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Abstract: The maturation of internet usage environments has elevated User Experience (UX) to a
critical factor in system success. However, traditional manual UX testing methods are hampered by
subjectivity and lack of standardization, resulting in time-consuming and costly processes. This study
explores the potential of Large Language Models (LLMs) to address these challenges by developing an
automated UX testing tool. Our innovative approach integrates the Rapi web recording tool to capture
user interaction data with the analytical capabilities of LLMs, utilizing Nielsen’s usability heuristics
as evaluation criteria. This methodology aims to significantly reduce the initial costs associated with
UX testing while maintaining assessment quality. To validate the tool’s efficacy, we conducted a
case study featuring a tennis-themed course reservation system. The system incorporated multiple
scenarios per page, allowing users to perform tasks based on predefined goals. We employed
our automated UX testing tool to evaluate screenshots and interaction logs from user sessions.
Concurrently, we invited participants to test the system and complete UX questionnaires based
on their experiences. Comparative analysis revealed that varying prompts in the automated UX
testing tool yielded different outcomes, particularly in detecting interface elements. Notably, our tool
demonstrated superior capability in identifying issues aligned with Nielsen’s usability principles
compared to participant evaluations. This research contributes to the field of UX evaluation by
leveraging advanced language models and established usability heuristics. Our findings suggest that
LLM-based automated UX testing tools can offer more consistent and comprehensive assessments.

Keywords: human–computer interaction (HCI); AI in software development

1. Introduction

Software testing plays a critical role in the software development process, with the
primary purpose of identifying defects and errors to ensure product quality and reliability.
Throughout the software development lifecycle, from unit testing to user acceptance testing,
each phase examines different aspects of the software’s functionality, performance, security,
and user experience. Through systematic testing processes, development teams can identify
and fix problems early, thereby improving product stability and user satisfaction. In today’s
digital era, enhancing the User Experience (UX) of web pages is not just a pursuit but a
necessity. The success of a web page largely depends on the quality of the user experience.
However, due to the subjective and dynamic nature of user experience, which is influenced
by environmental factors, traditional user experience testing and enhancement rely on
manual inspection, which is not only time consuming but also costly [1].

As Nielsen and Molich observed, if a system fails to meet usability needs, it does not
matter if it is easy to use [2]. Alomari et al. argued that if a system is too difficult to use, even
if it meets usability needs, it does not matter because users simply cannot use the system [3].
Meanwhile, Large Language Models (LLMs) have rapidly emerged in the field of artificial
intelligence and have been widely used in image analysis, language understanding, text
generation, and other areas. The strength of these models lies in processing and analyzing
large amounts of language data, offering potential solutions to this challenge and providing
new opportunities to gain deeper insights into user behaviors and preferences during web
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interactions. With the advancement of these technologies, UX researchers and designers
now have the opportunity to use LLMs to capture and analyze subtle changes and complex
scenarios that affect user experience.

Recent research has further explored large multimodal models beyond LLMs. Alayrac et al.
introduced Flamingo, a visual language model that combines two pre-trained models: a
vision model for image processing and a language model for basic reasoning [4]. After com-
paring the performance of 16 models, the experimental results showed that Flamingo
exhibited excellent adaptability with only a few examples. As the model’s training data
increased, Flamingo’s performance significantly improved, capable of handling up to
32 images or videos, indicating high flexibility in processing varying amounts of images
or videos. Sun et al. proposed the multimodal generative pre-training model Emu, which
can handle any single modality or multimodal data input without distinction and generate
images and text [5]. Including image-to-image descriptions, interleaved image-to-image
descriptions, video-to-video descriptions, etc., through autoregressive training, embedding
images into text, and forming interleaved input sequences for end-to-end training. Emu
demonstrated potential in multimodal tasks such as image description, visual question
answering, video question answering, and text-to-image generation, with results showing
Emu’s outstanding performance in a wide range of zero-shot and few-shot tasks.

Most existing automated UX testing tools primarily focus on functional and perfor-
mance testing, often neglecting users’ cognitive experiences, interaction details, and emo-
tional needs. By leveraging GPT-4’s advanced semantic understanding capabilities, our
approach uniquely addresses these limitations by providing a comprehensive analysis of
user cognitive patterns, interaction nuances, and emotional responses. This integration
of AI-powered analysis with established usability heuristics represents a significant ad-
vancement in automated UX testing, offering a more holistic evaluation framework that
goes beyond traditional functional metrics. This study aims to develop a user experience
detection tool based on Generative Pre-trained Transformer 4 (GPT-4) and investigate the
impact of prompt engineering on its performance. The key objectives are to create an
automated tool that leverages GPT-4’s image understanding capabilities and Nielsen’s
usability heuristics to identify potential UX issues, explore how varying the content and
structure of prompts influences GPT-4’s ability to detect user experience issues, and as-
sess the performance of GPT-4 in user experience detection using the developed prompts.
Through these objectives, we aim to advance the application of large language models in
user experience evaluation and provide insights into optimal prompt design for this task.

Summarizing the above, the research questions are as follows:

• RQ1: How does providing different information within prompts influence the accuracy
of user experience detection by GPT-4?

• RQ2: What is the performance of GPT-4 in user experience detection compared to
human evaluators when using optimized prompts?

This paper follows a systematic structure: Section 2 reviews the literature on user
experience evaluation and AI applications; Section 3 details the methodology of the pro-
posed automated UX assessment tool; Section 4 outlines the experimental design and data
analysis methods; Section 5 discusses research findings, comparing GPT-4’s performance
with human evaluators; and Section 6 concludes with key insights and future research
directions in automated UX evaluation.

2. Literature Review
2.1. Challenges and Complexities in User Experience Evaluation

User Experience (UX) evaluation faces significant challenges due to its multifaceted
and complex nature. Vermeeren et al. [6] highlighted a critical gap in the field: the lack of
systematic research on UX evaluation and measurement methodologies. Current guidelines
often rely heavily on basic usability targets, which often fail to capture the full breadth of UX.
The inherent characteristics of UX, as emphasized by Kashfi et al. [7], further complicate the
evaluation process. These characteristics, namely subjectivity, holism, dynamism, context
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dependency, and worth, have profound implications for practitioners’ daily work, making
it challenging to standardize assessment methodologies.

The challenge of reaching a consensual definition of UX, as revealed by Law et al.’s sur-
vey [1], directly impacts evaluation efforts. The broad range of fuzzy and dynamic concepts
associated with UX, including emotional, affective, experiential, hedonic, and aesthetic
variables, contributes to this definitional ambiguity, as well as the difference in emphasis
between academic and industrial approaches to UX evaluation. While academia tends
to focus more on hedonic aspects and emotions, industry emphasizes functionality and
usability, adding another layer of complexity to evaluation practices.

