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Abstract

Generative artificial intelligence opens new opportunities for ac-
cessibility validation. An interesting case is the assessment of alter-
native text (alt-text) for images. This paper investigates the use of a
large language model (LLM) to analyse alt-texts in real e-commerce
websites, a domain in which images play an important role and
have specific requirements. We present a novel data-driven method
and an associated tool that employs tailored prompting strategies
to incorporate contextual information when generating and evalu-
ating image descriptions. The approach also supports systematic
comparison between human-authored and LLM-generated alt-text.
We conducted a user study (N = 16) involving 494 assessments of
157 images, and their corresponding alt-texts extracted from real
e-commerce websites. The results show that the proposed solution
can provide valid results, supporting its possible integration into
existing accessibility validation workflows and authoring tools.
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1 Introduction

The proliferation of e-commerce platforms has created an urgent
need for accessible web experiences, yet many online retailers
continue to face significant barriers in maintaining accessibility
standards across their digital storefronts. In this perspective, one
key point is to provide a meaningful alternative description of the
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visual images presented. While alternative text (alt-text) is impor-
tant across all web contexts, its significance is substantially greater
in e-commerce environments, where visual information plays a
fundamental role in online purchasing decisions. Unlike informa-
tional websites, where images often serve supplementary or illus-
trative purposes, e-commerce platforms rely on product imagery as
the primary medium through which customers evaluate, compare,
and ultimately decide to purchase items. This visual-centric par-
adigm creates a unique accessibility challenge: users with visual
impairments are systematically excluded from the core shopping
experience when alt-text is absent or inadequate [1]. A study [2]
validated e-commerce websites using an automated tool and found
that links and complementary text descriptions often matched the
alt-text, causing the screen reader to read the same text twice. Thus,
the proper implementation of alt-text for images remains a persis-
tent challenge, particularly given the characteristics, the scale and
dynamic nature of modern e-commerce catalogues. The economic
implications of inadequate alt-text in e-commerce are also more
pronounced than in other domains. Inaccessible product images
directly translate to lost revenue, as users with visual impairments,
representing approximately 2.2 billion people globally according
to the World Health Organisation [3], either abandon purchases
due to insufficient information or avoid inaccessible retailers en-
tirely. In addition, the legal and reputational risks associated with
inaccessible e-commerce sites have intensified in recent years, with
retailers facing increasing controversy under disability discrimina-
tion laws in various jurisdictions. Unlike content-focused websites,
where accessibility issues might affect information access, inacces-
sible e-commerce sites can be construed as denying equal access to
goods and services. This distinction carries greater legal weight and
potential liability, as demonstrated by the recent collective legal
case targeting several large private e-commerce retailers in France
for digital inaccessibility [4].

On e-commerce websites, evaluating the original alt-text asso-
ciated with an image requires a comprehensive analysis that en-
compasses both the image itself and, crucially, the textual context
surrounding it. This is because optimal alt-text is not meant to repli-
cate or duplicate information already present in the surrounding
context; rather, it should generate complementary textual content
that integrates seamlessly with the existing text by describing the
visual characteristics of the product image while deliberately avoid-
ing repetition of what has already been written. The functional role
of the majority of images found on e-commerce websites (at least
those designated for product overview and selection purposes) can
be appropriately classified according to the taxonomy established
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by the Web Accessibility Initiative (WAI) standards [5] under the
category of ‘informative images’, and more precisely within the sub-
category defined as ‘Images used to supplement other information’
[6]. According to WAI guidelines, for images in this subcategory,
the accessibility requirement is clearly defined: “A short text al-
ternative is sufficient to describe the information that is displayed
visually but is not explained in the text”. This definition aligns
with the fact that product images in e-commerce contexts typically
visually reinforce or complement the textual product information
already on the page. This principle is particularly important be-
cause assistive reading technologies, such as screen readers, process
both the visible text on the page and the alt-text sequentially.

It is therefore clear that continuous monitoring of these sites is
necessary to report any problems and then correct them promptly.
Manual accessibility auditing presents several fundamental limita-
tions that impede effective accessibility maintenance. The temporal
demands of manual validation are prohibitive: e-commerce sites fre-
quently contain thousands of product images distributed across mul-
tiple page types, making comprehensive manual review resource-
intensive and time-consuming. Effective accessibility evaluation
requires specialised expertise that may not be readily available
across all teams responsible for content creation and management.

Automated accessibility validation tools can help address these
limitations. Their potential near-real-time continuous monitoring
capabilities can enable organisations to detect and address acces-
sibility issues as they arise, rather than discovering them during
periodic audits. This approach not only reduces the accumulation of
accessibility debt but also lowers the barrier to entry for accessibility
compliance by enabling team members without deep accessibility
expertise to identify and flag issues for remediation. However, such
validation tools are currently able to identify whether an alternative
description is present but have difficulty indicating whether it is a
meaningful representation of the image content. In such cases, they
limit to indicate that a manual check is necessary for this purpose.

