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Abstract

LLMs have been employed in various fields including software engi-
neering. Recently, there has been an increase in studies exploring their
application across a broad range of software engineering tasks, including
literature reviews focusing primarily on how LLMs can be exploited to
optimize processes and outcomes [13][28]. This thesis, however, presents
a comprehensive literature review on the usability of Large Language
Models (LLMs) for assisting in software engineering tasks. Following
Kitchenham’s systematic review guidelines presented in [16], we collect
and analyze 14 studies from 2017 to 2024 to answer the following research
questions: (1) What methods have been employed to evaluate the us-
ability of LLMs in addressing software engineering tasks? (2) Who are
the primary users that can benefit from LLMs in software engineering as-
sistance? (3) What difficulties are encountered when utilizing LLMs for
software engineering support? In this review, we identify gaps in current
usability studies of LLM-based tools and highlights areas needing further
development, thereby pinpointing opportunities for future research.
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1 Introduction

Several literature reviews have explored the use of large language models (LLMs)
in software engineering [13][28]. These reviews primarily focus on identifying
which LLMs are used for specific software engineering tasks. This literature
review aims to investigate usability evaluation studies on LLMs in software
engineering, with the goal of determining which target group finds these tools
useful, identifying the challenges that users face, and providing an overview of
existing usability evaluation studies on these tools.

This section outlines the research questions and the motivation behind them,
along with a review of existing literature on LLMs in software engineering, high-
lighting how this approach differs. Section 2 provides background information
on automated assistance in software engineering, explores LLMs and their appli-
cations in this field, and offers a definition of usability alongside an overview of
usability evaluation methods. Section 3 analyzes the most extensive literature
review on LLMs in software engineering to date, explaining how the findings
motivated the decision to conduct a new systematic literature review instead of
expanding the depth of the existing review, which was the first approach. Sec-
tion 4 details the methodology and documentation of the review, and Section
5 presents the answers to the research questions based on the reviewed papers.
Section 6 discusses these results and their limitations, leading to proposed di-
rections for future research in section 7. Finally, Section 8 provides a summary
of the entire paper.

In this thesis, the use of "we” is employed, although the research was con-
ducted independently. Since the work has a collaborative nature, as key deci-
sions were made in consultation with my supervisors. Additionally, this con-
vention aligns with the standard practice I observed in the literature reviews I
consulted. Therefore, I found the use of "we” appropriate to maintain a formal
tone.

1.1 Task Definition
Our task is to answer the following research questions (RQs):

e RQ1: Which usability evaluation techniques have been used
to study the usability of LLMs in solving software engineering
tasks?

¢ RQ2: What is the target group that can use LLMs for assistance
with Software Engineering tasks?

¢ RQ3: What challenges arise when using LLMs for assistance
with Software Engineering tasks?

The initial approach was to expand the systematic literature review by Hou
et al. [13] by analyzing the papers included in it and deriving answers to our
research questions from those that conducted usability evaluation studies.



However, after examining the papers gathered in Hou et al.’s review [13], we
found them insufficient to answer our research questions. Therefore, we decided
to conduct our own systematic literature review.

1.2 Motivation

We are aware of two existing systematic literature reviews on the topic of LLMs
in software engineering [13][28]. [13] collected a set of 229 papers, which con-
stitutes the most extensive literature review conducted on this subject to date.
Upon analyzing the papers gathered in the review [13], we find that none of
them present a usability evaluation study on LLMs employed in software en-
gineering. This lack of papers conducting usability evaluation studies provides
us with the motivation to undertake a literature review focusing specifically on
this aspect.

We aim to provide an overview of which user group is able to use LLMs
to assist their work in software engineering, thereby drawing conclusions about
the required academic level and level of experience. This overview can be valu-
able for companies, universities, or any institution aiming to incorporate large
language models into their software engineering workflow. Furthermore, by
identifying the challenges users currently face when using LLM-based tools for
software engineering, we aim to pinpoint areas with room for improvement of
the tools and language models themselves.

Additionally, we aim to identify gaps in current research on the usability of
LLMs in software engineering. This is a primary reason for conducting such
literature reviews according to Kitchenham [16]. By identifying these gaps,
we can suggest areas for further investigation. For example, discovering which
usability evaluation techniques have been applied to LLMs used in software
engineering could reveal a lack of studies researching specific usability aspects,
such as learnability or efficiency, thereby highlighting the need of conducting
studies focusing on these aspects.

1.3 Existing Literature Reviews

The first literature review that investigates the intersection of software engi-
neering and large language models was 'Towards an Understanding of Large
Language Models in Software Engineering Tasks’, published in August 2023
[28]. This Review obtained 123 research papers and provided answers to the
following research questions:

e 'RQ1: What are the current works focusing on combining LLMs and soft-
ware engineering?’ [28]

e 'RQ2: Can LLMs truly help better perform current software engineering
tasks?’ [28]

In April 2024 a more extensive literature review was published with the titel
‘Large Language Models for Software Engineering: A Systematic Literature



Review’ [13]. This review gathered 229 papers, answering the following research
questions:

e 'RQ1: What LLMs have been employed to date to solve software engi-
neering tasks?’ [13]

e 'RQ2: How are software engineering-related datasets collected, prepro-
cessed, and used in LLMs?’ [13]

e 'RQ3: What techniques are used to optimize and evaluate LLM for soft-
ware engineering?’ [13]

e 'RQ4: What software engineering tasks have been effectively addressed to
date using LLM for software engineering?’ [13]

These literature reviews primarily focused on categorizing and analyzing
the types of large language models (LLMs) used in software engineering, the
methods used to collect and preprocess datasets for these models, and the op-
timization and evaluation techniques employed on LLMs for software engineer-
ing. Despite these comprehensive investigations, the reviews did not extensively
consider the practical usability or real-world effectiveness of LLMs in everyday
software engineering tasks, concentrating instead on the technical and method-
ological aspects of integrating LLMs into the field.

2 State of the Art

This section offers an overview of key developments in automated assistance for
software engineering, exploring tools not related to large language models, the
evolution and application of large language models (LLMs), and an explanation
of usability along with the usability evaluation methods.

2.1 Large Language Models

Early approaches like n-grams and basic neural networks have laid the road
for the development of large language models (LLMs). These were the first
models to capture simple language patterns and were used, for example, in text
categorization. However, they were limited by their short context length. [6]
Recurrent Neural Networks (RNNs) followed, introducing the ability to pro-
cess sequences of arbitrary length by updating hidden states, though they still
struggled with long-range dependencies [21]. To overcome these challenges,
encoder-decoder architectures were introduced, which significantly improving
sequence-to-sequence tasks like translation, but they were still constrained by
the inefficiencies of sequential processing [23].

The breakthrough came with the introduction of the transformer architec-
ture by Vaswani et al. in 2017 [26]. Transformers utilize a self-attention mecha-
nism, allowing the model to weigh the importance of different words in a sentence
based on all other words in the sequence. This parallel processing capability not



only improved computational efficiency but also enhanced the model’s ability to
capture context over long distances within the text. Self-attention enables trans-
formers to dynamically focus on relevant parts of the input sequence,attending
to tokens based on their context. This mechanism underpins the remarkable
performance of models like BERT (Bidirectional Encoder Representations from
Transformers) and GPT (Generative Pre-trained Transformer), which have set
new benchmarks in various NLP tasks [26].