Furthermore, the integration of UX evaluation methods into existing software develop-
ment processes poses substantial challenges. Both Vermeeren et al. [6] and Kashfi et al. [7]
noted the pressing need for evaluation methods applicable to early development phases,
validated measures for UX constructs, and techniques for assessing social and collaborative
experiences. The lack of practical, multi-method approaches that can effectively capture
the nuanced nature of UX throughout the development lifecycle remains a considerable
obstacle in the field.

2.2. User Experience Evaluation Methods and Metrics
2.2.1. Primary Evaluation Methods

In the field of User Experience (UX) research, the selection of appropriate evaluation
methods and metrics is crucial for obtaining valid and reliable results. Inan et al. [8] cate-
gorize UX evaluation methods into three main types: self-report measures, observational
measures, and physiological measures.

Self-report measures are the most prevalent method, involving users reporting their
own experiences through questionnaires or interviews. While this approach is easily
administered and requires no specialized equipment, it is susceptible to self-report bias,
potentially compromising data accuracy.

Observational measures involve experts observing users as they interact with a product
or system. It offers greater objectivity compared to self-report measures but can be more
time-consuming and costly to conduct. Moreover, the presence of an observer may influence
users’ behavior, affecting the validity of the observations.

Physiological measures involve measuring users’ physiological responses, such as
brain activity, heart rate, or galvanic skin response. While this method is the most objective,
it is also the most expensive and time-consuming to implement.

2.2.2. Types of Evaluation Metrics

In their seminal work on measuring user experience, Albert and Tullis [9] delineate
four distinct categories of metrics that are essential for evaluating UX. These categories
encompass a comprehensive range of measurement approaches, each offering unique in-
sights into different aspects of user interaction and perception. Performance metrics form
the foundation of objective measurement, quantifying user behavior through indicators
such as task success rates, error frequencies, and time-on-task measurements. Comple-
menting these are issue-based metrics, which focus on identifying and cataloging specific
problems or challenges users encounter during their interaction with a product or system.
To capture the subjective dimension of user experience, self-reported metrics play a crucial
role, allowing users to articulate their opinions, satisfaction levels, and overall impressions
of the product or service in question. Rounding out this framework are behavioral and
physiological metrics, which delve into the physical manifestations of user interaction,
measuring observable behaviors and bodily responses that may indicate cognitive load,
emotional states, or levels of engagement. This multifaceted approach to UX metrics
enables researchers and practitioners to construct a holistic view of the user experience,
balancing objective performance data with subjective user perceptions and unconscious
physiological responses.
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2.2.3. Integration of Methods and Metrics

Combining these evaluation methods with appropriate metrics can provide a more
comprehensive framework for UX research. Guimaraes et al. [10] utilized a mixed-method
approach combining heuristic evaluation and a structured questionnaire to assess the
Brazilian Immunization Information System, revealing that while the system provides easy
access, it exhibits minor usability issues and struggles to fully facilitate users’ interface
interaction goals. Mochammad et al. [11] employed a mixed-method approach using a User
Experience Questionnaire (UEQ) and Usability Testing to evaluate the Halodoc mobile
health application, revealing positive UX scores across all scales but identifying specific
usability issues related to pharmacy selection and medicine purchase information.

By integrating these diverse evaluation methods and metrics, researchers can select the
most appropriate strategies based on their specific research questions and contexts, thereby
enhancing the depth and reliability of UX studies. This integrative approach allows for a
more nuanced understanding of the user experience, capturing both objective performance
indicators and subjective user perceptions.

2.3. Automated User Experience Evaluation

Among the evaluation methods mentioned in Section 2.2.1, both self-report measures
and observational measures require substantial human resources and time to yield results.
While current automated tools have shown promise in technical evaluation aspects, they
often struggle to capture the cognitive and emotional dimensions of user experience,
particularly in assessing how users perceive and interact with interfaces on a psychological
level. Nguyen et al. [12] also highlighted a gap in the software development lifecycle that
needs bridging: the disparity between user experience designers and software, security,
and IT/operations engineers. Consequently, the necessity for automated evaluation tools
or methods becomes apparent. Namoun et al. [13] conducted a comprehensive study
utilizing a 19-dimension usability framework to assess 10 popular web usability testing
tools across 9 websites in 3 categories. Their findings revealed that while these tools
effectively evaluate various technical aspects, they often neglect usability issues, produce
inconsistent results, and lack integration with established usability theories. In an effort
to address these shortcomings, Biringa et al. [14] developed an innovative automated
user experience testing methodology. Their approach employs abstract syntax tree-based
embeddings and machine learning algorithms to evaluate the impact of software updates
on performance, achieving a commendable 3.7% mean absolute error rate with a random
forest regressor in estimating time impacts. However, this performance-oriented approach
may not fully capture the multifaceted nature of user experience, particularly in terms
of usability principle integration. Further advancing the field, Whiting [15] proposed
two models that combine load testing with automated UI testing. These models aim to
evaluate system performance from multiple user perspectives, thereby providing a more
comprehensive assessment of user experience and facilitating the creation of a derived test
oracle for load testing.

These recent advancements in automated user experience evaluation methods demon-
strate the field’s progression towards more efficient, comprehensive, and user-centric
assessment tools. However, a significant gap remains in incorporating established UX
design principles into automated testing frameworks. Current automation tools primarily
focus on technical performance and functionality testing, with little emphasis on evaluat-
ing user interface elements through the lens of human cognition and interaction patterns.
For instance, well-known UX design guidelines, such as Jakob Nielsen’s 10 heuristics for
usability evaluation [2] or Donald Norman’s design principles [16], have yet to be effec-
tively integrated into existing automated testing frameworks. The emergence of advanced
language models with sophisticated image understanding capabilities presents a promis-
ing opportunity to bridge this gap by combining automated efficiency with a nuanced
understanding of user experience principles.
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3. Research Methodology

In this study, we aim to evaluate the efficacy of GPT-4 in automated User Experience
(UX) detection. To achieve this objective, we have devised a methodology that incorporates
an automated web recording tool to capture user interactions, generating both operational
logs and screenshots. These data are then analyzed by GPT-4 using carefully designed
prompts based on heuristic principles of UX evaluation. To ground our research in a
real-world context, we have selected a tennis court reservation system as our case study.
This approach allows us to assess GPT-4’s capabilities in identifying UX issues within a
practical, applied setting, thereby providing insights into its potential as an automated UX
detection tool.

3.1. User Experience Detection Tool Development
3.1.1. Design Principles and Objectives

We aim to study automated user experience detection by adopting Nielsen’s usability
heuristic principles. Following key principles such as visibility of system status, matching
between the system and the real world, and utilizing consistency and standards can
significantly enhance the overall user experience, particularly regarding the system’s
visibility to users—an aspect often lacking in most automated user experience tools.

