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Abstract
[Context and motivation] It is known that user-centered approaches to requirements engineering in general
lead to a better suited product for the end-users. LLM4RE provides promising approaches to support the re-
quirements elicitation process (e.g. classification of requirements). [Question/problem] Previous approaches
focus on Machine-Learning (ML) or Deep-Learning (DL) aspects, which require intensive training with a large
amount of manually labeled data. LLMs, on the other hand, are pre-trained on large amounts of user-generated
text data, enabling a user-centric workflow to analyze requirements. [Principal ideas/results] In this paper,
we explore the possibility of exploiting the improved natural language understanding of LLMs, rather than strict
ML classification, together with the mass extraction of user reviews to analyze if the performance of LLMs in
understanding user reviews is comparable to the performance of human raters. This enables a quick and cheap
workflow for development teams to gather and process their user’s requirements. [Contribution] This paper
provides three major contributions: (1) We provide a completely coded dataset of 300 user reviews containing
usability-relevant aspects from three different types of apps, that were labeled by two human raters and by an
LLM. (2) We build an initial prompt, based on two prompt engineering iterations and specifically developed cod-
ing guidelines derived from the 10 Nielsen Usability Heuristics, for LLMs to filter usability relevant user reviews.
(3) We determine that LLMs are generally able to recognize usability as a non-functional requirement in user
reviews, in terms of their F-score, but the performance and reliability is strongly dependent on the prompt.
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1. Introduction

The increasing functional complexity of modern software products presents major usability challenges.
Although integrating user-centred approaches into requirements engineering can mitigate these issues
and lead to a better suited product for end-users [1], directly involving users remains a resource-intensive
process that is often unfeasible for development teams. To bridge the gap between development teams
and users, Crowd-based Requirements Engineering (CrowdRE) leverages publicly available feedback
from forums and app stores to indirectly capture user needs from user feedback [2].

Machine-Learning and Deep-Learning approaches for classifying requirements are frequently com-
bined with CrowdRE or crowd-sourcing methods [3, 4, 5]. One significant limitation of these approaches
in classifying user needs out of user feedback is, that these approaches often rely on large, manu-
ally labeled datasets, which creates a significant bottleneck for rapid development cycles [3, 4, 5].
Nowadays, new approaches involving Natural Language Processing (NLP4RE) and Large Language
Models (LLM4RE) gain more attention, due to the fact, that LLMs are able to process a large amount of
information, without requiring any additional training data for most purposes [6]. Despite the rise of
Natural Language Processing (NLP4RE) [3] and Large Language Models (LLM4RE) [4] in requirements
engineering tasks, a critical research gap remains: combining the effectiveness of modern LLM language
understanding with the user-centric methods of CrowdRE.

In this work, we address the potential of LLMs to extract and process user requirements from
mass review data without the need for extensive task-specific training. LLMs can be instructed with
natural language, where the instructor gives an LLM a so-called prompt [7]. We want to compare if
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the performance of an specifically prompted LLM is comparable to the performance of human coders
to identify usability-relevant user reviews. Furthermore, the LLM will be analyzed in context of their
reliability to identify usability-related user reviews with an tailored prompt, specifically developed for
these kind of tasks. This work will test the mass elicitation in light of usability requirements which can
(i) be very nuanced and (ii) play an important role in product marketing and user adoption.

2. Background and Related Work

2.1. Usability

Usability by ISO 9241-11 is defined as the extent to which a product, including mobile apps, can be used
by specified users to achieve their specified goals [8]. This also includes factors such as learnability
and satisfactory in use [8]. Furthermore, usability can be defined as the general capability of an entity
to being used [9, 10]. Due to the widespread definitions and applicability of usability in all kinds of
systems, it is quite difficult to establish a single, universally accepted method, necessitating an iterative
and context-dependent approach to evaluation. One of the more established methods to evaluate the
usability of software systems is the 10 Usability Heuristics by Nielsen [11, 12]. These heuristics include
a set of ten general principles on how to design user interfaces [11, 12]. Additionally, usability problems
in real systems can be derived from these heuristics [13].

