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ABSTRACT
Usability defects in software systems result in challenges for users
during their interactions with the software. To address these chal-
lenges, usability inspection is key for detecting defects during soft-
ware development, allowing them to be fixed before the defects
reach end users. It also plays a critical role after software implemen-
tation, during the software maintenance phase. This paper presents
Solaria-GPT, a tool based on a tailored version of ChatGPT, designed
to assist software engineers in identifying and classifying usability
defects following Nielsen’s heuristics. Solaria-GPT facilitates two
interactions: the detection of usability defects in user interfaces and
the classification of each defect based on the violated heuristic. To
evaluate the tool, we conducted a study to assess the performance of
Solaria-GPT across textual andmedia-based inputs (screenshots and
videos), focusing on its accuracy rate (correct heuristic violation),
utility rate (valid defect identified by Solaria-GPT), and new defect
rate (new defect identified by Solaria-GPT). The results indicated a
96.23% accuracy rate in heuristic classification from textual inputs.
For utility rate and new defect rate, the Solaria-GPT achieved 86.67%
and 86.67%, respectively, for screenshots, and 16.13% and 87.10%,
respectively, for videos. Comparisons with other large language
models (Claude, Qwen, Gemini, and Deepseek) demonstrated that
Solaria-GPT outperformed all alternatives across metrics. These
findings suggest that Solaria-GPT is a promising tool for enhancing
software usability during the software development lifecycle.
Demo Video: https://doi.org/10.5281/zenodo.15275798
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1 Introduction
Usability is a critical quality attribute in software design, reflecting
the extent to which users can effectively interact with and utilize a
software [10]. As a fundamental aspect of software development,
usability plays a role in shaping user experience, influencing factors
such as satisfaction, productivity, and product success [8, 11, 14].
To assist users in operating software systems effectively, it is crucial
to reduce their vulnerability to usability defects [17]. Intending to
address these issues, two primary approaches are available: usability
testing and usability inspection [7]. Usability testing involves end
users who do not require technical expertise. In contrast, usability
inspections are performed by usability experts who are familiar with
human-computer interaction and usability evaluation [9, 15, 24, 28].

Usability inspection is typically conducted during the software
development lifecycle, particularly during software implementa-
tion, to identify defects before the product is released to end users.
Additionally, it can also be performed during the software main-
tenance phase, when bug fixes and new features are implemented.

This approach enables developers to resolve issues early, preventing
usability problems and improving software quality [16].

One widely used usability inspection technique is Nielsen’s
heuristic evaluation [17], which relies on 10 heuristics to assess the
usability of a system interface. If one or more heuristics are violated
during inspection, the system is considered to have usability defects
that require correction before deployment.

To support usability inspection during software implementa-
tion and maintenance, we introduce Solaria-GPT, a tool based on
a tailored version of ChatGPT [23]. Solaria-GPT assists software
engineers in identifying usability defects and classifying them ac-
cording to the violated Nielsen heuristics [17]. Users can interact
with Solaria-GPT in two main ways: (1) detecting usability defects
in user interfaces and (2) classifying each defect based on the heuris-
tic it violates. To assess the effectiveness of the tool, we conducted
a study and compared the performance of Solaria-GPT with those
of other generative AI platforms, including Claude [2], Qwen [3],
Gemini [26], and Deepseek [5].

Solaria-GPT is the result of a research process in which we fol-
lowed the Research Playbook for Disruptive Innovations [25]. As
first step, we employed McLuhan’s tetrad [13, 27], where we con-
ducted a reflection process to analyze the phenomena that the use
of LLM can generate in the usability inspection process by iden-
tifying which the disruptive technology enhances, make obsolete,
which concepts retrieve and what reverses when used exhaustively.
In this analysis, (1) We identified what the use of LLM improves or
enhances in usability inspection, which is the automatic classifica-
tion of violated heuristics and detection of usability defects; (2) We
also verified what the use of LLM can make obsolete, such as the
need for manual inspection made only by humans; (3) What the use
of LLM retrieves, which is using it as an interactive tutorial through
questions (asking instructions about defect analysis) and answers
(defects and heuristics violated); and (4) What usability inspection
reverses, when using LLM exhaustively, such as autonomy and de-
pendence on users to perform usability inspection. Thus, a first step
of this research is to analyze the introduction of LLM for usability
inspection as a tool, to understand how LLM can complement the
usability inspection process. To achieve it, we discuss in this paper
how the LLM enhances the usability inspection by proposing a tool
to detect defects and classifying them according to the violated
heuristic.