In the last few years, Large Language Models (LLMs) have demon-
strated remarkable capabilities in processing and understanding
multimodal content, including the simultaneous analysis of textual
and visual information. Their advanced linguistic flexibility and
capacity to contextualise information across different modalities
make them promising candidates for addressing such accessibil-
ity validation challenges. Some studies (e.g. [7], [8]) have begun
to explore their potential for accessibility validation. This work
aims to expand on these studies by examining the capability of
modern LLMs to evaluate existing alternative text descriptions and
create new alt-text, with all results benchmarked against real user
assessment. The research questions that this study aims to address,
considering the e-commerce domain, are:

RQ1: To what extent can Large Language Models (LLMs) be
effectively employed to evaluate the accessibility quality of alterna-
tive text (alt-text) descriptions for images?

RQ2: Can Large Language Models (LLMs) generate valid and
descriptive alternative texts that meet accessibility guidelines?

The answers to the first question can indicate the LLM’s effec-
tiveness in supporting accessibility validation tools, while those to
the second question can indicate their relevance for their inclusion
within authoring tools. To address these research questions, a user
study was conducted with N=16 participants who were asked to
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evaluate the alt-text of images from real e-commerce websites and
to write their own alt-text. The same task was submitted to an LLM,
and the results, both assessment and generation, were compared, re-
vealing that the LLM is a reliable tool to assess the quality of image
text alternatives and that users evaluated the alt-texts generated by
the LLM better than the original ones.

2 Related Work

Several recent studies have investigated the application of LLMs to
automatic web accessibility validation, revealing both promising
capabilities and notable limitations. Research work [9] tested GPT-
3.5’s ability to identify accessibility problems in HTML elements,
including images. A fundamental limitation was that the text-only
input format used by the considered model precluded assessing
whether alternative text appropriately conveyed image content. In
another study [10], researchers tested whether GPT-3.5 could auto-
matically correct WCAG 2.1 violations using prompt engineering
and direct DOM modification. A similar approach was developed
in another study [11], which deployed a web application for the
automatic, real-time correction of web accessibility problems. A
contribution [12] focused on alternative text presented a specialised
Chrome extension paired with a backend infrastructure designed
to generate contextually appropriate image descriptions utilising
the GPT-4V vision-language model. The system examines images
and their current alternative text alongside webpage contextual
elements, producing refined alt text that highlights pertinent vi-
sual details, informed by spatial layout and content relationships.
The user test revealed that these tailored descriptions significantly
improved perceived quality, relevance, and accuracy compared to
context-free alternatives. However, their system prompt was min-
imised to its most basic elements and reduced to a single, brief
instruction, while we think a more structured prompting technique
can provide more meaningful results.

More recent research [7] explored the application of the mul-
timodal model GPT-4o for automated evaluation of aspects that
require semantic and contextual interpretation. The study included
an investigation of image alternative text assessment but lacked em-
pirical validation; a comparison with human-generated outcomes
could have facilitated a better understanding of the results. In
another work [13], the authors evaluate LLM capabilities for de-
tecting accessibility code issues and generating accessible HTML
snippets, showing promising results while identifying clear limita-
tions. GenAlly [14] is one of the most comprehensive LLM-based
accessibility checkers available, covering several criteria through
element extraction and tailored prompts. However, its reliance on
semi-synthetic data and validation with only home pages raises
concerns about ecological validity and performance on dynamic
real-world websites. Furthermore, the study is not specific to e-
commerce sites but considers different types of sites.

This work distinguishes itself from previous studies through its
focus on real e-commerce web pages and its methodological frame-
work, which employs a rigorous comparative analysis between
human users and Large Language Models to both evaluate orig-
inal alternative text and generate new alt-text descriptions. The
research derives actionable insights from empirical data by sys-
tematically comparing outcomes using comprehensive descriptive
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statistics, correlation analyses, and domain-specific metrics that
assess textual complexity, syntactic and semantic alignment, and
the relative focus on visual information in the generated alternative
text.