Large Language Models (LLMs) employing a transformer architecture repre-
sent a significant leap in natural language processing, distinguishing themselves
from previous technologies through their scale and versatility. Unlike earlier
models, which were often constrained by limited data and required extensive
retraining for each specific task, LLMs are trained on vast datasets with billions
of parameters. This extensive training allows them to process and generate
human-like text across a wide array of topics. [3]

One of the most groundbreaking features of LLMs is their ability to per-
form few-shot learning. This means that, instead of needing large amounts of
task-specific data, LLMs can adapt to new tasks with just a few examples. For
instance, they can translate text, summarize documents, or engage in complex
reasoning with minimal additional input. This capability allows them to gener-
alize across different tasks without the need for the extensive fine-tuning that
earlier models required, making them far more flexible and efficient. [3]

LLMs’ ability to perform complex tasks with minimal additional training
makes them especially useful in software engineering. Unlike previous models
that required extensive task-specific data and fine-tuning, LLMs can adapt to
various software engineering tasks, such as code generation, debugging and doc-
umentation by understanding and generating code or technical text from just a
few examples. [3]

Furthermore, the scalability and accessibility of LLMs mean that they can
be quickly deployed across various industries, providing powerful AI solutions
without the need for specialized machine learning expertise. This has made
advanced AT more accessible and usable, enabling businesses and developers to
leverage Al for a broad range of applications with greater ease and efficiency.

[3]

2.2 Software Engineering Assistance

Automated assistance in software engineering has a rich history that predates
the advent of large language models (LLMs). This overview addresses both
traditional tools and LLM-based tools, as well as the fields where they have
been applied.

Pre-LLM Assistances One notable example is static code analysis tools like
SonarQube, Veracode, Snyk, and Checkmarx. These tools analyze code without
executing it, identify potential bugs, security vulnerabilities, and code smells.
They scan codebases to detect patterns that may lead to issues, offering devel-



opers possibilities to enhance code quality and security early in the development
process [5][22].

Additionally, code completion tools like IntelliSense, found in many IDEs,
parse the code as the user types, building an internal representation of the
code’s structure and context. It uses this representation to provide real-time
suggestions, completions, and documentation based on the current context. [25]

Automated test generation has also been around well before LLMs. Tools
such as EvoSuite use genetic algorithms to automatically generate test cases for
Java programs. EvoSuite examines the code structure and behavior to create
effective test suites, ensuring high coverage and uncovering edge cases that might
not be evident through manual testing.[24]

Moreover, tools like Unittestscribe generate documentation for unit test
cases using natural language processing. Unittestscribe combines static anal-
ysis, NLP, backward slicing, and code summarization techniques to generate
natural language documentation for unit test cases, enhancing understanding
and collaboration among developers.[17]

In summary, even before the emergence of LLMs, robust solutions were pro-
vided for code analysis, code completion, test generation, and documenting
code. These technologies have significantly streamlined software development
processes, improved code quality, and boosted overall productivity.

LLM Assistances The literature review by Zheng et al. [28] shows that
LLMs have been utilized in a variety of software engineering tasks. Specifically,
LLMs have shown to be effective in code generation, enabling the automatic
generation of code snippets based on high-level descriptions in natural language
or partial code inputs. In code summarization, LLMs help generate concise
and accurate descriptions of what a particular piece of code does, which aids in
documentation and code understanding. Code translation involves transform-
ing code from one programming language into another, where LLMs facilitate
cross-language interoperability. LLMs are also employed in vulnerability detec-
tion to identify potential security weaknesses in code, thereby helping improve
software security. In code evaluation, LLMs assist in assessing code quality
and functionality. Additionally, LLMs support code management tasks, such as
version control and repository organization, and enhance Q&A interaction by
providing intelligent responses to developer queries.

The more extensive literature review by [13] offers a broader and deeper
perspective on the application of LLMs in software engineering. It reveals that
LLMs are predominantly used in software development and software mainte-
nance. Within software development, code generation and program repair are
the most prevalent tasks. LLMs facilitate the generation of new code and auto-
matic debugging, significantly reducing development time and improving code
reliability. In software maintenance, LLMs assist in activities such as refactor-
ing and updating legacy code, which are crucial for maintaining software quality
over time.

Furthermore, the authors of the literature review [13] highlight that LLMs



are also employed in software quality assurance, where they contribute to au-
tomated testing, bug detection, and code review processes. This application
enhances the accuracy and efficiency of identifying and fixing defects, leading
to higher-quality software products. In requirements engineering, LLMs help in
extracting, tracing, and validating requirements from various sources, ensuring
that the software satisfies user needs and meets regulatory standards. In soft-
ware design, LLMs assist in architectural decision-making and design pattern
recommendations, which streamline the design process and improve the over-
all architecture of software systems. Lastly, in software management, LLMs are
used for project management tasks such as effort estimation, resource allocation,
and timeline prediction, supporting better planning and execution of software
projects.

According to these reviews, LLMs have a transformative impact across the
entire software engineering life cycle, from initial requirements gathering to final
deployment and subsequent maintenance. This promises that by leveraging
LLMs capabilities, software engineers can achieve higher productivity, enhanced
code quality, and more efficient project management, leading to more robust
and reliable software solutions. However, these reviews did not provide detailed
statements based on usability evaluation studies of LLMs in these areas.

2.3 Usability

Usability is defined as the extent to which a system, product, or service can be
used by specific users to achieve certain goals. Usually, usability is measured
in regard to three metrics: effectiveness, efficiency, and user satisfaction [1].
Researchers have developed a range of usability evaluation methods to assess
different aspects of software systems’ usability. These methods are generally
divided into three categories: inspection methods, testing methods, and inquiry
methods [11]. In the following, we provide an overview of usability metrics and
evaluation methods.

Usability Metrics Effectiveness measures how accurately and completely
users achieve their goals with minimal errors. High effectiveness means tasks
are completed correctly and fully with minimal errors or frustration. Current
usability standards emphasize metrics like task success rates and error rates to
measure the effectiveness of systems [1].

Efficiency assesses the resources users expend, including time and effort,
to achieve their goals. Efficient systems enable quick and easy task completion.
Usability evaluations often use metrics like task completion time and user effort.
[1].

Satisfaction includes positive attitudes, emotions, and comfort resulting
from using a system, emphasizing user experience (UX). Modern evaluations
use qualitative feedback, user interviews, and sentiment analysis to evaluate
overall satisfaction [1].

In summary, the state of the art of usability is characterized by a user-
centered approach that prioritizes effectiveness, efficiency, and satisfaction. The



integration of advanced measurement tools and methods, alongside updated
standards, ensures that usability assessments are aligned with the evolving ex-
pectations of users. This approach is essential for designing systems, products,
and services that not only meet functional requirements but also provide a pos-
itive and engaging user experience.

Usability Evaluation Methods Inspection methods focus on evaluating the
user interface itself, testing methods concentrate on task performance and in-
quiry methods focus on gathering user feedback, collecting subjective impres-
sions and experiences about the software. [11]

Inspection methods involve evaluators examining a user interface to deter-
mine its compliance with established guidelines or design principles. Examples
include cognitive walkthrough and heuristic evaluation. In a cognitive walk-
through, evaluators follow specific tasks to assess how easily users can learn and
understand the interface. Heuristic evaluation, on the other hand, involves ex-
perts independently reviewing the interface using a predefined set of heuristics
to identify potential usability issues. [11]

Testing methods are designed to observe how users interact with software,
focusing on task performance. These methods include performance measure-
ment, which gathers quantitative data on how effectively users complete tasks.
Another approach is the thinking aloud protocol, where users verbalize their
thoughts while interacting with the software, offering insights into their cogni-
tive processes. [11]

Finally, inquiry methods gather feedback directly from users to understand
their subjective experiences with the interface. These methods include inter-
views, where evaluators ask users questions to discuss their experiences, and
questionnaires, which collect quantitative data on user satisfaction. Surveys
are another common approach, allowing evaluators to gather data from a large
number of users quickly, often through predetermined questions sent via various
communication channels. [11]

These methods, each with its specific focus and approach, provide com-
prehensive insights into the usability of software, helping to create more user-
friendly, effective and efficient products.

