evaluated, interpreted and  com-
pared with the others. Simple differences in wording were ignored, and some acceptance of
vagueness was tolerated, as the main focus of this study is on potential issues with the overall
experience, and change of experience, as described. Such issues have potential consequences
for professionals using this kind of technology to enhance their effectivity. This is so even in
areas with which they are intrinsically familiar and where they already have deep knowledge.
There are also implications for academics.



   
Findings
The first round of interviews was conducted during the Spring of 2023. At this stage, the
opportunity was taken to discuss ethical considerations. The participants indicated their view
that anonymity was necessary in recording the results in the ongoing study (see Research
Ethics section above).

Table 2 shows the reflections of participants on use, policies and practice of AI in software
engineering during the first round of interviews.

 
As was to be expected, use of AI, and development of internal policies for its use, extended

over time. While Table 2 contains brief accounts of the participants’ awareness of a role for AI
in software development, actual use was not reported in all cases. Some participants were
able to report on management policies; in most cases use of AI was tentative and exploratory
only. It should be noted that a variety of GenAI tools were in use in the different companies
represented in the study. It is not intended to reflect upon the usefulness of any of these in re-
lation to others.

Table 3 shows the responses of participants during the second round of interviews, which
took place in the autumn of 2023. It can be seen that these are considerable fuller than those
recorded in the first round. This may be in part because of rapid growth in awareness and use
of AI tools in professional practice, but may also be in part due to development in the parti-
cipants’ interest in, and sensitivity to, the impact of such tools within their context of use as
the study progresses.



 
The third round of interviews took place during the Spring of 2024.

Table 4 shows the contextual reflections of participants from this round. It can be seen that,
once again, the amount of material recorded from each response has expanded. Here, we can
clearly see that policies for use of AI tools are beginning to be laid down by managers. There
are also details of perceived problems and challenges that have arisen in context and remain
to be addressed.

 
The fourth and final round of interviews took place during the autumn of 2024.

Table 5 shows the responses of participants during conversations in round 4.



 
The notes have again become fuller and more elaborate, and it can be seen that

participants are reporting a division among their colleagues. Junior staff are appreciating the
qualities of AI tools in terms of ease of use and productivity. Senior managers appear to be
keen to encourage use of these tools in order to reap their purported benefits for the com-
pany. However, at the same time, senior professionals and some managers are beginning to
have severe misgivings about emergent difficulties. Perceived problems appear to coalesce
around quality issues. While there are undoubted productivity gains, work is often undocu-
mented. This means that reverse engineering is required in order to trace origins of poor
functionality. Concerns are raised about sustainability and security. Where work is docu-
mented, there may be a mismatch between the documentation and the actual logic of code
produced. There is recognition by senior professionals that extra work must be done to valid-
ate output produced using AI tools. However, this recognition does not always include senior
managers who provide resources and, in some cases, have been keen to reap the promised
productivity gains. In this last round of interviews it was clear that all participants had de-
veloped strong views and reflections on the topic.

Table 6 provides a brief summary of the factors emerging from the interviews.



  
Reflections
There are a number of interesting points emerging from the various conversations. These are 
perceptions from senior professional software engineers, who may be considered well-in-
formed about the context of practice within which AI tools are to be deployed. By the last 
round of interviews, it became clear that all participants had developed strong views and re-
flections on the topic.

Interviewees concluded that real-world cost and penalty of using existing AI tools went far 
beyond any benefit that an appearance of initial productivity gains would justify. Participants 
were concerned about a conflict between their own experience of use of AI tools and the on-
going insistence and promotion of use by their corporate leadership. They did not experience 
that they were being listened to, as promises of productivity gains and cost saving completely 
skewed the expectations of corporate management. Senior managers seemed to be prepared 
to turn a blind eye to the explosion of cost and delay experienced by those involved in prac-
tice. They failed to relate productivity gains to the extra resources required when reverse en-
gineering became necessary, to identify and address undocumented flaws and problems. 
There appeared to be an ongoing mismatch of expectations and reality of experiences. The in-
terviewed professionals did not see a constructive way out of the situation or a ready solution 
to these difficulties. They did not feel their concerns were listened to, or that any lessons 
were being learned or taken on board by corporate management.