We organized this paper as follows: Section 2 provides the theo-
retical background about usability inspection and heuristic evalua-
tion; Section 3 introduces Solaria-GPT; Section 4 presents the study;
Section 5 discusses limitations; and Section 6 offers conclusions
and directions for future work.

https://doi.org/10.5281/zenodo.15275798
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2 Heuristic Evaluation
Usability is a quality attribute that measures how easily users can in-
teract with a system’s interface [9, 12, 21]. When a software system
contains usability defects, it becomes difficult to use, reflecting its
low usability [16]. In particular, the usability inspection is a widely
used method for identifying existing defects [17], and Nielsen’s
heuristic evaluation is a commonly adopted inspection technique
that involves a set of 10 general usability principles1 that software
might follow to ensure a good user experience [17]. During this
evaluation, a software engineer reviews the interface to identify
violations of these principles. The presence of usability defects in-
dicates that one or more heuristics have been violated and that the
system must be improved to address these issues [17].

3 Solaria-GPT: A Tool for Usability Inspection
To support the usability inspection process throughout the soft-
ware development lifecycle, particularly during implementation
and maintenance, we developed Solaria-GPT2, a tailored version
of ChatGPT designed to detect usability defects and classify them
according to the violated Nielsen heuristics. The Solaria-GPT is dis-
tributed under the MIT license. This section presents Solaria-GPT,
outlining its features, users, architecture, and usage for usability
inspection throughout the software development lifecycle.

3.1 Tool Description
GPT technology enables users to create tailored versions of Chat-
GPT adapted to perform specific tasks [19]. In particular, Solaria-
GPT was designed to work as a usability specialist to perform
heuristic evaluation, supporting the inspection process in two pri-
mary ways: (1) detecting usability defects in user interfaces and (2)
classifying the violated Nielsen heuristics. Tailoring a GPT involves
providing it with detailed instructions, which guide the model to
performwell-defined tasks. Once tailored, the GPT can be published
in the GPT Store [20], making it accessible to any user.

We developed Solaria-GPT following the steps outlined below:

(1) Prompt Creation: We created a prompt containing the
necessary instructions to tailor ChatGPT to detect defects
and identify the violated Nielsen heuristic [17].

(2) GPT Construction:We then embedded the prompt created
into a GPT instance using the GPT Builder [19] interface.

3.1.1 Prompt Creation. To develop Solaria-GPT, we adopted the
CRISPE template (Capacity and Role, Insight, Statement, Personal-
ity, and Experiment) [30] as described below:

• Capacity and Role: Solaria-GPT was defined to act as an
expert in usability inspection.

• Insight: This component is related to the context we pro-
vided in our prompt, and it is represented by a file3 describ-
ing Nielsen’s heuristics and 10 examples for each heuristic
violated.

1The 10 heuristics are described at https://www.nngroup.com/articles/ten-usability-
heuristics/
2Available at https://chatgpt.com/g/g-gO0eGq3rN-solaria-gpt
3The file with examples and details about prompt are available in our supplementary
material: https://github.com/lennonchaves/Solaria-GPT

• Statement: This component includes the explicit instruc-
tions the model must follow. For Solaria-GPT, the prompt
specified the actions to be performed during inspection.

• Personality: We configured Solaria-GPT to adopt a formal
tone in its responses.

• Experiment:We defined a structured format for the model’s
outputs, ensuring clarity when reporting usability defects
and classifying the violated heuristics. For defect classifi-
cation, the output structure is the violated Nielsen Heuris-
tic [17]. For defect detection, the output structure is the
defect description, the location where the defect happens,
and the violated Nielsen heuristic [17].

3.1.2 GPT Construction. To create a tailored GPT, the creator must
have a subscription to ChatGPT Plus [18], where the creator gains
access to the GPT Builder. All details about the process to create
Solaria-GPT are available in our artifacts (See Section 6).

