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Figure 1: Examples of banking application user interfaces, from the dataset evaluated in this work, generated using ChatGPT
and Claude code. Note common patterns, such as prominent balance displays, quick-access payment buttons, and recent
transaction lists as well as the consistent use of blue color schemes and similar mobile-first navigation structures. These
examples show how LLMs can successfully interpret banking application requirements but primarily replicate existing design
patterns, thus perpetuating accessibility issues such as hard-to-read text, poor contrast ratios, and small touch targets.

Abstract
The integration of Large Language Models (LLMs) into web devel-
opment workflows has the potential to revolutionize user interface
design, yet their ability to produce accessible interfaces still re-
mains underexplored. In this paper, we present an evaluation of
LLM-generated user interfaces against the accessibility criteria
from the Web Content Accessibility Guidelines (WCAG 2.1), com-
paring the output of ChatGPT and Claude with two distinct prompt
types—accessibility-agnostic and accessibility-oriented. Our evalua-
tion approach, consisting of automated testing, expert evaluation,
and LLM self-reflection, reveals that accessibility-oriented prompts
increase success counts and reduce violation rates inWCAG criteria,
but persistent barriers remain, particularly in semantic structure.
We argue that advancing accessible user interface development
through LLM-generated code requires not just enhanced prompting
but deeper semantic understanding and context awareness in these
systems. We use our findings to suggest future work opportunities
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on the development of next-generation LLM-based accessibility
tools as well as practical implications for designers.
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1 Introduction
The application of Large Language Models (LLMs) in web devel-
opment workflows is transforming current practices in the de-
sign [21,40] and deployment [2,46] of user interfaces (UIs) for inter-
active computer systems across various platforms and application
domains. For example, LLM-based coding assistants, such as GitHub
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Copilot [10], among others, represent a breakthrough in program-
ming practices by offering effective code suggestions and automat-
ing routine tasks [28,39], also making custom application develop-
ment more accessible to novice users [8]. Even generic LLMs, such
as ChatGPT [37], Claude [4], Gemini [11], or DeepSeek [7], have
the potential to democratize web UI development for users with
limited or no programming knowledge [8,20].

Although extensive research has been conducted to examine
LLMs’ capabilities in generating functionally correct, secure, and
maintainable code [22,28,34], a gap still exists in our understanding
of their abilities to produce code for accessible UIs, despite recent
efforts to integrate them into developer tools. An emerging concern
exists about these tools’ lack of adherence to established accessi-
bility standards [30]. In fact, one year has passed since Aljedaani
et al. [2] reported that 84% of websites generated using ChatGPT
exhibited accessibility violations, with common problems includ-
ing text resizing (31.8%), contrast (26.6%), and conveying semantic
relationships (16.8%). Empirical findings such as these cover just
one tiny part of a broader landscape in web UI accessibility, but
show deep systemic challenges. Technical solutions alone have
repeatedly proved insufficient to address fundamental accessibil-
ity barriers, while the disconnect between guideline compliance
and actual user needs continues to grow [52,53]. Moreover, emerg-
ing technologies often introduce new accessibility issues without
necessarily resolving existing ones, e.g., longitudinal data in the
WebAIM report [53] show that accessibility improvements have
stagnated with minimal year-over-year progress, where 97.5% of
web homepages had detectable WACG 2 accessibility failures in
2024, with minimal improvement from 96.3% in 2023 [52].

This concerning stagnation in web UI accessibility persists despite
technological advances in generative AI tools, capable of produc-
ing both UI wireframes and functional code to power them. LLMs,
trained on vast datasets, although mostly containing code of web-
sites with limited accessibility compliance, may turn out to be
coding tools that propagate accessibility barriers [36] instead of re-
ducing them, when developers integrate LLM-generated code into
their workflows [17,20,21,46]. Moreover, as Power et al. [42] noted
about web accessibility guidelines, the mere existence of standards
does not guarantee their implementation since users might care
about different aspects of what makes an inclusive experience [41].

Although previous work by Aljedaani et al. [2] has already docu-
mented accessibility challenges in LLM-generated websites, critical
gaps remain in our understanding of whether accessibility-oriented
prompting, involving explicit instructions provided in the prompt
about accessibility, affects WCAG compliance compared to generic
prompts. Moreover, we are interested in what patterns contribute
to perpetuating accessibility barriers in web UIs. Lastly, understand-
ing LLMs’ capabilities for self-assessment of accessibility issues in
the content they generate would complement existing accessibil-
ity evaluation methods by incorporating LLM self-reflection. To
address these aspects, we make the following contributions:

(1) We test the hypothesis that structured prompt engineering
with specificWCAG success criteria can improve compliance
across multiple accessibility dimensions. While Mowar [31]
established that LLMs need “proper guidance,” our work
quantifies these effects across specific WCAG criteria and

evaluates different prompting strategies. To this end, we com-
pare accessibility-agnostic with accessibility-oriented prompts
to assess their impact on improving the compliance of LLM-
generated code for more accessible UIs. Our results show
promising results during human expert evaluation although
certain accessibility features, such as keyboard navigation,
still present challenges. Also, while automated testing shows
similar numbers of failures in both prompt conditions, it also
reveals improvements in the successful implementation of
specific criteria, including Focus visibility (WCAG criterion
2.4.7, +233.3%) and Info and Relationships (1.3.1, +66.7%).

(2) We examine LLMs’ potential for self accessibility evaluation
and remediation.We report that LLMs can effectively identify
and suggest fixes for certain accessibility issues, such as
contrast ratios and semantic HTML structure, achieving a
success rate of 94% in our study, but struggle with more
complex requirements, such as ARIA implementation.

