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Abstract

This research explores the integration of machine learning (ML) into the frontend development workflow to
enhance web accessibility, ensuring compliance with standards like the Web Content Accessibility Guidelines
(WCAG). We investigate ML-based techniques for detecting and correcting accessibility issues automatically,
focusing on areas like alt-text generation, ARIA role enhancement, color contrast analysis, and adaptive interface
testing. The paper also addresses technical challenges, ethical concerns, and future trends in Al-powered
accessibility, presenting a framework for integrating intelligent accessibility scripts within development processes.
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1. Introduction
1.1 Background and Motivation

Web accessibility allows digital information to be accessible to everyone regardless of disability. Many websites
are not aligned with the accessibility standards and their developers seem to be much unaware of these facts.
Manual auditing is a tedious work with human errors, while commercially available automated tools lack the
expertise to offer end-to-end fixes. Adding machine learning to frontend workflows can fill in this gap, making
accessibility an increasingly automated part of web development.

1.2 Importance of Web Accessibility

Not only is web accessibility an ethical issue, but it also remains a legal and business necessity. However, standards
like WCAG ensure equal accessibility to those who may have disabilities--over 15% of the global
population. Access to a well-designed site with exceptional user experience will increase audience reach and ensure
law compliance.

1.3 Role of Machine Learning in Enhancing Web Accessibility

Machine learning offers adaptability, the ability to learn in recognizing patterns and outliers, making it a very
effective tool for accessibility. Such ML is capable of identifying missing alternative texts and colour contrast
analysis. Moreover, they can even suggest ARIA role changes in real-time. Developers can use these capabilities
to automate compliance checks and corrective measures.

1.4 Objectives and Scope of the Research

This research is going to take a holistic approach to developing usage of ML in web accessibility with regard to all
technical, ethical, and practical aspects while talking about detection strategies, correction strategies, and
integration strategies. Scalability and Performance in End Frontend Development Environments for ML Models.
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2. Accessibility Standards and Current Practices
2.1 Overview of WCAG and Other Relevant Standards

l

f

The W3C founded WCAG, which is a codification of standards for web accessibility, guided by the four POUR
principles: perceivable, operable, understandable, and robust. Other standards include the US's Section 508 and the
European Union's EN 301 549, which are in compliance with WCAG but pay more attention to regional legal
frameworks.

WCAG Guideline Description Example

Perceivable Ensure information isAlt text for images, captions
perceivable for videos

Operable Make interface operable Keyboard navigation

support

Understandable Content must beConsistent navigation,
understandable readable fonts

Robust Compatible with assistiveProper ARIA roles,

tech semantic HTML
2.2 Current Accessibility Tools and Techniques

Existing tools include browser extensions, static code analyzers, and standalone software such as Axe, Lighthouse,
and WAVE. However, these existing tools mainly check and provide reports without any real-time correction.

2.3 Limitations in Existing Approaches to Accessibility

* Lack contextual clarity in determining things (like generating accurate alt text).

»  Static nature, can't adapt to a dynamic piece of content.

» Lack integration with the current industry-used frontend frameworks like React and Vue.
*  Manual handling is needed to correct the mistakes it finds.
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Processing Time Comparison for Accessibility Audits
Source: Performance Analysis
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3. Foundations of Machine Learning in Accessibility
3.1 Machine Learning Basics for Web Development

Machine learning, ML stands for, is a part of artificial intelligence as applied in systems that can learn from data
and make improvements with time without explicit programming. One of the applications of machine learning
models is the analysis of user interaction, content structure, and accessibility features of web development, whose
errors may be detected and corrected through machines. Applications such as detecting missing alt text for the
images, verifying color contrast issues, ARIA role assignment verification, and semantic HTML structure
evaluation will all be presented here.

Frontend workflow integration with ML models would automatically alert teams concerning accessibility
problems, saving time spent on reviews and reducing compliance failures based on the implementations of
standards such as WCAG. ML in the frontend workflow involves four core steps such as data collection, model
training, integration with development tools, and the process of continuous performance monitoring.

Types of ML Models Applied in Accessibility

*  Supervised Learning: These are used when there is the availability of labeled data. For example, training
a model to identify specific accessibility issues, such as image alt texts missing.

* Unsupervised Learning: It helps in finding patterns or clusters of data unknown otherwise. For example,
grouping similar accessibility issues to detect common fixes.

* Reinforcement Learning: This particular kind of machine learning targets systems that learn via
interacting with their environment. This application can be used in an adaptive user interface where the
system learns how it can improve accessibility dynamically.

