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This thesis looks at how artificial intelligence can be used in usability testing. A custom
API (Application Programming Interface) was built that works with GPT-40 to examine
screenshots of user interfaces and check for usability problems. The tool was tested on
four online unit converter websites. Its findings were then compared with feedback from
students who reviewed the same websites as part of a class project. The study shows that
Al can efficiently and consistently detect usability problems, especially in areas such as
visibility, error prevention, and system feedback. At the same time, it highlights the value
of human input. Students were able to offer personal insights and noticed details specific
to each context that AI alone could not capture. The findings suggest that a hybrid
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address potential biases, and refine these tools for wider use in usability evaluation.
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1 Introduction

Artificial intelligence (AI) has seen rapid growth, transforming many areas of software
engineering. In fields like code generation, test automation, and integrated development
environments (IDEs), Al-powered tools, often called “co-pilots,” assist developers with
tasks such as generating code, predicting errors, and even fixing bugs. This shift has
brought a lot of improvements in productivity, speed, and accuracy for developers. Nev-
ertheless, despite Al’s progress, it has not yet become a regular tool in user experience
(UX) design.

Usability evaluation is a vital part of UX, traditionally carried out by human evalua-
tors who observe user interactions, assess usability issues through established guidelines,
and analyze feedback with their own judgment. Although human-led evaluations provide
valuable insights, they are time-consuming and labor-intensive. This makes it challenging
to scale the process, particularly in fast-moving development environments where quick
changes are often necessary. Al has the potential to tackle some of these challenges by
speeding up the testing process and providing automated, data-driven insights. How-
ever, Al in this area is still evolving, and it faces challenges in interpreting subjective,
context-based elements—Ilike understanding user emotions, cultural context, and individ-
ual preferences—that are essential for a full UX evaluation.

This thesis aims to explore Al's potential role in usability testing, especially looking
at how Al could support or even replace human evaluators for specific tasks. The study
focuses on a custom-built API that was developed using GPT-40. This API performs
automated heuristic evaluations on online unit converter websites, analyzing visual content
to detect usability issues. It specifically looks for problems related to important usability
areas such as system feedback, visibility, error prevention, and user control. To test how

effective the API is, its results were compared with those provided by student evaluators
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who used traditional, human-based evaluation methods.

By conducting this analysis, the study aims to find out some key questions: Can Al
replace human usability evaluators? What are the key strategies for effectively incorpo-
rating Al into usability testing? And how can Al complement human abilities to create
a more efficient and accurate usability testing process? The findings suggest that the
API does offer reliable, quick, and objective evaluations, especially in areas like interface
visibility, response speed, and structural consistency. However, it falls short in areas that
require more subjective judgment, like understanding emotional responses, contextual
relevance, and the subtleties of user experience. These results indicate that Al cannot
fully replace human evaluators but can work alongside them in a complementary way.
This creates a hybrid model where Al takes care of many technical aspects, while human
insights address the subjective and experiential layers needed for thorough UX analysis.

In conclusion, this thesis proposes a mixed approach to usability testing. In this model,
AT and human evaluators work together within a framework that is both scalable and
efficient. By combining AI’s strengths in speed and consistency with human evaluators’
ability to provide contextual insights, this approach has the potential to make usability
testing both more efficient and more effective.

This research adds to ongoing discussions about Al’s role in UX design, and shedding
light on possible future advancements for Al in usability testing. It also addresses some

ethical issues that arise with integrating Al in human-centered fields.



2 Literature Review

2.1 'Traditional Usability Testing and Its Limitations

Usability testing is essential for assessing how effectively users can navigate and interact
with digital systems. Traditionally, this process involves monitoring participants as they
use a product in either a lab-based setting or remotely, aiming to identify areas of confusion
or inefficiency. The goal is to identify obstacles, gather feedback, and improve the system’s
design. Core evaluation metrics commonly include task success rate, completion time,
error frequency, and subjective user satisfaction [1].

Despite its strengths, traditional usability testing is often time-consuming, labor-
intensive, and costly. It requires careful planning, participant recruitment, structured
facilitation, and detailed analysis. Barnum (2011) emphasizes that these processes de-
mand substantial expertise, making traditional testing resource-heavy and less suitable
for iterative design or fast-paced development cycles [2]. To mitigate some of these chal-
lenges, Jakob Nielsen’s “discount usability testing” approach proposes using smaller sample
sizes to reduce costs and preparation time while still yielding useful insights [3].

However, even simplified versions of traditional testing face scalability issues. Krug
(2010) and Rubin & Chisnell (2008) observe that repeated usability tests during mul-
tiple development phases can overwhelm teams, particularly those with limited time or
personnel [1], [4]. In addition, traditional testing methods usually deliver insights only
after sessions have concluded, which may delay the integration of feedback into the design
process [5].

These limitations are becoming increasingly incompatible with agile and continuous
deployment practices, where timely and ongoing evaluation is essential. As a result, re-

searchers have begun to explore Al-based alternatives that promise more scalable, efficient,
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and real-time usability testing solutions.

2.2 Transition to AI-Supported Usability Testing

To address the limitations of traditional usability testing—namely high costs, limited
scalability, and delayed results—researchers have turned to artificial intelligence (AI) to
automate and enhance the process. Al-powered tools aim to deliver faster, scalable in-
sights while reducing the logistical demands of conventional approaches.

At the heart of this transformation is the integration of AI technologies—including
machine learning, natural language processing, and computer vision—into multiple phases
of usability evaluation. These tools enable the automated detection of user interaction
patterns, emotional cues, and textual feedback—elements that were previously gathered
through manual observation or post-session surveys [6]-[9].

Among these technologies, machine learning has been particularly effective in identi-
fying hidden usability issues. By analyzing large volumes of user interaction data, ML
models can uncover recurring patterns, predict areas where users may struggle, and group
users based on behavioral similarities. These insights support early-stage design changes
and promote ongoing improvements, especially within agile development environments
[6], [7].

In contrast, natural language processing focuses on analyzing textual feedback in real
time. By examining user comments from surveys, support chats, and online reviews, NLP
tools can surface key themes and sentiment trends that might otherwise go unnoticed,
offering a deeper understanding of user experiences [8].

Computer vision technologies further extend usability analysis by tracking visual and
emotional engagement.In both academic and commercial settings, techniques like eye-
tracking, facial expression monitoring, and gesture recognition are being increasingly ap-
plied to study user interactions with digital interfaces. These insights help designers
understand which elements attract attention or cause frustration [9]-[11].

Together, these technologies enable a shift from static, session-based evaluations to
more dynamic and real-time usability feedback. Tools like emotion-aware systems and

live interaction monitors support immediate data interpretation, allowing for rapid it-
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eration and timely course corrections during the design process [12]-[14]. This level of
responsiveness is especially important in fast-paced development contexts, where contin-
uous, data-driven decisions are essential [15].

Beyond speed and efficiency, Al also broadens participation in usability testing. For
instance, Al-driven simulations can model the behaviors of diverse user groups or usage
scenarios without requiring large participant pools. This increases both the inclusivity
and generalizability of usability findings [16], [17].

However, the adoption of Al in usability testing also brings new considerations.
Bastien (2010) stresses that introducing new tools must be grounded in a solid under-
standing of usability principles to ensure the insights remain valid and actionable [18|.
Additionally, the use of Al in areas such as emotion recognition and behavioral prediction
raises ethical concerns regarding transparency, privacy, and responsible data handling, as
discussed by Amugongo et al. (2023) [19].

In summary, the integration of AI into usability testing represents a major ad-
vancement. By combining automation, predictive analytics, and real-time feedback,
Al-supported methods address long-standing challenges related to cost, time, and
scalability—while also enabling richer, faster, and more inclusive evaluations. The next
section explores these techniques in more detail, focusing on the specific contributions of

machine learning, NLP, and computer vision to contemporary usability testing practices.

2.3 Key AI Techniques in Usability Testing

Artificial intelligence contributes to usability testing by applying advanced algorithms to
analyze extensive user data, uncover behavioral trends, and provide actionable insights
that inform interface design enhancements. Among the most influential techniques are
machine learning (ML), natural language processing (NLP), and computer vision. These
approaches support both quantitative and qualitative evaluation, making usability testing

faster, more scalable, and richer in context.
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2.3.1 Machine Learning (ML)

Machine learning is widely used in usability testing to extract patterns from interaction
data such as click sequences, scrolling behavior, and task completion metrics. These
models help detect points of friction or user dropout that may be difficult to uncover
through manual evaluation alone [6].

Supervised learning techniques can classify user actions—such as successful versus
unsuccessful attempts—while unsupervised models can cluster similar behavior types,
revealing less obvious usability concerns [7]. Moreover, ML can analyze historical data to
anticipate usability problems early in the design process, thereby reducing the need for
reactive corrections after deployment [20].

In addition to issue detection, ML supports interface personalization by adjusting
features based on user preferences and behavior patterns, leading to more intuitive user
experiences [21], [22]. Studies have shown that ML significantly increases the speed and
scalability of usability evaluations by managing large and diverse datasets effectively [23],
[24]. When integrated into Al-enabled toolkits, ML enables more comprehensive and

real-time usability testing, especially in iterative, agile development cycles [25].

2.3.2 Natural Language Processing (NLP)

Natural language processing enables systems to interpret and extract insights from un-
structured text sources, including open-ended feedback, survey answers, support tran-
scripts, and user reviews. Through methods such as sentiment analysis, keyword extrac-
tion, and topic modeling, NLP helps reveal users’ emotional tone, highlight recurring
problems, and identify primary concerns [8], [26]-[28].