3.2 Tool Features
Solaria-GPT includes the following features:

• Text Input Processing: Solaria-GPT can interpret defect
descriptions in textual format and return the corresponding
violated heuristic;

• Media Input Processing: Solaria-GPT is capable of pro-
cessing images and videos to detect usability defects. In both
cases, users upload the desired media type, and Solaria-GPT
identifies the existing defects;

• ChatGPT Interface: As a tailored version of ChatGPT,
Solaria-GPT shares the same user interface, making it fa-
miliar and easy to use;

• Structured Response: For text input, the output is always
the heuristic violated by the reported defect. For image or
video input, the response is structured as follows: (1) Descrip-
tion of the defect, (2) Location of the defect, and (3) Violated
heuristic;

• Questions and Answer Chat: Users can interact with
Solaria-GPT through a chat-based interface, engaging in
a dialogue to ask questions (e.g., requesting defect analysis
and violated heuristics) and receive as a response the defect
description and the respective heuristic violated;

• Multiplatform Support: Solaria-GPT is available on both
web and mobile platforms, allowing users to interact through
multiple channels.

3.3 Tool Users
The Solaria-GPT is a tool designed to assist development teams that
do not have dedicated usability specialists, i.e., the users of Solaria-
GPT are software engineers concerned with software quality.

3.4 Tool Architecture
To define the architecture of Solaria-GPT, we draw an analogy to the
Back-end and Front-end architectural pattern [6]. The Back-end
is responsible for business logic and rules, which in Solaria-GPT
correspond to the prompt instructions along with the description
of Nielsen’s heuristics (Described in Section 3.1.2). In the back-end,
ChatGPT processes user requests, applies the logic and rules (i.e.,

https://www.nngroup.com/articles/ten-usability-heuristics/
https://www.nngroup.com/articles/ten-usability-heuristics/
https://chatgpt.com/g/g-gO0eGq3rN-solaria-gpt
https://github.com/lennonchaves/Solaria-GPT
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Figure 1: Solaria-GPT Architecture

prompt and heuristic descriptions), and returns the output gener-
ated by the LLM. The Front-End is the user interface of Solaria-
GPT, where users interact by submitting requests and receiving
feedback or responses after data processing. Figure 1 graphically
illustrates the implemented architecture of Solaria-GPT.

3.5 Tool Usage
The Solaria-GPT was implemented to accept input data in two
formats: text and media (screenshots and video). To use Solaria-
GPT, the user might perform the following steps:

(1) Login to the ChatGPT account: https://chatgpt.com/auth/
login

(2) Once logged in, the user must access the Solaria-GPT tool:
https://chatgpt.com/g/g-gO0eGq3rN-solaria-gpt

(3) Then, the usage of Solaria-GPT might be according to the
input data:
• For textual input, the user must provide a detailed de-
scription of the usability defect, and then click to submit
the text description, and Solaria-GPT classifies the defect
and returns the violated heuristic.

• For screenshots and video, the user might attach the
media file (screenshot or video), whose usability is being
evaluated, and then click to submit the file for evalua-
tion. As a result, the Solaria-GPT will answer with a list
of defects, their specific locations, and violated usability
heuristics.

When a software engineer identifies usability defects within the
software, seeks to verify the presence of such defects, or receives
a defect report from a user, the software engineer can use Solaria-
GPT. By inputting a textual description of the defect or providing
a screenshot or video in the Solaria-GPT, a software engineer can
identify usability defects and receive a response indicating which
heuristic is violated in the reported defect. The Figure 2 illustrates
the example of usage for textual description input (Figure 2a) and
screenshot input (Figure 2b).

4 Comparative Study
In this section, we describe the comparative study conducted to
evaluate Solaria-GPT. In particular, we outline how the study was
carried out, present the results, and provide a comparison with
similar approaches.

4.1 Study Planning
4.1.1 Scope. We adopted the GQM (Goal-Question-Metric) frame-
work [4] to define themain goal of the comparative study, as follows:
Analyze the Solaria-GPT for the purpose of evaluating with re-
spect to their accuracy, utility, and new defect rate from the

(a) Solaria-GPT Usage with Textual Input

(b) Solaria-GPT Usage with Screenshot In-
put

Figure 2: Example of Usage in the Solaria-GPT

point of view of the researchers in the context of the usability
inspection performed in the Canva website4.