3.2 Overview of Relevant Machine Learning Algorithms

There are some specific gaps in accessibility that can be addressed by several machine learning algorithms. These
algorithms vary depending on the problem requirements, data availability, and the particular accessibility problem
that needs to be addressed. The primary algorithms used are discussed next.
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Algorithm Application Example Use Case

Convolutional Neurallmage  recognition  andDetecting missing alt texts

Networks (CNNs) classification for images

Random Forests Classification and regressionldentifying improper ARIA
tasks, particularly useful forrole assignments in HTML
structured data elements

Support Vector MachinesClassification of  binaryDetermining if a web page

(SVM) classes meets color contrast
standards
Natural LanguageText analysis andEvaluating content
Processing (NLP) understanding readability and suggesting
improvements
K-Means Clustering Unsupervised learning forGrouping accessibility
clustering data points basedissues based on content
on similarity structure

Reinforcement LearningAdaptive systems learningReal-time auditing and error
(RL) from feedback correction in web interfaces

For example, one could train a CNN to classify images on a website and suggest alt text appropriate to what they
are showing. Similarly, one could have Random Forests classify whether widgets such as buttons or links are
suitably labeled with appropriate ARIA roles since that will determine screen readers' success.

3.3 Data Collection and Labeling for Accessibility Training

Accessibility training of the ML models requires enormous data to be labeled correctly. Data used for training can
be classified into the following categories.

1. Image Data for Alt Text Generation:

A key challenge in web accessibility is generating accurate alt texts for images. A large, annotated dataset
of images with alt text is necessary for training a CNN model. One such dataset is the Microsoft COCO
dataset, which contains over 200,000 labeled images for various computer vision tasks, including image
captioning and object detection. This data can be used to train a CNN model to suggest alt text for images
on a webpage.

Example Dataset:

o Microsoft COCO
o GREATER THAN 200,000 Images
o Img categories, object descriptions, alt text captions

2. HTML and ARIA Data for Role Detection:

WCAG non-compliance ARIA role annotations are highly vital. The models can be trained to detect
mistakenly assigned roles by using both valid and invalid HTML elements with proper ARIA role
annotations present in a dataset.

Example Dataset:

o Dataset Name: ARIA Role Dataset, W3C, or any other custom dataset
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o Number of Entries: Variable depending on scope of dataset
o Labeling: Correct ARIA attributes for various HTML elements

3. Color Contrast Data for Analysis:

Color contrast evaluation ML models need datasets that feature pairs of text and background colors, alongside
the corresponding labeled contrast ratios. One such dataset can be created by manually computing
contrast ratios with the appropriate WCAG formulas and then labeling them as either compliant or not.

Example Dataset:

o Dataset Name: WCAG Color Contrast Dataset (custom)
o Number of Entries: Several thousand color pairs
o Labeling: Adheres to WCAG contrast guidelines (e.g., AA, AAA)

www.healthinformaticsjournal.com

These datasets are meant to train ML models for identifying and recovery of accessibility issues to increase

predictions for unseen new websites

3.4 Evaluation Metrics for Accessibility Performance

A wide range of performance metrics are used for evaluating the performance of machine learning models applied

to accessibility tasks.
Metric

Accuracy

Precision

Recall

F1-Score

Description

Percentage of correct predictions made by the model. This
is crucial when detecting whether accessibility issues
exist.

The proportion of true positive results relative to the total
predicted positives. This helps avoid false positives in
accessibility reports.

The proportion of true positive results relative to the total
actual positives. This metric helps ensure that all potential
issues are detected.

The harmonic mean of precision and recall, providing a
balance between the two metrics. It is often used when
data is imbalanced (i.e., few accessibility issues).
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Intersection over UnionCommonly used in image segmentation tasks, this metric

(IoU) evaluates the overlap between the predicted bounding box
and the actual object in images (relevant for alt-text
generation).

Runtime Efficiency How quickly the model can process and detect issues in

real time, important for browser integrations and
accessibility audits.

These will be the metrics for assessment of overall effectiveness and efficiency of a model in enhancing
accessibility. For example, accuracy may indicate how often it identifies a color contrast violation, while the F1-
score balances recall and precision for detecting subtle issues.

