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Abstract
This paper reports the results of the automated accessibility evaluation of nearly three million web pages. The analysis of 
the evaluations allowed us to characterize the status of web accessibility. On average, we identified 30 errors per web page, 
and only a very small number of pages had no accessibility barriers identified. The more frequent problems found were 
inadequate text contrast and lack of accessible names. Additionally, we identified the technologies present in the websites 
evaluated, which allowed us to relate web technologies with the accessibility level, as measured by A3, an accessibility 
metric. Our findings show that most categories of web technologies impact the accessibility of web pages, but that even for 
those categories that show a negative impact, it is possible to select technologies that improve or do not impair the acces-
sibility of the web content.

Keywords  Web accessibility · Accessibility evaluation · Web technology · Accessibility barriers

1  Introduction

“Web accessibility means that websites, tools and technolo-
gies are designed and developed so that people with dis-
abilities can use them” [1]. By making web content acces-
sible, we are not only respecting a human right defined in 
the United Nations Convention on the Rights of Persons with 
Disabilities,1 we are also ensuring that our content becomes 
accessible to approximately 15% of the word population that 
experiences some form of disability [2] and the many of us 
that experience temporary disabilities [3, 4].

To guarantee web access, one of the processes to be car-
ried out is the evaluation of the accessibility of the web con-
tent developed [5]. While evaluating a web page or a web 
site allows the web site administrator to detect accessibility 
issues and act in conformance, only large-scale accessibility 

evaluations portray the status of the accessibility of (a sub-
set of) the web at a given point in time [6, 7]. Large-scale 
accessibility evaluations allow understanding the level of 
conformance [8], understanding how accessible the web is 
for certain user groups [9], comparing different domains of 
activity [10, 11], comparing geographical areas [12, 13] or 
determining the evolution of a sector in a given period of 
time [14].

Besides assisting in understanding the impact of web 
accessibility, large-scale evaluations also afford the analysis 
of factors that might increase or decrease the accessibility 
of the content made available. One of those factors is the 
technology used for web content development and deploy-
ment [15].

In this paper, we investigate the current status of accessi-
bility by evaluating the accessibility of 2,884,498 pages from 
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166,311 websites. This large sample allowed us to portray 
the current status of the accessibility of web content, analyz-
ing the errors that are more frequently found. Additionally, 
we also identified the technologies present in the websites. 
This allowed us to compare pages that use technologies, 
from different categories, with those that do not. From these 
comparisons, we could understand that most technologies 
are related to different levels of accessibility, as measured by 
an accessibility metric, but also, that it is always possible to 
identify technologies related to pages with better accessibil-
ity, even inside those categories that usually relate to pages 
with lower accessibility.

In the remainder of the article, we start by reviewing 
past large-scale accessibility studies, before describing the 
methodology followed. We then describe two sets of results: 
the first portraying the current status of web accessibility; 
the second describing the relations we found between web 
accessibility and web technologies. In the following section, 
we discuss the results, before concluding.

2 � Related work

2.1 � Large‑scale accessibility evaluations

A large-scale accessibility evaluation assesses the accessi-
bility of hundreds, thousands or tens of thousands of web 
pages [16]. These evaluations are useful to draw meaningful 
conclusions about the state of accessibility [8] as well as to 
locate potential problems in order to shape and improve the 
accessibility of the Web [17].

Evaluating the accessibility of a web page usually trans-
lates to checking its conformance with the Web Content 
Accessibility Guidelines (WCAG),2 either directly, or indi-
rectly through different standards that reference the WCAG, 
such as the European Standard EN 301 5493 or the US Sec-
tion 508.4 This is also noticeable in the multiple large-scale 
evaluation studies that have been reported in the literature, 
from older studies checking conformance to WCAG 1.0 
[6, 12, 14] to more recent studies considering WCAG 2.0 
[18–21], while large-scale evaluations using the WCAG 2.1 
are still missing.

One noticeable aspect of accessibility evaluation appar-
ent when multiple evaluation tools are used, is related to 
the different findings reported by different tools [22–24]. 
As a consequence of this situation, the W3C sponsored the 
creation of a community of evaluation tool developers and 
manual methodology experts to promote an harmonized 

interpretation of the WCAG and ensure that different tools 
and methodologies report consistent results. The Accessi-
bility Conformance Testing (ACT) community5 has so far 
created 91 ACT-Rules, representing common interpretations 
of how certain aspects of the WCAG should be assessed.