For example, sentiment analysis can indicate whether users are satisfied, frustrated,
or indifferent toward specific design elements, helping teams prioritize improvements.
Similarly, topic modeling can organize large sets of user comments into recurring themes,
streamlining the evaluation process.

NLP also plays a role in conversational agents such as chatbots, which engage users
during product interaction. These agents can gather real-time feedback, provide assis-

tance, and reduce user confusion—making usability evaluation more continuous and em-
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bedded in the user journey [29].

However, as Liang et al. (2023) caution, the usability of Al-based tools themselves
can pose challenges. Complex or unintuitive interfaces and limited system feedback may
hinder the effective adoption of NLP tools in practice [30]. Nonetheless, NLP and ML
often work together, combining behavioral and linguistic data streams to improve the

depth and accuracy of usability evaluations [25].

2.3.3 Computer Vision

Computer vision techniques analyze non-verbal cues during user interaction with digital
systems. Tools such as eye-tracking are used to detect which interface components attract
or lose user attention, while facial recognition software can assess emotional reactions like
confusion, engagement, or satisfaction [9], [10], [31].

By examining gaze patterns, blink frequency, and micro-expressions, computer vision
offers insights into users’ cognitive load and focus. Gesture recognition adds an additional
layer by capturing actions such as swiping or pointing, which can signal intent or difficulty
navigating the interface [9], [10], [31].

This type of multimodal feedback is especially valuable in high-stakes or immersive
environments, including healthcare, industrial systems, and virtual reality platforms [11],
[32], [33]. Unlike ML and NLP, which process behavioral and linguistic data, computer
vision focuses on interpreting visual and emotional responses, making it a critical com-
plement in forming a complete picture of user experience.

As a whole, machine learning, natural language processing, and computer vision offer
powerful methods for analyzing usability from different angles. These Al techniques not
only broaden the scope of what can be measured and understood but also support the
development of adaptive, real-time tools that assist teams throughout the design and
testing process. The following section examines how these techniques are implemented in

practical tools and frameworks designed to support usability testing in applied settings.
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2.4 Tools, Frameworks, and Real-Time Capabilities in

AI-Driven Usability Testing

Al technologies have significantly expanded the usability testing toolbox by introduc-
ing real-time analytics, predictive modeling, adaptive frameworks, and simulation tools.
These innovations enable developers to detect usability issues during live user interac-
tions, simulate a wider range of usage scenarios, and implement timely, targeted design
improvements. This section discusses major tool categories, including real-time analytics

platforms, predictive systems, and Al-enhanced user interface frameworks.

2.4.1 Real-Time Data Collection and Analysis

Al-powered tools can collect and process user interaction data in real time, providing im-
mediate insights to designers and developers. This functionality is particularly beneficial
in agile development environments, where rapid adaptation to user feedback is essential
[13], [14]. Real-time feedback loops help identify problems early and reduce development
bottlenecks, leading to faster design iterations.

These tools can highlight areas of potential failure and direct developer attention to
critical interface components, improving both efficiency and user experience outcomes
[15]. For example, Drungilas et al. (2024) [12]| integrated emotion tracking into usabil-
ity tools, offering insights into users’ emotional states during interaction. This affective
data deepens the understanding of user experience and helps refine design decisions more
precisely.

Additionally, AI enhances risk detection within development workflows, enabling agile
teams to act proactively [34]-[36]. Advanced data tools also contribute to managing
innovation pipelines by improving responsiveness in dynamic industrial settings [37].

However, as Bastien (2010) emphasizes, understanding the foundations of usability
methods remains crucial—even as Al enables faster, scalable feedback [18]. Ethical con-
siderations are equally important; Amugongo et al. (2023) underscore the need for trans-

parent and responsible AT use to maintain fairness and trust in evaluation practices [19].
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2.4.2 Scalability and Predictive Analytics

Artificial intelligence also contributes significantly to scalability by automating usabil-
ity testing tasks across large and diverse user populations. Large user interface models
(LUIMs) and behavior simulation techniques allow developers to assess system perfor-
mance without extensive participant recruitment [16|. Al systems can simulate varying
user behaviors, reducing logistical constraints and supporting more flexible, continuous
testing [17].

Predictive analytics tools further extend these capabilities by forecasting potential
usability issues based on current and historical interaction data. By identifying likely
failure points before deployment, teams can proactively adjust designs and reduce the
cost of post-release corrections [37]-[39]. This predictive functionality enhances both the
efficiency and quality of digital products.

As part of this trend, Al-based evaluation tools like the Chatbot Usability Scale
demonstrate how large-scale systems can maintain a user-centered focus. These tools
assess the interaction quality of Al-powered conversational agents, emphasizing usability
and communication effectiveness [27].

In addition, Kang and Lou (2022) [40] discuss the interplay between human and Al
decision-making in usability testing. Their findings highlight how shared judgment be-
tween systems and evaluators enhances engagement and enables more effective optimiza-

tion across platforms.

2.4.3 AIMT-UXT and Al-driven Tools

Artificial intelligence and mouse tracking-based user experience tool (AIMT-UXT) [41]
is a notable example of an Al-enhanced usability testing tool that combines real-time
analytics with adaptive feedback. The tool integrates mouse tracking data to analyze
user interactions on websites—particularly in the public sector—recording movements,
clicks, and hovers to detect interface confusion or inefficiency.

A fuzzy inference system within AIMT-UXT is used to handle uncertainty in behav-
ior data, helping classify usability performance at the element level. This functionality

enables the identification of problematic areas that require design improvement.



2.5 CASE STUDIES AND APPLICATIONS 10

The tool also applies unsupervised learning techniques to cluster user behavior pat-
terns. This grouping helps reveal widespread usability issues affecting varied user types.
A major advantage of AIMT-UXT is its immediate feedback capability, allowing issues
to be addressed during live sessions, thereby accelerating design iterations.

Additionally, the system features adaptive testing, which dynamically adjusts in re-
sponse to user behavior—ensuring that core challenges are addressed efficiently.

According to Boodaghian Asl et al. (2024), combining AIMT-UXT with hybrid model-
ing approaches can improve its simulation and classification capabilities. These enhance-
ments may result in more accurate behavior predictions and better-informed interface

revisions [41]-[43].

2.5 Case Studies and Applications

Several case studies highlight the practical impact of Al in usability testing. These studies
demonstrate Al’s potential to provide more detailed and actionable insights, ultimately

improving the overall user experience.

2.5.1 Intelligent Medical Systems

Artificial intelligence (AI) has practical applications in intelligent medical systems to im-
prove efficiency, accuracy, and user interaction in healthcare. The study by Donghong
Zhou [9] on Al-driven interfaces demonstrates that Al can streamline data processing
and enhance human-computer interaction (HCI) within these systems. According to the
research, task completion times were reduced by an average of 24.6%, with specific tasks,
such as downloading job information, achieving up to 65.84% improvement in efficiency.
These results highlight AI’s role in reducing the cognitive load on healthcare professionals,
allowing for more intuitive operation and quicker decision-making under pressure. The
paper also underscores the importance of designing interfaces that integrate effectively
with the workflows of medical professionals, making their tasks more manageable. Fur-
thermore, the Al system in this study facilitates real-time data collection and processing
of physiological parameters, including blood pressure, ECG, and pulse wave signals, which

are transmitted to a smartphone application via a WiFi module. This integration allows
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healthcare professionals to access critical patient data efficiently, supporting timely and
informed decision-making as the system captures and analyzes essential metrics in real

time.

2.5.2 Al-Driven Design Heuristics in UX Development

The paper by Jin et al.(2021) investigates how Al can improve UX design by developing
design heuristics that assist designers in creating Al-driven concepts. Through an analysis
of over 1,700 AI patents, the authors extracted 40 design heuristics aimed at inspiring
UX designers during the conceptual design phase. These heuristics are shown to expand
the design space, enabling the creation of innovative and user-centered AI applications.
The study emphasizes that understanding Al capabilities and incorporating them into
the early stages of design can lead to more effective and creative solutions, highlighting

the potential of Al in defining the future of UX [44].

2.5.3 Smart Online Shopping Systems

In smart online shopping systems Al is used for evaluating product quality, providing per-
sonalized recommendations, and enhancing security features. Machine learning algorithms
examine user behavior and preferences to provide a personalized and secure shopping ex-
perience which is known to improve user satisfaction and increase the likelihood of repeat
purchases [45]. For instance, deep neural collaborative filtering (DNCF) models can effec-
tively produce personalized recommendations by analyzing user interaction data, yielding
a precision rate of 85% and a recall rate of 78%—indicators of the model’s strong capabil-
ity to deliver relevant suggestions in e-commerce environments [46]. Additionally, research
on The study on Explainable AT (XAI) by [47] illustrates how scenario-based approaches
can be used to uncover user-specific explanation needs, especially within the context of
fraud detection. This study developed scenarios such as “Clear Transaction Fraud” and
“Uncertain Transaction Fraud,” which reveal the critical explanation elements needed to
reduce cognitive load and prevent user overload. These scenario-based requirements en-
hance both trust and usability by ensuring that explanations are selectively informative

and aligned with user needs, developing a more user-centric and secure shopping environ-
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ment.

2.5.4 Al in Various Industries

AT integration across various industries has become trans-formative, including in enhanc-
ing usability testing and user experience. Al-powered usability testing tools have been
employed across diverse sectors, ranging from healthcare to finance, automating routine
tasks and providing insights into user interactions.