2.2. Prompt Engineering

Prompt Engineering is an emerging field that aims to produce an input for a Large Language Model
(LLM) such that the LLM will produce a desired output when given the input [14]. Such an input is
then called a prompt. A textual prompt is a set of instructions, given to a LLM, to customize, enhance
and refine its capabilities [14, 15]. This adaptability of prompts as an input for LLMs is inherently
different from traditional machine learning, where model retraining is often required for specific
tasks [16]. Generating a fitting prompt for a desired output can not be perfectly formalized but is
approached with a set of techniques that have been shown to work well in practice (e.g. iterative prompt
engineering [17], chain-of-thought prompting [18]). One technique, iterative prompting, involves direct
human feedback, also known as human-in-the-loop, to create an initial draft of a prompt that is then
further refined by the humans [17]. The chain-of-thought prompting technique aims to improve LLMs’
outputs by prompting an LLM to describe its intermediate steps while performing tasks, thereby making
its approach transparent for further analysis [17, 18].

2.3. Related Work

Bakiu et al. [1] have developed a Machine-Learning-based method for extracting usability aspects from
user reviews. To this end, a classifier was trained with manually classified reviews from the categories
Software and Video Games. To do this, they used four sets of usability dimensions, including the five
dimensions of Nielsen [19] as one of the sets. The findings revealed, that only analyzing user reviews
can not be replaced by already existing methods. Furthermore, their method to extract usability aspects
was provisionally evaluated with the result that further and larger studies are necessary to gain an
accurate picture of its effectiveness.

Hedegaard et al. [20] conducted a study collecting reviews from the categories Software and Video
Games. They used 2972 reviews from the video game sector and 520 reviews from the software sector
and used different models to extract usability aspects. Therefore they used one model (CLASSICUA)
based on the usability definition according to Nielsen [19] and another model (FREQUENT) based on
terms that are frequently associated with usability. The CLASSICUA classification resulted in usability-
relevant aspects being mentioned in more than 40% of the reviews. FREQUENT achieved a value of up
to 30%.



Previous research has concentrated exclusively on machine-learning (ML) approaches to the classifi-
cation of usability-relevant aspects. However, such approaches require a substantial quantity of labeled
training data. In the context of our research, there is a clear objective to transition the perspective from
the utilization of resource-intensive machine learning algorithms to the deployment of more accessible
Large Language Models (LLMs). While ML is only able to simply classify usability aspects on simple
keywords (e.g. ”slow” or ”error”), LLMs are able to understand contextual information and informal
language like emojis (e.g. ”I had to click the Back-Button three times :-/”). This ability facilitates the
identification of usability aspects in a more diverse range of written statements. In addition, LLMs
have the capacity to justify their decisions, a capability that is absent in the case of ML, which provide
solutions without offering any reasoning to support their decisions. Our work is also supposed to
analyze different types of software, that are more integrated in daily life. Therefore, we not only
included reviews from software in general, but rather specific software used in maps and navigation,
music-composition or E-commerce [21].

3. Research Design

3.1. Research Questions

Our research in the work is framed by the following research questions:

RQ1: Is the performance of an LLM, when prompted with a specifically tailored prompt to
identify usability-related user reviews, comparable to the performance of a human coder?
RQ2: What is the reliability of an LLM for identifying usability-related user reviews in a random
dataset of user generated app reviews in case of specifically tailored prompts?

In this paper, we aim to investigate whether the LLM gpt-4.1 by OpenAI can be used as an
effective and resource efficient tool to support requirements elicitation in the context of CrowdRE.
Our focus lies on the non-functional requirement usability as this allows us to (1) test the LLM in
a controlled environment that can be defined in terms of norms and heuristics and (2) to see in
what extent the LLM understands user reviews, as these are in general unstructured and extracting
usability-related information has proven difficult [1].

3.2. Data Collection

To test the capabilities of the LLM on real-world data, we collected a dataset of 300 user reviews. The 300
user reviews originate from the Google Play-Store and are evenly distributed over three apps: BlitzerDE,
Lidl Plus, and FL Studio. The three apps were selected based on the criteria of user numbers, ratings
and number of ratings. Both criteria were intended to maximize the diversity of individual reviews
such that a broad range of opinions could be covered. Furthermore, apps from different software types
and specific categories were selected in order to obtain a broad picture across various domains. Table 1
shows the ratings, user counts and specific software type for all three apps.

Table 1
Overview of the apps which served as sources for user reviews, their respective Google Play-Store analytical
data and their type of software.