By means of large-scale evaluations, it becomes possi-
ble to conclude general aspects about a certain context. For 
instance, if there is the need to understand the level of acces-
sibility between two time periods, a large-scale evaluation is 
executed in order to have more representative data results. 
One study [14] carried out an analysis in 2014, where it 
was possible to observe the changes and examine the evolu-
tion regarding web accessibility in China from 2009 and 
2013. For this purpose, the authors studied the accessibil-
ity of websites in 2009 and in 2013. First, they choose the 
100 most popular websites from 2009. Then, they classified 
each website into categories according to their content and 
removed the categories with no interest for this study. The 
authors only evaluated the home pages of the most popular 
websites, due to constraints related to time and resources. 
None of the websites met the basic accessibility require-
ments. However, the results show that in 2013 people were 
more conscious about web accessibility.

Besides analyzing the evolution of the accessibility 
or even the accessibility status of various countries [12], 
large-scale evaluations enable the investigation of factors 
that can somehow impact web accessibility. For instance, 
a 2016 study [15] evaluated 1669 web pages and identified 
the web technologies used in their development in order to 
understand if web technologies could influence web acces-
sibility. After conducting the accessibility evaluation and 
technology identification, the authors computed three web 
accessibility metrics (conservative, optimistic and strict) and 
concluded that web technologies have a significant impact 
in web accessibility. Another study [25] performed a similar 
analysis regarding web accessibility and web technologies, 
where results could identify a set of technologies that may 
lead to more accessibility errors. The authors of this study 
conducted accessibility assessments over three years, start-
ing in 2019. They concluded that the number of accessibility 
errors and WCAG conformance failures decreased in 2021.

Other aspects like the correlation between the number of 
HTML nodes (i.e., website complexity) and accessibility 
levels can also be inspected through a large-scale evalua-
tion. In a 2010 study [6], it was possible to verify that as the 
number of HTML elements increases, the accessibility qual-
ity rate decreases, which leads to the hypothesis that a more 
complex website tends to have a lower accessibility quality.

Generally, large-scale accessibility studies aim to char-
acterize different aspects regarding the accessibility of web 
content. These large-scale assessments can help locating 

2  https://​www.​w3.​org/​WAI/​stand​ards-​guide​lines/​wcag/.
3  https://​eur-​lex.​europa.​eu/​eli/​dir/​2016/​2102/​oj.
4  https://​www.​access-​board.​gov/​law/​ra.​html#​secti​on-​508-​feder​al-​
elect​ronic-​and-​infor​mation-​techn​ology. 5  https://​act-​rules.​github.​io/​pages/​about.
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and evaluating potential barriers, as well as encouraging 
developers to improve the accessibility of the Internet [17]. 
In this study, we draw from a large sample to character-
ize the current status of web accessibility but also to try to 
understand how the technologies used in the development 
and deployment of websites correlate with their accessibil-
ity levels. To guide the study, we formulated the following 
research questions: 

1.	 What are the more frequently violated WCAG success 
criteria?

2.	 Do specific categories of technology have a positive or 
negative impact on Web accessibility?

3.	 Within a technology category do all technologies have 
a similar impact on Web accessibility?

2.2 � Web developers’ perspective on accessibility

Research on the impact of web technologies on accessibility 
can contribute to foster the uptake of accessibility practices 
by web developers by increasing the knowledge pool avail-
able to them. Several studies have identified that accessibil-
ity practices are still not accounted for in many instances. 
Inal et al. [26] surveyed a group of Turkish developers that 
consider themselves trained or educated in web accessibility. 
However, they were mostly found to be unfamiliar with web 
accessibility standards and assistive technologies. Antonelli 
et al. [27] conducted a similar effort in Brazil. They surveyed 
over 400 developers and found that two-thirds do not con-
sider accessibility in their development projects, with only 
half of these planning on doing it in the future. Gupta et al. 
[28] conducted a smaller study interviewing web developers 
in Mozambique. They also found that developers, in general, 
do not consider accessibility in their product development.

The causes for the lack of adoption of accessibility prac-
tices have been identified in several studies. Leitner et al. 
[29] identify lack of evaluation tools, time and resources. 
These are consequence of untrained staff, but also of organi-
zational factors such as promotion of accessibility result-
ing from diminished media attention. Farrelly [30] found 
another set of factors. His study identified social and indi-
vidual values, inadequate guidelines and support and mon-
etary demands as barriers impeding the diffusion of web 
accessibility.