Code Example: Color Contrast Evaluation Using Python

Here is a sample piece of Python code that demonstrates the use of colourthief and webcolors libraries to evaluate
contrast ratio between two colors:
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import webcolors
from colorthief import ColorThief

def calculate_contrast(color1, color2):

rgb1 webcolors.hex_to_rgb(color1)
rgb2 = webcolors.hex_to_rgb(color2)

def luminance(rgb):
LR B DE=R [ X¥/ for x in rgb]
= *r + * g +
return r

luminance1 = luminance(rgb1)
luminance2 = luminance(rgb2)

contrast_ratio = (luminancel + ) / (luminance2 + ) if luminance1 > luminance2
else (luminance2 + ) / (luminancel + )

return contrast_ratio

color1 =
color2
contrast = calculate_contrast(color1, color2)
print( 3 :", contrast)

This code calculates the ratio for two colors it can greatly help in automating the process of finding WCAG-

compatible pairs.
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ML Technique Effectiveness by Application Area
Source: Comparative Analysis
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4. Integration of Machine Learning Models in Frontend Workflows
4.1 Designing Intelligent Accessibility Scripts

To integrate machine learning, one can design intelligent accessibility scripts that conduct and correct accessibility
audits. These scripts scan web pages for accessibility issues and propose automated fixes. JavaScript libraries, such
as TensorFlow.js and MLS5.js, allow the deployment of models within browsers. This gives real-time analysis a
possibility. For example, TensorFlow.js permits developers to deploy pre-trained models for image recognition
and text analysis. Scripts will be able to identify things that are missing alt text on images and suggest or generate
fixes to ensure the site is more accessible during development.

4.2 Embedding Machine Learning for Real-Time Auditing

Real-time auditing is quite important for infusion into frontend workflows. The advantage of models that are
deployed using such JavaScript frameworks as TensorFlow js is live detection of problems in the browser and thus
do not require server-side processing. For instance, models would evaluate alt text, color contrast, or ARIA roles,
giving instant feedback. Real-time auditing ensures that developers get suggestions immediately to improve
accessibility, such as flagging a non-compliant color combination based on WCAG guidelines.
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4.3 Automated Code Suggestions for WCAG Compliance
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Machine learning can automate code suggestions to improve WCAG compliance. Models trained on diverse web
content can recommend fixes, such as adding alt text to images or correcting semantic HTML. These suggestions,
integrated into the developer's workflow, help ensure accessibility standards are met with minimal manual effort.
For example, a model might suggest adding an aria-label to a button to improve its accessibility.

4.4 Challenges in Seamless Integration and Mitigation Strategies

Seamless integration of machine learning with frontend workflows is a challenge, especially when it comes to
dynamic content frameworks such as React or Vue.js. The ML models can be made to adapt to real-time DOM
updates to allow for continued accessibility evaluation. The challenge of computational overhead can also be
mitigated by techniques such as quantization and pruning; in other words, developers can optimize models or use
lightweight models like MobileNet for less resource-intensive tasks. Additionally, machine learning can augment
existing accessibility tools, offering real-time analysis without replacing traditional methods. As technology
advances, these challenges will lessen, making Al-powered accessibility a more integral part of web development.

5. Automated Detection of Accessibility Gaps
5.1 Image Recognition and Alt Text Generation

Ensuring all images are accessible is a key challenge in web accessibility, typically addressed by adding alt text.
This has traditionally been done manually, but through machine learning, the task might be automated using image
recognition. Some of these models include CNNs that detect objects, scenes, and even text, hence generating
descriptive alt text. The model uses datasets such as Microsoft COCO and can even suggest or generate alt
descriptions for images. For instance, a model could output some automatic alt text, like: "A cat sitting on a couch"
for the picture of a cat. This way, developers can conveniently meet the standards of WCAG.

In practice, an image recognition and alt text generation system can work as follows:
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// Example: Using TensorFlow.js to generate alt text for an image
const image = document.querySelector( 3" ):
const model = await tf.loadLayersModel(

const imageTensor = tf.browser.fromPixels(image):

const predictions = model.predict(imageTensor .expandDims(0)):

const altText = predictions[0]: // Assume the model returns a description
console.log( i , altText):

This technology saves the developers to lighten a huge workload and also to ensure all the images are WCAG
accessible. It also ensures consistency in accuracy in description, which otherwise might vary based on the
interpretation of developers.

5.2 ARIA Role Detection and Improvements

ARIA roles enable the interpreting of interactive functions to screen readers. A missing or incorrect ARIA role on
the HTML structure of the page can be identified by the help of machine learning. The algorithms designed with a
labeled dataset can make choices regarding elements with improper roles and indicate fixes. For instance, missing
aria-label or aria-role="button" can be indicated and generate automatic suggestions for attributes that should
correct it. This ensures that dynamic elements, such as modals or dropdown menus, are respectively described for
the screen reader users.