3 Analysis of existing Systematic Literature Re-
view

We examine the 229 papers gathered by Hou et al. in their systematic literature
review [13] to identify studies addressing usability. Our goal is to collect papers
that conduct usability evaluation studies on LLMs in software engineering and
analyze them to answer our research questions.
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Figure 1: Steps of the analysis of the systematic literature review on LLMs for
assisting software engineering by Hou et al. [13].

3.1 Method of Analysis

We extract the papers from Tables 6, 7, 8, 9, 10, 12, and 13 in the results
section of the literature review[13]. We download these papers as pdf files and
scan them for the keywords ”Usability”, ”User Experience”, and "UX” using
pdfGREP. We manually scan the abstracts of papers where our keywords ap-
pear. If the abstract does not provide enough information, we further examine
the conclusions to determine whether the papers conduct a usability evaluation
study.

Next, we perform an analysis on the topics included in the papers using an
internally developed tool at DLR. This tool analyzes text strings and provides
an OpenAlexr taxonomy categorization as output. OpenAlez is a comprehensive,
open-access catalog of scholarly papers, authors, institutions, and research top-
ics, serving as a free alternative to proprietary databases like Scopus and Web
of Science. A key feature of OpenAlex is its taxonomy system, which hierarchi-
cally categorizes scholarly works into various fields of study. The taxonomies
in OpenAlex are organized into levels, starting with broad fields at Level 0.
At higher levels, the categories become increasingly specific, drilling down into
subfields that represent more precise areas researched in the f scholarly paper.

We automated this analysis by creating a table with the titles and abstracts
of the papers. We used the abstracts as input for our tool, which extracted the
taxonomies from these abstracts.

Source Code 1 in the appendix shows the code we used for extracting the
taxonomies. We offer the resulting table in the appendix, additionally, we create
a table summarizing the most frequently occurring taxonomies and offer it in
the next subsection. Additionally, figure 1 shows the steps we followed analysing
the systematic literature review [13].
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software release life cycle N
Software inspection I
Software evolution I
Simple API for XvL N
Risk-based testing N
Reguirement pricritization N
Refinement I
Programming tool I
Low-level programming language I——
List of multi-paradigm programming languages I
Internal documentation I
Compiler HEEE———
Automatic generation control IR
Algorithmic program debugging I
Unified Modeling Language N
Software requirements I
Software analytics I
Natural-language programming I
Inductive programming I
Fuzzing I
Third-generation programming language IS
software peer review I
Control flow analysis I
High-level synthesis I
Test management I
Software review I
Program comprehension I
Prefix code I
Backporting I

Source lines of code

Field of research

Reguirements traceability
Software Reliability Testing

Regression testing
Code word

code review

natural language generation

Software regression

Frequency

Figure 2: Taxonomies observed on the deepest level and their frequency, leaving
out taxonomies that appeared one time.
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3.2 Results of Analysis

89% of the studies gathered in the most extensive literature review about LLMs
assistance in software engineering -[13]- did not conduct a usability evaluation
study.

We found 203 of the 229 papers examined in the review [13], , accounting for
89% of the total, through extracting the papers from the tables in the results
section. The residual 26 papers were not mentioned in these tables. In 29
of the 203 papers, a subset of the words ”Usability”, ” User Experience”, and
"UX” appeared more than 8 times. We manually scanned the abstracts of
these 29 papers and found that 23 papers did not address usability in a manner
relevant to our research. These papers briefly mentioned that the LLM-based
tools were found useful or that usability was considered in the design of the
user interfaces. However, they did not include any usability evaluation studies
or provide a detailed explanation of the usability of the design. We further
examined the conclusions of the remaining six papers, where the abstract was
not enough to draw conclusions about the papers’ relevance for our RQs. We
found that these papers did not include usability evaluation studies either and
therefor do not provide answers to our RQs.

Regarding the taxonomies categorization 38 abstracts did not result in any
output. Accordingly, we extracted the taxonomies categorization of 165 papers
researching LLMs in software engineering. The resulted taxonomies were writ-
ten in a table, which we offer in the appendix under Table 5. The keywords
?Usability”, ”User Experience”, and ”UX” were not found in the resulted table,
showing that the papers did not research the usability of the tools under inves-
tigation. Of the 165 papers, 81 papers provided categorizations in 6 taxonomy
levels, 20 papers in 5 taxonomy levels, 50 papers in 4 taxonomy levels, and 14
in only 3 taxonomy levels. This indicates the significant variation in the range
of researched topics, thoroughness, and complexity of the studies.

According to the categorization, the most dominant research fields related
to LLMs in software engineering appear to be natural language generation and
software regression (each researched 13 times), followed by code review and code
word (each researched 7 times), and regression testing and software reliability
testing (both researched 6 times). Figure 2 offers an overview of the deepest
taxonomy levels found in the papers, showing only topics researched more than
once. We consider the last taxonomy level found in each paper to indicate the
actual researched topic, given the hierarchical nature of the taxonomy catego-
rization.

Table 5 shows the full resulting categorization. We also offer a summary
of extracted taxonomies in table 1, listing the most frequently observed tax-
onomies.

In the summary table 1, we note that 8 occurrences of the taxonomy natural
language generation as the deepest taxonomy follow this categorization: com-
puter science at level 0, followed by artificial intelligence and natural language
processing at level 1, and then natural language generation and natural language
at level 2, ending with natural language generation. This indicates a lack of vari-
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ety and thoroughness in papers researching natural language generation, which
is expected since the term appears very general and obvious when researching
LLMs.

On the other hand, 3 occurrences of software reliability testing follow this
categorization: computer science at level 0, followed by operating system and
programming language at level 1, software at level 2, software system and soft-
ware development at level 3, followed by software construction and software
quality at level 4, and ending with software reliability testing. Other 2 occur-
rences follow this categorization: computer science and engineering at level 0,
followed by operating system and software engineering at level 1, software and
dynamic testing at level 2, software system and software development at level
3, software construction and software quality at level 4, leading to software re-
liability testing at level 5. This shows greater variety in research related to
textitsoftware reliability testing in the context of LLMs in software engineering.

Furthermore, we found only 2 occurrences of software regression as the deep-
est taxonomy in our summary, following this categorization: computer science
at level 0, followed by operating system and programming language at level 1,
software at level 2, software system and software development at level 3, soft-
ware construction and software quality at level 4, and ending with software
regression at level 5. This indicates that software regression results from many
other categorizations, showing the variety in research around that topic.

Lastly and most importantly, we did not notice any appearance of usability
in the taxonomies. This confirms the lack of usability evaluation studies in the
papers gathered in the literature review [13]. Therefore, we find it necessary to
conduct our own literature review on this topic.