3 The Proposed Study

This study focuses on the analysis of the ability of modern LLMs
to evaluate one of the most important WCAG techniques that cur-
rently requires manual verification, which is the Technique G94
[15] belonging to the success criterion 1.1.1 Non-text Content: Pro-
viding short text alternatives for non-text content that serves the
same purpose and presents the same information as non-text con-
tent. For this purpose, we designed and developed a tool that has
two main goals: first, to identify an effective prompting technique
for evaluating existing alternative text of images and generating
new alternative texts; second, to allow users to compare and assess
both the current alternative text and the new text generated by the
LLM, and to enter that they would consider the most appropriate.
Product images on e-commerce websites generally aim to vi-
sually reinforce or complement the textual product information
already available on the page. Therefore, to generate optimal alt text
with an LLM, it is essential to provide the LLM with both the image
and its surrounding context. The implemented solution operates
at the Document Object Model (DOM) level, identifying elements
that are siblings or children positioned within a certain distance
from the image element. This structural approach leverages the
hierarchical organisation of HTML and respects the semantic struc-
ture intended by developers, which often groups related content
together in the DOM hierarchy. The depth of the hierarchy to be
analysed is a key factor in determining the extent of context to
consider. We performed a heuristic analysis by selecting random
images from e-commerce websites; we found that contextual infor-
mation obtained by considering 5 DOM levels of depth generally
includes the most relevant text and provides a good trade-off. Fur-
thermore, to utilise the most informative text possible, only specific
HTML tags were considered for extraction. These tags were care-
fully selected based on their typical content-bearing nature and
include ’p’, ’span’, 'h1’, ’h2’, ’h3’, ’h4’, ’h5’, 'h6’, ’a’. By limiting
the extraction to these tags, the system focuses on elements that
conventionally contain meaningful textual content while excluding
structural, navigational, or purely presentational HTML elements
that would add noise rather than semantic value to the analysis.
The developed tool is a web-based application designed to facili-
tate the evaluation of alternative text for images on e-commerce
platforms. Users can select an e-commerce website from a prede-
fined list. Once a site is chosen, the system automatically extracts
all images along with their contextual information and displays the
corresponding alt-text. The tool enables users to select a subset
of images from the extracted collection; assess the quality of the
existing alt-text by providing a rating on a 1-5 scale, propose a
revised alt-text for the selected images, invoke the LLM to generate
a rating of the original alt-text and provide an assessment of the
LLM-generated alt-text. Figure 1 shows its software architecture;
the system has been designed according to microservices principles,
implementing a clear separation of concerns through two distinct
and independent components that communicate via well-defined
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interfaces: a Gradio (open-source Python library [16]) frontend to
manage user interaction and a FastAPI (web framework for build-
ing APIs with Python [17]) backend for processing requests and
saving logs. This architectural choice was driven by the intention
to establish a robust software infrastructure that can be effectively
managed and maintained. Furthermore, given that the backend ser-
vice exposes standard REST HTTP APIs, its functionalities can also
be accessed and utilised by external applications and systems that
may need to integrate with it in the future. Invoking the service
endpoint triggers a comprehensive set of tasks. From the target
page, the system extracts the page title, all heading elements, meta
tag keywords and page descriptions, and, for each image on the
page, gathers both the alt-text attribute (when available) and the
surrounding contextual information. Once this information has
been collected and aggregated, the system constructs both a sys-
tem prompt and a user prompt based on the extracted data. These
prompts are then used to invoke a Microsoft Azure API service
that provides inference capabilities of the GPT-40 model. We set
up the following model parameters: Temperature = 0.7, which
controls randomness in output generation (range 0.0 to 2.0). 0.7
provides a balanced mix of creativity and consistency; Top-p = 0.95,
it considers tokens with top cumulative probability (range 0.0 to
1.0). The value 0.95 is quite permissive, allowing for diverse word
choices while filtering out very unlikely options; Max tokens =
800, which defines the maximum number of tokens the model can
generate in its final output. This setup creates a moderately creative
LLM model instance that produces medium-length responses. It is
generally well-suited for content generation and scenarios where
natural, somewhat varied outputs without excessive constraints
are desired.

The user prompt and system prompt serve distinct but comple-
mentary roles in this process. The user prompt carries and organises
the contextual information alongside the image, presenting the spe-
cific data extracted from the web page in a structured manner. The
system prompt, on the other hand, defines the task the LLM should
perform, such as evaluating the original alt-text and generating new
alt-text in accordance with the W3C WCAG technique G94 [15].
We provide the system and user prompt in the supplementary ma-
terials. This prompt output specification provides clear guidelines
on structure, length, and content requirements, ensuring that the
LLM produces the desired output schema systematically. Specifi-
cally, the LLM is configured to generate a structured JSON response
including the following fields': original alt-text assessment score:
an evaluation performed by the LLM on a scale from 1 (poorest
quality) to 5 (highest quality), providing a quantitative measure of
the existing alt-text effectiveness; generated improved alt-text: a
newly composed alt-text description that the LLM determines to
be most appropriate given both the surrounding textual context
extracted from the page and the visual content of the image itself,
adhering to best practices for accessibility and informational value.

!Some output fields are omitted here for brevity. The complete list, along with addi-
tional information (e.g., system prompts), is provided in the supplementary materials
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Figure 1: The software architecture of the tool supporting user and LLM testing

4 The User Test

The user study was conducted in mid-December 2025 and involved
16 participants (10 females, 6 males), all students in a master’s pro-
gram in digital humanities. Their ages ranged from 22 to 42 years
(average = 25.7, SD = 4.7), and their proficiency in programming
was quite varied (7 reported low, 4 medium and 5 good program-
ming experience).

The test was conducted at the end of a university class that in-
cluded a dedicated 1.5-hour accessibility lecture. Therefore, while
participants were not accessibility specialists, they received some
background information on WCAG guidelines and accessibility
validation tools. Additionally, in preparation for the test, all par-
ticipants were provided with a document explaining how to use
the tool, the test’s purpose, the tasks to be completed, and the de-
scription of the relevant W3C technique. The exercise was then
performed in autonomy and remotely.

The study considered five diverse Web e-commerce applications
(eBay, Amazon, Etsy, Decathlon, Nike) to assess a broad spectrum
of international online retail environments, encompassing different
shopping categories including apparel, artisan goods, and electronic
products. Given that the testing phase was anticipated to span
roughly two weeks, the considered Web pages were archived in
their state as of December 3, 2025. This solution prevented potential
variations in content and product listings during the study period.
These archived pages, along with their associated JavaScript files,
were subsequently hosted on a dedicated web server to maintain
consistent conditions throughout the testing duration.