4.1.2 Dataset Description. To conduct this study, we evaluated
Solaria-GPT using two types of input data: text and media (screen-
shots and videos). For this purpose, we selected the Canva system,
a widely accessible application designed for general use. For text-
based input, the goal was to evaluate whether Solaria-GPT could
correctly classify the violated heuristic given a defect description.
For media-based input, the objective was to assess whether Solaria-
GPT could process the media, identify usability defects, and indicate
which heuristics were being violated.

For the text-based evaluation, we consolidated a dataset con-
taining 53 usability defects. We analyzed each defect in collabo-
ration with a usability inspection expert, and we identified the
corresponding violated heuristic. Thus, the defect dataset includes
both the defect description and the associated violated heuristic.
The main objective of building this dataset was to compare Solaria-
GPT’s output with the expert-validated classification and verify
whether the tool can correctly identify the appropriate heuristic.

For the media-based evaluation (screenshot or video), we
collected 10 screenshots from different areas of the Canva system,
all stored in PNG format. Additionally, we recorded 4 video clips in
MP4 format simulating user interactions with Canva. The screen-
shot and video were also analyzed by an usability expert.

4https://www.canva.com/

https://chatgpt.com/auth/login
https://chatgpt.com/auth/login
https://chatgpt.com/g/g-gO0eGq3rN-solaria-gpt
https://www.canva.com/
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Which heuristic is violated in the following defect:
[Defect Description]

Figure 3: Prompt Used for Text Input

Perform a usability inspection of the attached screen?
[Attached screenshot of the screen]

Figure 4: Prompt Used for Media-Based Input (Screenshot)

Analyze the attached video and perform a usability inspection.
[[Attached video with screen interaction]

Figure 5: Prompt Used for Media-Based Input (Video)

4.1.3 Prompt Used. To validate the Solaria-GPT, we also adopted
a specific prompt for each type of input data. We adopted the zero-
shot technique [29], as the sole objective was to illustrate how to
use the Solaria-GPT. In particular, we created these prompts to enter
the inputs in Solaria-GPT, however, users can freely use Solaria-
GPT without adhering to specific prompts or methods, allowing
them to easily use Solaria-GPT. The prompt used to evaluate text-
based input is illustrated in Figure 3, where the goal is to analyze
the inserted text and classify the usability heuristic being violated.
For media-based input, we developed two different prompts. Fig-
ure 4 presents the prompt used to evaluate screenshot input, while
Figure 5 shows the prompt used for video input analysis.

4.1.4 Metrics. Regarding the evaluation metrics for the Solaria-
GPT tool, we defined 3 metrics:

• Accuracy Rate: This metric applies to text-based inputs. Its
goal is to assess whether Solaria-GPT can correctly classify
the heuristic associated with a defect based on a textual
description. Accuracy rate is calculated as follows:

Accuracy Rate =
Number of Correct Classified Heuristics*

Total Number of Defects Found
× 100% (1)

* Number of Defects Classified in the Correct Heuristics
• Utility Rate: This metric applies to media-based inputs
(screenshots or videos). Its purpose is to determine whether
the defect identified by Solaria-GPT is valid, that is, whether
the defect actually exists in the context of the providedmedia.
If the defect does not correspond to the content of the media,
it is considered invalid. Utility rate is calculated as follows:

Utility Rate =
Number of Valid Defects

Total Number of Defects Found
× 100% (2)

• New Defect Rate: This metric assesses whether a defect
identified in the media input is uncatalogued in the defect
dataset, which means it is an unknown defect. To support
the computation, we removed the duplicated defects and
consolidated them into a list of unique defects. If the defect
is unique and not cataloged in the dataset yet, it indicates that
the LLM is capable of identifying new defects (not previously
known). New Defect Rate is computed as follows:

New Defect Rate =
Number of New Defects

Total Number of Defects Found
× 100% (3)

4.1.5 Execution. We conducted the study as follows:
(1) Validation of Text-Based Input:We submitted the prompt

described in Figure 3 to Solaria-GPT along with each defect
from the defect dataset. Solaria-GPT processed each textual

description and returned the corresponding violated heuris-
tic. We then compared the heuristic classified by Solaria-GPT
with the heuristic identified in the dataset. If the returned
heuristic matched the one from the dataset, the classification
was considered correct. Otherwise, it was marked as incor-
rect. In total, all 53 defects from the dataset were evaluated.