3.3 Discussion

During our analysis, we encountered a significant challenge in identifying all
the papers included in the literature review [13]. We successfully located 89%
of the papers, but 11% remained missing. The missing papers were not listed
in the tables in the results section of the literature review [13], which made
the process of finding them time-consuming and required thorough research.
This limitation raises the concern that we may have overlooked papers relevant
to our research questions. The absence of these papers potentially weakens
our conclusion that no studies conducted a usability evaluation. If any of the
missing papers did address usability, their exclusion could have affected our
findings and conclusions. Despite this limitation, and considering the scope of
a bachelor thesis, the analysis of the 203 papers we did locate still reveals a
notable lack of usability evaluation studies. This gap is significant enough to
warrant conducting our own literature review.

Additionally, we encountered a problem with extracting the taxonomies from
the papers. Specifically, 38 abstracts did not produce any output when ran
through the code used for taxonomies extraction. This technical issue means
that the taxonomies we were able to identify represent only 165 papers out
of the 229 originally gathered in the literature review [13]. As a result, our
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Taxonomy | Taxonomy 1 | Taxonomy 2 Taxonomy 3 Taxonomy 4 Taxonomy 5
0
computer | artificial natural natural software  con- | Software walk-
science intelligence, | language language gen- | struction (1) through (1)
(92) natural generation, eration (10)
language natural lan-
processing guage (10)
(17)
second-
generation
programming
language (1)
operating software (28) | software sys- | software  con- | code review (1)
system, pro- tem, software | struction,
gramming development software quality
language (14) (7)
(39)
Software regres-
sion (2)
Software  Reli-
ability Testing
3)
Test  manage-
ment (1)
computer | statistics Decoding variable- linear code, | prefix code (1)
science, (21) methods, length code, | Concatenated
mathe- coding (11) Code  word | error correction
matics (7) code (1)
(30)
component- search-based
based software | software engi-
engineering, neering (1)
software  con-
struction,
software devel-
opment process,
software design
1
computer | operating software, software sys- | test-driven Development
science, system, Dynamic tem, software | development, Testing, Test
engineer- | software testings (4) development | software  con- | management (1)
ing (16) engineering (4) struction,
(7) software quality,
software devel-
opment process
(1)
software  con- | Software Reli-
struction, ability Testing
software quality | (2)
(2)
component- Feature-
based software | oriented domain
engineering, analysis (1)
software  con-
struction (1)

Table 1: Summary of most frequently occuring taxonomies, the numbers refer
to the frequency of appearance in the specific level.
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categorization covers only 72% of the total papers. This limitation must be
considered when interpreting our findings, as the missing 28% could contain
important variations or additional insights that are not captured in our current
analysis.

In summary, these two issues -the inability to identify all the relevant papers
and the failure to extract all taxonomies from the abstracts- pose challenges to
the completeness and reliability of our results. Despite these challenges, the
findings provide a substantial overview of the field of research.

4 Self-implemented Systematic Literature Re-
view

We conduct a literature review following the method of Kitchenham [16]. There-
fore we perform a search based on keywords related to usability, LLMs and NLP,
and software engineering in the following digital libraries: IEEE Xplore, ACM,
Web of Science, arXiv, and ScienceDirect. The specific search queries are stated
in section 4.1. The search results in 353 papers, of which we exclude 339 accord-
ing to exclusion criteria listed in section 5. The remaining 14 papers were read
and evaluated based on our research questions (1.1). Our findings are presented
in the results section 4.3.

4.1 Literature Search

The search was conducted in the following databases: ACM Digital Library,
IEEE Xplore Digital Library, ScienceDirect, Web of Science, Semantic Scholar,
and arXiv. According to Kitchenham, IEEE Xplore, ACM Digital Library,
and ScienceDirect are recommended electronic sources for software engineering
[16]. Additionally, Google Scholar was considered relevant by Kitchenham in
their guidelines [16]. However, we found it challenging to refine searches within
Google Scholar due to the high volume of results. Therefore, while we did not
use Google Scholar for our main search, we utilized it to identify other suit-
able digital libraries. The results from Google Scholar motivated us to conduct
further searches in Web of Science, Semantic Scholar, and arXiv.

For our search, we chose keywords from each of the domains Usability, LLMs,
and Software Engineering with subcategories and spelling variations.

We use the following keywords:

e usability, user experience, usability testing, heuristic evaluation, cognitive
walkthrough, survey, questionnaire.

e LLMs, LLM, Large Language Model, Language Model, Natural Language
Processing, NLP, GPT.

e Software Engineering, SE, Software Development, Software Testing, Soft-
ware Design, code, program.
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Usability LLMs Software
Engineering
OR OR OR
User LLM SE
Experience
OR OR OR
L
Usability La:;g:ge Software
Testing Model Development
OR OR OR
Heuris?ic AND Language AND Software
Evaluation Model Testing
OR OR OR
Cognitive L:latural Software
Walkthrough nguage Design
Processing
OR OR OR
Survey NLP Code
OR OR OR
Questionnaire GPT Program

Figure 3: Query used to search for relevant papers in the digital libraries: ACM
Digital Library, IEEE Xplore Digital Library, Web of Science, Semantic Scholar,
and arXiv.

Large Sof
Usability Language b o. twal:e
Model ngineering
OR AND OR AND OR
Us.er LLM Software
Experience Development

Figure 4: Query used to search for relevant papers in Science Direct.
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Digital Librarys | Documentation

Search strategy: Advanced search of Abstracts
IEEE Xplore Date of search: 23.02.2024
Search strategy: Advanced search of Abstracts
Date of search: 26.02.2024
Search strategy: Advanced search of Abstracts
Date of search: 18.03.2024
Search strategy: Search bar of the database in all
fields
Date of search: 12.03.2024
Search strategy: Advanced search of Abstracts
Date of search: 06.03.2024
Search strategy: Advanced search in field ”Find ar-
ticles with these terms”
Date of search: 07.03.2024

ACM

Web of Science

Semantic Scholar

arXiv

ScienceDirect

Table 2: Documentation of literature search, showing the strategy and date of
search in each digital library.

We limit our search to studies published from 2017 onwards, as the intro-
duction of the transformer architecture in 2017 accelerated the advancement in
research related to LLM-based tools and their application across various fields.
[26][3]

We use the advanced search function of each library to enter the search
query, where we only search through abstracts. We connect keywords from each
Domain with the OR operator, resulting in three queries. We connect these
with the AND operator, resulting in the query shown in figure 3. The database
Science Direct requires an adapted query, since the amount of logical operators
allowed in the search query is limited. Therefore the search query for Science
Direct was limited to the query shown in figure 4. Table 2 shows the search
strategy used in each Database and the Date, when the search is conducted.

In total we find 353 Papers. 27 papers in ACM Digital Library, 31 in IEEE
Xplore, 42 in Science Direct, 69 in Web of Science, 11 in Semantic scholar and
173 in ArXiv.

4.2 Literature Selection

We exclude papers based on two types of criteria: Technical and content-related.

Technical criteria
-Links leading to empty papers.
-Papers not written in English.
-Duplicated papers.

Content-related criteria
-Non primary studies.
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ACM IEEE Xplore SienceDirect \Web of Science ArXiv Semantic

Scholar
27 31 42 69 173 11

353

{

Technical Criteria

Empty links Not in English Duplicated

-2 -1 -32

-35

'

Content-related Criteria
No primary Not related to Not related to No usability
study LLMs a software study
44 28 engim_eirsi;g task 33
-304

Figure 5: Number of papers found in each digital library, and papers excluded
according to each technical and content-related criteria.

-Papers not researching LLMs.

-Papers not researching utilizing LLMs in Software Engineering/ Devel-
opment tasks.

-Papers not researching the usability of LLMs in solving these tasks.