For each e-commerce website, participants were assigned a pre-
defined subset of at least 6 images to analyse. This resulted in at
least 30 images per user across all five websites. This systematic
assignment strategy was implemented to build a comprehensive
dataset of assessed alt-texts, with each image evaluated by multiple
participants. Such an approach enabled the subsequent analysis of

inter-rater reliability and consistency across different users’ assess-
ments.

In concrete terms, the users were required to complete the fol-
lowing tasks: first, select the URL of the page to be analysed and
initiate the automated extraction process for images and their orig-
inal alt-text. Based on their assigned identifier, they then had to
select the associated images and evaluate the quality of the existing
alt-text on a scale of 1-5, as well as write what they considered to
be the most appropriate alt-text. Finally, they were asked to initiate
the LLM assessment task, review the results generated by the LLM,
and provide a rating on a scale of 1-5 for the new alt-text proposed
by the LLM.

5 Results

A total of 494 image alt-texts were validated in this study, corre-
sponding to 157 distinct images. The resulting dataset, therefore,
includes multiple evaluations of the same images by different eval-
uators. The average number of ratings per image is 3.15, with most
images receiving at least 3 ratings (86.6%). The users rated on 1-to-5
scale the LLM-generated alt-texts and the original alt-texts. The
results can be grouped into three categories:

 No improvement observed: In 181 cases (36.64% of the total),
there was no variation between the user’s assessment of the
original alt-text and the LLM-generated alt-text. This indi-
cates that in more than one-third of instances, users found
that the LLM intervention did not result in any measurable
improvement.

Positive improvement observed: In 220 cases (44.53% of the
total), there was a positive variation between the user’s as-
sessment of the original alt-text and the LLM-generated ver-
sion. This indicates that the LLM successfully generated
improved alt-text that users rated higher than the original.
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« Negative variation observed: In 93 cases (18.83% of the total),
there was a negative variation, meaning the LLM-generated
alt-text was perceived as worse than the original version.

Three cumulative assessment scores were calculated:

« Total original user assessments sum: 1312 — This represents
the aggregate of all student evaluations of the original alt-
text present on web pages.

« Total LLM assessments sum: 1636 — This represents the
aggregate of all LLM evaluations of the same original alt-
text.

« Total user LLM-assessments sum: 1619 — This represents the
aggregate of all student evaluations of the LLM-generated
alt-text.

The difference between the LLM’s assessments (1636) and the
students’ assessments (1312) of the original alt-text indicates that
the LLM tends to evaluate the original alt-texts more favourably
than human evaluators do. In other words, the LLM appears to be
less stringent or more lenient in its judgment criteria compared to
the students. This discrepancy warrants further analysis to under-
stand whether this reflects a systematic bias in the LLM’s evaluation
framework or differences in the interpretation of accessibility stan-
dards. Notably, the LLM’s optimistic bias is also reflected in both
mean (=3.31) and median ratings (=4), which exceed those of hu-
man evaluators (mean=2.65, median=3). The standard deviation
values, SD = 1.24 for humans versus SD = 1.48 for the LLM, re-
veal similar rating behaviour patterns, with no evidence of central
tendency bias (the tendency to avoid using the full scale and in-
stead cluster ratings around the middle values) for either. The LLM
demonstrates greater willingness to differentiate sharply between
poor and excellent alt-text quality through more polarised scoring.

The difference between the users’ assessments of LLM-generated
alt-text (1619) and their assessments of the original alt-text (1312)
demonstrates an overall improvement of 307 points in aggregate
scoring. This positive differential indicates that, when evaluated by
human users, the LLM-generated alt-text is generally perceived as
superior to the original versions, suggesting that the system pro-
vides meaningful value in enhancing image accessibility, despite
cases where no improvement or degradation was observed. It is im-
portant to note, however, that while this improvement is statistically
observable, the difference is limited. In fact, 307 points corresponds
to a 23.4% improvement over the original student assessments, and
the results are still distant from the theoretical maximum achiev-
able scores. This indicates that while the LLM-generated alt-texts
demonstrate meaningful improvement over original alt-texts in
many cases, there remains room for enhancements. This suggests
that further refinements to the prompting strategy and context
extraction methodology could yield additional improvements in
alt-text quality and user satisfaction.

We report three examples extracted from our analysis. In one
case, the original alt-text was ““unspecified-8553119*” and received
a user rating of 1, while the LLM produced a detailed description
“Quechua Men’s MH100 Waterproof Mid Hiking Boots, black and
blue, waterproof design” scored 5. In another case, both the original
"Kiprun Men’s Run 100 Dry Running T-Shirt” and the LLM version
’Kiprun Men’s Run 100 Dry Running T-Shirt for outdoor activities”
received an equal rating of 4. In the third case, the original alt-text
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"Red and gray backpack on a white background” scored 4, while the
LLM alternative "Simond Men’s MT100 Easyfit 70L Backpacking
Pack, red and gray design” received a slightly lower rating of 3.

This section has provided an overview of the assessment data.
The subsequent section will advance to a more detailed analysis
through two key phases: examining the correlation patterns be-
tween human and LLM evaluations on the original alt-texts; and
conducting a comparative textual analysis to identify similarities
and discrepancies between human-authored and LLM-generated
alt-texts.