The following example represents an abstraction of missing ARIA roles detection:

// Example: Checking for missing ARIA roles on a button
const checkAriaRole = (element) => {
if (element.tagName === TON® &% !element.hasAttribute(
return "Missing aria-label on button. Suggested fix: aria-label-=
¥
return null;

const buttonElement = document.querySelector(
const result = checkAriaRole(buttonElement):
if (result) {

console.log(result):

This script detects that a button is without an aria-label attribute, hence finding a fix for it. This makes the page
more accessible to the screen reader users.

5.3 Color Contrast Analysis Using ML Models

Color contrast helps make text readable from its background. Machine learning can aid in automatically
determining the level of color contrast with respect to the WCAG guidelines. A model trained on RGB values
could calculate the contrast ratio between text and background colours, and could provide alternatives if the
combination does not satisfy accessibility criteria. For example, a regression model trained on labelled colour
combinations may scan live web pages for contrast violations, ensuring all text is readable under WCAG.

Next follows a Python code evaluating color contrast using the WCAG 2.0 contrast formula:
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import colorsys

def calculate_contrast(rgb1. rgb2):
def luminance(rgb):
r. g. b=1[x/ for x in rgb]
= (r / ) if r <= UEE (((F
= (g / ) 6] 7 S else ((g +
= (b / ) if b <= else ((b +
return 0. *r + * g+ *b

lum1 = luminance(rgb1)
lum2 = luminance(rgb2)

contrast = (luml + ) / (lum2 + ) if lum1 > lum2 else (lum2 + ) / (luml +
)

return contrast

contrast_ratio = calculate_contrast((0,
print(“Cont ", contrast_ratio)

This function calculates the contrast ratio and may alert color violations to ensure readability of text across
accessibility standards.

5.4 Dynamic Content and Adaptive Interface Testing

Accessibility goes further into dynamic content and adaptive interfaces where the possibility exists that behavior
can change after user input. Machine learning could be utilized in testing dynamic components, such as live regions
and forms that are interactive, for accessibility. Models can be trained to detect places where content updates would
require appropriate announcement to screen reader users. Models can further analyze behavior and offer changes
in navigation or discoverability. This means dynamic and adaptive content are accessible to every user, thus
enhancing the web experience for users with disabilities.

In practice, it may look something like this:

// Example: Monitoring dynamic content updates
const monitorDynamicContent = () => {
const liveRegion = document.querySelector( [
if (liveRegion) {
console.log(
¥

setInterval(monitorDynamicContent,

This script continuously detects live regions on the page and ensures that they are well reported; thus, dynamic
content might not go unnoticed by users who rely on a screen reader for orientation.

6. Corrective Mechanisms and Automated Solutions
6.1 Implementing Machine Learning for Error Correction

In fact, once the system identifies accessibility failures, machine learning can correct mistakes in real time-to
enhance compliance. Such models would be trained on accessibility failures and fixes-proposing or applying
changes to HTML, CSS, or JavaScript. For instance, a model would alert missing alt text, possibly suggest or even
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generate an alt description by means of NLP and image recognition; similarly, models could automatically fix
missing ARIA roles or improper HTML attributes.

6.2 Enhancing User Interaction with Contextual Fixes

Machine learning helps to enhance user interaction through personalized corrections. For instance, if a user
frequently alters the text size or employs a screen reader, the model can trace these activities and automatically
modify UI components such as font sizes or layouts. It could also switch to a high-contrast theme for users who
consistently employ magnifiers or high-contrast settings.

6.3 Adaptive Learning and Feedback Loops for Continuous Improvement Adaptive learning models can be
built with machine learning to evolve by learning from new data and feedback. For example, if a developer accepts
the suggested fix, that data sharpens the future predictions. Reinforcement learning can further improve the model
by adjusting based on whether or not the previous fixes were effective, thus prioritizing effective solutions in the
future.

6.4 Monitoring and Re-Evaluating Corrective Measures

In the changing web technologies, a model has to be monitored uninterruptedly. New design patterns or frameworks
add another challenge to a model, and sometimes the best solution is to retrain the model. Continuous crowdsourced
audits or user feedback allows the models to change over time, according to changing accessibility standards.
Computerized systems can track improvements, flag corrected issues, and identify new ones to align with the latest
WCAG standards.