By utilizing automated detection tools to record user interactions and capture screen-
shots, the accuracy and efficiency of user experience analysis can be significantly improved.
These tools can precisely document every step of the user’s interaction, whether it involves
clicks, swipes, or keyboard inputs, ensuring the integrity of the process for subsequent
behavioral analysis. Furthermore, through screenshot functionality, the tools can visually
represent the specific interfaces and responses encountered during the user’s journey, par-
ticularly when users face challenges or errors. This helps in comprehending contextual
experiences more thoroughly.

The data collected by the tool reflects users’ reactions to the captured screenshots.
Manual analysis of such data would require substantial time and human resources. How-
ever, with automation, the system can efficiently process large volumes of screenshots and
interaction records while adhering to predefined evaluation standards, such as Nielsen’s
usability heuristics. This approach not only accelerates the analysis process but also ensures
consistency and objectivity in the results, mitigating potential biases that could arise from
manual evaluation.

3.1.2. Tool Architecture and Components

The data processing flow is illustrated in Figure 1. The methodology commences with
the utilization of the Rapi Recording tool (v4.0.0) to capture user interactions, which are
subsequently compiled into an Operation Script File. This file undergoes a bifurcation
process: the textual components are extracted to form a text script, while the visual elements
are subjected to a screenshot-link conversion mechanism. The user experience evaluation
phase constitutes the core of this methodology, integrating multiple inputs. It amalgamates
the converted screenshot links and the text script while leveraging Nielsen’s heuristics
as the foundational framework for assessment. This multifaceted approach facilitates a
comprehensive evaluation of the user experience. The outcomes of this evaluation process
are twofold. Primarily, it generates a score explanation, providing qualitative insights into
various aspects of the user experience. Secondarily, it produces GPT-4 evaluation scores
for websites based on different indicators, offering a quantitative measure of diverse user
experience dimensions. This systematic approach enables a rigorous and comprehensive
assessment of user experience, combining both qualitative and quantitative methodologies.



Electronics 2024, 13, 4633 6 of 19

Figure 1. Framework for website user experience evaluation based on Nielsen’s heuristic principles
and GPT-4 scoring system.

3.1.3. Evaluation Criteria

In this study, we adopted six of Nielsen’s usability heuristics as evaluation criteria for
our tool, specifically: visibility of system status; user control and freedom; help users recognize,
diagnose, and recover from errors; consistency and standards; recognition rather than recall; and
match between system and the real world. These principles were selected due to their direct
relevance to user perception and their fundamental nature in user experience design. They
encompass the most prevalent aspects of user interaction, including system response status,
degree of operational freedom, error handling complexity, and intuitive screen perception.
These principles provide users with a clear and reliable operational environment, directly
influencing their perception of the system’s User Experience (UX). The selection of these
specific heuristics allows for a focused evaluation of core UX aspects within the constraints
of our research scope.

These principles have been sequentially numbered as NS01 through NS06 for sys-
tematic reference. Their respective explanations and illustrative examples have been
incorporated into the GPT-4 prompt to ensure comprehensive understanding and appli-
cation (see Appendix A for detailed elaboration). This approach facilitates a structured
evaluation process and enhances the consistency of the assessment criteria across various
user experience scenarios.

3.1.4. Prompt Design for GPT-4

Due to the vast amount of knowledge acquired by Large Language Models (LLMs)
during pretraining on textual data, they have demonstrated the ability to solve a wide
range of NLP tasks. Moreover, through effective prompt engineering, LLMs can achieve
significantly improved results. This technique enables the models to perform new tasks
even in the absence of large-scale, specialized training data, by carefully designing prompts
that guide the model in task execution.

In user experience evaluation, different types of data capture distinct aspects of user–
system interaction. Screenshots effectively document the static visual elements of the
interface, while operational data records dynamic interactions such as user behaviors and
system responses. This comprehensive approach is crucial as single-modal data often fails
to capture the complete picture of user experience issues.
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For instance, when evaluating error handling capabilities in our tennis court reserva-
tion system, screenshots alone might only reveal the final error message display. However,
by incorporating operational data, we can analyze user attempts, system response times,
and interaction patterns leading to the error state. Similarly, while assessing system status
visibility, operational data can verify if loading times exceed acceptable thresholds, while
screenshots confirm the presence of visual loading indicators.

Given GPT-4’s impressive image understanding capabilities, we designed our prompt
structure to effectively utilize both visual and operational data. Our approach integrates
images with prompts, either containing or omitting user interaction scripts, to investi-
gate how different data contexts affect automatic user experience detection. For example,
when evaluating interface consistency, screenshots are crucial for comparing visual ele-
ments, while operational logs help verify if users encounter navigation difficulties despite
visual consistency.

The structure of our prompt consists of the following components: task description,
user operation data, data format specifications, a description and example of Nielsen’s
usability principles, and an explanation of the evaluation method. This structured ap-
proach ensures systematic evaluation of both static and dynamic aspects of user experience.
A detailed example of this prompt structure can be found in Appendix B.

Through this dual-data strategy, we guide GPT-4 to consider not only what users see
(interface elements) but also how they interact with these elements (operational patterns).
This comprehensive evaluation approach aligns with Nielsen’s holistic view of usability,
representing a significant advancement in automated UX evaluation methodology.

3.2. Case Study: Tennis Course Reservation System
3.2.1. System Requirements and Functionality

The system’s functional requirements encompass the following key features: course
listing, course search, course reservation, and reservation cancellation. Each feature neces-
sitates a series of user actions and system determinations to achieve the desired outcome.

Figure 2 provides an illustrative example of the user flow for reserving a training
course within the context of a tennis club platform. The user journey commences at the
homepage, from which the user proceeds to the course overview page. Upon selecting
a specific course, the system verifies the user’s login status. If the user is not logged in,
the system prompts the user to do so. Following a successful login, the user is directed to
the reservation confirmation page, where they have the option to either confirm or cancel
the reservation. If the user confirms the reservation, the system completes the reservation
process and records the reservation details. Conversely, if the user opts to cancel the
reservation, the system redirects the user to the reservation record page. In the event
of a failed login attempt, the system returns the user to the login page to reattempt the
authentication process.

Figure 2. Flowchart of the course reservation process with login and confirmation steps.
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3.2.2. Story and Task Design

In our study, we developed a comprehensive evaluation framework based on six user
perception-related principles from Nielsen’s usability heuristics. This framework comprises
nine distinct stories (S01–S09), each designed to assess specific aspects of user interface and
system functionality in the context of a tennis court reservation platform. To facilitate a
nuanced analysis, each story is bifurcated into an “Expected Scenario” and an “Unexpected
Scenario”, representing optimal and detrimental user experiences, respectively. Table 1
presents a detailed overview of these stories, their descriptions, and their corresponding
Nielsen usability principles.