App Rating User Count Ratings Count Software Type [21]

BlitzerDE 4.7 10 million >120k Information display and transaction entry (maps and
navigation)

Lidl Plus 3.8 100 million >1.70 million Information display and transaction entry (E-
commerce)

FL Studio 4.0 1 million >40k Computation-dominant (music composition)



Besides the aforementioned criteria, we also included the genre and intended target audience in our
decision. All three apps are targeted towards adult users but in very different scenarios. While BlitzerDE
is used in an automotive-centric scenario, Lidl Plus’s users will use the app before and while shopping
for e.g. groceries. FL Studio the other hand is an app that is aimed at musicians to help them produce
music. As these different scenarios affect how the usability of the app is perceived by the users, we
assume the user reviews will contain vastly different opinions and feedback. The goal is to construct a
dataset that has a high diversity of user reviews which then can be used to test the LLM with as little
bias towards certain kinds of user reviews as possible.

3.3. Data Analysis

The data analysis process of this paper is divided into two phases. The first phase serves the purpose of
(1) building a fully labeled dataset which can be used to evaluate the performance of an LLM, and (2)
establishing a performance baseline that represents the performance of usability-experts and can be
used to evaluate the LLM. The second phase uses the results of the first phase to then answer both
research questions RQ1 and RQ2.

First Phase: Figure 2 shows the process that was developed for the first phase. Labeling the
dataset began with establishing a set of indicators for usability. For this, we used the 10 Usability
Heuristics according to Nielsen [11, 12] as well as a few indicators we defined as not usability-relevant.
These are: (i) Feature-Requests, (ii) overlap with adjacent non-functional requirements such as accessi-
bility and compatibility, and (iii) vaguely formulated statements for which too much interpretation by
the raters would haven been necessary. We decided to use the 10 Usability Heuristics as they define
usability very detailed when compared to other definitions like the ISO 9241 [8].

Usability
Heuristics

Coding-
Guidelines Draft

User Reviews

Dataset Codes
Rater1 / Rater2

Enhanced
Coding-Guideline

Final Dataset

Figure 1: Data collection process for building a fully labeled dataset.

The labeling of the user reviews was performed by two raters, both with multiple coding experience in
context of usability and explainability, which is why we believe that the results were not influenced
by the quality of the raters. Individual user review were rated in the binary format of true and false.
We decided to code a user review with true, if at least one usability-relevant statement is included in
the review, otherwise we rate it as false. For example, the review “I find the app rather cumbersome;
some things could have been made easier” would be rated as true because it relates to the heuristic
“Flexibility and Efficiency of Use.” On the other hand, the review “Google Calendar works perfectly with
aCalendar” would be rated false because it does not directly address usability, but rather compatibility.

This first draft of coding guidelines was used by two raters in a pre-coding round. The pre-coding
only looked at the first 20 user reviews of the BlitzerDE app. We noted some differences in the
understanding of the guidelines between raters. These issues were resolved by adding examples to
the heuristics to the draft guidelines. After the draft guidelines were established, both raters fully
labeled the dataset of 300 user reviews. To finalize the coding guidelines, the raters compared their
results to each other. The comparison showed further issues with the draft guidelines. These are e.g.
(a) bug-related reviews, (b) the handling of usability-problems which stem from outside of the apps
context, e.g. Android, and (c) misleading user reviews. The coding guidelines were updated according
to these issues and further examples were provided. With these enhanced coding guidelines, we



conducted a second round of coding and calculated the interrater-reliability. To fulfill purpose (1), the
last differences in the coding of both raters have been finalized into a single rating. In the finalization
of our coding process, we discussed each user review with differing codes. We fulfill purpose (2) of
the data collection process by comparing the results of the LLM with our final dataset and apply the
following metrics: the interrater-reliability which treats the LLM as a human rater and allows direct
comparisons to human performance, and the F-Score which is a common metric for binary classification
performance and gives insights over the absolute ability of the LLM and the chosen prompt to label
usability-relevant user reviews.

Second Phase: The second phase of our data analysis answers research questions RQ1 and
RQ2. For this, the LLM is used to label the full dataset of 300 user reviews. To answer RQ1, the LLM is
evaluated according to the ground-truth established in the data collection in terms of (M1) precision,
(M2) accuracy, and (M3) interrater-reliability. Metrics (M1) and (M2) allow us to investigate if the LLM
generally is able to distinguish usability-related reviews in a random sample, whereas metric (M3) gives
insights about the LLMs reliability for identifying usability-related reviews when compared to human
usability-experts.