7. Performance and Scalability Considerations
7.1 Training and Inference Efficiency for Large-Scale Projects

Efficiency based on machine learning will be the key for large-scale operations. Applications that have a lot of
pages will require very computationally efficient models. Training deep learning models, such as CNNs or RNNs,
is highly resource-intensive. Using Transfer learning, previously trained models can be fine-tuned with domain-
specific data thus reducing time and resources. Pre-trained models such as Resnet can be used to generate alt text
and other related tasks; hence, no need to train from scratch.

Inference efficiency is crucial for real-time auditing on live websites. Converting models to client-side formats like
TensorFlow.js or ONNX allows them to run directly in the browser, reducing server load. Model quantization can
also speed up inference without sacrificing accuracy.

For example, TensorFlow.js allows running pre-trained models in the browser with minimal setup:

// Example: Running a pre-trained model in the browser with TensorFlow.js
const model = await tf.loadLayersModel( ‘| ] jel. )

const imageTensor = tf.browser.fromPixels(imageElement):
const predictions = model.predict(imageTensor.expandDims(0)):
console.log("f lictions:", predictions);

This approach minimizes server load and enables real-time processing of accessibility issues directly on the client
side.

7.2 Optimization Techniques for Faster Processing

Optimization of ML models ensures faster execution on big websites. Techniques such as model pruning and
quantization help in:

*  Model pruning: the removal of extraneous weights decreases the model size, thereby speeding inference
* Quantization: reduction of the precision of weights (from float to 8-bit) reduces model size and
computation
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« Distributed training also accelerates this process by scaling up large numbers of datasets spread across
multiples of GPUs or available cloud resources.

7.3 Balancing Model Complexity and Browser Performance

For web applications, resource availability is often an issue, hence model complexity and performance must be

balanced. Deep neural networks, which are complex models, are likely to result in better accuracy but slow browser

performance. Therefore, for color contrast analysis, it might suffice using decision trees for simpler and optimized

models. Tasks like alt text generation can be sent to the server if browser performance suffers.
Evolution of Web Accessibility Standards and Al Integration

Source: W3C Timeline
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7.4 Handling Diverse Web Technologies and Frameworks

The integration with such diversified technology assets, such as HTML, JavaScript, and frameworks like React or
Angular, on websites creates challenges. Dynamics in content and ARIA roles need to be handled, particularly with
frameworks that update the DOM. For instance, at an app level of a React application, a model may monitor and
audit accessibility in real time. Tools, such as Lighthouse, can be enhanced using machine learning to automatically
detect defects across multiple platforms.
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import React, { useEffect } from
import * as tf from

const AccessibilityChecker = ()
useEffect(() => {
const checkAccessibility = async () => {
const model = await tf.loadLayersModel( ]
const predictions = await model.predict(tf.browser. fromPlxels(
console.log( "~ ibilit redictior , predictions):

checkAccessibility():
e |L[YE

return

export default AccessibilityChecker;

This example integrates the model into a React app, where the AccessibilityChecker analyzes accessibility on the
fly during app runtime. The integration enables developers to audit and correct accessibility issues continuously
while developing the app in such a way that the developed app is WCAG compliant at all times.

In fact, modular machine learning tools must also be capable of processing any kind of web technology and have
the ability to integrate with various frameworks. Then comes the enhancement of tools like Lighthouse, developed
by Google, on machine learning models to detect many accessibility issues across different platforms
automatically.

8. Ethical and Practical Considerations
8.1 Addressing Biases in Machine Learning Models

This is because training data bias can result in models that fail to equitably serve all users. For example, the models
trained on visually simple sites may not handle complex designs suitably, thereby affecting the visually impaired
users. Therefore, diverse and representative datasets should be utilized for mitigation, and models should be
carefully monitored for fairness. Techniques of bias detection should be integrated into the training of the models
so as to produce an outcome for all equal users.

8.2 Ensuring User Privacy and Data Protection

Machine learning from user data brings in privacy considerations. When using the data, it is important to adhere to
regulations like GDPR or CCPA in the use of data. Personal data should be anonymized, and consent solicited
before collecting data. Federated learning helps preserve privacy while seeking to enhance models with training
on decentralized data without access to raw user data.

8.3 Limitations and Ethical Concerns of Automated Accessibility Fixes

The automated fix may not necessarily capture the dimension of human needs for accessibility. For example, a
model may adjust color contrast, but it fails to account for user preference towards visual comfort. Thus, automated
tools must supplement, rather than supplant, human judgment. User feedback and review by an expert remain
essential to ensure that fixes take into account the needs of users with diverse disabilities.