The first story, S01, focuses on error handling during the login process, corresponding
to the NS01 (Clear system status) and NS03 (Clear error handling) heuristics. The expected
behavior involves displaying an appropriate failure message when login attempts are
unsuccessful, while the unexpected scenario would be the absence of such feedback.

Story S02 evaluates the course display format, aligning with NS06 (consistent with
real-world system status). The system is expected to present courses in a weekly table
format, reflecting common scheduling practices. An unexpected outcome would be the use
of a simple list format, which may not provide sufficient temporal context.

Stories S03 and S04 address the design consistency of navigation elements, specifically
the back button, in accordance with NS04 (consistent style). The expected implementation
involves a less prominent back button positioned to the left of the reservation button,
maintaining a consistent visual hierarchy and layout.

User control (NS02) is assessed in stories S05 and S09, which examine the presence of
essential navigation and booking management features. The expected outcomes include
the provision of a back button and both course record and cancellation functions, enhancing
user autonomy within the system. As illustrated in Figure 3.

Figure 3. Comparison of user interfaces with and without course reservation cancellation options.

Stories S06 and S08 evaluate the system’s ease of recognition (NS05) by assessing the
availability of course search and recording functions. These features are expected to be
readily accessible, supporting efficient user interaction with the platform.

Lastly, story S07 focuses on system feedback during loading processes, aligning with
NS01 (Clear system status). The expected behavior involves displaying a system prompt
during loading sequences, keeping users informed of ongoing processes.



Electronics 2024, 13, 4633 9 of 19

Table 1. User interface stories mapped to Nielsen’s usability principles with expected and unex-
pected scenarios.

Story Description NS Indicator Expected Scenario Unexpected Scenario

S01 Error message displayed
during login failure.

NS01 Clear system status
NS03 Clear error handling

A failure message is
displayed when login fails.

No failure message is
displayed when login fails.

S02 Courses displayed by week
or in list format.

NS06 Consistent with
real-world system status

Courses are displayed in
weekly order using a table
format.

Courses are displayed in
list format.

S03 The color of the back
button. NS04 Consistent style

The back button is less
prominent than the
reservation button.

The back button is more
prominent than the
reservation button.

S04 The position of the back
button. NS04 Consistent style

The back button is
positioned to the left of the
reservation button.

The back button is
positioned to the right of
the reservation button.

S05 The presence of a back
button. NS02 User control A back button is provided. No back button is provided.

S06 The presence of a course
search function. NS05 Easy to recognize A course search function is

provided.
No course search function
is provided.

S07 System prompt shown
during loading. NS01 Clear system status A system prompt is

displayed while loading.
No system prompt is
displayed while loading.

S08 The presence of a course
history recording function. NS05 Easy to recognize A course history record

function is provided.
No course history record
function is provided.

S09 The presence of a cancel
booking function. NS02 User control

Course history record and
cancellation functions are
provided.

The course history record
function is provided, but no
cancellation function
is available.

4. Experimental Results and Analysis
4.1. Experimental Setup

We conducted an experiment to compare the discrepancies between human evaluators
and automated user experience evaluation tools. The study involved 16 participants who
had undergone three months of training in web development and software engineering.

Participants were randomly assigned a story, each comprising both an expected and
an unexpected scenario operation. The time limit for this session was set at one hour. If a
participant completed their initially assigned story within this timeframe, they were given
an additional story to work on. Consequently, participants had the opportunity to complete
multiple story operations.

Following each story operation, participants were required to complete a questionnaire
designed based on Nielsen’s usability principles. This questionnaire incorporated items
related to principles NS01 through NS06, with responses rated on a 5-point Likert scale.
The specific questions included in the questionnaire can be found in Appendix C. The ques-
tionnaire did not differentiate between the story tested by the participants. The user
workflow is illustrated in Figure 4.

During the testing process, participants were instructed to use the Rapi automatic
recording tool to document their operations and capture screenshots. The data were
subsequently used as input for the automated UX evaluation tool.

To ensure consistency and facilitate comparison, both human evaluators and the
automated tool assessed the UX based on the same set of Nielsen principles. This approach
allowed for a direct comparison between human-generated and machine-generated UX
evaluations, providing insights into the relative strengths and limitations of each method.
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Figure 4. Workflow for evaluating user experience using web operations and LLM-based scoring.

4.2. Data Categorization and Analytical Approach

To carefully assess how well each story evaluates its assigned usability principle, we
developed a focused data grouping strategy based on two distinct types of scenarios and
scores. This strategy addresses the complex nature of user experience evaluation, where
interface changes may have both direct and indirect effects on usability principles. Our
evaluation framework comprises expected and unexpected scenarios, each generating
Target Indicator Scores (TISs) and Auxiliary Indicator Scores (AISs).

Expected scenarios represent interface implementations that strictly follow UX design
principles. For instance, Story S01 displays appropriate error messages during login
failures, while stories S02–S09 maintain this functionality as a standard feature. In contrast,
Unexpected scenarios intentionally deviate from these standards in specific areas. In S01’s
case, error messages are deliberately omitted, while other stories modify their respective
target elements while maintaining basic error handling.

Within these different scenarios, we further categorized our evaluation metrics into two
types of scores. TIS represents scores directly related to Nielsen’s Usability (NS) principles
being tested in each story. For example, in Story S06, which evaluates course search
functionality, TIS specifically measures NS05 (recognition rather than recall) performance.
Similarly, Story S09, focusing on booking management, uses TIS to assess NS02 (user
control) through the presence or absence of cancellation functions. AIS encompasses scores
for all other NS principles not specifically targeted by the story, helping us understand the
potential indirect effects of interface modifications. In S06’s case, AIS would include scores
for NS01–NS04 and NS06, while in S09, it covers NS01 and NS03–NS06.

In this grouping, we mainly focus on TIS because our study was not specifically
designed to change AIS. This targeted approach helps us more accurately evaluate how
well each story assesses its intended usability principle. Our study design includes both
expected and unexpected scenarios for each target principle, allowing us to analyze how
specific usability principles are affected by controlled changes in interface design.

The comparison between expected and unexpected scenarios serves two key pur-
poses: first, it validates that our story design effectively creates intended variations in user
experience; second, it tests Nielsen’s principles’ sensitivity in detecting subtle interface
design changes. We predict that TIS will show significant differences between these sce-
nario types, reflecting our intentional design modifications while maintaining control over
non-target elements.
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4.3. Data Collection and Analysis Methodology for Prompt Variation Effects

To investigate the impact of varying prompt content on evaluation outcomes, we
conducted an experiment utilizing two distinct input configurations: one incorporating
both screenshots and operation scripts, and another employing screenshots exclusively.

Initially, we collected data by recording operations for the diverse story tasks defined
in Section 3.2.2. To enhance result variability, we set the temperature parameter of the
Large Language Model (LLM) API to 0.7. Subsequently, we performed 30 evaluations
for each scenario in the story, encompassing both expected and unexpected scenarios,
and documented the resultant data.