Healthcare Sector The application of artificial intelligence (AI) in healthcare contin-
ues to support improvements in both operational efficiency and clinical decision-making.
Studies have demonstrated how Al-driven systems can streamline workflows and reduce
cognitive load for healthcare professionals, enabling quicker and more accurate responses
in clinical environments [9]. Similarly, Karalis (2024) reviewed AI’s broader role in clinical
practice, noting its ability to analyze extensive datasets to support diagnostic accuracy
and personalized treatment plans across specialties such as cardiology and gastroenterol-
ogy. This review underscores the potential of Al to improve patient outcomes and alleviate
clinician workload, while also stressing the need to address ethical considerations—such
as data privacy and transparency—as Al becomes more deeply embedded in healthcare
environments [48].

Finance Sector In the finance industry, Al-driven usability testing tools are em-
ployed to streamline user interfaces for banking apps and financial services platforms. By
analyzing user interactions and behavior, these tools contribute to the design of more in-
tuitive and user-centered interfaces, ultimately enhancing user satisfaction and fostering
greater trust in digital financial services [49].

Retail and E-commerce Al is extensively utilized in retail and e-commerce to opti-
mize customer experiences through sophisticated personalization techniques. Specifically,
deep neural collaborative filtering approaches are employed to analyze user data, includ-
ing previous purchases and browsing patterns, enabling the delivery of highly personalized
product recommendations. These Al-driven approaches improve the relevance of product
recommendations and play a key role in optimizing the overall usability of e-commerce

platforms by aligning them closely with individual customer preferences. This tailored
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approach leads to improved customer satisfaction and increased engagement [46].

These case studies and industry applications underscore Al’s significant potential for
improving usability across various domains. By providing more detailed and actionable
insights, Al enhances the efficiency and effectiveness of usability evaluations and con-
sequently can improve the overall user experience. As Al technologies progress, their
incorporation into usability testing is set to become increasingly influential, opening up

new opportunities for innovation and enhancement in user experience design.

2.6 Recent Advancements in Al for Usability Testing

Recent advancements in Al for usability testing have been driven by the rapid development
of generative A, multi-modal models, and intelligent automation. These technologies have

transformed the way usability testing is conducted.

2.6.1 Generative AI and Multi-modal Models

Generative Al, exemplified by models developed by OpenAl and Google DeepMind, has
advanced the field of usability testing. These models are capable of generating realistic
and diverse user scenarios, which can be used to simulate a wide range of interactions with
digital interfaces. By creating synthetic data that mimics real user behavior, generative
AT can help in identifying potential usability issues before they affect actual users [50].
Multi-modal models can capture and analyze complex user interactions. These mod-
els combine data from visual, textual, and behavioral sources to assess how users interact
with systems that require diverse inputs, such as voice commands, gestures, and visual
feedback. According to Dibeklioglu et al.(2021) [51], multi-modal analysis methods inte-
grate tools across different modalities, allowing for a more comprehensive evaluation of
user behavior in varied contexts. For instance, the editorial discusses studies that use
multi-modal datasets to assess user experience during interactive scenarios, such as per-
sonality analysis from audiovisual cues and pain assessment from body movements using
long short-term memory (LSTM) networks. In each case, these models provide a holistic
view by processing information from multiple channels simultaneously, which is especially

valuable in complex systems where user inputs are dynamic and varied. By combining
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multiple data sources, this method offers a deeper insight into user experience, revealing
nuanced interaction patterns that might go unnoticed with isolated data analysis. As a
result, it helps creating interfaces that better match the ways people actually use them

in real-world situations.

2.6.2 Intelligent Automation and Digital Twins

Virtual representations known as digital twins are increasingly utilized to simulate and
study user interactions in controlled settings, enabling detailed analysis of system behav-
ior. According to Cichon and Rossmann (2017), simulation-driven interfaces within digi-
tal twins support testing before, during, and after operations, allowing real-time scenario
evaluation and usability analysis without requiring physical interaction. This method is
particularly beneficial for evaluating complex systems like robotics, where virtual inter-
actions can identify potential usability issues early, improving safety and design [52]. In
their systematic review, Barricelli and Fogli (2024) explore the role of digital twins in
human-computer interaction (HCI), highlighting that despite their strong real-time func-
tionalities, their effectiveness is often constrained by insufficient emphasis on user-centered
design. The review highlights a gap in accessibility for non-expert users, recommending
that future digital twin designs prioritize intuitive interfaces and user engagement across
varied industries [53].

In fault diagnosis, digital twins extend beyond usability testing by simulating opera-
tional states that may lack sufficient real-world data. Xia et al.(2021) proposed a digital
twin framework for fault diagnosis, integrating deep transfer learning to improve fault
detection even with limited data. This model achieved high diagnostic accuracy by con-
tinuously updating with real-time operational data, making it particularly effective in
applications like triplex pump fault detection [54]. Xu et al.(2019) further demonstrated
that digital twins, when paired with high-fidelity data simulations, enhance fault detec-
tion in smart manufacturing systems, addressing challenges related to data scarcity [55].
Segovia and Garcia-Alfaro (2022) emphasize digital twins’ role in predictive maintenance
through continuous monitoring, allowing for proactive interventions that support system

health and extend operational lifespan [56]. Meanwhile, Zayed et al.(2023) achieved up
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to 96.8% accuracy in fault detection within critical industrial applications by combining
digital twins with optimized machine learning models, underscoring their effectiveness in
improving system reliability and performance [57].

Real-time analytics further augment these capabilities by enabling continuous mon-
itoring and immediate detection of faults. For example, Hodavand et al.(2023) demon-
strate how digital twins in HVAC (Heating, Ventilation, and Air Conditioning) systems
use real-time analytics to identify and mitigate faults early, reducing energy consump-
tion and enhancing operational efficiency [58]. Wang et al.(2023) extend this approach
with a digital twin model for bearing fault diagnosis, combining numerical simulation
and machine learning to provide real-time insights that guide maintenance decisions, thus
increasing reliability and preventing potential system failures [59]. These applications
show the potential of digital twins, particularly when enhanced with real-time analytics,
to improve diagnostic precision, operational efficiency, and proactive maintenance across
diverse sectors. Despite their promise, digital twin systems and other advanced Al tools
can be challenging to develop and maintain. As Islam et al. (2023) point out, training
and fine-tuning Al models demand substantial technical expertise and ongoing resources

to ensure their continued accuracy and relevance [60].

2.7 Model Transparency and Ethical Considerations in

AI-Driven Usability Testing

With the growing integration of artificial intelligence into usability testing, ensuring model
transparency has become essential for promoting effectiveness, building user trust, and
supporting the ethical use of these technologies. Understanding how Al tools generate
insights is essential for designers to make informed decisions and ensure fairness in eval-
uation practices. Moreover, when Al-generated usability improvements are implemented,
end users are directly affected. Transparency in how these insights are produced helps
build user trust, acceptance, and confidence in the final design.

Transparency for Informed Design Liao et al. (2023) [61] investigated the real-

world needs of UX designers engaging with pre-trained Al models and highlighted that
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transparency plays a key role in helping teams grasp system functionality, such as the
nature of training data, model capabilities, and the underlying logic behind decisions. This
level of clarity allows designers to interpret Al-generated outputs with greater confidence
and to adapt interface designs accordingly.

In contexts where Al systems perform classification or prediction tasks, knowing where
and why a model may fail helps designers set appropriate constraints and expectations.
Rai (2020) and Doshi-Velez & Kim (2017) similarly argue that explainable Al (XAI)
enables users to better grasp model behavior and avoid blindly accepting outputs that
could be biased or erroneous [62], [63].

Building User Trust and Acceptance Transparent Al models also enhance user
trust—especially in usability testing environments where the system’s influence may affect
interface design decisions. When UI designer and stakeholders understand how and why
Al systems reach certain conclusions, they are more likely to accept recommendations and
feel secure in their use. Amershi et al. (2019) support this view by providing guidelines
for human-Al interaction design that emphasize interpretability and clear communication
of AI capabilities and limitations [64].

Fan et al. (2024) and Liao et al. (2024) [65][66] further highlight that transparent sys-
tems are more likely to support collaborative decision-making and iterative refinement, as
stakeholders are empowered to question, confirm, or reject Al findings based on evidence.

Ethical AI Practices As Al tools take on a greater role in user research, ethical
issues—including bias, accountability, and data privacy—are becoming increasingly sig-
nificant and demand careful consideration. Transparent systems support ethical practices
by making it easier to detect and correct unintended consequences. For example, access
to model training data and processing logic can reveal whether certain user groups are
underrepresented or unfairly treated in usability outcomes.

The 2024 Al Index Report from Stanford University identifies explainability as a
key requirement for responsible Al implementation across domains, including education,
healthcare, and user experience research [25]. Haque, Islam, and Mikalef (2023) [67] also
stress that transparency is essential for bridging the interpretability gap between complex

Al systems and non-expert users—helping ensure responsible deployment and informed
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consent in data-driven environments.

Nevertheless, the increasing complexity of Al systems brings the risk of reinforcing
biases embedded in their training data, which can result in distorted usability findings
or design choices that marginalize certain user groups [68|. Ensuring transparency is
therefore essential not only for ethical accountability but also for identifying and correcting
such biases early in the design process.

Supporting Collaboration and Interdisciplinary Teams Al transparency also
enhances collaboration between UX researchers, designers, and technical developers. Yu
et al. (2024) explain that shared understanding of an Al model’s structure and logic helps
cross-functional teams define common goals, align priorities, and jointly interpret results
[69]. This collaboration is vital in Al-supported usability testing, where design outcomes
often depend on both algorithmic feedback and human judgment.

In high-stakes environments, where usability decisions can significantly impact safety,
accessibility, or public trust, the ability to interpret Al outputs transparently is not just
a convenience—it is a necessity. Without transparency, Al tools risk becoming "black
boxes" that hinder accountability and compromise user experience quality.