(2) Validation of Media-Based Input (Screenshot): Each of
the 10 screenshots was submitted individually to Solaria-GPT
along with the prompt described in Figure 4. For each input,
Solaria-GPT returned the identified defects, their respective
locations, and the violated heuristics.

(3) Validation of Media-Based Input (Video): Similarly, each
of the 4 videos was submitted to Solaria-GPT along with
the prompt described in Figure 5. Solaria-GPT returned the
detected defects, the location where each defect occurred,
and the corresponding violated heuristics.

(4) Computation of Evaluation Metrics: After completing
the experiments for each type of input, we computed the eval-
uation metrics. For text-based inputs, we calculated the accu-
racy rate. For media-based inputs (screenshots and videos),
we computed the utility rate and the new defect rate.

(5) Comparison with Other Approaches: After evaluating
Solaria-GPT, we compared its performancewith other similar
LLMs, including Claude5 [2], Qwen6 [3], Gemini7 [26], and
Deepseek8 [5]. We conducted comparative analyses based
on the accuracy rate, utility rate, and new defect rate metrics.
Additionally, we compared the features between the LLMs.
These results are presented in Section 4.3.

4.2 Solaria-GPT Results
In this section, firstly, we will discuss the results of the accuracy
rate, utility rate, and new defect rate for Solaria-GPT. In the next
section, we will compare the Solaria-GPT results with other LLM
approaches.

4.2.1 Validation of Text-Based Input. The analysis for text-based
input aimed to evaluate the classification of the heuristic violated
by the defect description. Our defect dataset consisted of 53 defects,
and each one was submitted individually to the tool. Solaria-GPT
returned the corresponding violated heuristic for each input. By
comparing Solaria-GPT’s output with the expected heuristic in our
dataset, we determined whether the classification was correct. After
evaluating all 53 defects, we observed that Solaria-GPT correctly
classified 51 cases and misclassified only 2. Therefore, Solaria-GPT
achieved an accuracy rate of 96.23% (51/53). One of the incorrect
classifications highlighted a flaw characterized by icons that were
too similar and could lead to user confusion. The expected heuristic
classification was “H4. Consistency and Standards”; however, Solaria-
GPT incorrectly classified it as “H3. User Control and Freedom”.
Another misclassified defect was related to the lack of freedom for
users to copy content to their preferred location. Despite this, the
system did not permit the task from being completed. Consequently,
Solaria-GPT categorized it as “H2. Match Between System and the
Real World”, whereas the expected heuristics were actually “H7.
5https://claude.ai/
6https://chat.qwen.ai/
7https://gemini.google.com/
8https://chat.deepseek.com/

https://claude.ai/
https://chat.qwen.ai/
https://gemini.google.com/
https://chat.deepseek.com/
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Flexibility and Efficiency of Use” and “H3. User Control and Freedom”.
These heuristics were mentioned in Section 2.

4.2.2 Validation of Media-Based Input (Screenshot). In the analysis
of media-based input, specifically the screenshots of the evaluated
system, we observed that from 10 screenshots, Solaria-GPT detected
a total of 30 usability defects. After using the tool, we manually
validated whether each reported defect was actually present in the
context of the submitted screenshot. In this analysis, we found that
26 defects were valid, yielding a utility rate of 86.67% (26/30). In
addition, we computed the new defect rate metric, i.e., the capability
of Solaria-GPT to detect new defects, and we found that 26 defects
were unique and different from those already present in the defect
dataset, resulting in a new defect rate of 86.67% (26/30).

4.2.3 Validation of Media-Based Input (Video). For this analysis,
we submitted 4 videos to Solaria-GPT, which returned a total of
31 defects. We also evaluated the utility rate, and 5 defects were
found to be valid, resulting in a utility rate of 16.13% (5/31). This
indicates that although Solaria-GPT identified several defects in
the videos, only a few defects were actually valid. Additionally, we
observed that 27 defects detected by Solaria-GPT were unique and
new, resulting in a computed new defect rate of 87.1% (27/31).