Given the ordinal nature of Likert scale data and our relatively small sample size
(n = 27), we employed non-parametric statistical methods. The Mann–Whitney U test
was chosen for comparing independent samples (expected vs. unexpected scenarios)
as it does not require normality assumptions and is suitable for ordinal data. Similarly,
the Wilcoxon Signed Rank test was selected for paired comparisons (AIS–TIS consistency)
as it is appropriate for analyzing differences in matched pairs of observations without
assuming normal distribution.

Our statistical analysis revealed several significant findings across both prompt config-
urations. In the configuration with operation scripts (Table 2), we observed particularly
strong effects in error handling scenarios (S01–NS03, r = 0.51), where the model effec-
tively distinguished between the presence and absence of login failure messages. Similarly,
significant differences were found in feature recognition scenarios (S06–NS05, r = 0.31)
related to the course search function’s presence and in system status indicators (S07–NS01)
concerning loading prompts.

Table 2. Statistical analysis results of tool testing with operation script in prompts.

Story Indicator
Target Indicator Analysis AIS-TIS Consistency

Mann–Whitney U Effect Size Expected Unexpected
U(Z), p-Value r W(Z), p-Value W(Z), p-Value

S01 NS01 4653.0 (2.61), 0.317 0.16 (S) 0.0 (−4.73), 0.317 2714.5 (−10.91), 0.196
S01 NS03 6968.0 (8.35), 0.000 * 0.51 (L) 0.0 (−4.78), 0.000 * 2342.5 (−11.25), 0.207
S02 NS06 4095.0 (1.23), 0.218 0.07 (N) 20.0 (−4.37), 0.145 2550.0 (−11.06), 0.499
S03 NS04 3780.0 (0.45), 0.083 0.03 (N) 19.5 (−4.38), 0.609 3466.0 (−10.21), 0.010 *
S04 NS04 3225.0 (−0.93), 1.000 0.06 (N) 45.5 (−3.85), 0.286 3574.5 (−10.11), 0.440
S05 NS02 4070.0 (1.17), 0.003 * 0.07 (N) 27.0 (−4.23), 0.211 5335.0 (−8.48), 0.026 *
S06 NS05 5682.5 (5.16), 0.000 * 0.31 (M) 10.5 (−4.57), 0.000 * 2157.0 (−11.43), 0.562
S07 NS01 4125.0 (1.30), 0.000 * 0.08 (N) 22.0 (−4.33), 0.100 1961.5 (−11.61), 0.000 *
S08 NS05 3575.0 (−0.06), 0.001 * 0.00 (N) 8.0 (−4.62), 0.946 2268.0 (−11.32), 0.000 *
S09 NS02 3412.0 (−0.47), 0.512 0.03 (N) 49.0 (−3.77), 0.618 5091.0 (−8.70), 0.623

Note: * indicates p < 0.05. Effect size (r) interpretation: N = negligible (<0.1), S = small (0.1–0.3), M = medium
(0.3–0.5), L = large (>0.5). U(Z) represents Mann–Whitney U statistic with Z-score in parentheses. W(Z) represents
Wilcoxon W statistic with Z-score in parentheses. Target indicator analysis examines the difference between
expected and unexpected scenarios. AIS–TIS Consistency examines the relationship between auxiliary and
target indicators.

The screenshot-only configuration (Table 3) showed medium effect sizes for error
handling (S01–NS03, r = 0.46) and feature recognition (S06–NS05, r = 0.33), suggesting that
visual cues alone were sufficient for identifying critical interface elements. Interestingly,
user control scenarios (S09–NS02) showed significant differences (p < 0.05) with a small
effect size (r = 0.14) only in the screenshot-only configuration, particularly in distinguishing
between the presence and absence of booking cancellation functions.

AIS–TIS consistency analysis revealed notable patterns. In the operation script config-
uration, error handling scenarios (S01–NS03) and search functionality (S06–NS05) showed
significant consistency in expected scenarios, while system status (S07–NS01) and feature
recognition (S08–NS05) demonstrated significant consistency in unexpected scenarios. This
suggests that operational context particularly enhances the evaluation of error messages
and search features.
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The comparative metrics (Table 4) demonstrate that including operational data leads
to notably higher precision (0.84 vs. 0.71) in identifying interface elements, particularly
for critical features like error messages and search functions. While the overall accuracy
remained similar (0.63 vs. 0.65), the improved recall (0.55 vs. 0.50) with operational data
suggests better detection of interface inconsistencies, especially in scenarios involving user
control and system status indicators.

These findings indicate that while both configurations can effectively evaluate interface
elements, the inclusion of operation scripts provides particular advantages in assessing
dynamic interface elements (error messages, system status) and complex features (search
functionality). However, static interface elements (button placement, layout consistency)
can be effectively evaluated using screenshots alone, as evidenced by the comparable
performance in stories S03 and S04 across both configurations.

Table 3. Statistical analysis results of tool testing without operation script in prompts.

Story Indicator
Target Indicator Analysis AIS-TIS Consistency

Mann–Whitney U Effect Size Expected Unexpected
U(Z), p-Value r W(Z), p-Value W(Z), p-Value

S01 NS01 3585.0 (−0.04), 0.951 0.00 (N) 24.0 (−4.29), 0.197 700.0 (−12.78), 0.500
S01 NS03 6646.0 (7.55), 0.000 * 0.46 (M) 0.0 (−4.78), 0.000 * 2271.0 (−11.32), 0.038 *
S02 NS06 3295.0 (−0.76), 0.398 0.05 (N) 6.5 (−4.65), 0.001 * 3447.0 (−10.23), 0.002 *
S03 NS04 4092.5 (1.22), 0.157 0.07 (N) 56.0 (−3.63), 0.796 2641.5 (−10.98), 0.015 *
S04 NS04 3318.0 (−0.70), 0.418 0.04 (N) 22.0 (−4.33), 0.153 2984.0 (−10.66), 0.059
S05 NS02 2994.0 (−1.50), 0.107 0.09 (N) 81.5 (−3.11), 0.125 4329.5 (−9.41), 0.882
S06 NS05 5796.0 (5.45), 0.000 * 0.33 (M) 0.0 (−4.78), 0.000 * 3462.5 (−10.21), 0.511
S07 NS01 3180.0 (−1.04), 0.074 0.06 (N) 10.0 (−4.58), 0.096 638.0 (−12.84), 0.055
S08 NS05 4108.5 (1.26), 0.153 0.08 (N) 36.0 (−4.04), 0.000 * 2951.0 (−10.69), 0.496
S09 NS02 4533.0 (2.31), 0.013 * 0.14 (S) 32.0 (−4.12), 0.039 * 4701.0 (−9.06), 0.827

Note: * indicates p < 0.05. Effect size (r) interpretation: N = negligible (<0.1), S = small (0.1–0.3), M = medium
(0.3–0.5), L = large (>0.5). U(Z) represents Mann–Whitney U statistic with Z-score in parentheses. W(Z) represents
Wilcoxon W statistic with Z-score in parentheses. Target indicator analysis examines the difference between
expected and unexpected scenarios. AIS–TIS consistency examines the relationship between auxiliary and
target indicators.