In summary, transparency is central to the ethical and effective integration of Al in us-
ability testing. It fosters trust, supports informed design decisions, enables collaboration,
and ensures that Al-generated insights remain interpretable and actionable. As usability
testing evolves to include more Al-driven methods, maintaining model transparency will

be essential for preserving both methodological rigor and user-centered values.

2.8 Comparison of AI and Human Usability Testing

Al-driven usability testing offers distinct advantages over traditional human-led meth-
ods, particularly in terms of speed, scale, and consistency. However, human evaluators
continue to play a crucial role in interpreting user behavior, emotions, and contextual
nuances—elements that Al alone may misinterpret or overlook. This section highlights
the comparative strengths of each approach and supports the case for integrated, hybrid

methods.
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2.8.1 Complementary Strengths

Artificial intelligence excels at processing large volumes of data quickly and accurately. It
can analyze user behavior logs, detect patterns, and provide immediate feedback during
development—capabilities that significantly accelerate usability cycles. For instance, Al
systems can evaluate user interaction data across diverse user profiles without the need
for extensive participant recruitment, making usability testing more scalable and inclusive
[70].

Tools equipped with real-time analysis features allow developers to detect problems
during active sessions and adjust designs rapidly. This contrasts with human-led testing,
which typically requires post-session analysis and manual interpretation, often delaying
actionable feedback 27|, [71]. Moreover, as Sharma et al. (2022) notes, Al systems can
use behavioral modeling to flag potential interface issues before they escalate or reach
users, thus supporting early-stage design refinement [72].

However, Al-based analysis is limited in its ability to interpret emotional nuance, sub-
jective satisfaction, and complex intent. Human evaluators, on the other hand, can con-
textualize behavior, understand user narratives, and infer emotional responses—essential
components of holistic usability testing. For example, asynchronous remote usability test-
ing studies have shown that human moderation allows users to feel more at ease, often
leading to the discovery of content and navigation issues that automated systems might

miss [73].

2.8.2 Human-AI Integration in Practice

Recent research supports a collaborative model where Al and human evaluators work
together. Gannouni et al. (2023) demonstrated that while AI systems using EEG data
could detect emotional states, human input was needed to interpret the context behind
those emotions and connect them to usability satisfaction [74].

Similarly, Kuang et al. (2023) discovered that user preferences varied when engaging
with Al-driven conversational assistants, with text interfaces favored for rapid responses
and voice interfaces preferred for more natural, conversational interactions. This user

preference highlights the role of human oversight in deciding how and when to deploy
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specific AI modalities |75].

In scenario-based testing, van Eck et al. (2018) showed that while AI could generate
realistic test scenarios from behavioral data, it lacked the ability to explain anomalies
or prioritize findings. Human reviewers were essential for interpreting the significance of
outlier behavior and providing contextual recommendations [76].

The integration of Al in software development tools also reflects this dynamic. For
instance, GitHub Copilot uses Al to generate code suggestions, but developers often need
to adjust or reject outputs to suit specific project contexts—underscoring the importance
of human judgment even in technically precise environments [30].

Research by Bansal et al. (2021) warns that while explanations from AI can build
user trust, they can also lead to over-reliance. Human evaluators act as a safeguard
by critically assessing Al recommendations and ensuring that users are making informed
decisions [77|. Likewise, Radziwill and Benton (2017) argue that chatbot evaluations must
be supported by human reviewers, particularly in scenarios involving unexpected queries
or diverse user needs [78].

In conclusion, the comparison between human and AT usability testing is not a matter
of replacement but of augmentation. Al systems bring speed, scale, and consistency, while
human evaluators contribute depth, empathy, and contextual understanding. Together,
these complementary strengths form the basis of a hybrid usability testing model—one
that leverages the efficiency of Al without sacrificing the interpretive richness of human

insight.

2.9 Synthesis and Identified Gaps

The reviewed literature illustrates the growing role of artificial intelligence in transform-
ing usability testing practices. Al technologies—particularly machine learning, natural
language processing, and computer vision—enable faster, more scalable, and data-rich
evaluation processes. These tools offer real-time feedback, simulate user behavior, detect
patterns, and even predict potential usability issues before deployment. Al-supported
tools such as AIMT-UXT, digital twins, and emotion-aware systems further extend test-

ing capabilities by integrating automation, adaptability, and predictive analytics.
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However, despite these advancements, Al-based usability testing is not without lim-
itations. While AI systems are proficient at pattern detection and data analysis, they
often lack the contextual understanding, empathy, and interpretive depth that human
evaluators provide. Human expertise remains essential for identifying emotionally driven
usability problems, understanding user intent, and making nuanced design judgments.
Moreover, ethical concerns such as model transparency, algorithmic bias, and over-reliance
on automated systems highlight the importance of responsible and explainable Al design.

The literature strongly supports a hybrid approach—one that combines Al’s speed,
consistency, and scale with human insight, interpretive reasoning, and ethical oversight.
Such a model not only leverages the operational strengths of Al but also ensures that
usability evaluations remain human-centered and adaptable to varied user contexts.

Despite these promising developments, notable gaps remain. First, existing studies
tend to focus on specific industries, tools, or techniques in isolation, without a clear frame-
work for comparing Al-based and human-led evaluations in a systematic, task-specific
context. Second, many studies lack empirical comparison of Al-generated evaluations
with human assessments, especially within heuristic usability testing scenarios. Finally,
limited research has been conducted on the practical integration of large language mod-
els (LLMs) like GPT-4 into real-time, web-based usability analysis tools—particularly in
accessible domains such as public utility websites.

This thesis addresses these gaps by developing and implementing a custom GPT-4o-
integrated API designed for heuristic usability evaluation of online unit converter websites.
It systematically compares Al-generated results with those from human evaluators to
assess alignment, divergence, and areas of complementarity. By doing so, the research
aims to propose a practical, hybrid framework that balances AI’s efficiency with human
judgment—advancing usability testing toward more responsive, reliable, and user-centered

design processes.



3 Materials and methods

3.1 Experimental design

This study analyzes the capabilities of Al-driven usability testing by comparing its per-
formance with that of human evaluators in identifying usability issues. The methodology

includes material selection, task design, data collection, and comparative analysis.

3.1.1 Participant selection and task design

Two evaluation groups, Al-based analysis and human student evaluations, were used. The
human evaluators were students from the "Usability, User Experience, and Analytics 2022
- DTEK0069" course at the University of Turku. Each student selected and analyzed three
online unit converters from a given list. They were asked to apply any five of Nielsen’s
ten usability heuristics that seemed appropriate to them. The task given to the users
involved converting between feet and meters to assess tool usability. The following unit

converters were suggested for the evaluation:

e UnitConverters.net: https://www.unitconverters.net/length-converter.html

Convert-me.com: https://www.convert-me.com/en/convert/length/

Omni Calculator: https://www.omnicalculator.com/conversion/length-converter

Asknumbers: https://www.asknumbers.com/

The Engineering Toolbox:

https://www.engineeringtoolbox.com/length-units-converter-d_1033.html


https://www.unitconverters.net/length-converter.html
https://www.convert-me.com/en/convert/length/
https://www.omnicalculator.com/conversion/length-converter
https://www.asknumbers.com/
https://www.engineeringtoolbox.com/length-units-converter-d_1033.html

3.1 EXPERIMENTAL DESIGN 22

3.1.2 Exclusion of omni calculator

Omni Calculator was excluded due to a significant interface redesign that occurred before
the study. Since student data was collected after the course had finished and the study
was conducted at a later time, a considerable gap existed between these phases. During
this period, the website underwent a major interface update. As both AI and human
evaluations required a consistent interface for valid comparison, Omni Calculator was

removed from the analysis to maintain data integrity.

3.1.3 Data collection and privacy

Thirty student reports were analyzed. They were anonymized, ensuring no personal
information was included. Students assigned severity ratings from 0 to 4 and proposed
solutions for identified usability issues. Their evaluations were compiled into comparison
reports, ranking unit conversion tools based on usability performance. The Al evaluation
was conducted using screenshots uploaded to an API built with OpenAI’s GPT-40 model.
While GPT-40 is not explicitly designed for usability testing, it was used in this study
to assess interface elements against Nielsen’s heuristics. The model generated heuristic
evaluations based on textual and visual patterns within the screenshots. The severity of

each issue was on a scale from 0 to 4, where:

e 0 — No usability problem

e 1 — Cosmetic problem

2 — Minor usability problem

3 — Major usability problem; important to fix

e 4 — Usability catastrophe; imperative to fix

3.1.4 Comparison and analysis process

Usability feedback from both AT and student evaluations was systematically collected and

analyzed. The analysis focused on identifying recurring usability issues, categorizing them
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according to heuristic principles, and comparing the average severity ratings assigned by
Al and human evaluators. Where applicable, statistical analysis was applied to quantify
trends and highlight key differences. The comparison helped reveal Al’s effectiveness in

detecting usability issues and how its evaluation differed from human judgment.

3.2 API design and implementation

This study utilized an API that was custom-built to conduct usability evaluations based
on image analysis, optimizing OpenAl’s GPT-40 model. GPT-40 was selected due to
its advanced natural language processing (NLP) capabilities, ability to analyze extracted
text effectively, and enhanced contextual understanding. Compared to previous versions,
GPT-40 provides improved response consistency and better handling of heuristic-based
usability evaluations. The API, developed in Flask, allows users to upload images, which
are processed to extract textual content before being analyzed for usability issues. The
following section details the API’s core functionalities, including image processing, inter-

action with OpenAT’s API, error handling, and response management.

3.2.1 Image upload and conversion

The API features a web-based interface that supports image uploads in JPEG and PNG

formats. Upon upload, the API processes images using Optical Character Recognition

(OCR) via the pytesseract library to extract relevant textual content for analysis.
This code snippet in Listing 3.2.1 shows how this API handles an image upload,

instantly converts it into text, and prepares the extracted text for further analysis.