Our findings also inform future work opportunities about AI algo-
rithmic responsibility in the context of inclusive design. Overall,
they highlight the need for a fundamental shift in how accessibility
is approached in AI-driven tools, beyondmere technical compliance,
toward ensuring meaningful accessibility outcomes.

2 Related Work
2.1 Longitudinal Perspectives on Web User

Interface Accessibility
A systemic failure in digital inclusion, represented by the persis-
tence of accessibility hurdles in online UIs, has been documented
over the past decade [5,23]. With a mere 1.2% improvement from
2023 to 2024, the WebAIM Million reports [52,53] offer clear evi-
dence of this stagnation, also highlighting that 56.8% of accessibility
issues classified as “accessibility barriers having notable end-user
impact” [53] were identified in 2024.

This pattern of persistent inaccessibility manifests across spe-
cialized domains and technologies. Power et al.’s [42] foundational
work revealed that, even when accessibility guidelines are followed,
users still encounter barriers, suggesting that the current approach
to accessibility compliance might be flawed [5,50]. Recent research
by Petrie and Power [41] revealed a gap between technical com-
pliance and real-world accessibility by showing that users’ actual
concerns may be different from conventional accessibility guide-
lines. Makati et al. [23] assessed the efficacy of accessibility overlays
over time and found that technical quick fixes not only do not work,
but can actually make accessibility challenges worse. This discov-
ery echoes worries that current AI-based solutions might amplify
accessibility issues rather than addressing them [2]. According to
Kumar et al.’s [18] study of web design patterns across time, acces-
sibility considerations have mostly remained unchanged or even
regressed in some areas, despite an increase in visual and functional
advancements. This trend is especially noticeable as new web tech-
nologies are adopted, where accessibility is frequently viewed as
an afterthought rather than a core design requirement [32]. We
summarize these longitudinal patterns as follows:

• Technical fixes fall short. Technical solutions applied in isola-
tion have proven insufficient to address accessibility barriers.



When LLM-Generated Code Perpetuates User Interface Accessibility Barriers, How Can We Break the Cycle? W4A ’25, April 28–29, 2025, Sydney, NSW, Australia

Current AI tools are incapable of generating fully accessible
code, for which human expertise is required [33].

• Compliance does not equal accessibility. The gap originally
identified between guideline compliance and actual user
needs in terms of accessible UIs [41] has continued to widen.

• New technologies, new barriers. New technologies often intro-
duce additional accessibility challenges [18] while attempt-
ing, sometimes unsuccessfully, to fix existing ones.

• A state of stagnation. Without systematic intervention and a
fundamental shift in how the community approaches acces-
sible design, improvements in accessibility tend to stagnate.

2.2 LLMs and Web Development Practices
The integration of LLMs into web development workflows repre-
sents both an opportunity and a risk for accessibility. While tools
like ChatGPT, Claude, and GitHub Copilot have remarkable code
generation capabilities [20,39], they may also perpetuate accessi-
bility barriers when trained on less accessible web content [53].
Mowar et al. [32] found that while AI coding assistants show poten-
tial for creating more accessible UIs, they currently require explicit
accessibility awareness to be effective. This finding suggests that
simply having LLMs capable of producing functional code does not
automatically translate to fully accessible results without proper de-
veloper guidance. However, as reported by Simkute et al. [45], there
can be significant productivity losses in human-AI interaction when
developers rely too heavily on LLM suggestions without a proper
understanding of accessibility requirements. This aspect is particu-
larly concerning when these suggestions might appear technically
correct, but fail to meet real-world accessibility needs [32].

Recent studies have reported on the relationship between LLM-
assisted development and accessibility compliance. For example,
Aljedaani et al. [2] found that LLM-generated UIs exhibit several
accessibility barriers, particularly in terms of text resizing, contrast
management, and semantic relationships. Othman et al. [38] ob-
tained promising results in LLMs remediating specific issues, with
a 94% success rate, but this rate appears to be context-dependent.
The challenge extends beyond code generation, and has been con-
firmed for UI visual generation as well, e.g., Guriţă and Vatavu [14]
highlighted how various AI tools tackle accessibility requirements
with varying degrees of success, often struggling with aspects that
require understanding of user needs and/or the context of use.

2.3 Legislative Urgency and the Digital
Accessibility Crisis

Recent legislative developments, particularly the European Accessi-
bility Act (EAA) [9], have accelerated the urgency of digital accessi-
bility compliance [5], while other legislative frameworks worldwide,
from the Americans with Disabilities Act [49] to the guidelines for
Indian Government Websites and Apps [35], accentuate the need
for scalable accessibility solutions. The legislative pressure of these
acts reflects a global trend, with strengthened regulations emerging
across markets worldwide, from regions with large populations
of people with disabilities to leading software development hubs.
In this context, traditional approaches to accessibility compliance,
often relying on manual audits, are difficult to scale. Moreover,
Section 508 in the United States [48] and the UK’s Public Sector

Bodies Accessibility Regulations [47] explicitly require proactive
accessibility consideration in digital development. As organizations
rush to comply, many are turning to AI-powered solutions, hoping
for a scalable path to compliance [5].

However, this rush toward technological solutions risks missing
the fundamental intent of the legislative context, which is ensuring
genuine digital inclusion. While LLMs offer promising capabilities
for code generation and accessibility checking [31,32], they must be
evaluated not just for their technical compliance but also for their
ability to support meaningful accessibility outcomes. The technical
capability to create accessible digital experiences already exists.
What is lacking is not better regulations, but a new perspective in
how accessibility is approached with AI-assisted development, an
aspect that is both ethically important and legally mandatory.