4.3 Comparison with Similar Approaches
Pourasad et al. [22] presented a study on the application of GenAI
in usability testing. Although the main focus is on testing, the work
also offers contributions to usability evaluations. In contrast, our
proposal focuses specifically on the context of usability inspection.
To complement the study of Solaria-GPT, we conducted a com-
parison with similar approaches, including: (1) Qwen by Alibaba
Cloud, version 2.5 Max; (2) Deepseek, version V3; (3) Claude by
Anthropic, version Sonnet 3.7; and (4) Gemini by Google, version
2.0. These models were selected because they are competitive LLMs
on the market [1–3, 5, 26]. The same instructions (See Section 3.1)
used for tailoring the Solaria-GPT were applied to these models
to ensure a fair comparison under the same conditions. As these
other approaches do not allow the creation a tailored version, we
entered the instructions via prompt, and then we performed the
evaluations.

In our results, we identified that almost all evaluated metrics
(accuracy rate, utility rate, and new defect rate), Solaria-GPT con-
sistently outperformed the other LLMs, demonstrating its potential
as a valuable tool to enhance the usability inspection during or
after software development. Additionally, we compared the feature
sets of Solaria-GPT with those of the other models, as shown in
Table 1. Unlike the other models, Solaria-GPT supports input via
text, screenshots, and videos. Moreover, the ChatGPT platform al-
lows for tailored GPT versions that can be published and shared
through the GPT Store [20], making them accessible to any user.
The other models still have limitations that are already addressed by
Solaria-GPT, positioning Solaria-GPT as the most suitable approach
for supporting usability inspection in software development.

4.3.1 Comparison for Text-Based Input. Table 2 presents a compar-
ison of heuristic classification accuracy across different approaches.
Solaria-GPT (GPT-4o) outperformed all others with an accuracy rate
of 96.23%, followed by Deepseek (92.45%), Qwen (88.68%), Claude
(84.91%), and Gemini (66.04%). This evaluation was based on all 53

textual defect descriptions in the dataset. The results indicate the
Solaria-GPT presents a better classification when heuristics
are violated in comparison with other approaches. Although
Deepseek achieved a performance similar to that of Solaria-GPT in
terms of text evaluation, its inability to process images or videos
represents a disadvantage compared with our tool.

Table 2: Accuracy Rate Comparison

Approach No. of CCH* Accuracy Rate
Qwen 47 88.68%
Claude 45 84.91%
Gemini 35 66.04%
Solaria-GPT 51 96.23%
Deepseek 49 92.45%
* Number of Correct Classified Heuristics

4.3.2 Comparison for Media-Based Input (Screenshot). Table 3 com-
pares the utility rate and new defect rate metrics for screenshot-
based input. This analysis includes only models that support image
processing. Deepseek was excluded since it does not currently sup-
port media analysis. The results show that Solaria-GPT achieved
the best performance on both metrics (86.67% for utility rate and
86.67% for new defect rate). All 10 screenshots were used for each
LLM in this comparison. These results showed that Solaria-GPT is
capable of detecting valid usability defects (utility) — that is,
defects actually present in the context of the screenshots submitted
for inspection. Moreover, it contributes to the usability inspec-
tion process by enhancing the identification of previously
unknown defects (new defect rate).

Table 3: Utility Rate and New Defect Rate Comparison for
Screenshot Input

Approach Qwen Claude Gemini Solaria-GPT DeepSeek
Defects 96 47 30 30 -
No. of VD* 43 36 22 26 -
No. of ND** 40 37 19 26 -
Utility Rate 44.79% 76.60% 73.33% 86.67% -
New Deffect
Rate 41.67% 78.72% 63.33% 86.67% -

* Number of Valid Defects
** Number of New Defects

4.3.3 Comparison for Media-Based Input (Video). Table 4 summa-
rizes the comparison for video-based input. Only 4 videos were used
in this analysis. Among the models evaluated, only Solaria-GPT and
Qwen support video processing. Solaria-GPT did not outperform
Qwen in terms of utility, however, it achieved a better result in
new defect rate. Regarding utility rate, Qwen achieved a score of
65%, while Solaria-GPT reached only 16.13%. The low utility rate of
Solaria-GPT during video-input analysis is attributed to defects that
are not aligned with the context of the attached video. In contrast,
Solaria-GPT demonstrated a higher new defect rate, with 87.1%,
whereas Qwen achieved only 42.5%. Deepseek, Claude, and Gemini
do not support video input and were therefore excluded from this
comparative study. Based on the utility rate and new defect rate
results, we observed that Solaria-GPT contributes by enhancing
the identification of new defects; however, it faced problems
finding valid defects when the validated input data consisted
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Table 1: Feature Comparison Across Different Approaches