6 Data analysis
6.1 Inter-user agreement analysis

Since participants in the user test evaluated overlapping image sub-
sets, it is possible to measure the degree of consistency among their
judgments. To calculate pairwise correlations between all users, a
minimum availability threshold of at least three assessments of the
same image was established as a prerequisite for computing the
indicator. As discussed previously, this set covers 86.6% of the total
alt-text assessed. Inter-rater agreement was evaluated using two
complementary measures: Spearman’s correlation coefficient (0.48)
to assess monotonic association between ratings, and weighted
Cohen’s Kappa with quadratic weights (0.31) to quantify agreement
beyond chance.

These relatively low inter-user coefficients suggest that the alt-
text assessment task is highly subjective and poses challenges for
the consistent application of criteria. This finding is attributable
to several factors inherent in the task design. First, the evaluation
requires subjective judgments regarding the roles of images and
their relationship to the surrounding context, areas where human
evaluators may naturally and legitimately disagree. Second, the
provided assessment guidelines and background information are
susceptible to varying interpretations across different evaluators,
leading to divergent rating behaviours. The modest correlation
values thus reflect not only the complexity of the assessment criteria
but also the nuanced nature of determining alt-text quality, where
multiple valid perspectives may coexist depending on individual
interpretation of accessibility standards and contextual relevance.

6.2 LLM intra-agreement

We also calculated LLM intra-agreement (LLM self-consistency)
metrics under identical experimental settings to those used for
inter-user agreement analysis. Thus, the LLM validated images
with the same repetitions as human participants, so these metrics
reveal how consistently the LLM evaluates the same image alt-texts
across multiple assessments, essentially measuring the model’s self-
consistency and internal reliability. This assessment is meaningful,
considering the non-deterministic nature of LLMs.

The substantially higher correlation coefficients (Spearman=
0.66) and weighted (quadratic) Cohen’s Kappa (0.65), compared
to the inter-user values, demonstrate that the LLM exhibits con-
siderably greater self-consistency than human evaluators achieve
amongst themselves. This suggests more systematic and uniform
application of evaluation criteria by the model, while human asses-
sors exhibit greater variability reflecting the subjective nature of
alt-text quality judgment.
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Figure 2: Human VS LLM assessments on the original alt-text

6.3 User-LLM agreements analysis

The evaluation of the LLM against human assessments shows
moderate-to-strong consistency. Specifically, Spearman’s rank cor-
relation (0.59) indicates a good monotonic alignment between the
two groups. Furthermore, the quadratically weighted Cohen’s
Kappa (0.55) confirms moderate agreement beyond chance.

Figure 2 shows this relationship. The hexagonal bins indicate the
concentration of data points where user and LLM assessments coin-
cide. Darker/redder colours represent areas where more assessment
pairs fall, revealing patterns of agreement. The blue line represents
the best-fit linear relationship between assessments, or in other
words, it shows the overall trend and direction of the relationship.

This figure aligns with and complements the findings described
before. It reveals the LLM’s tendency to assign more generous
scores compared to human evaluators, as evidenced by the con-
centration of darker points in the upper portion of the graph. The
regression line’s deviation from the 45-degree diagonal confirms
that the LLM systematically scores higher than human assessors.
However, the plot also demonstrates strong agreement at the lower
end of the scale, where both LLM and human evaluators consis-
tently identify and concordantly rate poor-quality alt-texts with
low scores. Putting all together, the data reveal a compelling find-
ing: users agree more with the LLM than with each other. In other
words, the LLM (when provided with proper prompts and context)
serves as a more reliable alt-text evaluator than individual humans,
likely because the task’s high difficulty and subjectivity lead human
assessors to apply inconsistent or unclear evaluation criteria. In
essence, the LLM has successfully learned to navigate the subjec-
tivity of alt-text assessment by identifying patterns that represent
collective human judgment better than those captured by selected
individuals. These findings suggest that with the right settings and
prompts, a modern LLM can reliably pre-screen image alternative
text. Notably, the quality of these automated assessments surpasses
the reliability of individual human evaluators, making them viable
for practical implementation.
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6.4 LLM Classifier

To evaluate the LLM’s performance as a classification system, a
binary classification framework has been constructed. The ground
truth for each image was established by averaging all user assess-
ments and converting the 1-5 rating scale into binary categories
(0-1), where ratings of 1-2 were classified as inadequate alt-text (0)
and ratings of 3-5 as adequate alt-text (1). To characterise the LLM’s
behaviour as a binary alt-text quality classifier, we report both the
standard performance metrics and the underlying confusion ma-
trix values. The confusion matrix summarises the classification
outcomes as follows: True Positives (TP) = 107, True Negatives
(TN) = 39, False Positives (FP) = 6, and False Negatives (FN) = 5
(total N=157). These counts indicate that the model correctly iden-
tifies the majority of high-quality and low-quality alt-texts while
maintaining low rates of both false alarms and missed positives. The
resulting performance metrics (Accuracy= 93.0%, Precision= 94.7%,
Recall= 95.5%, F1 Score= 95.1%, Cohen’s Kappa= 82.8%) demon-
strate strong performance by the LLM as a binary alt-text quality
classifier. These results provide a comprehensive answer to RQ1:
they validate the LLM as a highly reliable automated tool for alt-text
quality assessment. The model could be confidently deployed at
scale for automated quality screening, flagging inadequate alt-texts
for human review.