2.4 Summary
The intersection of legislative urgency, persistent accessibility stag-
nation, and the growing reliance on LLMs in web UI develop-
ment characterizes today’s accessibility landscape on the web. AI-
powered tools, particularly LLMs, offer potential for scalable so-
lutions, but risk perpetuating existing accessibility barriers. This
insight reveals the need for new approaches, where the community
moves beyond compliance-based strategies towardAI-driven design
processes and tools that prioritize real-world accessibility outcomes
reflective of actual user needs. Our study, presented next, was con-
ducted to gain further insights, complementing prior work [2],
about LLMs’ capabilities of generating code for accessible UIs.

3 Experiment
We implemented a factorial design involving two independent
variables: LLM-Type (two conditions, Claude 3.5 Haiku [4] and
ChatGPT GPT-4-turbo [37]) and Prompt-Type (two conditions,
accessibility-agnostic and accessibility-oriented prompts).1 For each
combination of LLM-Type and Prompt-Type, we repeatedly gen-
erated ten UIs; see Figure 1 on the first page for examples. Subse-
quently, we asked the LLMs for a self-reflection on the accessibility
of the UIs they generated, together with improved code, which dou-
bled the size of our dataset. This approach allowed us to investigate
both LLMs’ technical capabilities and the impact of explicit accessi-
bility requirements in prompts. In total, we generated eighty UIs
for our experiment, of which half were subjected to a multi-faceted
evaluation and half represent improvements of the first set.

3.1 Prompt Engineering
We utilized two prompts, inspired by Guriţă and Vatavu [14], to
evaluate both implicit and explicit accessibility requirements:

• An accessibility-agnostic prompt, “Design the homepage of a
banking app,” representing our control condition.

• An accessibility-oriented prompt, “Design an accessible bank-
ing app homepagewith resizable text (no loss of functionality
at 200% zoom), 4.5:1 minimum contrast ratio, clear semantic
structure (proper headings, ARIA landmarks, labeled form
controls), and 44x44px minimum touch targets per WCAG
2.1 AA,” to understand the effect of explicit requirements.

1ChatGPT was previously evaluated in [2], and we included Claude as an alternative
model to enhance data diversity in our evaluation.
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Our selection of evaluation criteria in the accessibility-oriented
prompt was informed by prior research that identified key acces-
sibility challenges in LLM-generated UIs [2]—notably, ChatGPT
was reported to struggle with text resizing (31.8% of the violations),
contrast management (26.6%), and semantic relationships (16.8%),
while performing better on non-text content and page structure. We
deliberately included minimal application-related specifications in
both prompt conditions, asking only for the “homepage of a bank-
ing app,” without prescribing any specific UI components, such
as buttons, labels, and menus, or visual styles. This choice was
intentional to avoid constraining the LLMs’ content generation
patterns as well as to observe how accessibility-oriented prompt-
ing would impact code-level generation. The only variation was
the presence of explicit accessibility requirements, following the
WCAG guidelines, in the accessibility-oriented prompt condition.

3.2 Evaluation Procedure
For the evaluation, we combined automated assessment and ex-
pert review. Automated tools, such as MAUVE++ [16],2 perform
an initial accessibility scanning with a rich and flexible report of
identified issues [24], while custom evaluation is applied to verify
specific requirements, including touch target sizes, text spacing,
and color contrast. Two accessibility experts (five years experience)
independently evaluated each generated UI using a 5-point severity
scale, from 0 (no violation) to 4 (critical barrier), for various WCAG
criteria, calculating both Violation-Severity (VS) and Violation-
Rate (VR) metrics. VS represents a weighted average of severity
scores across the generated UIs, providing a measure of the acces-
sibility implementation quality. For example, a VS score of 2.8 for
text contrast would indicate moderately severe barriers in the range
[0, 4]. Meanwhile, VR is the percentage of UIs with any violation
(VS>0), as described in Guriţă and Vatavu [13], offering a measure
of violation frequency rather than severity. We also measured the
delta (Δ) between VS scores, as follows:

Δ(𝑈 𝐼1,𝑈 𝐼2) = |𝑉𝑆 (𝑈 𝐼1) −𝑉𝑆 (𝑈 𝐼2) | (1)

where𝑈 𝐼1 and𝑈 𝐼2 denote two distinct UIs. This metric helps distin-
guish between consistent violation patterns and UI-specific issues.
For example, systematic barriers are indicated by small delta values,
e.g., Δ=0.2 for keyboard navigation suggests both UIs struggle sim-
ilarly with this criterion. In contrast, large delta values, e.g., Δ=3.5
for alternative text, reveal inconsistent implementation, where ac-
cessibility features may be properly implemented in one interface
but severely lacking in another. This distinction helps understand-
ing whether accessibility failures represent fundamental limitations
in the LLM’s compliance with certain WCAG criteria or rather vari-
able handling of specific UI elements.

3.2.1 WCAG evaluation criteria. To evaluate accessibility compli-
ance, we synthesized evaluation criteria from multiple sources:
common accessibility violations reported by Aljedaani et al. [2] and
Guriţă and Vatavu [14], and the automated testing capabilities of
MAUVE++ [16]. This led to ten WCAG 2.1 success criteria, span-
ning both Level A and Level AA requirements; see Table 1. Our
evaluation employed two complementary approaches:

2https://mauve.isti.cnr.it

Table 1:WCAG 2.1 criteria used in the expert andmixed evalu-
ations of the UIs generated in our experiment. For the criteria
used in the automated testing, please see MAUVE++ [16].

Criteria Description Evaluation

1.1.1 Alternative text for non-text content Mixed
1.3.1 Information and structure relationships Mixed
1.4.1 Color not sole means of conveying information Mixed
1.4.3 Text contrast ratio (4.5:1 normal, 3:1 large) Mixed
1.4.4 Content functional at 200% zoom Expert
2.1.1 All functionality via keyboard Expert
2.4.6 Descriptive headings and labels Mixed
2.4.7 Focus visible indicator Mixed
2.5.5 Touch targets (44x44 px) Expert
4.1.3 Status messages can be determined Mixed

• Automated testing, via MAUVE++, which included 50WCAG
criteria; details available on the MAUVE++ web page.3

• Expert manual evaluation, which focused solely on criteria re-
quiring human judgment, such as 2.1.1 Keyboard Accessible;
see Table 1 for the criteria used in the expert evaluation.