Two results linked to empty websites. One paper not written in English is
found. These were excluded, resulting in 350 papers. 44 papers were non-
primary studies and 32 were duplicated results. After excluding these, 274
papers were left. In the next step, papers that were not matching out research
topics were excluded. 28 papers did not research LLMs, 199 papers, did not
research applying LLMs in software engineering-related tasks, and 33 papers
did research applying LLMs in software engineering-related tasks, but did not
conduct any usability evaluation study. After excluding these papers, we had a
set of 14 papers left. Figure 5 shows the number of papers found in each library,
and the number of excluded papers according to each criteria.

4.3 Data Analysis

ChatGPT occurred in 3 papers. While only one paper conducts a usability
evaluation study on chatgpt [12], two others ([27] and [24]) compare applying
ChatGPT to newer LLM-based tools, namely CHAT-TESTER and AthenaTest,
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for generating unit test cases.These newer tools are modified specifically for
generating unit test case. CHAT-TESTER is based on ChatGPT but contains
an interactive test refiner that fixes the compilation errors in tests generated by
ChatGPT, AthenTest on the other hand is based on BART architecture.

Two papers conduct usability evaluation studies on copilot: [25] and [7].
[25] compares using Copilot for code generation with using Intellicense . Fur-
thermore, Copilot appears in another usability evaluation study conducted on
a conversational Software Engineering assistance tool [20]. Some questions in
the paper [20] compared The programmer’s assistant with Copilot.

Some papers we include have an educational tribute, e.g. [15] and [8]. Since
they cover part of the software engineering process, we include them in our
review. The tool USQA covered in [15] can also be utilized by engineers to
help writing high quality user stories and hereby is not purely educational.
Furthermore, we include the study [8] on ART (Automated Review Tool) since
code reviewing is also an important task in software development. One tool
that resulted from our search is SOCIO [18], [19]. SOCIO is a chatbot that
doesn’t use a large language model, but applies traditional NLP techniques.
We include SOCIO since it is used for an important software development task,
namely UML modelling. No other LLM-based tool we found is used for this
task. Furthermore, the paper [18] uniquely presents a family of experiments, an
evaluation method not performed by any other paper. Therefor, including the
papers [18] and [19] adds to the variety of usability evaluation techniques.

Table 3 provides an overview on tools mentioned in the papers included in
this review as well as the tasks they primarily solve and the LLMs they are
based on. All tools utilize a transformer based LLM. Most tools are used for
the generation or completion of code (5 out of 14). The next most prevalent
task is unit test case generation (2 out of 14).

5 Results

We provide answers to our research questions based on the reviewed papers.
The following sections present detailed data related to each research question,
with a summary answer provided at the end of each section.

5.1 Evaluation Techniques

In this section, we answer RQ1: Which usability evaluation techniques have been
used to study the usability of LLMs in solving software engineering tasks? We
do this by identifying the types of usability evaluation studies conducted and
reviewing the techniques employed to evaluate each usability criterion.

5.1.1 Types of usability evaluation studies

In 13 of the 14 papers a survey is conducted. The study about GenLine [14]
undertakes interviews. Paper [4] on AtomXR includes both, surveys and in-
terviews. In most studies [14][8][25][19][18][2][9][4][7][20][27][15] participants are
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Tool Task LLM Studies
ChatGPT Mostly used for generating | Generative Pre-trained | [12]
source code or detecting de- | Transformer (GPT)
fects

Copilot Code completion Generative Pre-trained | [25][7]
Transformer (Codex)

GenLine Code generation Generative Pre-trained | [14]
Transformer (GPT)

ART Authoring code reviews Generative Pre-trained | [8]
Transformer (GPT-3, GPT-
4)

Instigator Searching for GUI layouts Generative Pre-trained | [2]
Transformer (GPT-3)

CodeCompose | Multi-line code authoring Decoder-only  transformer | [9]
(InCoder)

AtomXR Streamlined XR prototyping | Generative Pre-trained | [4]
Transformer (GPT-3)

The Pro- | Code generation Generative Pre-trained | [20]

grammer’s Transformer (Codex)

Assistant

Chat-Tester Unit test case generation Generative Pre-trained | [27]
Transformer (ChatGPT)

USQA User story quality analyzing | Bidirectional Encoder | [15]
Representations from Trans-
formers (BERT)

AthenaTest Unit test case generation BART (Bidirectional and | [24]
Auto-Regressive Transform-
ers)

SOCIO UML modelling NLP only [19][18]

Table 3: Tools found in literature, the tasks they are used for and the LLM they

are based on.
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required to complete tasks using the tool under investigation before participat-
ing in the surveys or interviews. This is not the case for the surveys on ChatGPT
[12] and AthenaTest [24]. In [12] the survey included questions about ChatGPT
usage habits, satisfaction levels, and challenges faced while using ChatGPT. In
[24] participants compare unit test cases generated by AthenaTest, ChatGPT,
and EvoSuite.

The study [7] on copilot conducted surveys over the period of 4 weeks, where
participants had to solve up to 12 challenges and submit surveys about each
challenge right after solving it.

7 studies compared already established tools with new introduced LLM based
ones. These are the following:

Paper [25] compared Copilot with Intellisense through a within-subject
comparative study, where participants complete python programming task
using Copilot and another one using Intellisense.

The papers [19] and [18] compare the Chatbot SOCIO with Creatly. Paper
[19] conducts a Within-subject crossover user study dividing participants
into two groups. One group is asked to solve python programming tasks
using one tool first and then the other, while the second group solves the
same tasks using the tools in the opposite order. Paper [18] extends that
study by performing a family of experiments, using the study in [19] as a
baseline experiment and conducting two identical replications.

Paper [4] compares three tools through a within-subject and across-subject
study. Participants complete a series of tasks using the Unity development
system first and using AtomXR running on desktop next. They then
complete a series of tasks using AtomXR running on desktop first and
then using AtomXR running on a headset next.

Paper [27] compares tests generated by ChatGPT and CHAT-TESTER,
where participants evaluate the tests without knowing which tool gener-
ated which test.

Paper [24] compares test cases generated by AthenaTest, ChatGPT, and
EvoSuite.

Paper [9] involves experiments on tens of thousands of engineers, exploring
their perceptions of CodeCompose and comparing their experiences with
it to single-line suggestions.

In 5 studies, data was recorded during task solving:

In [25] the audio and the screen-cast was recorded, while participants used
Copilot to solve the tasks. These session recordings were later analyzed
to identify the root cause of task failures.

In [19] and [18] Telegram conversations were recorded, this helped gather-
ing data about time and number of discussion messages needed to complete
a task using SOCIO.
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In [14] participants were asked to video record their screen while using
GenLine. This provided data to characterize participants request strategy,
repair strategy, the content of the request, and the request complexity.

In [20] event logs were monitored. These provided timestamped records
of interaction events with the programmer’s assistant, including conversa-
tional exchanges, hiding/showing the assistant, use of the “try again” and
“start over” features, and use of copy/paste. Furthermore, conversational
transcripts between each participant and the Programmer’s Assistant were
extracted from the event logs.

5.1.2 Techniques to evaluate each Usability Criteria

The studies we review employed a range of techniques to examine usability
criteria. In this section, we outline the methods used for evaluating each specific
criterion.