6.5 Human and LLM-generated alt-texts
analysis

To assess whether an LLM can generate valid alt-texts that meet
accessibility standards (RQ2), a systematic comparison was con-
ducted between participant-generated and LLM-generated alt-texts
across multiple dimensions: text length, language fluency, syntactic
and semantic similarity, and image adherence (accuracy of visual
content description). This multi-indicator framework can reveal
both convergences and divergences in how humans and LLMs ap-
proach alt-text creation, providing insights into the LLM’s capacity
to replicate human authorship patterns and identifying systematic
differences in description strategies and priorities.

The rationale behind analysing authentic human-generated alt-
text rather than the original one is tied to two main reasons: in
several cases the original alt-text was of poor quality, and more
broadly, it was not possible to determine whether the existing alt-
text had been written by humans or generated by automated tools.

6.5.1 Lengths statistics. Table 1 presents length statistics for gener-
ated alt-texts, measured in character count. This metric is particu-
larly relevant because WCAG Technique G94 [15] identifies brevity
as a core characteristic of effective alt-texts, distinguishing it from
more verbose formats like captions or detailed image descriptions.
Effective alt-text must balance informativeness with conciseness to
optimise accessibility.

The statistics shown in Table 1 demonstrate strong alignment
between human and LLM alt-texts across central metrics (mean,
median, 75th percentile), indicating comparable typical lengths
and shared adherence to brevity conventions. The most significant
discrepancy appears in minimum values: humans assign empty
strings when identifying decorative images, a valid accessibility
practice where null alt-text (alt="") allows screen readers to skip



Leveraging Large Language Models for Alt-Text Evaluation in E-Commerce: A Data-Driven Study

Table 1: Human and LLM proposed alt-text length descriptive
statistics

Statistics Human alt-text length ~ LLM alt-text length
Mean 78 80.5

SD 424 28.3

Min 0 11

25% 51 62

50% 72 75

75% 96.8 93

Max 401 193

non-functional imagery. Conversely, the LLM never makes null as-
signments, tending to provide at least minimal descriptions even for
potentially decorative images. This suggests some misalignments
distinguishing decorative from functional content?.

The weak positive correlations (Pearson: 0.27, Spearman: 0.28,
Kendall: 0.19) suggest that while human and LLM alt-text lengths
show some correspondence, the two sources make largely inde-
pendent decisions about appropriate verbosity, likely prioritizing
different aspects when determining detail levels.

6.5.2 Readability Metrics. In line with WCAG Technique G94,
which emphasizes clarity and equivalence of alternative text, we
assessed the readability of LLM-generated descriptions using Flesch
Reading Ease [18] and Gunning Fog Index [19]. These metrics pro-
vide an objective measure of linguistic complexity, ensuring that
alt-text remains accessible to users with varying cognitive abilities.
The Flesch Reading Ease Index evaluates how much a text is easy
to read, it scores text from 0 to 100 based on sentence length and
syllables per word, where higher scores mean easier reading. Scores
above 60 represent conversational, accessible text suitable for gen-
eral audiences, while scores below 30 indicate complex academic
or professional writing. It is widely used [20] to ensure content
matches the reading level of intended audiences. The Gunning Fog
Index estimates the years of formal education needed to understand
text on first reading. It calculates a grade level based on sentence
length and percentage of complex words (three or more syllables).
A score of 8 means eighth-grade readability, while scores above 14
indicate college or graduate-level complexity. Unlike Flesch, higher
scores indicate harder text, with the number directly corresponding
to educational grade level. Importantly, both indices measure only
structural mechanics (sentence length, syllables, word complexity)
and do not assess logical coherence, narrative flow, or semantic
clarity. They evaluate surface-level complexity rather than whether
the content is actually clear, well-organized, or meaningful.
Regarding Flesch Reading Ease, both human (mean: 66.07) and
LLM (mean: 59.82) alt-texts fall within the “standard/conversa-
tional” readability range (60-70), though the LLM produces slightly
more difficult text on average. The medians (67.14 vs 61.21) confirm
this pattern. Mean and median values for Gunning Fog Index are
aligned to Flesch Reading Ease results, showing that the LLM pro-
duces consistently more complex text. The moderate Flesch Reading
Ease positive correlations between human and LLM (Pearson: 0.44,

“These cases represent edge situations where an image with adjacent text is part of
the same link. Technically, such images are in general classified as decorative.
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Spearman: 0.47, Kendall: 0.32) reveal an interesting pattern. These
correlations are notably higher than the length correlations, sug-
gesting that while humans and LLMs make independent decisions
about how much to write, they show moderate agreement on how
complexly to write: both recognize which images justify simpler
language rather than more technical language. In a nutshell, hu-
mans and LLMs diverge more on verbosity (what to include/exclude)
than on linguistic complexity (how to express it).

6.5.3 Lexical and semantic analysis. To address the inherent limi-
tations of readability indices the study conducted a complementary
lexical and semantic analysis of both LLM-generated and human-
authored alt-texts. This complementary approach examines vocab-
ulary choices, semantic patterns, and conceptual content, revealing
whether both author types employ similar descriptive strategies
and meaning-construction approaches beyond surface-level com-
plexity. The work employed three different similarity measurement
techniques: lexical similarity, semantic similarity through the use
of a pre-trained neural language model and BERTscore similarity
[21] that computes token-level similarity between texts, matching
words based on their contextual meaning rather than exact matches.