We also combined the automated and expert evaluations into a
mixed approach, where automated tools can detect problems and
expert verification improves precision. We also incorporated LLM
self-reflection into our evaluation, where the LLMs were prompted
to assess their output; see details next.

3.2.2 Self-reflection LLM evaluation. This approach is inspired by
Othman et al.’s [38] findings about ChatGPT achieving 94% accu-
racy in identifying and self-remediating accessibility issues. For
each generated UI, we asked the LLMs to perform a self-assessment
using the following open-ended prompt to assess LLMs’ aware-
ness of accessibility standards: “What accessibility issues might be
present in the UI you just generated, and how could they be improved?”
Given the extensive range of WCAG criteria—over fifty success cri-
teria across levels A, AA, and AAA—a comprehensive enumeration
within prompts would be impractical. Instead, our approach allowed
us to observe which accessibility considerations LLMs prioritize
implicitly, according to their understanding of accessibility, rather
than testing their ability to evaluate specified criteria. When the
LLMs did not produce edits to the UI code, we asked them to im-
plement the proposed suggestions. This self-reflection evaluation
serves three purposes: (1) it reveals the model’s awareness of ac-
cessibility standards and potential violations, (2) it provides insight
into the model’s reasoning about accessibility features, and (3) it
allows us to compare the model’s self-assessment with our own
evaluation results. Following Othman et al. [38], we categorized
the results of the self-reflections based on their alignment with
the findings reported by MAUVE++ and our expert assessment, re-
spectively. We found 76% alignment between LLM-identified issues
and expert evaluations, with LLMs excelling at identifying con-
trast and semantic structure issues, but underreporting accessibility
problems regarding keyboard navigation.

3https://mauve.isti.cnr.it/supported_wcag21.js
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Figure 2: Examples of banking app UIs in our dataset. From left to right: the first two UIs were generated using the accessibility-
oriented prompt, while the last three were generated with the control condition of the accessibility-agnostic prompt.

4 Results
4.1 Automated Testing
4.1.1 Key metrics and performance analysis. We found that the
UIs generated with the accessibility-oriented prompt had a slightly
higher violation rate (17.32%) compared to the accessibility-agnostic
condition (15.93%), but generally performed better across impor-
tant accessibility criteria, particularly in terms of success counts for
focus visibility, info & relationships, and parsing; see Table 2. Both
prompt types excelled in meeting the text contrast criteria (1.4.3),
with high success counts across all conditions, suggesting good
color contrast handling in the LLM-generated UIs; see Figure 2 for
examples. We also observed comparable failure patterns across both
LLM-Type conditions, e.g., in non-text content (1.1.1) and language
of page (3.1.1). The label in name (2.5.3) criterion generated sig-
nificant warnings, with 23% reduction in the accessibility-oriented
prompt, indicating partial remediation of labeling issues.

4.1.2 Improvements, trade-offs, and cross-model patterns. The out-
put analysis between the two prompt types marked improvements
by using an accessibility-oriented prompt in several areas:

• Strongest success increase: Focus visibility (2.4.7, +233.3%)
and Parsing (4.1.1, from zero compliance to a score of 4.5).

• Moderate success counts: Info and Relationships (+66.7%).
• Significant success reduction: Non-text content (1.1.1,
−83.3%) and Label in Name (2.5.3, −23.0%).

4.1.3 Comparative analysis of LLMs. Cross-analysis of the two
LLM-Type conditions revealed similar responses to accessibility-
oriented prompting, suggesting common underlying mechanisms in
LLM-based implementation of accessibility guidelines. The highest
average errors occurred in Language of Page (3.1.1) and Name, Role,
Value (4.1.2). These findings indicate that current limitations reflect
intrinsic challenges in translating accessibility guidelines into UIs
rather than model-specific issues. Our analysis revealed consistent
challenges across the two systems, particularly in responsive de-
sign (Reflow) and input handling (On Input) when prompted for
accessibility, while maintaining persistent issues with language
specification. Moreover, neither model demonstrated clear superi-
ority across all metrics, with each showing strengths in different
areas. We can conclude that accessibility-oriented prompting yields

Table 2: Results of accessibility evaluation across prompting
conditions through automated testing with MAUVE++ [16].

Metric Accessibility-
agnostic

Accessibility-
oriented

Violation Rate (VR) 15.93% 17.32%
Success counts (Average/Max)*

Contrast (1.4.3) 22.8/42 24.3/45
Info & Rel. (1.3.1) 3.3/6 5.5/8
Focus visible (2.4.7) 0.9/2 3.0/9
Parsing (4.1.1) 0.0/0 4.5/8

Failure counts (Average/Max)*

Non-text content (1.1.1) 0.6/6 0.1/1
Language of page (3.1.1) 1.0/1 1.0/1
Name, Role, Value (4.1.2) 0.4/4 0.5/2

Warning counts (Average/Max)*

Label in Name (2.5.3) 16.1/44 12.4/36
*Averages are computed across all LLM-Type conditions and UIs.

meaningful improvements in some WCAG compliance criteria, but
struggles with comprehensive coverage across all criteria.