Table 4. Comparative analysis of evaluation metrics for different prompt configurations.

Prompt Configuration Accuracy Precision Recall F1 Score

Visual Input with Operational Data 0.63 0.84 0.55 0.66
Visual Input Only 0.65 0.71 0.50 0.64

4.4. Participant Data Collection and Analysis

We collected 54 user experience evaluation questionnaires encompassing 27 distinct
stories from the case system. Given the ordinal nature of questionnaire data and our
relatively small sample size (n = 27), we employed non-parametric statistical methods.
For independent sample comparisons, we utilized the Mann–Whitney U test to evaluate
differences between expected and unexpected scenarios. For paired comparisons, we
applied the Wilcoxon Signed Rank Test to analyze AIS–TIS consistency.

Statistical analysis revealed several key findings, as shown in Table 5. Regarding
system status visibility (NS01), S01 demonstrated significant differences (U = 67.5, p = 0.015,
r = 0.47), indicating that participants could clearly identify how the absence of error
messages impacted user experience. Similarly, in terms of consistency and standards
(NS04), S04 showed significant differences (U = 62.5, p = 0.035, r = 0.39), reflecting that
changes in back button positioning meaningfully affected users’ perception of interface
consistency. These medium effect sizes suggest that these design modifications produced
substantial impacts on user experience.

However, other story scenarios (S02, S03, S05–S09) failed to produce significant differ-
ences, potentially reflecting two issues: first, participants might require more training to
identify subtle interface design problems; second, some design variations might not be as
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pronounced as anticipated. Notably, in the AIS–TIS consistency analysis, most scenarios
showed no significant differences, suggesting that our initial expectations about the impact
of design changes on overall user experience might have been overestimated.

Table 5. Statistical analysis of participant questionnaire responses across testing scenarios.

Story Indicator
Target Indicator Analysis AIS–TIS Consistency

Mann–Whitney U Effect Size Expected Unexpected
U(Z), p-Value r W(Z), p-Value W(Z), p-Value

S01 NS01 67.5 (2.43), 0.015 * 0.47 (M) 0.0 (−1.60), 0.250 74.5 (−2.16), 0.924
S01 NS03 59.5 (1.81), 0.059 0.35 (M) 1.0 (−1.07), 0.500 42.0 (−3.09), 0.485
S02 NS06 34.5 (−0.12), 0.937 0.02 (N) 2.5 (−0.27), 0.750 27.0 (−3.51), 0.581
S03 NS04 37.0 (−0.61), 0.542 0.12 (S) 1.5 (−1.28), 1.000 48.0 (−2.74), 0.765
S04 NS04 62.5 (2.04), 0.035 * 0.39 (M) 0.0 (−1.60), 0.250 37.0 (−3.23), 0.523
S05 NS02 40.0 (0.31), 0.783 0.06 (N) 1.5 (−0.80), 0.500 64.5 (−2.44), 0.566
S06 NS05 11.0 (−1.93), 0.052 0.37 (M) 0.0 (−1.60), 0.317 46.5 (−2.96), 0.430
S07 NS01 39.0 (0.23), 0.845 0.04 (N) 0.0 (−1.60), 0.250 71.0 (−2.26), 0.793
S08 NS05 10.5 (−1.34), 0.183 0.26 (S) 1.5 (0.00), 1.000 42.0 (−3.24), 0.498
S09 NS02 11.0 (−1.93), 0.054 0.37 (M) 0.0 (−1.60), 0.250 56.5 (−2.67), 0.339

Note: * indicates p < 0.05. Effect size (r) interpretation: N = negligible (<0.1), S = small (0.1–0.3), M = medium
(0.3–0.5), L = large (>0.5). U(Z) represents Mann–Whitney U statistic with Z-score in parentheses. W(Z) represents
Wilcoxon W statistic with Z-score in parentheses. Target indicator analysis examines the difference between
expected and unexpected scenarios. AIS–TIS consistency examines the relationship between auxiliary and
target indicators.

The evaluation metrics analysis presented in Table 6 (accuracy = 0.33, precision = 0.50,
recall = 0.10, F1 score = 0.16) further supports this observation. The particularly low recall
rate is noteworthy, indicating that participants were conservative in identifying unexpected
scenarios, possibly tending to view problematic situations as normal. This conservative
tendency might stem from users’ adaptability to systems, where they adjust their behavior
to accommodate suboptimal designs rather than identifying them as issues.

Table 6. Evaluation metrics for participant questionnaire responses.

Accuracy Precision Recall F1 Score

0.33 0.50 0.10 0.16

These findings not only highlight the complexity of user experience evaluation but
also emphasize the need for more nuanced discrimination criteria in assessment method
design to improve evaluation sensitivity. Simultaneously, these results provide concrete
directions for future improvements in user experience evaluation methods, particularly in
evaluator training and assessment criteria development. Our statistical approach, carefully
chosen to match the characteristics of our data, ensures the reliability of our analysis
while acknowledging the challenges inherent in conducting user experience research with
limited samples.

5. Discussion
5.1. Prompt Variation Effects on UX Evaluation

To address RQ1: “How does providing different information within prompts influence
the accuracy of user experience detection by GPT-4?”, we synthesize our findings as follows:

The experimental results demonstrate the complex impact of incorporating diverse
information within prompts on GPT-4’s performance in user experience (UX) detection.
Our comparative analysis reveals that prompts integrating both visual input (screenshots)
and operational data (interaction scripts) yield different detection patterns compared to
those utilizing visual input alone, across various UX scenarios.

The statistical analyses presented in Tables 2 and 3, along with the evaluation metrics
in Table 4, support the complexity of these findings. While the overall accuracy of the
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visual-only input configuration is slightly higher than the combined visual and operational
data configuration (0.65 vs. 0.63), the latter demonstrates better performance in other
important metrics: precision (0.84 vs. 0.71), recall (0.55 vs. 0.50), and F1 score (0.66 vs. 0.64).

This apparent contradiction highlights the multifaceted nature of UX evaluation.
The higher precision indicates that GPT-4, when using prompts combining visual and
operational data, more accurately identifies genuine UX issues, reducing false positives.
At the same time, the improved recall suggests an enhanced ability to detect a wider range
of potential issues, minimizing false negatives. The slight improvement in F1 score reflects
a more balanced trade-off between precision and recall.