Lexical similarity measures word-level overlap between two
texts using Term Frequency-Inverse Document Frequency (TF-IDF)
vectorization followed by cosine similarity calculation. The texts
are converted into numerical vectors where each dimension repre-
sents the importance of a specific word or n-gram (word level with
n-gram=1 is used in the work). Cosine similarity then compares
these vectors, producing a score between 0 and 1 where higher
values indicate greater lexical overlap. This approach captures
whether texts use similar vocabulary but ignores word meaning,
synonyms, or semantic relationships. Semantic similarities tech-
nique uses a pre-trained neural language model (all-MiniLM-L6-v2
in the analysis) to capture deep semantic meaning rather than just
word overlap. The model encodes each text into a dense embedding
vector that represents its meaning in a high-dimensional semantic
space, where semantically similar texts are positioned closer to-
gether. Unlike lexical methods, this approach understands context
and meaning. BERTscore similarity follows a similar approach to
semantic similarity methods but goes deeper by finding optimal
alignments between tokens in the two texts based on their contex-
tual embeddings, providing a more nuanced semantic comparison
than simple cosine similarity of sentence embeddings.

Human and LLM alt-texts show relatively low lexical overlap,
with an average similarity of only 0.38. This indicates that humans
and LLMs frequently choose different vocabulary and phrasing
when describing the same images, they may describe different
visual elements, use distinct terminology, or structure their de-
scriptions differently. Despite limited lexical overlap, semantic
similarity is substantially higher at 0.67, with a tighter distribution
(SD: 0.20). The median of 0.71 indicates that in most cases, humans
and LLMs convey similar underlying meaning even when using dif-
ferent words. BERTScore produces the highest and most consistent
similarity scores (mean: 0.69, SD: 0.15), with the distribution concen-
trated in the 0.62-0.79 range. This contextualised token-matching
approach reveals even stronger alignment than sentence-level em-
beddings, suggesting that when accounting for contextual meaning
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Table 2: Human and LLM proposed alt-text readability descriptive statistics

Nicola Leonardi et al.

Statistics Human Flesch Reading Ease index =~ LLM Flesch Reading Ease Human Gunning Fog LLM Gunning Fog
Index index index

Mean 66.07 59.82 16.27 17.96

SD 253 20.38 7.32 6.1

Min -96.26 -31.35 0 0.8

25% 53.13 47.06 11.6 13.2

50% 67.14 61.21 16.67 18.56

75% 80.14 73.64 21.35 22

Max 129.05 114..09 41.2 35.73

Table 3: Human and LLM proposed alt-text similarities descriptive statistics

Statistics Lexical Similarity Semantic Similarity BERTscore Similarity

Mean 0.38 0.67 0.69

SD 0.24 0.2 0.15

Min 0 0 0

25% 0.19 0.57 0.62

50% 0.35 0.71 0.71

75% 0.55 0.83 0.79

Max 1 1 1

at the word level, humans and LLMs demonstrate substantial con-
ceptual agreement in their alt-text generation strategies. The pro-
gression from lexical (0.38) — semantic (0.67) — BERTScore (0.69)
reveals a valuable insight: humans and LLMs describe images with
comparable semantic content but divergent surface-level expres-
sion. They identify, merge and communicate similar information
but through different linguistic pathways, demonstrating conver-
gent understanding despite stylistic differences. It is noteworthy
that careful manual examination of the generated outputs reveals
no evident signs of LLM hallucinations. In fact, the implementation
functions as a Retrieval Augmented Generation (RAG) system in
which generation is well-grounded in the provided multimodal
context (image and text).

6.5.4 CLIP-score analysis. In the context of evaluating the acces-
sibility of e-commerce websites, where images often provide sup-
plementary information beyond the textual content, it is essential
to assess how effectively alternative texts generated by humans
or LLM convey the visual information contained in those images.
To address this, we use CLIP (Contrastive Language-Image Pre-
training [22]) scores as a proxy for semantic alignment between the
image and its associated alt text. Specifically, CLIP scores > have
been used to measure how effectively human and LLM alt-texts cap-
ture visual information from the source images. CLIP quantifies the
semantic alignment between image and text in a shared embedding
space, where higher scores indicate better correspondence between
visual content and textual description. This metric is particularly
valuable for accessibility assessment, as effective alt-text must faith-
fully convey salient visual information. Comparing CLIP scores

3Calculated as the dot product of the image and text embeddings multiplied by the
model’s learned logit scale. The used model is openai/clip-vit-large-patch14.

reveals which author type more successfully identifies and com-
municates the visually relevant elements essential for accessible
image descriptions.