4.2 Expert Evaluation
4.2.1 Violation rates. VR analysis revealed differences between
the accessibility-agnostic (58.0%) and accessibility-oriented (19.0%)
prompts; see Figure 3. The accessibility-agnostic prompt struggled
particularly with alternative text (1.1.1, 100%), information structure
(1.3.1, 100%), and status messages (4.1.3, 90%). This was visible in
several of the generated UIs where content lacked proper semantic
structure, no proper heading relationships and section organization.
The corresponding code structure would likely show content pre-
sented as visual elements without the hierarchical structure needed
for screen readers to interpret the relationships between elements.
The accessibility-oriented prompt achieved substantially better com-
pliance across most criteria. We observed strong improvements in
information structure relationships (1.3.1, from 100% to 0%, lower
is better) and keyboard accessibility (2.1.1, from 80% to 0%). The
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Figure 3: Comparison of expert evaluation results for the
VRs of UIs generated with accessibility-agnostic (AA) and
accessibility-oriented (AO) prompts. Notes: Percentages indi-
cate how often each criteria was violated; expert evaluations
are reported, for automated evaluation results see Table 2.
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Figure 4: Comparison of expert evaluation results for the
VSs of UIs generated with the accessibility-agnostic (AA) and
accessibility-oriented (AO) prompts. Notes: Higher scores in-
dicate more severe violations; expert manual evaluations are
reported, as opposed to the automated evaluation in Table 2.

overall VR improvement of 39% between prompt types shows that
explicit accessibility guidance leads to more consistent implemen-
tation of accessibility features at code level. However, some criteria
like text contrast (1.4.3) and zoom functionality (1.4.4) had higher
violation rates in the accessibility-oriented condition (20%).

4.2.2 Violation severity. The severity of violations also varied be-
tween the two prompt types; see Figure 4. Control prompts gen-
erated UIs with critical violations in essential criteria such as key-
board navigation (2.1.1, VS=3.8), alternative text for images (1.1.1,
VS=3.0), and status message determination (4.1.3, VS=3.0), which

can create substantial barriers for users relying on keyboard interac-
tion or screen readers. These violations often represented complete
omissions of necessary accessibility features rather than implemen-
tation refinements. For instance, the UIs generated with the control,
accessibility-agnostic prompt frequently omitted keyboard accessi-
bility features entirely, making navigation difficult when not using
a mouse, or failed to provide meaningful alternative text, rendering
visual content inaccessible to screen reader users. In contrast, the
accessibility-oriented prompt produced lower severity violations, re-
lated to implementation details rather than fundamental oversights.
When violations occurred, they typically involved refinements to
existing accessibility features, such as alternative text for non-text
content (1.1.1, VS=0.8) or contrast ratios (1.4.3, VS=0.7). This find-
ing shows that the accessibility-oriented prompt addressed basic
accessibility requirements while leaving room for enhancement.
The average VS score dropped from 1.53 in the accessibility-agnostic
condition to 0.30 in the accessibility-oriented one (−80.4%, |Δ|=1.23).

4.3 Code Comparison Between Prompt Types
We examined the generated code through the lens of key accessi-
bility principles and the WCAG guidelines, focusing on real-world
impact for users with disabilities [44].

4.3.1 UI structure and navigation. UIs generated with the accessible-
oriented prompt showed better structural organization; see Table 3.
For example, one UI contained proper landmark roles that created
clear navigation regions, with the banking dashboard logically
divided into sections using <main>, <nav>, and <aside> elements.
This structural clarity was notably absent in the UIs generated with
the accessibility-agnostic prompt, where <div> elements were used
exclusively, creating potential confusion for screen reader users.

The handling of dynamic content also revealed differences across
the two prompt types. While UIs generated using the accessibility-
agnostic prompt implemented basic updates using unannounced
<div> elements, the UIs producedwith the accessible-oriented prompt
properly implemented aria-live regions for critical information
like account balance changes. Similarly, error handling in form
validation demonstrated how semantic HTML impacts accessibil-
ity. The control prompt led to UIs that often lacked proper error
associations, while accessible versions linked error messages to
inputs through aria-describedby and role="alert" attributes;
see Listing 1. These structural and semantic differences can impact
screen reader navigation. Furthermore, heading hierarchy in the
accessible-oriented condition followed a logical pattern, with ac-
count balances using <h1> and subsequent sections like “Recent
Transactions” properly nested under <h2>. In contrast, the control
condition often led to misused heading levels or relied on styled
<div> elements for implementing the visual hierarchy.

4.3.2 Interactive elements. Looking at the implementation of inter-
active elements—a must in passing AA levels of WCAG criteria—the
accessibility-oriented prompt consistently led to UIs with robust
implementation; see Table 4. The transaction buttons of the UIs
maintained the recommended 44x44 px minimum touch target size
through Tailwind classes like min-h-[44px], while the control
prompt UIs’ quick action buttons varied between 24 px and 32 px,
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Table 3: Structural implementation comparison of generated
UIs between prompt types.

User interface Accessibility- Accessibility-
component agnostic prompt oriented prompt

Landmark roles 11% 94%
Heading hierarchy 33% 89%
Skip links 0% 100%
ARIA labels 28% 95%

Notes: Percentages indicate implementation completeness across key
structural elements. Landmark roles refer to semantic HTML5 and ARIA
landmark coverage. Heading hierarchy measures correct nesting of h1-h6
elements. Skip links indicate the presence of keyboard navigation shortcuts.
ARIA labels show proper labeling of interactive elements.

Table 4: Accessibility implementation details for interactive
elements present in the generated UIs.

Interactive Accessibility- Accessibility-
component agnostic prompt oriented prompt

Touch target size 32px 44px
Focus indicators 56% 98%
Keyboard access 48% 94%
Error feedback 34% 88%

Notes: Touch target size measurements represent average interactive
element dimensions. Focus indicators and keyboard access percentages
show the proportion of elements with proper implementation. Error
feedback indicates coverage of accessible error messaging.