The complexity of the findings is further illustrated by specific scenarios. In cases
evaluating visual consistency, such as S03 and S04, which focus on the color and position of
the back button, the differences between the two prompt configurations were less noticeable.
This observation may help explain why the overall accuracy did not significantly improve,
as additional operational data may not offer extra insights for purely visual design elements.
Furthermore, in scenario S09, which examines the presence of a booking cancellation
function, GPT-4 showed higher sensitivity without operational scripts. This phenomenon
might partially explain the slight advantage in overall accuracy for the visual-only input
configuration, reminding us that simpler prompts can sometimes be more effective in
certain contexts.

In conclusion, our findings show that providing richer, multi-modal information in
prompts significantly influences GPT-4’s performance in UX detection, albeit in a complex
manner. While overall accuracy has only slightly improved, enhancements in key metrics
such as precision, recall, and F1 score suggest that combining visual and operational data
may offer a more comprehensive and nuanced UX evaluation.

These results emphasize the importance of careful prompt engineering when using
GPT-4 for automated UX assessment. Different prompt strategies may be necessary de-
pending on the specific evaluation objectives (e.g., system status clarity, error handling,
consistency, or usability). Future research should further explore how to optimize the
balance between accuracy, precision, and recall across various types of UX evaluation tasks.
Additionally, investigating how to tailor prompt design for specific UX domains and evalu-
ation criteria will be crucial to fully utilize GPT-4’s potential in automated UX evaluation.

5.2. Comparative Analysis of Human and Automated UX Evaluations

To address RQ2: “What is the performance of GPT-4 in user experience detection
compared to human evaluators when using optimized prompts?”, we synthesize our
findings as follows, considering the specific tasks associated with each scenario:

The comparative analysis of GPT-4 and human evaluators in user experience detection
provides significant insights into the capabilities and limitations of both approaches. Our
findings indicate that GPT-4, when utilizing optimized prompts, generally outperforms
human evaluators across multiple dimensions of user experience assessment.

In the domain of TIS, GPT-4 demonstrated markedly superior performance compared
to human evaluators. As shown in Tables 2 and 6, GPT-4 achieved an accuracy of 0.63,
precision of 0.84, recall of 0.55, and F1 score of 0.66, while human evaluators scored 0.33,
0.50, 0.10, and 0.16 respectively. This disparity is particularly evident in specific scenarios
outlined in Table 1.

In stories S05 and S09, which focus on user control, GPT-4 performed better in rec-
ognizing the importance of the back button, reflecting its high sensitivity to user control
elements. For stories S06 and S08, which evaluate easy-to-recognize functions, GPT-4
demonstrated a clear advantage in identifying the presence of course search and history
records functions. This may be due to its comprehensive analysis of interface functionality
completeness. In scenario S07, which assesses system status display, GPT-4 excelled in
recognizing the importance of system prompts during loading, reflecting its high regard
for system feedback timeliness.
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In the assessment of AIS-TIS Expected Consistency, GPT-4 and human evaluators
showed similar performance in certain stories. For instance, both identified significant
consistencies in S01 (error handling) and S06 (course search function). This suggests that
human intuition remains effective for some fundamental user experience principles.

However, in detecting AIS-TIS Unexpected Consistency, GPT-4 again demonstrated a
clear advantage. GPT-4 identified significant unexpected consistencies in multiple sto-
ries (S01, S03, S05, S08), while human evaluators failed to identify any. This difference
particularly highlights GPT-4’s superiority in identifying potential user experience issues,
especially in non-standard or unexpected situations.

These findings have important implications for advancing automated UX evaluation
beyond traditional functional testing approaches. While existing automated tools excel at
performance metrics and functionality testing, GPT-4 demonstrates unique capabilities in
detecting nuanced aspects of user experience - from cognitive interactions to emotional
responses. Our results show that GPT-4 not only consistently identifies subtle design issues
and potential UX pitfalls that might be overlooked by human evaluators but also provides
comprehensive analysis of user interaction patterns and emotional needs that are typically
challenging for traditional automated tools to assess.

Nevertheless, the comparable performance of human evaluators in certain aspects of
expected consistency assessment suggests an optimal path forward: a synergistic approach
that combines GPT-4’s systematic analysis with human professional judgment. This hybrid
methodology could leverage GPT-4’s strengths in comprehensive pattern recognition
and consistent evaluation while benefiting from human experts’ intuitive understanding
of user needs and contextual nuances. Future research should explore this integration
through broader comparative analysis across different platforms and application scenarios,
ultimately advancing the field of automated UX testing while maintaining the valuable role
of human expertise in the evaluation process.

5.3. Limitation

This study’s findings should be interpreted in light of several limitations. The rel-
atively small sample size may not fully represent the diverse range of user experiences,
potentially limiting the generalizability of results. Environmental factors, such as testing
venue and network conditions, could have introduced uncontrolled variables affecting
user interactions. These constraints may have influenced the observed outcomes and their
applicability to real-world scenarios.

Furthermore, the inherent subjectivity in user experience perception presents chal-
lenges in establishing a universal evaluation standard, as individual differences in back-
ground and expectations may influence assessments. Additionally, the creation of “ground
truth” scenarios for evaluation, while based on established heuristics, may inadvertently
incorporate researcher bias. These limitations highlight the need for future research em-
ploying larger, more diverse participant pools and refined methodologies to enhance the
robustness of findings in AI-assisted UX evaluation.

6. Conclusions

This study makes significant contributions to the field of automated User Experience
(UX) evaluation through the development of an innovative AI-powered tool leveraging
GPT-4’s capabilities. By integrating six of Nielsen’s usability heuristics with user interaction
data captured by the Rapi web recording tool, our approach demonstrates the potential
for rapid and consistent UX assessments, potentially reducing costs for UX designers in
early-stage testing.

Our research delved into the impact of different prompt configurations on GPT-
4’s UX evaluation performance, comparing prompts containing both visual input and
operational data against those with visual input alone. While overall accuracy was similar,
the combined approach showed superior precision, recall, and F1 scores, highlighting
the importance of comprehensive prompt engineering. A rigorous comparison between
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GPT-4 and human evaluators across multiple UX dimensions revealed GPT-4’s superior
performance in Task Identification Significance, suggesting its ability to identify subtle UX
issues that human evaluators might overlook.

To validate our automated tool’s effectiveness, we designed a comprehensive case
study involving a tennis court reservation system, evaluating its performance across various
scenarios and interface versions. Statistical analyses using Wilcoxon signed-rank and Mann-
Whitney U tests revealed significant differences in UX scores across scenarios, confirming
the tool’s sensitivity to design variations.

Our research provides valuable insights into GPT-4’s strengths and limitations in UX
evaluation, excelling in systematic analysis of consistency, error handling, and functional
completeness while also indicating areas where human expertise remains valuable. These
findings contribute to the growing body of knowledge on AI-assisted UX evaluation and
offer practical implications for UX practitioners, paving the way for future research to
expand the tool’s application to diverse web environments, explore additional forms of
user interaction data, and extend its capabilities to other digital platforms. By continuing to
refine and validate AI-powered UX evaluation tools, we can work towards more efficient,
comprehensive, and user-centered design processes.