Enhanced
Coding-Guideline

Final Dataset30 Reviews
Testsample

Prompt

Prompt Evaluation
Results

LLM Evaluation
Results

Figure 2: Data analysis process with the final dataset and an initial prompt as input to the iterativ prompt
evaluation process, which results in a new and optimized prompt that can be fed back into the process to
further refine it.

The process consists of two parts (i) generating and evaluating a prompt based on the enhanced coding
guidelines from the data collection, and (ii) evaluating the LLM based on an specifically tailored prompt
when tasked to label the final dataset from the data collection process. The specifically tailored prompt
was generated through an iterative process to achieve a good performance. Based on the enhanced
coding guidelines, an initial prompt was designed. To create the initial prompt, we used chain-of-
thought prompting to give the LLM a clear list of instructions on how to work with the data. However,
this first version solely served the purpose of being a template for further iterations. To evaluate
prompt-iterations, the LLM was given the current iteration of the prompt and a subset of the fully
labeled dataset. This test sample consists of 30 (10%) randomly selected user reviews with 10 reviews
from each app. For this paper, three iterations were conducted with the last iteration resulting in the
final prompt. While evolving the prompt, we decided against using few-shot prompting. Instead, we
added notes to the prompt that more clearly specified our goals, while being general enough to not
cause overfitting inside the prompt.

After three iterations of adjusting the specifications inside the prompt, the final prompt and the full
dataset were then used to evaluate the LLM according to the defined metrics (M1), (M2), and (M3).

3.3.1. Data Availability Statement

To ensure the transparency and verifiability of our research, we provide the following data in our
supplementary material [22]: Firstly, we provide the Python script used to collect the user reviews from
the Google Play-Store. We also provide the coding guidelines, as well as the full dataset containing all



the tables with user reviews and their ratings in terms of usability-relevant aspects. Lastly, we provide
all prompts that were used to detect usability aspects in user reviews with an LLM.

4. Results

4.1. First Phase: Manually Labeled User Reviews

Since the coding process involved two coders and the data was labeled on a nominal scale, we report
the interrater reliability using Cohen’s Kappa 𝜅 [23]. According to Landis and Koch [24] we achieved
a substantial agreement for BlitzerDE (Cohen’s kappa 𝜅 = 0.76). Lidl Plus also achieved a substantial
agreement (Cohen’s kappa 𝜅 = 0.70) and FL Studio also achieved a substantial agreement (Cohen’s
kappa 𝜅 = 0.61) in our final coding round.

Table 2
Interrater Agreement (Cohen’s Kappa 𝜅) for the manual detection.

App Cohen’s Kappa 𝜅 Agreement according to Landis et al. [24]

BlitzerDE 0.76 Substantial
Lidl Plus 0.70 Substantial
FL Studio 0.61 Substantial

After resolving all conflicts, from the 300 user reviews, the two raters were able to extract 148 (49.3%)
user reviews in total which involved at least one usability aspect using the predefined coding guidelines.
The final dataset contained 56 usability-relevant user reviews from BlitzerDE, 54 user reviews from Lidl
Plus, and 38 reviews from FL Studio.

4.2. Second Phase: Automatic Labeling of User Reviews

We chose to use gpt-4.1 by OpenAI to evaluate the user reviews as this was the most recent model at
the time of conducting the evaluation and had a well documented API. This section presents (1) the
results of the prompt generation which was tested on a randomized sample of 30 user reviews from the
full dataset, and (2) the final LLM evaluation results of a full-scale test on the dataset.

Table 3
Results of the three prompt iterations on the Testsample.