3.2.2 API call to OpenAl

Once the text is extracted, the API constructs a request payload and sends it to Ope-
nAI’'s GPT-40 model for heuristic-based usability evaluation. The model assesses the
extracted content against Nielsen’s all ten usability heuristics, identifying usability issues
and providing structured feedback.

This snippet in Listing 3.2.2 shows how the API constructs the request payload and
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Listing 3.2.1: Handling image upload and conversion.

interacts with the OpenAl API to fetch the usability analysis. The API evaluates usability
based on static screenshots, which limits its ability to assess real-time interactions and

dynamic feedback. This aspect is further discussed in the Discussion chapter.

3.2.3 Error handling and response management

To ensure reliability, the API implements error-handling mechanisms to manage issues
such as invalid API responses, image processing failures, and exceeded file upload limits.
If an error occurs, the API logs errors with detailed messages and returns user-friendly
responses, ensuring transparent troubleshooting and maintaining system robustness, as

shown in Listing 3.2.3.

3.2.4 Analysis and response delivery

If multiple images are uploaded, the API extracts text from each and combines the results
into a unified analysis report, ensuring consistency in usability evaluation. The report is
formatted in markdown for readability. The response is structured to highlight key us-
ability concerns, categorize heuristic violations, and provide actionable recommendations

[Listing 3.2.4].
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Listing 3.2.2: Making an API call to OpenAl.

Listing 3.2.3: Error handling during an APT call.

3.2.5 Follow-up questions

Users can submit follow-up queries related to the initial analysis. The API maintains con-
versational context by linking follow-up responses to previous analyses, enabling iterative
usability exploration. This functionality enables deeper exploration of usability concerns

and possible improvements based on iterative feedback |Listing 3.2.5]|.

3.3 Data analysis

The following section presents an analysis of usability issues detected by both Al and hu-
man evaluators across four websites: UnitConverters.net, Engineering Toolbox, Convert-
Me, and AskNumbers. The results are examined based on heuristic principles, with a

focus on identifying patterns, similarities, and differences between the two sources of eval-



3.3 DATA ANALYSIS 26

combined_analysis = combined_analysis_response.json() ['choices'][0]["
message'] ['content ']
combined_analysis_html = markdown (combined_analysis, extras=["tables","
fenced-code-blocks", "strike", "break-on-newline"])
conversation_id = str(uuid.uuid4())
5| conversations [conversation_id] = [combined_text, combined_analysis]
return jsonify ({'conversationId': conversation_id, 'combinedAnalysis':

combined_analysis_html})

Listing 3.2.4: Combining and formatting the analysis.

uation. The analysis utilizes visual representations such as bar charts, heatmaps, and pie

charts to support the findings.

3.3.1 Clarification on Severity Ratings

In the following tables, average severity ratings are presented for each heuristic per website,
based on Al and student evaluations. However, these averages do not indicate the number
of issues found in each heuristic category. Some categories may include only one high-
severity issue, while others may have several lower-severity issues. Therefore, the average
values should be interpreted as indicative rather than definitive representations of overall

usability severity.

3.3.2 Website 1 analysis: Unit Converter

The evaluation of UnitConverters.net revealed critical usability concerns that impacted
both system functionality and user experience. While Al assessments primarily focused
on structural and technical inconsistencies, student evaluations highlighted challenges
related to the workflow efficiency and ease of use. Despite their differing perspectives,
both evaluators identified overlapping problems that hindered usability.

One of the most pressing concerns was the lack of immediate feedback when users en-
tered values. Al flagged this issue as a high-severity concern (3), noting that the absence
of loading indicators or confirmation messages made the system appear unresponsive. Stu-
dents recognized this frustration, emphasizing that conversion results often blended into
the interface, making them difficult to notice. To address this, Al recommended integrat-

ing real-time validation and loading animations, while students suggested repositioning
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Listing 3.2.5: Handling follow-up questions.

the results for better visibility.

Another significant usability barrier was the absence of an undo/reset function, re-
stricting user control and flexibility. Al rated this as a severe issue (4), as users were
forced to manually clear inputs, increasing interaction effort. Students also identified
this limitation but focused more on the inconvenience of re-entering values, assigning it
a slightly lower severity score (3). While AI proposed a dedicated reset button, students
emphasized the need for a "reverse units" button, which would allow seamless swapping
between input and output fields.

The cluttered interface and excessive advertisements further disrupted usability. Al
categorized this as a usability catastrophe (4), citing poor spacing, redundant elements,

and an overwhelming layout that distracted users. Students shared similar concerns
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Figure 3.1: Interface of the UnitConverters.net website (screenshot by the author).

but focused more on the placement of advertisements, which they found intrusive and
workflow-disrupting. While Al recommended simplifying the design to enhance readabil-
ity, students proposed restructuring the layout by grouping related conversion categories
into collapsible sections.

Another major issues were weak input validation and unclear error handling. Al
identified that the system permitted non-numeric inputs, leading to failed conversions
without proper warnings (3). Additionally, Al pointed out that vague error messages,
such as "Please provide a valid number!", did not offer actionable guidance. Students
similarly struggled with this issue, specifically noting that the converter failed to recognize
regional decimal formats (dots vs. commas), resulting in input errors. Both evaluators
suggested improvements: Al recommended stricter validation mechanisms and clearer
error prompts, while students proposed allowing flexible input formats to accommodate
different user conventions.

Navigation inefficiencies further compounded usability challenges. Al noted that the
absence of a search function forced users to scroll through long drop-down lists to locate
desired units (2). Students viewed this as an even greater problem (3), highlighting the
tedious nature of manually searching for units. Al recommended refining unit catego-

rization to streamline selection, whereas students proposed implementing a search bar to
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improve accessibility.

Inconsistencies in formatting and terminology were also apparent. Al flagged unit
labels as inconsistent in style and abbreviation usage (2), which could cause confusion.
Students similarly pointed out discrepancies but were more concerned about how non-
standard terminology affected real-world comprehension. To address this, Al suggested
standardizing unit names and abbreviations, while students recommended providing inline
explanations for lesser-known units.

Another usability challenge stemmed from poorly designed error messages. Al rated
this as a severe issue (4) due to generic and unhelpful feedback that failed to guide users
toward a solution. Students encountered similar difficulties but emphasized the lack of
instructional content within the messages, making it unclear how to correct input errors.
Al proposed making messages more detailed and informative, while students suggested
placing them closer to the input fields to enhance visibility.

Limited user control options further hindered efficiency. Al identified the inability to
modify past inputs or save frequently used conversions as a usability flaw (3). Students
focused on a related concern, noting that there was no quick swap function to reverse unit
selections. Al recommended implementing a conversion history feature, while students
emphasized the need for a dedicated swap button.

Lastly, help and documentation deficiencies were evident. Al gave this issue a low
severity rating (1), viewing it as a minor shortcoming due to the absence of tool-tips or
in-page explanations. Students, however, found this to be a more significant problem
(3), as there were no clear descriptions of units or an FAQ section to assist with unfa-
miliar measurements. Al recommended adding hover tool-tips, while students suggested
incorporating a searchable help section for better accessibility.

The usability issues in UnitConverters.net highlight a blend of technical limitations
and interaction inefficiencies. Al evaluations predominantly focused on structural re-
finements, such as error prevention, layout consistency, and system feedback, whereas
students emphasized workflow-related challenges, such as navigation barriers and visibil-
ity problems. Addressing these concerns through real-time input validation, improved

feedback mechanisms, streamlined navigation, and clearer error messaging would greatly
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enhance the overall user experience.

To better illustrate these findings, Table 3.1 presents a comparative summary of the
severity ratings assigned by both evaluators, while Figure 3.2 provides a visual represen-
tation of the discrepancies between Al and student assessments.

Table 3.1: Comparison of average severity ratings between Al and students evaluations
for the UnitConverters.net website.

Heuristic AT Severity | Student Severity
Visibility of System Status 2.75 1.50
Match Between System and Real World 2.00 2.50
User Control and Freedom 3.00 2.29
Consistency and Standards 2.00 2.20
Error Prevention 2.50 2.31
Recognition Rather Than Recall 2.00 1.67
Flexibility and Efficiency of Use 1.00 2.15
Aesthetic and Minimalist Design 2.50 1.67
Help Users Recognize, Diagnose, and Recover 4.00 2.75
Help and Documentation 1.50 2.67

Comparison of Heuristic Evaluations UnitConverter: Student vs Al
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Figure 3.2: Comparison of Heuristic Evaluations for UnitConverters.net: Al vs. Students.

3.3.3 Website 2 analysis: Engineering toolbox

While the first website suffered from visibility issues and workflow inefficiencies, Engineer-

ing Toolbox presented obstacles related to navigation complexity, unclear input validation,
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and the absence of system feedback. Al’s assessment focused on structural inconsistencies
and missing validation mechanisms, while students emphasized the practical difficulties

users faced in interacting with the tool.
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Figure 3.3: Interface of the EngineeringToolbox website (screenshot by the author).

A major concern identified in this evaluation was the difficulty in locating conversion
results. Al noted that the system lacked clear feedback indicators, making it difficult for
users to determine whether their input had been processed. Students also had trouble with
the conversion result, but they explained it in a different way—they said the results weren’t
placed where they expected, which made their work harder. While AI recommended
adding real-time system responses, such as confirmation messages and loading indicators,
students suggested repositioning the conversion results to improve visibility.