8.4 Transparency and Accountability in Machine Learning Solutions

Transparency of machine learning models is important to enable trust. Models need to explain specifically how
9209



Frontiers in Health Informatics ISSN- www.healthinformaticsjournal.com
Online:2676-7104

they make accessibility recommendations. Understandable justifications for model decisions can be generated
using XAI techniques. For instance, if a color contrast change has been suggested, it could alert on which WCAG
guidelines are violated and at what contrast ratios. There should be channels through which users can express their
concerns and, in that respect, ensure the developers have a means of having account for the fixes brought about by
these models.

9. Future Trends and Advancements
9.1 Emerging Al Technologies for Enhanced Accessibility

As the Al and ML technologies develop further, it becomes bent at creating accessible web applications.
Transformer models such as BERT and GPT which excel in NLP boost tasks like generating automated alt text,
summarizing content, and translating languages. Such a model generates the most contextually accurate alt text
possible for images, therefore, making web content accessible to readers through screen readers. Reinforcement
learning can be used to make improvements even better and adapt the tools based on user interaction. Other
computer vision enhancements, such as object detection, facilitate finding web components to fulfill the
accessibility criteria.

9.2 Potential of Deep Learning in Understanding Contextual Content

Deep learning technologies, such as CNN and RNN, enable improving accessibility of the interface of the web.
These models can identify both graphical as well as text content. They can be employed for error identification and
correction purposes during an accessibility assessment. For example, if an alt text is contextual or not. Deep
learning can also identify dynamic interactions in new web applications where accessibility for dynamic content is
possible. In the future, deep learning can assist those with cognitive disabilities by modifying content-for instance,
making vocabulary easier to understand or providing contextual aid based on behavior.

9.3 Integration with Voice-Activated and Assistive Technologies

The integration of ML in voice-activated systems such as Amazon Alexa and Google Assistant may make a huge
difference in web accessibility. ML models can enable voice commands for changing ease-of-access features, such
as increased font size or contrast, and assistive technologies -screen readers and eye-tracking software -can be
integrated into accessibility audits to ensure interfaces also work well with such tools. ML models can learn on
voice commands and user interactions continuously and thereby improve accessibility over time.
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Distribution of Common Web Accessibility Issues
Source: W3C WebAIM Survey 2023

28%

24%
R

& Q~ B X &
qv\ c,°° va ’o&% &\, 0}5\)
oS o v % <<o‘ X
5 S &
Q‘\ (J 00 o@

&

15

10

Percentage of Issues (%)

9.4 Prospects for Autonomous and Self-Adaptive Web Interfaces

ML-powered web interfaces may be autonomous, self-adaptive. They may personalize the user experience by
adjusting layout, text size, navigation controls, depending on individual user needs. Interfaces will learn from user
behavior, adapt in real time to change and keep updated in respect of accessibility guidelines. Personal assistants
backed by Al may go beyond this to further develop the user experience with suggestions on adjustments or settings
in accordance with accessibility needs. This is very much a new development, and the future looks promising for
inclusive, adaptive web experiences.

10. Conclusion
10.1 Summary of Key Findings

The other feature which Al and ML offer web accessibility is auto-detection and remediation of problems, like alt
text, color contrast, ARIA roles. Machine learning models can accelerate accessibility audits that provide real-time
suggestions and ensure compliance with standards. But challenges come along, too: bias in training data, ethics,
and control over automated solutions by humans to cater to diversified needs of users with impairments.

10.2 Implications for Web Developers and Businesses

Web developers can consider harnessing machine learning tools to automate the accessibility audit process and
guarantee conformance with standards such as WCAG. Organizations embracing ML for accessibility will thereby
increase their market reach and enhance user experience. These tools aid in upholding legal compliance and reduce
risks associated with accessibility lawsuits. Although automation from machine learning is promised, this should
not replace strict manual testing and human intuition for effective results.

10.3 Recommendations for Future Research

The future of research goes ahead in the direction of better ML model development that can systematically identify
access-related issues within dynamic web interfaces and other content types, such as mobile applications and PDFs.
Main areas of research for extensive exploration are cross-domain accessibility, bias reduction, and fairness.
Further fields related to improvement in ML models include explainability and the latest Al-related emerging
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technologies, namely natural language processing and reinforcement learning for the even most adaptive and
context-aware systems for accessibility.
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