Listing 1: Example of control prompt implementation with
poor semantic structure.� �
<div className="space-y-3 mb-8">
{accounts.map(account => (
<Card key={account.id} className="bg-white">

<CardContent className="p-4">
<div className="flex justify-between items-center">

<div>
<p className="text-sm text-gray-600">

{account.name}
</p>
<p className="text-xl font-semibold">

${account.balance.toLocaleString('en-US',
{minimumFractionDigits: 2})}

</p>
</div>

</div>
</CardContent>

</Card>
))}

</div>� �
potentially challenging for users with upper-body motor impair-
ments. Focus management showed particular improvement in the
accessibility-oriented condition, implementing visible focus indi-
cators with clear contrast ratios and consistent styling across all

Figure 5: Example of a response from ChatGPT when asked
to evaluate a generated UI for accessibility compliance.

interactive elements. In contrast, the control condition often relied
on browser defaults or omitted focus indicators entirely.

4.3.3 Content and information design. Information presentation of
the UIs generated with the accessibility-oriented prompt prioritized
clarity and multimodal access. For example, one UI illustrated the
transaction history by including both color coding and explicit
status labels, e.g., “Payment Successful” rather than just green text,
making information accessible to colorblind users.

4.3.4 User experience. The accessibility-oriented prompt determined
accessibility improvements compared to the accessibility-agnostic
condition that have broader benefits across different user groups,
such as improving user experience. For example, the UIs gener-
ated in this condition contained a clear heading structure, which
can improve navigation for all users, making content hierarchy
more apparent and scannable as well as more usable for screen
readers. Moreover, larger touch targets benefit mobile users regard-
less of ability by reducing input errors and increasing interaction
confidence. Explicit labels and instructions also reduce input errors.

4.4 LLM Self-Evaluation Capabilities for
Accessibility Compliance

LLMs demonstrate capabilities to self-evaluate UI accessibility com-
pliance through structured criteria assessment, and our analysis of
their answers revealed evaluations centered around WCAG guide-
lines with explanations that organized evaluation criteria hierar-
chically, following WCAG POUR principles; see Figure 5.

We found that LLMs prioritize criteria based on Level A and AA
requirements, common accessibility barriers, and features with the
highest user impact. This prioritization was justified as follows: “I
start with these core WCAG criteria because they cover critical ac-
cessibility barriers that impact users the most.” However, they also
show notable limitations, including selective coverage and context-
dependency issues, e.g., “Some WCAG success criteria don’t apply
to every interface,” indicating the need for human expert assess-
ments, development of comprehensive evaluation frameworks, and
investigation of LLM capability to evaluate dynamic UIs.

Our analysis also revealed the opportunity of using LLMs to
improve the accessibility of the UIs they generated. For instance,
the LLMs identified critical issues around keyboard navigation and
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screen reader support, leading to concrete improvements. The gen-
erated code revealed this through the addition of ARIA landmarks,
such as role="navigation", live regions aria-live="polite",
and keyboard focus management focus:ring-2. The models’ self-
assessment also led to enhanced semantic structure, exemplified
by the transformation of a generic spending data display into a
properly structured HTML table with appropriate ARIA labels
aria-label="categories" and scope attributes scope="row".We
also observed proactive accessibility improvements that were not
required by the prompt, including user preference handling with
prefers-reduced-motion, statemanagement aria-expanded, and
dark mode implementation dark:bg-gray-800. The iterative im-
provements, particularly in the implementation of motion sensitiv-
ity and dialog management role="dialog", showcase the LLMs’
capability to refine accessibility features. This finding reveals LLMs
as both code generators for accessible UIs and accessibility advisors,
capable of identifying accessibility violations in their output.

5 Discussion
In this section, we build on our findings to discuss implications for
the research and practice of future accessibility-oriented UI design
through the integration of LLM-based development.

5.1 Impact of Accessibility-Oriented Prompts
Our experiment revealed several differences in WCAG compliance
between accessibility-oriented and accessibility-agnostic prompts,
highlighting the importance of explicit accessibility guidance. This
presents a notable contrast to traditional AI design tools, primarily
involving visual design, for which Guriţă and Vatavu [14] found
that accessibility-oriented prompts did not significantly improved
compliance. In contrast, the stark difference in violation rates in
our experiment indicates the effectiveness of explicit accessibility
guidance integrated into prompts. This discrepancy is particularly
notable in the results of expert testing, which captured distinct
accessibility issues compared to automated testing. Consequently,
LLMs that output code for UIs can effectively incorporate accessibil-
ity requirements when properly prompted. More importantly, the
improvements span across critical WCAG success criteria. Based on
these findings, we identify three areas where accessibility-oriented
prompts successfully demonstrated improvements:

• Improved semantic structure.We observed ARIA landmarks
and heading hierarchy becoming the standard practice rather
than exceptional cases (WCAG 1.3.1 Info and Relationships
at level A and WCAG 2.4.1 Bypass Blocks at level A).

• Improved implementation of interactive elements. Our results
showed systematic improvements in the accessibility of in-
teractive elements compared to the control condition, such as
consistent implementation of 44x44 px touch targets (WCAG
2.5.5 Target Size at level AAA) and clear focus indicators
(WCAG 2.4.7 Focus Visible at level AA).

• Improved information presentation through alternative modal-
ities. We observed improvements in terms of color contrast
(WCAG 1.4.3 Contrast at level AA) and providing informa-
tion in complementary ways, such as combining visual cues
with text and screen-reader announcements (WCAG 1.4.1

Use of Color at level A). This aspect represents a clear depar-
ture from UIs relying solely on color to convey information
in order to make content more accessible to users with vari-
ous visual abilities.

Our findings suggest that while accessibility-oriented prompting
does improve implementation of WCAG requirements, it does not
automatically translate into comprehensive implementation across
all criteria, showing limitations in LLMs’ understanding of interac-
tive accessibility requirements versus visual accessibility features.