Another usability challenge stemmed from the inconsistency in unit representation
and terminology. Al detected formatting inconsistencies, such as non-standard abbrevia-
tions and technical jargon that could be confusing for users unfamiliar with the domain.
Although this issue was not rated as highly severe, it contributed to a lack of clarity in
interpreting results. In contrast, students focused more on the absence of clear input
validation, pointing out that the system accepted invalid characters, including letters,
without any warning. This led to errors in conversions without clear indications of what

went wrong. Al suggested refining the terminology and standardizing the way units were
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displayed, while students emphasized the need for stricter validation rules and real-time
alerts to notify users of incorrect inputs.

The lack of user control and flexibility further complicated usability. AI noted that
the absence of an undo or reset function made it difficult for users to correct mistakes effi-
ciently. This issue was rated as a moderate usability concern, as it forced users to manually
clear fields before re-entering their inputs. Students, however, found a more immediate
problem: the conversion button itself was not easily noticeable, leading to confusion about
how to execute a conversion. They assigned this issue a higher severity level, as users fre-
quently struggled to locate the primary function of the tool. Al recommended integrating
a reset function, whereas students suggested improving the prominence and placement of
the conversion button to streamline interactions.

Error prevention emerged as another significant usability challenge. Al identified a
lack of validation for incorrect inputs, noting that users could enter letters or symbols
without receiving immediate feedback. This resulted in errors that were not explained
adequately, leading to frustration. Al classified this as a major issue, proposing a stricter
validation process and clearer error prompts. Students similarly highlighted this problem,
but their concerns were more focused on the phrasing of error messages. Many messages
lacked specificity, making it difficult for users to understand what had gone wrong. Their
feedback emphasized the need for clearer, more instructional error messages that explicitly
guided users toward the correct input format.

In addition to these functional issues, the overall interface design contributed to usabil-
ity difficulties. Al detected inconsistencies in font sizes, cluttered spacing, and excessive
advertisements that disrupted the workflow. The cluttered design was rated as a mod-
erate concern, as it affected readability and increased cognitive load. Students, however,
framed this issue differently, noting that the navigation structure was unclear, which
made it difficult to locate relevant sections. While Al suggested reducing visual clutter
and improving contrast, students focused more on restructuring the layout to ensure that
important elements were easily accessible.

A recurring theme across Al and student evaluations was the lack of help and documen-

tation. Al noted that the absence of tool-tips and contextual guidance made it difficult for
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users to understand certain features. However, students expressed even stronger concerns
about this issue, stating that the website lacked basic instructions on how to use the con-
version tool. They rated this as a more severe issue than Al did, as the absence of clear
guidance led to confusion and inefficiencies. Al proposed adding tool-tips to explain key
functions, while students recommended a dedicated help section with user instructions.

Overall, Engineering Toolbox presented usability issues that were distinct from those
in UnitConverters.net. Al’s evaluation emphasized technical inconsistencies, such as un-
clear validation and missing system feedback, while students were more concerned with
workflow disruptions, navigation inefficiencies, and the clarity of instructions. Addressing
these issues through improved feedback mechanisms, clearer navigation structures, and
more intuitive input validation would significantly enhance the user experience.

The comparative severity ratings assigned by Al and students are presented in Table
3.2. Figure 3.4 provides a visual comparison of these assessments, illustrating where Al

and human evaluators aligned and where their perspectives differed.

Table 3.2: Comparison of average severity ratings between Al and students evaluations
for the EngineeringToolbox.com website.

Heuristic Al Severity | Student Severity
Visibility of System Status 3.0 2.25
Match Between System and the Real World 2.0 2.75
User Control and Freedom 3.0 2.63
Consistency and Standards 2.0 1.83
Error Prevention 3.75 2.80
Recognition Rather Than Recall 2.0 2.00
Flexibility and Efficiency of Use 2.0 2.56
Aesthetic and Minimalist Design 3.0 2.54
Help Users Recognize, Diagnose, and Recover 3.0 2.00
Help and Documentation 2.0 2.00

3.3.4 Website 3 analysis: Convert me

Compared to the first two websites, where issues primarily revolved around feedback
delays and navigation complexity, Convert Me presented a different set of usability chal-
lenges, particularly in interface clutter, inconsistent user interactions, and input validation
weaknesses. Al and student evaluations both pointed to inefficiencies in how information

was presented, difficulties in navigating the site, and confusing input handling. How-
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Figure 3.4: Comparison of Heuristic Evaluations for Engineering Toolbox: Al vs. Students

ever, their focus areas differed: Al emphasized structural and functional inconsistencies,
while students were more concerned with usability roadblocks that directly affected their
workflow.

One of the most pressing concerns for both Al and student evaluators was the disorga-
nized interface, which significantly impacted usability. Al highlighted that the homepage
was overloaded with content, the converter tool was hidden under excessive elements and
advertisements. This cluttered layout not only made it harder for users to find the con-
version tool but also distracted from the primary function of the website. Al assigned a
high severity rating to this issue (Severity: 4), recommending a more minimalist design
with clearer visual hierarchy. Students expressed similarly this concern, noting that ads
often interrupted the conversion process and caused accidental clicks. However, instead
of purely reducing clutter, they suggested repositioning the converter to the top of the
page for easier accessibility.

The absence of proper input validation and error handling was a significant usability
flaw recognized by both Al and students. AI found that the system permitted non-numeric
inputs and invalid unit selections without providing immediate feedback, resulting in

errors only appearing after users attempted conversions (Severity: 4). It recommended
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Figure 3.5: Interface of the Convert me.com website (screenshot by the author).

implementing real-time input validation and restricting invalid selections. Students faced
similar frustrations but framed the issue differently. They struggled with unclear error
messages that provided little guidance on how to correct mistakes. Many of the messages,
such as "Is it a number? Sorry, can’t parse it," were vague and unhelpful. They rated
this issue as a high usability problem and suggested that error messages should be more
instructive and placed closer to the affected input fields for better visibility.

The conversion process itself was another area of concern. Al noted that while some
conversions happened automatically, a "Convert Me" button was still present, leading to
confusion about whether user action was required (Severity: 3). It recommended either
removing the redundant button or making it explicitly clear whether conversions were
automatic or manual. Students also expressed confusion but were more concerned with
the inconsistency in how different converters operated. Some conversion tools redirected
them to new pages, while others processed inputs on the same screen, disrupting workflow
and making the system unpredictable. They suggested standardizing the behavior across
all conversion tools to ensure consistency.

A related problem was the absence of user control options, particularly the lack of an
undo/reset function. AI noted that users had no way to clear or revert inputs quickly,

forcing them to manually delete values (Severity: 3). It proposed adding a reset button
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and undo functionality for convenience. Students, on the other hand, were more focused
on how the converter did not remember their last-used units, meaning they had to re-select
them every time they returned to the page. They viewed this as an unnecessary usability
burden (Severity: 3) and suggested a history or favorites feature to retain frequently used
conversions.

Another usability concern was navigation inefficiencies. AI found that the lack of
a search function required users to manually scroll through long unit lists to find what
they needed (Severity: 2). It recommended introducing a search bar for quicker access.
Students had a similar complaint but framed it differently. They noted that certain
unit selection menus were hidden or difficult to locate, making the process unnecessarily
tedious. Their suggestion was to improve menu placement and visibility rather than just
adding a search function.

Lastly, help and documentation deficiencies were noted by both evaluations. AI ob-
served that there were absence of on-screen guidance and contextual hints to guide users,
forcing them to figure out conversion processes on their own (Severity: 2). It recom-
mended adding contextual guidance to improve usability. Students found this issue even
more frustrating, as help materials were difficult to access and often redirected to ex-
ternal pages, making it inconvenient for users to find relevant information. They rated
this as a major usability issue (Severity: 3) and suggested integrating concise, in-page
documentation to reduce dependency on external resources.

In summary, Convert Me presented a distinct set of usability challenges compared to
the previous websites. While Unit Converters.net and Engineering Toolbox had issues re-
lated to feedback delays and navigation inefficiencies, Convert Me struggled with interface
clutter, inconsistent interactions, weak error handling, and a lack of user control options.
ATD’s analysis emphasized structural fixes such as layout improvements, better validation,
and real-time feedback mechanisms, while students focused more on workflow efficiency,
personalization options, and clearer error handling.

To illustrate the differences in Al and student evaluations, Table 3.3 provides a com-
parative summary of the severity ratings assigned to each heuristic. Figure 3.6 visually

presents these findings, highlighting areas of agreement and divergence between the two
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evaluation methods.

Table 3.3: Comparison of average severity ratings between Al and students evaluations
for the Convert-me.com website.

Heuristic Al Severity | Student Severity
Aesthetic and Minimalist Design 3.00 2.63
Help and Documentation 2.00 2.50
Error Prevention 3.75 2.13
Visibility of System Status 2.33 2.75
Help Users Recognize, Diagnose, and Recover 2.67 1.80
Recognition Rather Than Recall 2.00 1.50
Consistency and Standards 2.00 3.00
Match Between System and the Real World 1.00 1.50
User Control and Freedom 2.50 2.67
Flexibility and Efficiency of Use 2.50 3.00
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Figure 3.6: Comparison of Evaluations for Convert-Me: Al vs. Students.

3.3.5 Website 4 analysis: Asknumbers

The usability evaluation of AskNumbers uncovered distinct challenges, differing from
the previously analyzed websites. While earlier sites suffered from visibility delays and
workflow inefficiencies, AskNumbers presented obstacles related to finding essential tools,
navigation difficulties, and unclear system feedback. AI’s assessment emphasized struc-

tural inconsistencies, terminology issues, and validation gaps, whereas students focused
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more on practical usability concerns, such as locating the converter, inefficient navigation,

and poor error handling.
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Figure 3.7: Interface of the Asknumbers.com website (screenshot by the author).