4. Emerging Areas of Concern
As a result of the study, the authors consider that there are areas that would be worthy of 
deeper consideration in future research.

First, it appears that corporate management in a number of companies appeared not to be 
listening to senior professionals or engaging in real dialogue about deployment of GenAI 
tools. Ordinarily, it would be expected that the opinions of such colleagues would be



relevant and influential on promotion of these or any other tools in a context of use.
Promises made for GenAI, and the capabilities for which it is promoted, are very attractive
within a competitive business or public service environment. Thus, wishful thinking and
desire may lead people to engage with them. People who are not technical experts may
become susceptible to disqualifying critical mindsets and ignoring professional experiences
and misgivings. In the final stages of the study reported here, there was a clear agreement
by the end that use of the tools had created more problems and issues over time, ironically
while being pushed and promoted more than ever before.

There are a number of key points for consideration:
 

How were the tools to be made actionable?
Resources or support not available for professionals on how to apply verification and

validation of AI output, and how source necessary resources to address quality and security is-
sues.

 
Lack of guidance

No description or advice was available as to what kind of workarounds were acceptable.
There was no guidance on what to do when necessary resources to address practical
problems were not available.

 
Lack of dialogue:

No feedback or discussion took place regarding development of contextually-relevant
practices for quality assurance.

 
No help or support:

Professionals did not experience help or support to address actual problems. They were
instead referred to simplistic statements that all output would need to be verified and
validated before use.

 

4. Conclusions
What appears to be a significantly expanding use of GenAI by professionals is interesting
but not surprising per se. One of the main, human  characteristics that make us effective and
efficient is our ability to choose NOT to use our intellect to address every problematic
phenomenon we encounter; to do so would be extremely wasteful and, potentially, would
make us so ineffective that we would be unable to adapt to our environment. Therefore, we
apply our intellect and intelligence selectively, and even go out of our way to avoid using our
thinking and problem-solving capabilities unless we make a judgement that this is
necessary. This is, of course, a contributory reason why AI solutions are so popular. The idea
of GenAI, and the abilities for which it is promoted, are very seductive to our human
experience of life. Thus, we may be motivated by ‘wishful thinking’ and to accept such tools
more readily than perhaps we should. We may become susceptible to disqualifying critical
mindsets and ignoring our own misgivings. Having been used to placing reliance on



previous generations of productivity tools, such as libraries of reusable code and knowledge
based systems, it is not surprising if GenAI appears attractive to professionals.

Ironically, this point is also overgeneralized, and therefore a flawed foundation upon
which most GenAI support tools are based. They are fundamentally unreliable and
misleading, based on a belief that most people prioritize efficiency over relevance to
objective and context, or indeed effectivity. The reason GenAI technologies are not just
unreliable but also largely misleading, is the model upon which their functionality is based -
generating patterns based on analysis of patterns. There is no actual correlation between
training data and output within any specific factual content. This is also the reason why so
many people fail, in practice, to do the validation required (if they are honest). The required
resources, in time and effort, are not options realistically contextualized enough to be mean-
ingful within the space of a real-world job. If the output generated looks the same as the ex-
pected output, then there is no apparent reason, in context, to deviate from habitual prejudice
and bias. This will render it emotionally, as well as intellectually difficult to discipline oneself
to undertake conscious validation of output with original source, systematically and with the
utmost care required. To do this manually demands not just a lot of attention to detail, but a
great deal of precious time.

When considering the lack of correlation between any reality and the output from GenAI,
it is sobering to reflect that the issues discussed above may become more problematic over
time if we continue to abrogate responsibility to check and modify the results. Plausible, but
incorrect content will be output into the world and will become a source of new training
data for tools of the future. The logic of this is that, eventually, a point of total model collapse
would be reached, leaving those whose work has become dependent upon GenAI in an
unenviable position.

 

Declaration on Generative AI
The author(s) have not employed any Generative AI tools in the writing of this work.
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