Building on this study’s findings, future research should focus on three key areas to
advance AI-powered user experience (UX) evaluation. First, investigating the complemen-
tary relationship between GPT-4 and human evaluators by specifically examining scenarios
where human expertise remains crucial, such as evaluating emotional resonance in health-
care applications or cultural appropriateness in localized interfaces. Our findings showing
human evaluators’ comparable performance in fundamental UX principles suggest that
optimal UX evaluation requires a balanced integration of AI efficiency and human insight.
Second, exploring the integration of multimodal data sources while establishing rigor-
ous ethical guidelines for AI-based UX evaluation. This includes developing transparent
frameworks for handling voice and video inputs, setting clear boundaries for data privacy,
and creating validation protocols to ensure GPT-4’s evaluation reliability, particularly in
high-stakes applications like financial or medical interfaces. Third, extending the tool’s
application to mobile platforms through a systematic approach that involves: optimizing
prompt engineering based on our experimental findings of configuration impacts, establish-
ing platform-specific heuristics that complement Nielsen’s principles, and developing clear
metrics for measuring AI-human evaluation alignment. These directions aim to develop
a more holistic UX evaluation framework that not only advances technical capabilities
but also ensures ethical deployment and meaningful human oversight in the evolution of
automated UX assessment.
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Appendix A. Nielsen’s Heuristic Principle

NS01—Visibility of system status: the design principle that states systems should
always keep users informed about what is going on, through appropriate feedback within
a reasonable time. Nielsen asserts that users should never be in doubt about the system’s
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current state or whether their actions have been successful. Especially when the execution
time in the case exceeds 3000 milliseconds, a system must prompt the current system status.

NS02—User control and freedom: User Control and Freedom refers to Nielsen’s prin-
ciple that users often perform actions by mistake. They need a clearly marked “emergency
exit” to leave the unwanted state without having to go through an extended process. This
includes all relevant buttons for undo and redo actions, providing the freedom and control
to manage their interaction with the system. For example, cancel button, return button, etc.

NS03—Helps users recognize, diagnose, and recover from errors: Help Users Recog-
nise, Diagnose, and Recover from Errors is a principle that emphasizes error messages
should be expressed in plain language (no codes), precisely indicate the problem, and con-
structively suggest a solution. Nielsen stresses the importance of designing systems that
make it clear when an error has occurred and help users understand what has gone wrong
and how they can fix it without additional frustration. For instance, during account reg-
istration, if the password format does not meet the required criteria, the system should
provide a prompt specifying the particular password policy that has been violated.

NS04—Consistency and standards: Consistency and Standards refer to the principle
that user interfaces should be consistent throughout a single application and also match
with platform conventions and user expectations. Essentially, interfaces should follow
consistent rules, and users should not have to wonder whether different words, situations,
or actions mean the same thing. Jakob Nielsen emphasizes that consistency allows users
to transfer knowledge and skills from one part of an application to another, and from one
application to another, reducing the learning curve. For example, the return button should
be to the left of the Confirm button and the Confirm button should be more conspicuous.

NS05—Recognition rather than recall: Recognition Rather Than Recall is the prin-
ciple that systems should minimize the user’s memory load by making objects, options,
and actions visible or easily retrievable. Nielsen advocates for interfaces to reduce user’s
cognitive load by making elements recognizable rather than expecting users to remember
information from one part of an interface to another. For example, history records and
course search functions.

NS06—Match Between System and The Real World: This principle suggests that a
system should speak the users’ language, with words, phrases, and concepts familiar to the
user, rather than system-oriented terms. It should follow real-world conventions, making
information appear in a natural and logical order. The idea is to leverage users’ existing
knowledge of the world to make systems understandable and intuitive. For example,
information can be presented in a table, or a trash bin icon is instantly recognizable as a
place to discard files because it mirrors the physical object we’re all familiar with.

Appendix B. Prompt Template

[Introduction and Context]
Hello, I have provided a JSON dataset that records user interactions on a website. This
dataset includes each user action, associated timestamps, outcomes, snapshot, the web
operations and the context of execution.

Here is a snippet of the JSON dataset:

{
‘ ‘ Chrome 1 2 2 . 0 . 0 . 6 ’ ’ : [
{

‘ ‘ vers ion ’ ’ : { . . . } ,
‘ ‘ t i t l e ’ ’ : ‘ ‘ Task2 ’ ’ ,
‘ ‘ s tar tTime ’ ’ : ‘ ‘20240327 0 4 : 0 7 : 0 4 ’ ’ ,
‘ ‘ endTime ’ ’ : ‘ ‘20240327 0 4 : 0 8 : 1 3 ’ ’ ,
‘ ‘ Logs ’ ’ : [ . . . ] ,
‘ ‘ s t a t u s ’ ’ : ‘ ‘ completed ’ ’ ,
‘ ‘ snapshot ’ ’ : { . . . } ,

}
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}

[JSON format explanation]
This JSON file contains the format of a test.

• title: The title of the test.
• startTime and endTime: The start and end times of the test.
• logs: The “message” format is: “Initializing (Inputting) or . . .
• cases: Contains “title” (the title of the test case), . . .
• screenshots: show the current pages while operating the . . .

[Nielsen’s Usability Principles]
I would like to evaluate this website using the following Nielsen’s usability principles:

• NS01—Visibility of system status: Visibility of System Status is . . .
• NS02—User control and freedom: User Control and Freedom refers to . . .
• NS03—Help users recognize, diagnose, and recover from . . .
• NS04—Consistency and standards: Consistency and Standards refer . . .
• NS05—Recognition rather than recall: Recognition Rather Than Recall . . .
• NS06—Match Between System and The Real World: This principle suggests . . .

[Request for Evaluation]
Based on the above information, analyze and evaluate the website’s performance refer-
encing the snapshots and time from the records studies, according to Nielsen’s usability
principles. Rate each area on an integer scale from e to 5, adjusting the score up or down
from a baseline of 3 points based on significant differences. Finally, provide justifications
for each rating and summarize the overall evaluation.

Appendix C. UX Questionnaire

1. At any time, I am clear about the current state of the system.
2. During operation, the webpage responds within a reasonable time.
3. I can return to any page I want at any time.
4. It is possible to cancel and redo any operation at any time.
5. All error messages from the system are clear and understandable.
6. There are reminders for major system operations.
7. Similar color scheme is used for all interfaces.
8. Consistent layout is used for all interfaces.
9. The webpage layout design follows general website standards.
10. When using this system, I can complete tasks without having to remember too much.
11. The system’s display method conforms to real-world habits.
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