To enrich the analysis, the LLM was evaluated under three con-
ditions corresponding to different prompt inputs: (1) both image
and context (default), (2) image only, and (3) context only. During
the user test, we provided the LLM both the image and the context,
and afterwards we repeated the same evaluation by providing only
the image or only the context. This design serves dual purposes:
comparing human-LLM differences and revealing the LLM’s inter-
nal generation patterns, specifically how it weights and integrates
visual versus textual information when producing alt-text. By sys-
tematically removing input modalities, it is possible to observe how
the LLM’s output changes, exposing how it prioritises and synthe-
sises multimodal inputs. Crucially, this controlled ablation is only
possible with the LLM. Human participants received both modali-
ties simultaneously, making their internal weighting mechanisms
impossible to decompose. Table 4 shows the results.

To quantify distributional similarity between CLIP scores across
conditions from multiple perspectives, four complementary metrics
have been computed on the three conditions: Kolmogorov-Smirnov
statistic, Wasserstein distance, Jensen-Shannon divergence, Pear-
son correlation. The condition most similar (KS = 0.06, WD = 0.52,
JS =0.15, p = 0.51) to the human CLIP score was the context-only
(original alt-text and the surrounding text) LLM condition*. This
finding suggests that human alt-text generation strategies are more
context-driven than vision-driven. The next objective was to de-
termine under which condition the LLM produced a CLIP score
distribution most similar to the default configuration (context+im-
age). The four metrics defined above consistently identified the

“Details are available in the supplementary material



Leveraging Large Language Models for Alt-Text Evaluation in E-Commerce: A Data-Driven Study

AVI *26, June 08-12, 2026, Venice, Italy

Table 4: Human and LLM proposed alt-text CLIP scores descriptive statistics.

Statistics alt-text Human alt-text alt-text LLM(only context) alt-text LLM(only image)
LLM(context+image)

Mean 24.72 26.11 24.92 26.07

SD 5.34 4.13 5.35 4.39

Min 0" 10.38 5.36 12.74

25% 21.99 23.72 22.17 23.23

50% 25.61 26.53 25.91 26.52

75% 28.06 28.64 28.27 29.10

Max 38.11 38.11 39.11 38.34

*0 means no alt-text provided, considered a decorative image

alt-text configuration (image only) as most similar (KS = 0.05, WD
=0.39,]S = 0.14, p = 0.65).

This pattern in the experiment data suggests that the LLM’s
multimodal generation process is vision-dominant: when both im-
age and context are provided, the output more closely resembles
image-only generation than context-only generation, indicating
visual information carries greater weight in the model’s decision-
making. The context may help with narrative coherence but does
not substantially change what visual elements the LLM identifies
and describes. These results are validated with some statistical tests
(significance tests, effect sizes, multiple comparison corrections)
that reveal significant differences among conditions (p<0.0001),
though effect sizes are small (Cohen’s d = 0.22-0.28), indicating
modest practical differences (1-1.5 point difference in a 24-26 CLIP
scores range). Although the results confirm that LLMs are vision-
dominant in multimodal settings and that humans align more with
context-only than image-only LLM behaviour, the differences, while
statistically significant, are modest in practical terms, with all ap-
proaches achieving reasonable visual alignment.

Overall, to summarise, the improvement rate reported by partici-
pants, whereby LLM-generated alt-text was preferred over original
descriptions in approximately one-quarter of cases (23.4%), leads
to a positive answer to RQ2: LLMs can generate alt-text that is
both valid (semantically faithful to the image) and descriptive (rich
enough to aid understanding). However, the data analysis shows
that the LLM produces longer texts with higher reading complexity,
and despite low lexical overlap with human-authored descriptions,
both semantic similarity measures and BERTScore indicate strong
alignment in meaning, suggesting that LLMs capture the salient
visual content even when it is phrased differently.

7 Conclusions and Future Work

This study examines the potential of modern LLMs to both evaluate
existing alternative text descriptions and generate new alt-text,
with all results systematically benchmarked against authentic user
perspectives. A user study was conducted in which participants
evaluated and generated alt-text for images from actual, widely
used e-commerce websites, while an LLM completed identical tasks
under comparable conditions. The results on the effectiveness of
the LLM as an alt-text evaluator indicate its strong performance as
a binary alt-text quality classifier. For LLM-generated alt-texts, the

data indicate positive results that can be further improved based
on the analysis performed.

The most significant contributions of this work are as follows:
first, it provides clear statistics that illustrate how well an LLM,
when appropriately instructed, can serve as a valid alternative to
human users in validating existing alt-text. Second, it describes
specific indicators that highlight the alignment between alt-text pro-
duced by humans and that generated by LLMs, considering factors
such as syntax, semantics, length, and readability. Additionally, for
each proposed new alt-text-image pair, it generates the CLIP score
index, which measures the importance of the visual component in
relation to the surrounding context, as evaluated by both humans
and the LLM. Finally, the work releases a dataset of approximately
500 examples including evaluations from both users and LLM, the
newly produced alt-text, and the human rating of the LLM proposed
alt-text. This dataset can be employed in subsequent studies for
supervised fine-tuning (instruction tuning) and for reinforcement
learning (RL) purposes.

A limitation of this study is that our reference baseline relied
on students with basic knowledge of accessibility rather than on
experts. As future work, it would be valuable to replicate the exper-
iment with accessibility specialists and/or BLV users. Finally, we
plan to extend the study and methodological approach to different
website contexts and accessibility techniques to provide broader
insights into the LLM’s performance across different digital envi-
ronments and task types.
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