5.2 Fine-Tuning for Accessibility-Oriented
Prompts vs. Critical WCAG Violations in
Accessibility-Agnostic Prompting

The code generated using the accessibility-agnostic prompt revealed
fundamental accessibility oversights and a lack of basic aware-
ness in the implementation. Based on the evaluation criteria of
automated testing, these consisted of a complete absence of skip
navigation links (failing WCAG 2.4.1 Bypass Blocks at level A),
missing ARIA landmarks and roles (violating WCAG 1.3.1 Info and
Relationships at level A), and having incomplete or missing heading
structures (failing WCAG 2.4.6 Headings and Labels at level AA).
Notably, these violations represent barriers that could completely
prevent access for users, corresponding to the maximum severity
rating on our scale. In contrast, the accessibility-oriented prompt
generated UIs that needed just some refinement, if any at all. For ex-
ample, while skip links were consistently present, they occasionally
needed repositioning in the UI for better keyboard access sequence;
ARIA landmarks were implemented, but sometimes needed more
descriptive labels; and heading structures were in place, but occa-
sionally needed hierarchy refinement. These violations represent
opportunities for enhancement, solved during one iteration.

5.3 A Note on Visual User Interface Design
Tools vs. Code Generation

We found that LLM-based UI code generation shows different acces-
sibility patterns compared to traditional AI design tools primarily
centered on visuals [14]. However, each approach exhibits weak-
nesses: visual design tools primarily fail with visual aspects such
as text and non-text contrast and use of color [14], while LLMs
demonstrate issues with keyboard functionality or alt text; see Sec-
tion 4. These differences stem from their underlying architectures:
visual design tools lack semantic understanding, while LLMs under-
stand code structure, but may miss critical interactive accessibility
requirements. We see this divergence attributed to several factors:

• LLMs have access to semantic operation with HTML struc-
ture and ARIA attributes compared to visual-first design
tools.While the latter focus on replicating visual patterns [13,
14], LLMs can implement programmatic accessibility fea-
tures based on their training on codebases.

• LLMs exhibit strengths in computational accessibility re-
quirements that visual design tools struggle with. This sug-
gests that LLMs’ code-centric approach may be better suited
for implementing technical accessibility specifications com-
pared to tools that prioritize visual pattern matching.
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• The differences in the nature of the training data and model
architecture impact how accessibility requirements are in-
terpreted. Visual design tools learn from existing visual
UI designs, while LLMs learn from code that may include
accessibility-specific patterns and documentation. This en-
ables the latter to better translate explicit accessibility re-
quirements into proper technical implementations.

In this context, we envisage potential benefits in hybrid solutions
that leverage the strengths of both approaches toward future gener-
ations of accessibility tools that integrate LLMs’ strong performance
in computational requirements with traditional visual design. In
addition, we recommend developers using LLMs for UI genera-
tion to (1) explicitly include WCAG success criteria in prompts, (2)
perform supplementary testing for keyboard navigation and focus
management, and (3) leverage LLMs’ self-reflection capabilities as
an initial accessibility check while recognizing their limitations in
assessing complex interactive requirements.

5.4 The Evolution of Accessibility Compliance
Since Last Year

Examining automated accessibility compliance across the results of
Aljedaani et al. [2] using ChatGPT, published in 2024, and our own,
we noticed persistent challenges alongside several improvements
in WCAG compliance. Last year, the criteria with most violations
were resize text, contrast, and info and relationships, suggesting
challenges primarily with visual presentation and content structure.
In contrast, this year’s automated testing showed language of page
emerging as the dominant issue, followed by info and relationships,
and name, role, value. Expert testing further highlighted keyboard
accessibility, alternative text, and status message determination as
major concerns. This comparison indicates a shift from primarily
visual presentation issues to more structural, semantic, and inter-
active aspects of the UIs. Collectively, these findings highlight the
complex landscape of accessibility compliance, where progress is
neither uniform nor complete. They also point to the complemen-
tary value of both automated and expert testing approaches.

5.5 Future Work Opportunities in LLM-based
Code Generation for More Accessible UIs

5.5.1 Training data quality and representativeness. Current train-
ing data quality presents a fundamental challenge since 97.5% of
web code fails at meeting basic accessibility standards [53]. This
state of things causes a self-reinforcing cycle where LLMs learn
from and reproduce inaccessible patterns. Addressing this challenge
requires a systematic approach to data curation and model train-
ing where future research must explore methods for developing
accessibility-focused training datasets that accurately represent not
only accessible design patterns but also actual user needs. This
involves more than collecting compliant code examples but rather
understanding how different accessibility features interact.

5.5.2 Semantic understanding and context awareness. Current LLMs,
while capable of implementing specific WCAG requirements, lack
deeper semantic understanding of accessibility principles, as seen
in our control prompt condition. They often produce technically
correct but practically inadequate solutions, particularly evident in

their handling of semantic HTML structure and information archi-
tecture. This limitation suggests a need for more research into how
AI design tools can develop an understanding of accessibility prin-
ciples. Future work could explore novel approaches for teaching
AI models about the underlying purposes of accessibility features
rather than just their technical implementation. Central to this is
also the question of how we might enable AI systems to grasp the
relationship between semantic structure and actual user experience,
moving beyond mere technical compliance checklists.

5.5.3 Prompt engineering and implementation effectiveness. Further
examination of the relationship between prompts and implementa-
tion outcomes is needed, e.g., how much does prompt specificity
affect the desired outcomes. Our findings suggest that accessibility-
oriented prompts can improve WCAG compliance, but some behav-
iors require further investigation. For example, understanding how
prompt effectiveness vary across different UI types and AI models
could enable more effective prompt engineering strategies, keeping
in mind that prior research has highlighted that arcane prompts
tend to produce better outcomes than those in plain language [6,30].
We also recommend examination of how easy generated UI code
can adapt to evolving accessibility standards or if the compliance
changes with new AI models, as well as whether the generated UIs
can effectively be maintained and updated over time.