Satisfaction In the papers [19],[18], and [15] on SOCIO and USQA partici-
pants filled in SUS (system usability scale) satisfaction questionnaires. These
include questions about Ease of use and learnability. We list the 10 standard
questions of SUS questionnaires in the appendix. In [8] and [12] on ART and
ChatGPT participants were asked if they would keep using ART or ChatGPT
in the future or if they would recommend others to use them. [27] and [24] asked
questions about readability and understandability of ChatTester or AthenaT-
est. In the surveys [20] on the Programmer’s Assistant, [9] on CodeCompose, [4]
on AtomXR, and in the interviews on GenLine [14] participants were directly
asked if they were satisfied with the tools output and with the interaction with
it. Additionally in [4] participants were asked about learnability and ease of
use of AtomXR. Finally, the study on Instigator [2] measured the attractive-
ness, perspicuity (expressing to what extent participants considered it easy to
get familiar with Instigator and to learn how to use it), stimulation (expressing
to what extent participants felt motivated to use Instigator in the context of
work), and trustworthiness of content (expressing the extent to which partici-
pants believed that the layouts generated by Instigator are of good quality and
reliable).

Effectiveness In study [7] about Copilot, participants were asked questions
about code quality, including unit test success ratio, bugs, code smells, and vul-
nerabilities. The other study about copilot [25] also included questions about
problems faced using copilot. Study [24] gathered data about test coverage us-
ing Athenatest. Meanwhile the study [27] on ChatTester asked participants if
the generated tests were syntactically correct as well as about success compi-
lation and passing execution. In [19] and [18] participants were asked about
the perceived success in carrying out the task using SOCIO. Similarly in [14]
participants were asked questions about perceived success and adaptability of
GenLine. In [2] the adaptability and the quality of Instigator produced GUI
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layouts were evaluated by the participants. The survey on The Programmer’s
Assistant [20] also included questions about the quality of Assistant’s responses.
The survey on ChatGPT [12] included questions about effectiveness in different
use cases.

Efficiency In [7] participants were asked about time spent per task, with
and without using Copilot. In [25] time spent per task was monitored through
screen-cast. This enabled measuring time spent per task with and without
Copilot’s assistance. Similarly, through recording the Telegram conversations in
[19] and [18] it was possible to measure both: Time taken by a team to complete
the tasks using SOCIO, measured in minute, and number of discussion messages
generated by a team during the completion of the tasks via a Telegram group. In
[4] the time needed to complete each task with Unity, AtomXR on destop, and
AtomXR on headset was recorded. Similarly, [27] compared time cost between
AthenTest, ChatGPT, and ChatTester.

Quantitative Summary of Researched Criteria Some studies focused
only on researching satisfaction, like the studies on ART [8], CodeCompose [9],
and USQA [15]. The study on GenLine [14] focused on effectiveness only. On
the other hand the studies on SOCIO [19], and [18] as well as the study on
ChatTester [27] researched all usability criteria, based on the new standards for
usability [1]. Meanwhile the studies on ChatGPT [12], The Programmer’s Assis-
tant [20], AthenaTest [24], and Instigator [2] left out efficiency, [4] on AtomXR
left out effectiveness, and the studies on Copilot [7] and [25] left out satisfac-
tion. Figure 6 shows the distribution of the studies on the criteria they examined
through a set diagram. Knowing that Copilot and SOCIO was researched in
two studies each, we notice that satisfaction was researched in 11 out of the 14
studies (79% of the time), effectiveness in 10 out of the 14 (71% of the time),
and efficiency 6 out of 14 (43% of the time).

RQ1 - Summary

Which usability evaluation techniques have been used to study the
usability of LLMs in solving software engineering tasks?

Most studies conducted surveys, with some also including interviews. Most
of those required participants to use a tool before conducting surveys or
interviews. Studies often compared established tools with new LLM-based
ones using within-subject and across-subject methods. Some studies focused
solely on one usability criterion, while others assessed multiple criteria, with
satisfaction being the most and efficiency the least researched.

5.2 Target Group

In this section, we answer RQ2: What is the target group that can use LLMs
for assistance with software engineering tasks? We do this by reviewing the
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Satisfaction

Effectiveness
ChatGPT

AthenaTest

ART

Instigator

CodeCompose Genline

The Programmer's Assistant

USQA
ChatTester

SOCIO

Figure 6: Criteria sets, including the studies on tools that researched them, also
showing intersections, where studies researched two or more criteria.

academic and experience levels of participants in the reviewed usability evalua-
tion studies, as well as the knowledge required for each tool. Additionally, We
provide an overview of the use cases where these tools are found to be most
useful.

5.2.1 Participants Demographics

In the studies [12] on ChatGPT, [8] on ART, [25] on Copilot, [18] on SOCIO,
and [15] on USQA the participants were undergraduate students. Study [14]
on GenLine involved interaction designers and UX designers, and survey [7] on
Copilot included Software engineers, cloud engineers, and data engineers. In [24]
on AthenaTest the participants were Microsoft developers. The participants in
[9] on CodeCompose were software engineers.

In [4] on AtomXR, [19] on SOCIO, [20] on The Programmer’s Assistant, and
[27] on ChatTester participants professions are not specified, but their experi-
ence levels with programming languages according to each tool were mentioned.
The survey [20] on The Programmer’s Assistant shows a variety in participants’
programming experience level: 40% of the participants have more than three
years of experience, while 26% have less than one year of experience. In all
the other studies, most participants had a medium level of experience. Table 4
shows the participants of the studies on each tool, mentioning their academic
level and their level of experience accordingly.
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Tool studied | Participants Level of Experience Studies
ChatGPT Students 1-3 years of programming [12]
Copilot Students, software engineers, | 2-5 years of programming | [25][7]
cloud engineers and data en- | [25], not specified in [7]
gineers
GenLine Interaction designers and ux | Variable experience levels | [14]
designers with javascript, including
not at all experienced to ex-
tremely experienced partici-
pants
ART Undergraduate students Some knowledge of several | [§]
SE tools
Instigator Software developers and ux | Very high experience in GUI | [2]
designers design, and above avarage
experience in software devel-
opment overall
CodeCompose | Software engineers not specified 9
AtomXR Software developers and | Medium experience in pro- | [4
game developers gramming and game devel-
opment
The pro- | Software developers Variable experience levels in | [20]
grammer’s programming, including less
assistant than one year of experience
to more than 3 years
Chat-Tester Software developers Java experience between 4-5 | [27]
years
USQA undergraduate students Little experience, students | [15]
were enrolled on a Computer
Science program
AthenaTest Microsoft developers Java experience of 1-3 years | [24]
on average
SOCIO Undergraduate and gradu- | Students were completing a | [19][18]

ates students

computer engineering degree
in [18], and gradutes who
were familiar with software
analysis and design in [19]

Table 4: Participants demographics in usability studies of each tool.
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5.2.2 Required Knowledge

Firstly, tools like SOCIO, USQA, and GenLine require a good level of English
[18][15][14].

For SOCIO and USQA participants expressed the need to have prior knowl-
edge about the output. For SOCIO one needs to be familiar with class diaramms
[18], and for USQA users need to know how to write a user story, its components,
and the quality aspects that should be considered when writing it [15].

On the other hand students using ChatGPT were not experienced in pro-
gramming, they were also not familiar with LLMs or prompt engineering, al-
though 58.5% recognized that effective usage of ChatGPT requires prompt en-
gineering, only 38.7% of the students had taken the initiative to read about
prompt engineering and/or explore some examples of it to enhance their uti-
lization of ChatGPT. This did not affect their productivity using ChatGPT.
12]

Also using the programmer’s assistant no differences were observed in output
value ratings based on participants’ familiarity with or recency of using Python
[20].