A significant usability concern identified in both Al and student evaluations was the
difficulty in locating the primary conversion tool. Al highlighted the cluttered layout, not-
ing that excessive elements pushed the key functionality out of immediate view (Severity:
3). Students echoed this concern, stating that the left-aligned layout left excessive empty
space on wider screens, making navigation cumbersome (Severity: 3). Al recommended a
cleaner layout with a clearer visual hierarchy, while students suggested repositioning the
conversion tool for easier access.

The lack of clear system feedback further contributed to usability challenges. AI noted
that the website failed to indicate when conversions were in progress or completed, leaving
users uncertain if their inputs had been processed (Severity: 2). Students encountered
similar problems but framed them differently, emphasizing that some conversions failed
silently without warning, particularly when entering large numbers (Severity: 4). Al pro-
posed real-time indicators for process completion, whereas students recommended clearer
messaging and visual cues for successful conversions.

Another major concern was input validation and error handling, which both AI and

students identified as a major flaw. Al found that the system allowed invalid inputs,
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including letters in numeric fields, without providing immediate feedback (Severity: 4).
Additionally, there were no warnings for mismatched unit types, which led to incorrect
conversions. Students faced similar frustrations but focused on the unclear error messages,
which failed to specify what went wrong (Severity: 3). Al suggested implementing stricter
validation and real-time feedback, while students emphasized the need for clearer, more
instructive error messages.

The lack of user control options further complicated the usability experience. Al iden-
tified the absence of an undo/reset function, which forced users to manually clear inputs
instead of quickly resetting the form (Severity: 3). Additionally, the inability to switch
between units without re-entering values made the process inefficient. Students shared
these concerns but were more frustrated with the website requiring form resubmission
when navigating back, which interrupted the workflow (Severity: 3). Al recommended
adding an undo/reset button, while students suggested streamlining navigation to prevent
unnecessary page reloads.

Another critical issue was navigation inefficiencies, which disrupted the usability ex-
perience. Al pointed out that the website lacked a search function for locating unit
conversions, requiring users to manually scroll through long lists (Severity: 2). Students
encountered similar issues but noted that menus were poorly placed and difficult to locate,
making the process unnecessarily tedious (Severity: 3). Al suggested adding a search bar,
whereas students recommended reorganizing menu structures to ensure key features were
easily accessible.

In terms of consistency and standards, both Al and students identified discrepancies
across different conversion tools. Al noted terminology inconsistencies, such as variations
in unit names and drop-down styles (Severity: 2). Students encountered a more immediate
issue—different converters operated in different ways, with some requiring new page loads
while others processed conversions in place (Severity: 3). They also flagged the currency
converter as problematic, as it often failed to work correctly without explanation (Severity:
4). Al recommended standardizing terminology and interface elements, while students
suggested ensuring uniform behavior across all conversion tools.

Lastly, help and documentation deficiencies were a shared concern. Al noted the
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absence of in-page tool-tips and contextual guidance, which forced users to figure out
conversion processes on their own (Severity: 2). Students found this issue more frustrat-
ing, particularly when help materials redirected them to external pages, disrupting their
experience (Severity: 3). Al suggested integrating contextual tool-tips, while students
recommended providing on-page help to reduce reliance on external resources.

The AskNumbers evaluation revealed a set of usability challenges distinct from the
previously analyzed websites. Locating the main conversion tool, poor navigation, unclear
system feedback, and weak error handling stood out as the most critical issues. While
Al emphasized structural inconsistencies and missing validation mechanisms, students
focused more on workflow disruptions and interface usability barriers. Addressing these
concerns through a cleaner layout, real-time validation, standardized interactions, and
clearer messaging would significantly enhance the overall user experience.

The comparative severity ratings assigned by Al and students are presented in Table
3.4, which summarizes key usability concerns. Figure 3.8 provides a visual representation
of these assessments, highlighting areas of agreement and divergence between the two
evaluation methods.

Table 3.4: Comparison of average severity ratings between Al and students evaluations
for the Asknumbers.com website.

Heuristic AT Severity | Student Severity
Aesthetic and Minimalist Design 2.50 1.89
Help and Documentation 2.00 3.00
Error Prevention 3.67 3.00
Visibility of System Status 1.33 2.60
Help Users Recognize, Diagnose, and Recover 3.50 2.80
Recognition Rather Than Recall 2.00 2.00
Consistency and Standards 1.67 2.00
User Control and Freedom 3.00 2.50
Flexibility and Efficiency of Use 1.67 2.67
Match Between System and the Real World 2.67 -

3.4 Comparative analysis across all websites

The usability evaluation of the four websites revealed distinct differences in how AI and

students identified and prioritized usability issues. Al predominantly detected technical
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Figure 3.8: Comparison of Evaluations for AskNumbers: Al vs. Students.

inconsistencies, error handling flaws, and deviations from standard usability guidelines,
while students focused more on practical user experience barriers, such as clarity of in-
structions, navigation efficiency, and interaction flexibility. This divergence in evaluation
perspectives highlights the complementary strengths of Al-driven and human assessments
in usability testing, as also emphasized by Fan et al. (2022), who found that combining Al
explanations with human judgment improved the overall effectiveness of UX evaluations

[65].

3.4.1 Tool ranking by AI and students

The rankings of the best and worst tools, as determined by student preferences, are illus-
trated in Figure 3.9. These rankings provide insights into how usability factors influenced

user perception.

Student rankings

Students rated the tools based on interface simplicity, ease of use, and clarity of feedback.
As shown in the left pie chart of Figure 3.9, the majority (56.6%) considered UnitCon-

verters.net the most user-friendly tool, citing its clear layout, minimal distractions, and
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easily accessible features. AskNumbers followed at 21.7%, though concerns about unclear
error messages and confusing terminology were frequently mentioned.

On the other hand, the right pie chart reveals that Convert-Me was the least preferred
tool (40%), with students highlighting its excessive advertisements and cluttered interface
as major usability barriers. Engineering Toolbox also received negative feedback (30%),
primarily due to its outdated design, complex navigation, and lack of system feedback.

Best Tool Worst Tool

Engineering Toolbox Convert-me

Engineering Toolbox
No Best Tool Mentioned
No Best Tool Mentioned

AskNumbers

AskNumbers

UnitConverters

Convert-me

Figure 3.9: Students’ Rankings of Best and Worst Tools.

AT rankings

Al rankings followed a different pattern, prioritizing technical consistency, structured lay-
outs, and error prevention mechanisms. Like students, Al identified UnitConverters.net
as the best tool, but its reasoning differed. It was ranked highly due to strong input
validation, structured layout, and effective system feedback. AskNumbers was also rated
second, primarily for its automated conversion process, though AI flagged issues such
as weak error handling and inconsistent Ul elements. Conversely, Convert-Me and Engi-
neering Toolbox received the lowest rankings, with Al pinpointing unstructured interfaces,

inconsistent UI behaviors, and inadequate feedback systems as key drawbacks.

3.4.2 Usability patterns across heuristics

Figure 3.10 provides a heatmap representation of severity ratings assigned by AI and

students across the ten heuristic principles. Darker shades indicate higher severity ratings,
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Figure 3.10: Heatmap Comparing Al and Student Severity Ratings Across Heuristics.

highlighting key usability concerns that emerged across multiple websites.

A comparative analysis of heuristic evaluations reveals recurring patterns in usability
challenges. Table 3.5 summarizes the most prominent issues identified by Al and students,
along with the websites most affected by these concerns.

The heatmap and table reveal that Convert-Me, AskNumbers, and UnitConverters.net
had the most critical flaws in error prevention, with AI highlighting weak input validation
and vague error messages, while students struggled with poor system feedback and unclear
error handling. Engineering Toolbox and UnitConverters.net were noted for feedback
mechanism issues, where Al detected the absence of progress indicators, and students
reported that missing real-time responses created confusion.

Similarly, Convert-Me and Engineering Toolbox were flagged for cluttered interfaces,
with Al noting inconsistent layouts, while students found excessive advertisements dis-
tracting. In terms of help and documentation, students were particularly critical of En-
gineering Toolbox, AskNumbers, and UnitConverters.net, stating that instructions were
difficult to access or missing altogether, whereas Al assigned a lower severity rating to
this category, as its focus was more on interface consistency rather than user guidance.

In this study, Al excelled at identifying structural inconsistencies and adherence to

heuristics. It did not fully capture the human experience of usability challenges. Students,
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Table 3.5: Comparison of usability issues identified by Al and students.
Issue Al identified Student identi- | Most affected
fied websites

Error prevention | Missing input | Confusing error | Convert-Me,
validation, no au- | messages, incorrect | AskNumbers,
tomated checks, | input handling UnitConverters.net,
vague error Imes- Engineering Tool-
sages box

Feedback mecha- | No progress indica- | Delayed feedback, | Engineering Tool-
nisms tors, unclear system | missing confirma- | box, AskNumbers,
status, lack of real- | tion messages UnitConverters.net,
time validation Convert-Me
Aesthetic and | Inconsistent layout, | Visual distractions, | Convert-Me, Engi-
minimalist de- | poor spacing, exces- | overwhelming U, | neering Toolbox
sign sive elements too many ads

Help and docu- | Low severity rat- | Missing/unclear AskNumbers, En-

mentation ing, missing tool- | instructions, no | gineering Toolbox,
tips, lack of contex- | search function UnitConverters.net
tual guidance

Navigation and | No search func- | Hard-to-find fea- | Convert-Me,  En-

flexibility tion, difficult menu | tures, confusing | gineering Toolbox,
structure, ineffi- | navigation UnitConverters.net,
cient dropdowns AskNumbers

User control and | No undo/reset func- | Frustration — with | AskNumbers,

freedom tion, limited flexi- | non-reversible ac- | Convert-Me, Unit-

bility, difficult back-

tions, inability to
swap units

Converters.net,
Engineering Tool-
box

Consistency and
standards

navigation

Different UI be-
havior across
conversion  tools,

non-uniform design

Unclear Ul interac-
tions, inconsistent
unit formatting

AskNumbers,
Convert-Me,
Converters.net

Unit-

Help users rec-
ognize, diagnose,
and recover from
errors

Unclear error
messages, weak
troubleshooting
guidance

Hard-to-interpret
error prompts, lack
of guidance on
fixing errors

AskNumbers, En-
gineering Toolbox,
Convert-Me

Match between
system and the
real world

Confusing terminol-
ogy, unit labels not
intuitive

Unfamiliar lan-
guage, difficult-to-
interpret conversion
results

UnitConverters.net,
AskNumbers
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on the other hand, highlighted interaction barriers, instructional clarity, and real-world
usability issues that Al tends to overlook. These differences will be further examined in

the discussion chapter.