5.6 A Call to Action for the Scientific
Community of HCI and Accessibility

In the light of recent findings in the scientific literature (Section 2),
our own empirical results (Section 4), and their implications for
future AI-assisted development (Section 5), we propose a change
in how we approach digital accessibility by seeing AI tools as am-
plifiers of our existing practices—both good and bad—requiring
careful design to achieve positive results. In this context, a per-
spective articulated by Morris [29] highlights both the significant
responsibilities and substantial risks that AI systems present for
people with disabilities: “As technologists, it is our responsibility to
proactively address these issues in order to ensure people with disabil-
ities are not left behind by the AI revolution” [29, p. 37].

EmergingAI capabilities, as emphasized by the latest Gartner’s [3]
analysis of strategic technology trends, identifies Agentic AI as a
pivotal development leading to systems capable of autonomous
decision-making without human intervention. This technological
evolution and reliance raises important questions about how these
systems will address diverse accessibility requirements since ac-
cessibility challenges are fundamentally experience problems, not
merely technical compliance checks. To this end, we outline four
key directions for AI-assisted accessible UI design:

• Design AI-based solutions with users, not just for users.
We recommend co-creation involving people with disabil-
ities throughout AI-based development life cycles. For ex-
ample, product teams could establish activities of accessi-
bility design sprints (experiences documented by the com-
munity [27,43,51]) or facilitate AI-powered design sprints
(already a service of design sprint academies [1]). By bringing
the perspectives of users with disabilities into the develop-
ment process earlier, particularly when evaluating how AI
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systems reason, we can create more meaningful feedback
cycles. For example, improving accessibility for people with
disabilities in the workplace through AI-powered solutions,
toward more inclusive employment, would greatly benefit
from user-centered design approaches that clearly highlight
the various roles, benefits, and contributions of AI. In this
way, end users’ lived experiences would provide essential
context that technical guidelines alone cannot capture.

• Engage in a shared effort across disciplines. True acces-
sibility is not the result of an individual view, but a shared ef-
fort—the definition of accessibility compliance, as described
by Johannes Lehner in a post about responsibility indica-
tors [19]. This way of collaboration has been seen in various
product processes, e.g., decision making, where everyone
involved in the product development cycle can influence the
outcomes [12]. Applied to web accessibility, Lehner suggests
that some success criteria require “coding solutions, while
others rely on clear content, and some depend on good design
decisions” [19] which means that, by clearly indicating re-
sponsibilities, teams could focus on what they can improve
without feeling overwhelmed by the full guidelines.

• Move from detection to intervention. The HCI commu-
nity actively pursues involving people with disabilities in
accessibility research [26]. As Mankoff et al. [25] state, “ac-
cessible AI is ultimately a question of values, not technology”
(p. 42), and these values need to be demonstrated. Simply
highlighting non-compliance of products or AI outcomes is
not enough. For example, in our context of LLM-generated
UI code, instead of the system simply flagging a button’s
insufficient contrast level (e.g., during self-reflection, as de-
scribed in Section 3), it could analyze the overall context of
the UI and suggest more accessible alternatives that preserve
the design intent, such as the button’s role in the user flow.

• Ensure access to representative data for more inclusive
outcomes.With curated datasets of exemplary accessible
implementations, we could avoid replicating accessibility pat-
terns—or, worse, accessibility barriers from current UIs—and
enable creative generation of new solutions. As stressed in
prior work, “organizations building AI systems must also im-
prove equity in data collection, review, management, storage,
and monitoring” [25, p. 42]. We need to make sure that AI
models are offered the opportunity to learn from diverse ex-
periences of meaningful accessibility implementations and
have a comprehensive understanding of the corresponding
semantics. This approach would enable AI models to learn
what actually works in the real world, e.g., in the workplace
for users with disabilities, not just what technically complies.

We acknowledge that translating these principles into practice
requires organizational changes and accessibility being treated as a
continuous process integrated throughout the product development
cycles rather than as a final compliance checkpoint.

6 Limitations
Several limitations in our experiment provide opportunities for
future work. First, our automated evaluation was based on WCAG
and the MAUVE++ tool, which may not capture all aspects of

accessibility implementation, even backed up by manual expert
evaluation. User testing involving people with various disabilities
would provide a better understanding of the real effectiveness of
the LLM-generated code for UIs. Second, our evaluation was car-
ried out on a small set of UIs generated by two LLMs and, as AI
technologies evolve [15], the results of our experiment represent
just a snapshot in time of the capabilities of two AI models available
in February 2025. Lastly, although we reported that accessibility-
oriented prompts enhance WCAG compliance in the generated UIs,
we did not assess the long-term sustainability or robustness of
the corresponding code to further modifications by developers. We
leave these interesting opportunities for exploration in future work.

7 Conclusion
Our evaluation of LLM-generated UI code for a banking application
confirmed that LLMs can improve accessibility and highlighted
certain shortcomings in addressing specific WCAG criteria. We also
found that the use of accessibility-oriented over accessibility-agnostic
prompts enhanced the accessibility of the generated UIs with some
challenges remaining in alt text and status management. This new
empirical evidence, complementing prior work in this area, shows
that accessibility issues in generated UIs persist regardless of the
rapid advancement of AI technology and the pressing legislation
about accessibility requirements for products and services. In this
context, the community needs to work on strategies to transform
the way AI systems comprehend and implement accessibility: re-
flecting real-world user needs, not just technical compliance check-
lists. We hope that the opportunities we have identified in our
call to action will inspire new AI-driven approaches to accessible
computing with meaningful advancements in inclusive UI design.
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