In Copilot, the level of proficiency does not seem to significantly impact the
tool’s effectiveness and efficiency. Productivity increased by 52.27% for begin-
ners using Copilot, while intermediates showed a 41.6% increase, and advanced
users experienced a 40.48% increase. This shows Copilot is most helpful for be-
ginners but is significantly useful for users with other proficiency levels as well
[25].

On the contrary, novice participants using GenLine could not complete a
task, where they had to create a flashcard app that changed a card from front
to back with the click of a button, whereas all self-reported expert participants
successfully completed it. Novice participants could only complete another sim-
pler task involving creating a static search page with a text box and a logo
[14]. This shows the need to have programming experience to successfully use
Genline for complicated tasks.

5.2.3 Use Cases

ChatGPT is found to be more commonly utilized for tasks involving algorithm
suggestions and defect detection. It is used less frequently for tasks such as
log analysis and resolving security-related issues, with the primary task being
generating source code. [12]

Copilot was found useful to provide a starting point for the tasks by par-
ticipants in the survey [25], where the tasks included editing CSV file, web
scrapping, and graph plotting.

ART provided helpful feedback for visual/style defects and documentation
defects, and was not as helpful for functional and structural defects. [§]

AthenaTest proved useful for generating Test Cases for Defectsdj projects,
it showed more coverage than GPT3 and Evosuite on the following Defects4j
projects: Apache Commons Lang, JFreeChart, Apache Common Cli, Apache

26



Common Csv, and Google Gson. [24]

USQA was percieved as good for beginning students who want to use the
user stories as a way of writing requirements, most students found it useful for
learning how to create user stories. [15]

The Programmer’s Assistant was found most helpful for smaller or narrowly-
scoped programming tasks, it helped when users forgot the syntax of a certain
language and thereby reducing syntax errors. [20]

GenLine was similarily found especially helpful for people who are somewhat
familiar with coding, but are unfamiliar with the depths of a specifc language,
rusty on syntax, or rarely use a specifc library or API. Users stated that it
can be also helpful in the context of working with others, as it could serve as
a “universal translator” when two teams are collaborating and using different
programming language. [14]

AtomXR was found to be useful for creating XR games, such as space shoot-
ers and chase games. It proved particularly efficient for switching between edit
and test modes, taking only a second -much faster than the time required to
test anything in the Unity environment. Additionally, the immersion with the
headset provided by AtomXR significantly enhanced the fine-tuning of objects
in space. [4]

RQ2 - Summary

What is the target group that can use LLMs for assistance with
Software Engineering tasks?

LLMs can be useful for any target group performing SE tasks. The usability
depends on the specific task and tool. ChatGPT and Copilot proved use-
ful to users with various levels of experience, with Copilot helping provide
a starting point and ChatGPT suggesting algorithms and detecting defects.
GenLine and The Programmer’s Assistant are more helpful for less compli-
cated programming tasks. Notably, being more experienced enhances one’s
performance using GenLine, but does not play a significant role when using
The Programmer’s Assistant. AtomXR is particularly efficient for switching
from editing to testing and enhances fine-tuning objects in space. To use
AtomXR some experience in game design is recommended. USQA and ART
show good educational use for undergraduate students, with USQA helping
them learn how to create user stories and ART providing the most helpful
feedback for visual and documentation defects. Tools for creating unit test
cases, like Chat-Tester and AthenaTest, appear to be useful for developers
regardless of experience levels.

5.3 Challenges

In the study on ChatGPT [12], 90.6% of the students experienced hallucina-
tions in ChatGPT. On a scale of ”Never”, ”"Rarely”, ”Sometimes”, ”Often”,
and 7 Always”, 27% of the participants experienced hallucinations often. Fur-
thermore, in the study comparing ChatGPT with CHAT-TESTER [27], partic-
ipants stated that ChatGPT-generated tests encountered diverse compilation
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errors.

The syntax in GenLine and Instigator appeared to be challenging, as the
studies [14] and [2] show. Participants in [14] found having unlimited syntax in
GenLine not helpful, thus they felt the need to learn the syntax although it is
natural language. Furthermore, the study on Instigator [2] showed that experts
used vocabulary they knew, related to GUI design, while others did not know
exactly what terms could be accepted in the language.

Participants in the studies [25] and [14] on Instigator and Copilot noticed
a lack of explainability, specially compared with web search. Participants in
[25] found it risky to adopt code blocks produced by Copilot, due to the lack of
understanding, which could lead to complications and errors in the code that
users could not debug. Furthermore, participants also lacked the possibility to
compare multiple alternative solutions.

Participants in [20] also stated that the The Programmer’s Assistant lacks
the suggestion of multiple answers.

RQ3 - Summary

What challenges arise when using LLMs for assistance with Soft-
ware Engineering tasks?

Challenges in using LLMs for software engineering tasks include frequent
hallucinations in ChatGPT, syntax difficulties in conversational code gen-
erators, and lack of explainability of the generated code. Moreover, users
found LLM-generated solutions less explainable, especially compared to web
searches, and lacking alternative solution comparisons.

6 Discussion

Surveys were the most common method for evaluating the usability of LLMs in
software engineering tasks. The use of surveys as the predominant evaluation
method underscores the importance of collecting direct user feedback for assess-
ing the usability of LLMs, compared to more passive methods like observational
studies. Moreover, including task completions before answering the surveys
ensures participants provide informed feedback based on hands-on experience,
enhancing the quality and relevance of the data collected.

However, there is a notable lack of variety in the usability evaluation methods
found in the papers we reviewed. Most of the studies relied solely on surveys and
interviews, conducted after participants had used the tools. Both are inquiry
evaluation methods. This indicates a deficiency in studies utilizing inspection
and testing methods. Such evaluation techniques are crucial for gaining a com-
prehensive understanding of the ease of use, understandability, and efficiency of
the tools.

Additionally, the comparative studies lack diversity as they all used within-
subject designs. This can lead to carryover effects, where the influence of one
condition affects performance in subsequent conditions. For instance, partici-
pants might approach tasks differently after using the first tool. Another issue
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in within-subject studies is fatigue; participants might experience physical or
mental tiredness as they progress through multiple conditions or tasks in a
single session, leading to less accurate results that do not reflect their actual
performance under normal conditions.

The variety of target groups of the studies demonstrates LLMs’ broad ap-
plicability across different academic and expertise levels. While undergraduates
highlight the potential for educational use, professional participants underscore
the tools’ relevance in industry. Additionally, the mixed experience levels among
participants suggest LLMs can benefit both, novices and experts, though com-
plex tasks may pose challenges for less experienced users.

On the other hand, we observe that only very few of the studies considered
target groups with varying academic degrees or experience levels. Studies fo-
cusing on a single target group fail to capture the diversity of potential users,
limiting the generalizability of the findings. Different user groups often have dis-
tinct needs, expectations, and challenges, so focusing on just one group might
overlook specific usability issues relevant to others. This lack of variation makes
it challenging to draw broader conclusions about potential users, as each study
only considers a narrow segment.

Many of the reviewed papers also did not assess the efficiency of the tools
under investigation, despite efficiency being a crucial criterion for determining
the value and viability of tool adoption.

Furthermore, the identified challenges such as hallucinations and syntax is-
sues underscore the need for improving LLMs accuracy and user-friendliness.
The lack of explainability and frequent compilation errors highlight the neces-
sity for better transparency, interpretability, and error-handling in LLM based
tools to ensure their practical utility in software engineering.