4 Discussion

4.1 Al in usability testing: strengths and limitations

The study’s results indicate that Al can effectively and swiftly detect structural usability
problems, particularly those involving input validation, consistent interface design, and
feedback from the system. Across all four websites, Al and human evaluators identified
many of the same usability flaws, reinforcing Al’s reliability in heuristic-based assessments.
This alignment suggests that Al has the potential to assist in automating usability testing,
which may help reduce the time and effort required for large-scale evaluations.

This study may not give a full picture of AIl’s capabilities for usability testing. Al
was constrained by only using static screenshots as input. Al was thus unable to as-
sess interactive elements such as hover effects, progress indicators, and real-time feedback
mechanisms. A notable example was Al repeatedly flagging missing system status indi-
cators, even when they appeared dynamically during live interactions. This limitation
highlights the need for AI models that can interact with interfaces in real time, rather
than relying solely on static image analysis.

While AT excels in detecting rule-based inconsistencies, human evaluators remain es-
sential for validating its findings and assessing dynamic usability aspects. In this study,
AT seemed to apply heuristic principles consistently, which sometimes led to repeated de-
tection of similar issues across different websites. While this ensured consistency, it also
meant that Al sometimes flagged issues without considering their context. For example,
Al identified cluttered layouts across multiple websites but failed to distinguish between
clutter caused by excessive advertisements and clutter resulting from poor content organi-
zation. In contrast, human evaluators provided qualitative insights into how such design

elements impacted user experience. This distinction underscores Al’s lack of contextual
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awareness; while it can identify usability violations, it does not interpret their effect on

user engagement and cognitive load.

4.2 Comparative analysis of AI and human evaluations

A key observation from this study is that AI and human evaluators identified several
overlapping usability issues, suggesting that Al may be useful in detecting rule-based
inconsistencies. This finding is crucial in addressing how Al can complement human abil-
ities to create a more efficient and accurate usability testing process. By automating
routine tasks, Al greatly minimizes the time and effort needed for usability testing, en-
abling human evaluators to concentrate on more subjective elements like cognitive load
and emotional engagement.

However, Al's evaluations lacked the depth of human assessments, particularly in areas
involving user perception and interaction difficulties. Human evaluators focused on how
usability flaws affected workflow, cognitive effort, and emotional responses. For example,
Al accurately identified overcrowded layouts in Convert-Me, but it did not recognize
how intrusive advertisements disrupted user workflow. Although GPT-40 extracted text
from the interface screenshot, it lacked contextual understanding of which elements were
essential to the user task and which were peripheral or disruptive, such as ads. Human
participants, on the other hand, noted how these distractions increased task completion
time and user frustration. Similarly, Al flagged inconsistent formatting in Engineering
Toolbox but failed to account for how poor result visibility affected user comprehension.
These examples illustrate Al’s inability to assess the human experience of usability beyond
surface level inconsistencies.

The findings indicate that Al appears to be particularly useful for automating large-
scale usability evaluations, potentially allowing human testers to focus more on the nu-
anced aspects of user experience. Rather than viewing Al as a replacement for human
evaluators, it should be seen as a tool that complements human expertise, ensuring both

efficiency and depth in usability testing.
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4.3 Methodological insights and query optimization

Another important observation was that Al did not identify all usability issues in a single
evaluation. Instead, multiple queries were required to capture a more comprehensive set
of findings. The breadth of Al-generated results was influenced by how queries were
framed—when prompts were refined to focus on specific usability heuristics, Al identified
additional issues that were initially overlooked.

This iterative nature of Al evaluation suggests that structured, multi-stage querying
can improve the accuracy and depth of Al-generated findings. Rather than relying on a
single assessment, usability testers may enhance AI’s output by rephrasing prompts and
requesting issue breakdowns by heuristic category. This strategy not only maximizes Al’s
detection capabilities but also ensures that its findings align more closely with human

evaluations.

4.4 Scope and applicability of Al in usability testing

This study focused exclusively on website usability testing to keep the scope manageable
and allow for a clear comparison between Al and human evaluations. Websites were
chosen as the test case because they present fundamental usability challenges, such as
navigation, form validation, and feedback mechanisms, which AI could analyze based
on heuristic principles. However, the possible uses of Al in usability testing extend far
beyond website evaluations.

Artificial intelligence can support usability testing across multiple fields, such as mobile
applications, enterprise software, and embedded systems. In software testing, Al offers the
capability to automate various aspects of functional testing, detect usability bottlenecks,
and analyze user interaction patterns on a much larger scale. However, these applications
were beyond the scope of this study, which aimed to determine whether AI could be
effectively used in usability testing at a fundamental level. Future research should explore
ATD’s role in more complex usability scenarios, including real-time software interaction

testing and Al-driven user behavior analysis.
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4.5 Scalability and practical applications

One of AT’s key advantages in usability testing is its scalability. Unlike human testers, who
require coordination, training, and time investment, Al can execute repeated assessments
with minimal resource allocation. This suggests that AI could be particularly useful
for early-stage usability testing, where developers need rapid feedback before conducting
more in depth human evaluations. Additionally, Al-generated usability reports could
serve as learning tools for novice developers, helping them identify fundamental design
flaws without requiring specialized usability expertise.

However, while Al reduces manual workload, it does not eliminate the need for human
involvement. Its inability to assess dynamic elements, contextual usability challenges, and
subjective user experiences means that Al-generated reports should be validated through
human review. The most effective approach is to integrate Al as an initial diagnostic
tool, using its efficiency to highlight potential usability concerns while relying on human

testers to interpret and refine its findings.

4.6 Future Directions and Enhancements

A key limitation of this study was Al’s reliance on static images. Future research should
explore Al models capable of analyzing video recordings of user interactions. Video based
evaluation could provide a more comprehensive understanding of usability by capturing
sequential interactions, user navigation patterns, and real time system responses. By
incorporating temporal data, Al could more accurately assess system status visibility,
task completion flows, and responsiveness issues that are necessarily missed in static
image based analysis.

An even more promising direction would be the development of AI models that can
actively interact with websites, mimicking real user behavior to uncover usability issues.
Al-driven autonomous interaction, including navigating through pages, filling out forms,
and simulating user tasks, has the potential to offer deeper insights into navigation ef-
ficiency, input validation failures, and real-time feedback accuracy. If Al could perform

structured usability tests by interacting with different interface components, it would
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allow for a far more realistic and adaptable evaluation process.

Additionally, future advancements should integrate real time Al-powered usability
testing frameworks that combine interaction tracking with machine learning based usabil-
ity predictions. Such systems could detect usability bottlenecks dynamically, adapting
their evaluation based on user interaction data rather than relying solely on predefined
heuristic principles. Al models that incorporate eye-tracking, mouse movement heatmaps,
and behavioral analysis could further enhance usability assessments, making them more
responsive to real-world user experiences.

Expanding Al’s capabilities beyond static heuristic analysis would significantly im-
prove its role in usability testing. By enabling real-time interaction with digital interfaces,
AT could evolve from a rule based evaluator into an adaptive usability testing tool that
closely mirrors human testing methodologies. Further research is needed to unify these
developments into a comprehensive, adaptable, and interactive Al-driven usability testing

framework.



5 Conclusion

This study focused on understanding the impact of artificial intelligence (AI) in usabil-
ity testing, highlighting its strengths and limitations compared to human evaluations.
The findings suggest that the specific Al model used—GPT-40—was effective in detect-
ing structural usability issues, input validation errors, and interface inconsistencies with
speed and consistency. However, it lacked the ability to fully understand user context,
dynamic interactions, and emotional responses, making human evaluators indispensable
in capturing the experiential and subjective aspects of usability.

The study suggest that Al’s scalability makes it a powerful tool for early-stage usability
testing and large-scale audits. It hold promise for reducing costs and effort by automating
repetitive evaluations, allowing human testers to focus on subjective and experiential
aspects of usability. However, Al’s reliance on static images limits its ability to assess real-
time interactions, requiring further advancements to enhance its adaptability to dynamic
user experiences.

The study underscores the significance of integrating both methods, where Al serves as
an efficient, data-driven evaluator, while human testers provide critical contextual insights.
This combination ensures a more comprehensive usability evaluation process that balances
automation with human expertise. Further studies should prioritize the creation of Al
models with capabilities for live assessments, behavioral analysis, and dynamic learning
to strengthen both accuracy and contextual relevance in usability evaluations.

In conclusion, Al can be a valuable asset in usability testing, streamlining the evalua-
tion process and reducing costs. However, human oversight remains essential to interpret
findings meaningfully and ensure usability testing remains user-centric. By integrating
AD’s analytical strengths with human insight, usability testing can evolve into a more

efficient, adaptive, and insightful process, aligning with the rapid advancements in digital
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technology.
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