Iteration BlitzerDE (n=10) Lidl Plus (n=10) FL Studio (n=10)
Precision Recall 𝐹1-Score Precision Recall 𝐹1-Score Precision Recall 𝐹1-Score

Iteration 1 0.33 1.0 0.5 0.67 1.0 0.8 0.3 1.0 0.46
Iteration 2 0.375 1.0 0.55 0.75 1.0 0.86 0.33 1.0 0.5
Iteration 3 0.67 0.67 0.67 0.83 0.83 0.83 0.75 1.0 0.86

The initial prompt has been revised two times and has been evaluted three times at all stages. For our
method of improving the initial prompt iteratively, we report the values of the Precision, Recall, and
𝐹1-Score in Table 3. The values for each of the three apps are calculated separately.
Our final evaluation on the full dataset with the gpt-4.1 resulted in the LLM identifying 173 (58%) user
reviews as usability-relevant, with 61 user reviews from BlitzerDE, 68 reviews from Lidl Plus and 44
user reviews from FL Studio. Table 4 shows the Precision, Recall, and 𝐹1-Score for this evaluation. In
total, the LLM correctly labeled 239 (79.6%) user reviews.
For the interrater reliability with the LLM, we used the final coding result table of the two raters with
all resolved conflicts and the coding result table generated by the LLM using the final prompt. Since
this coding process also involved two coders, the combined codes by the human raters from the third
coding round and the codes determined by the LLM, and the data also was labeled on a nominal scale,



Table 4
Results of the final evaluation on the full dataset.

BlitzerDE (n=100) Lidl Plus (n=100) FL Studio (n=100)
Precision Recall 𝐹1-Score Precision Recall 𝐹1-Score Precision Recall 𝐹1-Score

0.79 0.86 0.82 0.74 0.93 0.82 0.73 0.84 0.78

we report the interrater agreement using Cohen’s Kappa 𝜅 [23]. According to Landis and Koch [24] the
human codings combined with the LLM codings achieved a fair agreement for BlitzerDE (Cohen’s kappa
𝜅 = 0.34). Lidl Plus achieved a moderate agreement (Cohen’s kappa 𝜅 = 0.55) and FL Studio achieved a
substantial agreement (Cohen’s kappa 𝜅 = 0.63).

Table 5
Interrater Agreement (Cohen’s Kappa 𝜅) for the detection with an LLM and the final coding results of the third
iteration. The 𝜅 is calculated between the labels in the final dataset and the labels of the LLM.

App Cohen’s Kappa 𝜅 Agreement according to Landis et al. [24]

BlitzerDE 0.34 Fair
Lidl Plus 0.55 Moderate
FL Studio 0.63 Substantial

Further, we report the observed values for when the two raters were certain in their final rating
compared to the LLM labeling correctly according to the final rating. Figure 3 shows the distribution of
the four possible combinations for the accumulated values of the three apps. A rating is considered
certain if both raters agreed on the final rating. The LLM labeling is considered correct if it equals the
final rating in the fully labeled dataset. The 𝜒2-Test results on these values in a 𝑝-value of 0.35. The
observed values are therefore not statistically significant at 𝑝 < 0.05.

Figure 3: Distribution of the cross-examination of certainty of the raters vs. the correctness of the LLM’s
evaluation. Left side: Absolute values. Right side: Relatively values, scaled by 239 (cases of LLM being correct)
and 61 (cases of LLM being incorrect).

5. Discussion

5.1. Answering the Research Questions

RQ1: Is the performance of an LLM, when prompted with a specifically tailored prompt to
identify usability-related user reviews, comparable to the performance of a human coder?
As can be seen in Table 4, the LLM has achieved high values for the Recall measurements, which
indicates a high correspondence with our findings of usability-relevant user reviews. Although not
perfect, this shows that a significant portion of usability-relevant user reviews can be identified by
an LLM with a prompt that is specifically tailored over multiple iterations. When combined with the



Precision score, which indicates that the LLM’s identified usability relevant user reviews were correct
assessments, the LLM shows to be more permissive with its labeling than the human raters.

RQ2: What is the reliability of an LLM for identifying usability-related user reviews in a
random dataset of user generated app reviews in case of specifically tailored prompts? Ta-
ble 4.2 reports a mixed reliability when compared to the human raters. For BlitzerDE and Lidl Plus,
the human raters had a significantly better agreement than the LLM with the fully labeled dataset.
However, the LLM performed slightly better for the FL Studio partition of the dataset. With the LLM
achieving Substantial and Moderate agreement for FL Studio and Lidl Plus respectively, a prompt
with just three iterations already achieves reliable results. However, taking Figure 3 into perspective,
the LLM’s correctness in labeling the user reviews does not correlate with the raters being certain in
their rating. The LLM therefore doesn’t reliably reproduce the mental model of the human raters and
produces errors in different and unexpected places. This issue may be alleviated by improving the
prompt in such a way, that the thought process of an usability-expert can be recreated by the LLM.