Approach Qwen Deepseek Claude Gemini Solaria-GPT
Version Qwen 2.5 Max DeepSeek-V3 Claude 3.7 Sonnet Gemini 2.0 Advanced GPT-4o
Text Processing Yes Yes Yes Yes Yes
Image Processing Yes No Yes Yes Yes
Video Processing Yes No No No Yes
Multiplataform* No** Yes Yes Yes Yes

Tailored Version No No No
Yes, but it
cannot be shared
with other users

Yes, and it can be
shared with
any user

* Web and Mobile Version
** It works only in Web Version. There is no mobile application

of video recordings. Nonetheless, Solaria-GPT illustrates its po-
tential utility in defect screening, as it identifies both valid and
novel defects that may be fixed before reaching end users.

Table 4: Utility Rate and New Defect Rate Comparison for
Video Input

Approach Qwen Claude Gemini Solaria-GPT DeepSeek
Defects 40 - - 31 -
No. of VD* 26 - - 5 -
No. of ND** 17 - - 27 -
Utility Rate 65% - - 16.13% -
New Deffect
Rate 42.5% - - 87.1% -

* Number of Valid Defects
** Number of New Defects

5 Limitations
During the development of Solaria-GPT, some limitations were
identified in the use of this tailored version:

• Collaboration: It is not possible to add other researchers
to collaboratively edit the Solaria-GPT prompt, as OpenAI
currently does not support shared editing of tailored GPTs.

• Daily Usage: Since Solaria-GPT is based on the GPT-4o
model, users without a ChatGPT Plus [18] subscription face
daily usage restrictions, which limit the number of interac-
tions within a five-hour window9. In contrast, ChatGPT Plus
users are limited to 80 messages every three hours10.

• Classification: The current version of Solaria-GPT assigns
only one heuristic per defect. However, in some cases, a
single defect may simultaneously violate multiple usability
heuristics.

• Dynamic Interaction Defects: Usability defects could ap-
pear in dynamic interactions rather than static states. For ex-
ample, usability defects related to keyboard shortcuts could
not be identified by Solaria-GPT owing to their hidden nature.
Specifically, when a shortcut is used, the defect must be ex-
plicitly described in the text for Solaria-GPT to understand it.
This type of defect cannot be identified through screenshots,
and with video input, and due to this reason, Solaria-GPT is
still unable to interpret dynamic-based defects.

• DefectsDiscrimination: Software engineers can use Solaria-
GPT to identify defects for media-based input. However, It is
still necessary to triage defects, analyze false positives, and
even prioritize critical defects that might be addressed.

9https://help.openai.com/en/articles/9275245-using-chatgpt-s-free-tier-faq
10https://help.openai.com/en/articles/6950777-what-is-chatgpt-plus

6 Conclusions and Future Works
In the software development lifecycle, usability inspection is a task
to prevent end users from experiencing issues while using the sys-
tem. In this manner, usability inspection plays an essential role
both during implementation (while the software is still under de-
velopment) and after implementation, in the maintenance phase
(when the software has been released and requires fixes). In this
paper, we investigated how the introduction of an LLM to support
the usability inspection enhances the detection of usability defects
and the classification of them according to the violated heuristic. To
achieve it, we propose Solaria-GPT, an inspection assistant based
on ChatGPT, adapted to aid usability inspection during software
development. To evaluate Solaria-GPT, we conducted a study that
analyzed its accuracy rate, utility rate, and new defect rate across
different input types, including text and media (screenshots and
videos). The results showed that Solaria-GPT achieved an accu-
racy rate of 96.23% in heuristic classification based on textual input.
For the utility rate, it reached 86.67% for screenshots and 16.13%
for video inputs. Regarding the new defect rate, the Solaria-GPT
achieved 86.67% considering screenshots and 87.10% for videos.
To complement this study, we compared Solaria-GPT with other
LLMs, and Solaria-GPT outperformed them across all metrics. As
future work, we are planning to explore different phenomena using
McLuhan’s tetrad [13], such as: how Solaria-GPT can enhance pro-
ductivity and collaboration, what the introduction of LLM makes
obsolete, retrieves, and reverses in the software engineers’ experi-
ence. In addition, we also intend perform a comparison between
Solaria-GPT and the general GPT model to show how effective the
tool makes the usability inspection.
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