It is important to note that the amount of research gathered in this review
might not be extensive enough to draw accurate conclusions. The time and
scope limitations of a bachelor thesis did not allow for a more thorough literature
search. Furthermore, as this field of research has been getting a lot of attention
recently, new studies may have emerged since our initial search, potentially
rendering our findings outdated.

There is also a possibility of selection bias if the included literature is not
representative of the entire body of available research. Journals tend to publish
studies with positive results more frequently than those with negative or incon-
clusive findings. This overemphasis on positive results can create a false sense
of consensus or effectiveness of the review results, leading to publication bias.

Additionally, our limited search query may have caused us to miss relevant
research, as important keywords might have been overlooked, despite consulting
expert researchers when selecting them. Furthermore, using a shorter query in
Science Direct specifically could have resulted in missing relevant studies.
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7 Future Research Directions

The limitations we identified in current research highlight the need for further
studies on the usability of LLMs in software engineering. There’s a clear need for
more diverse usability evaluation methods. Studies employing inspection tech-
niques, such as cognitive walkthroughs and heuristic evaluations, are necessary
to systematically examine the tools’ interfaces, focusing on how users logically
navigate tasks. Additionally, studies utilizing testing methods like performance
measurement are also needed, as these methods provide crucial feedback on how
effectively users can perform tasks with these tools.

As an alternative to within-subject studies, between-subjects studies can be
conducted, where different groups of participants are exposed to different con-
ditions or treatments. Each participant experiences only one condition, which
allows for comparisons across groups. This study design eliminates carryover ef-
fects, since participants are only exposed to one condition. Moreover, it reduces
learning and fatigue effects that could influence results.

Furthermore, usability evaluation studies with a broader participants spec-
trum are needed. Testing with participants of varying experience levels helps
identify how easy or difficult it is for newcomers to learn and use the software.
This insight allows developers to streamline the user interface and improve us-
ability for new users. On the other hand, experienced users often uncover ad-
vanced use cases or workflows that may not have been considered during initial
design. This feedback helps refine functionality to accommodate experienced
users without sacrificing usability for beginners. Including a broader variety of
target groups could also reveal more challenges, as the preferences, behaviors,
and experiences of one group may not represent those of other user groups.

Also usability evaluation studies that evaluate all usability criteria of a tool
are needed, especially studies that assess efficiency. Since efficiency influences
how effectively users can interact with a system, impacting satisfaction, produc-
tivity, and the overall success of the tool or system being evaluated.

Finally, further literature reviews on this topic, that includes more litera-
ture, incorporating methods such as snowball search or searching a bigger set
of databases, could yield more accurate and thorough results.

8 Conclusion

Large Language Models (LLMs) are increasingly being leveraged to assist in
various aspects of software engineering. Extensive research has been conducted
on the use of LLM-powered tools to address a range of software engineering
tasks. In this paper, we reviewed the usability evaluation study conducted on
these tools. We begin by examining the types of usability evaluation study
conducted (RQ1), followed by an analysis of the study participants to identify
the target audience for each tool (RQ2). Finally, we identify the existing chal-
lenges associated with using LLMs in software engineering (RQ3). We reveal a
lack of diversity in usability evaluation studies on LLM-based tools, including
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limited variation in the academic backgrounds and experience levels of partic-
ipants. Finally, we summarize the challenges users face when utilizing these
tools. Based on these findings, we highlight gaps in the current research and
propose directions for future studies.
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Appendix
The Code used to extract Taxonomies

import requests
import json
import csv
import os

[ N N

CORPUS_API_URL = "https://sc-0302061.intra.dlr.de:20246/document/

7 # Fill in apikey (BUT DON’T STORE IN REPOSITORY OR ANY OTHER
PLACE WHERE IT CAN BE COMPROMISED)
s CORPUS_PUB_API_KEY = "#######"

10 def get_taxotags(text_string, text_type="Science", text_lng="en")

11 taxo_parms_dict = {

12 "enScience": {

13 "taxonomy": "OpenAlex",

14 "language": "en",

15 "tuning_parameters": {

16 "use_descriptions": True,

17 "language_model": "all-MiniLM-L6-v2",

18 "top_k": 10,

19 "min_similarity": 0.35,

20 "title_weight": 1.5,

21 "saturation": 1.5,

22 "min_agg": 0.35,

23 "top_percent": 80,

24 "second_percent": 80,

25 "min_hscore": 0.35,

26 "max_baseconcepts": 7,

27 "max_paths": 2

28 Fo

29 },

30 "deScience": {

31 "taxonomy": "OpenAlex",

32 "language": "de",

33 "tuning_parameters": {

34 "use_descriptions": True,

35 "language_model": "paraphrase-multilingual-MiniLM
-L12-v2",

36 "top_k": 10,

37 "min_similarity": 0.4,

38 "title_weight": 1.5,

39 "saturation": 1.5,

40 "min_agg": 0.4,

41 "top_percent": 80,

42 "second_percent": 80,

43 "min_hscore": 0.4,

44 "max_baseconcepts": 7,

45 "max_paths": 2

46 } )

47 },

48 "enMedia": {

49 "taxonomy": "IptcMedia",
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50 "language": "en",

51 "tuning_parameters": {

52 "use_descriptions": True,

53 "language_model": "all-MinilLM-L6-v2",

54 "top_k": 10,

55 "min_similarity": 0.25,

56 "title_weight": 1.5,

57 "saturation": 1.5,

58 "min_agg": 0.25,

59 "top_percent": 80,

60 "second_percent": 80,

61 "min_hscore": 0.25,

62 "max_baseconcepts": 7,

63 "max_paths": 2

64 },

65 },

66 "deMedia": {

67 "taxonomy": "IptcMedia",

68 "language": "de",

69 "tuning_parameters": {

70 "use_descriptions": True,

71 "language_model": "paraphrase-multilingual-MinilLM
=Lil2=%2" 4

72 "top_k": 10,

73 "min_similarity": 0.25,

74 "title_weight": 1.5,

75 "saturation": 1.5,

76 "min_agg": 0.25,

77 "top_percent": 80,

78 "second_percent": 80,

79 "min_hscore": 0.25,

80 "max_baseconcepts": 7,

81 "max_paths": 2

82 },

83 }

84 }

85 if not taxo_parms_dict.get(text_lng + text_type):

86 return None

87 data = json.dumps ({

88 "payload": {

89 "text": text_string

90 } H

91 "taxo_parms": taxo_parms_dict[text_lng + text_typel

92 1D

93 res = requests.post(

94 CORPUS_API_URL + "taxonomytags",

95 headers = {

96 ’accept’: ’application/json’,

97 >ACCESS_TOKEN’: CORPUS_PUB_API_KEY,

98 ’Content -Type’: ’application/json’

99 T,

00 data=data,

01 verify=False

02 )

03 return res.json()

Source Code 1: Internal code to extract taxonomies and automate extraction
out of table with abstracts. Pass key is needed.
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SUS Questions

The
1

2.

10.

ten questions are as follows:

. I think that I would like to use this system frequently.
I found the system unnecessarily complex.

I thought the system was easy to use.

I think that I would need the support of a technical person to be able to
use this system.

I found the various functions in this system were well integrated.
I thought there was too much inconsistency in this system.

I would imagine that most people would learn to use this system very
quickly.

I found the system very cumbersome to use.
I felt very confident using the system.

I needed to learn a lot of things before I could get going with this system.
[10]

Full Taxonomy Table
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Table 5: Full table resulted when using our code on abstracts of papers obtained
in the literature review [13], including papers that produced no output.
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