5.2. Threats to Validity

We discuss the threats to the validity of this work in accordance with Wohlin et al. [25]:

Construct Validity. Online user reviews are generally carried by emotions and are therefore easily
influenced by both positive and negative emotions. To minimize this influence on the fully labeled
dataset, we excluded to broadly formulated statements from being labeled as usability. We only focused
on statements that directly contained a reference to one of the heuristics. Negative experiences with
software are also more likely to be reported than good or neutral experiences. As negative experiences
are commonly linked to bugs or unexpected behavior, we excluded bug-related statements from being
labeled as usability-relevant, even though these could be classified under the heuristic Error Prevention.

Internal Validity. Users may report problems as a review to an app, that actually stems from other
components of the system, like the operating system or hardware issues. To mitigate this, we only
included statements that are linked to the apps usability. Statements that were clearly related to other
components of the system and only affected the apps usability as a side effect, were excluded from
being labeled usability-relevant. Updates may introduce new bugs or features to an app. This can lead
to a change in usability or a wave of both positive feedback, praising the new feature as well as negative
feedback, criticizing the new feature or reporting bugs. To mitigate this selection bias, we chose to use
the sorting by most relevance for collecting user reviews, as the other options newest and ratings would
introduce a selection bias for either the aforementioned problem as well as only retrieving the best or
worst feedback. Another important factor is that the prompt to evaluate the user reviews was given to
the LLM in english, but the user reviews are in german. As we did no direct comparison with a german
prompt, mixing both english and german language for the input to the LLM, side-effects are generally
possible. However, LLMs and specifically GPT-4.1 achieve high benchmarking scores in specifically
multilingual benchmarking tests, such as the Multilingual MMLU [26].

Conclusion Validity. The conclusions drawn from the labeled dataset are heavily influenced by the
quality of the raters. As there were only two raters, a significant shift in the results could be seen if
one rater had significantly more or less familiarity with usability. We believe that the results were
not influenced by the quality of the raters, as we designed the guidelines in a collaborative way that
included detailed discussions of both the usability heuristics and when to apply them, as well as possible
edge-case scenarios. This is supported by our substantial agreement in the final round of coding.

External Validity. Our results are not directly generalizable to the entirety of apps and LLMs. This
is due to both the limited amount of apps we analyzed as well as the limited amount of LLMs we



experimented on. As can be seen in our results, even in our small sample of apps, LLM performance
may vary drastically. It is unclear to us if the observed effects are amplified when looking at a larger
frame or eventually even out. For this work, we took apps with vastly different usage scenarios to
gather a diverse set of user reviews to increase the generalization as much as possible.

6. Conclusion and Future Work

In this paper, we examined if using LLMs together with CrowdRE approaches can be an effective method
for user-centric requirements engineering. We conclude that LLMs, although not perfect, should be
considered as a viable option in requirements engineering for labeling unstructured data like user
reviews. Our data shows that the reliability between the human raters and the LLM is too low as for
the LLM to replace human raters yet. We still argue that the resource overhead (i.e. training) of using
more traditional Deep-Learning or Machine-Learning approaches isn’t practical for most requirements
engineers, when an LLM can achieve acceptable results with significantly less overhead. We found that
generating a tailored prompt is one of the defining aspects for a successful labeling task. In our results,
the LLM tends to be slightly more permissive, which we do not interpret as a problem. In practice, we
consider gathering a limited amount of irrelevant user review as better than missing a relevant user
review.

This work serves as a precursor to further research into the LLM integration into the CrowdRE
framework. Our results provide a fully labeled dataset which can be used as a performance baseline.
In future work, we aim to increase the LLMs reliability with more sophisticated prompt engineering
methodologies, such as few-shot prompting. We also want to compare the traditional methods of Deep-
Learning and Machine-Learning with LLMs and optimized prompts. This in turn will give more detailed
answers on the question of when to use which technology. It is also possible to take a more detailed
look at different large-language models. As LLMs are gaining more attention, different companies train
new models with different capabilities, that may be leveraged in CrowdRE.

Declaration on Generative AI

During the preparation of this work, the authors used OpenAI’s GPT-4.1 in order to label user reviews,
which were then further analyzed. The authors did not use text produced by generative AI for this
work.
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