Inal et al. [31] did a similar study, though focusing on 
a sample of UX professionals instead of web developers. 
Nevertheless, the findings and the underlying causes found 
are similar, raising the universality of the identified issues. 
According to this study, UX professionals spend limited 
work time on accessibility issues and have limited knowl-
edge about accessibility guidelines and standards. Their 
main challenges in creating accessible systems are related 
to time constraints, lack of training and cost.

Interestingly, a study of accessibility practitioners by 
Azenkot et al. [32] uncovered how accessibility champions 
mitigate these issues in their organizations. Their main focus 
is on education and development of tools and resources to 
allow designers and developers throughout the organization 
to implement accessibility, confirming the lack of train-
ing and resources available to developers. Our study can, 
as aforementioned, contribute by increasing the resources 
available to developers, specifically, by guiding technology 
selection.

3 � Methodology

3.1 � Materials

To collect a sample fit for a large-scale accessibility evalua-
tion, we obtained individual URLs from the CommonCrawl6 
set. We used the crawl data from November and December 
2020. We removed possibly duplicated URLs, as well as 
unwanted URLs, such as the ones pointing to robots.txt files 
or image resources. We did not limit in any way the number 
of pages per website. We conducted the accessibility evalu-
ation and technology identification in the period from March 
2021 to September 2021, starting from the most recently 
crawled pages. During this period, we were able to evalu-
ate the accessibility of 2,884,498 web pages belonging to 
166,311 websites (an average of 17 pages per website). The 

Table 1   Number of web pages 
by top-level domain

Top-level domain Number of 
web pages

.asia 322,208

.au 174,371

.com 166,388

.org 154,154

.pt 139,807

.gov 130,689

.info 125,233

.uk 122,543

.es 120,085

.it 120,085

.fr 113,513

.de 109,135

.us 106,432

.news 105,196

.eu 102,995

.net 102,671

.br 100,353

.edu 93,956

6  https://​commo​ncrawl.​org/.

https://commoncrawl.org/
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distribution of pages per top level domain is presented in 
Table 1.

Given the scale of the task to be performed, automated 
evaluation tools are the most cost-effective option [33]. 
We used QualWeb7 [34], an automated web accessibility 
evaluation engine that performs a set of tests on a web page 
that check conformance with ACT-Rules8 and WCAG 2.1 
Techniques.9 The aim was to use an engine that was free 
and available as a package that could be integrated into our 
large-scale evaluation architecture. Additionally, the engine 
should evaluate conformance with ACT rules. ACT-rules 
test a web page against a set of community approved checks, 
while WCAG techniques test a web page against the tool 
developer’s interpretation of specific WCAG techniques. 
To ensure that only checks that correspond to consensual 
interpretation of the WCAG and increase the validity of the 
results, we only used the outcomes of the ACT-Rules tests 
in this study. QualWeb was one of the few options that met 
these criteria at the time of the study (the other ones being 
Deque’s aXe and Siteimprove’s alpha) and the one that was 
easier to integrate in out testing architecture. We used ver-
sion 0.6.1 of QualWeb, which tested a total of 72 ACT-Rules 
that check different aspects of conformance with 30 WCAG 
2.1 success criteria (38% of the total success criteria).

To identify the technologies of the 166,311 websites 
assessed, we used two technology identification tools: Wap-
palyzer10 and SimilarTech.11 Two different tools were used 
in order to increase the coverage of the identified technolo-
gies that were used in the websites. Wappalyzer was used as 
QualWeb includes a Wappalyzer module (which represented 
another advantage of QualWeb for this study). In order to 
choose another tool to use alongside Wappalyzer, we identi-
fied the six tools with more page visits on the SimilarWeb 
service and performed a coverage test. This test checked the 
coverage of several technology identification tools by com-
paring the technologies the tool could find with the actual 
technologies from a set of 25 web pages. The 25 pages were 
selected from the Hunter.io platform that lists pages that 
use a given technology. We picked pages from technologies 
listed by the WebAIM One million study [25]. SimilarTech 
was the tool with the best coverage in this test, capable of 
identifying 60.88% of the technologies used in the 25 web 
pages of the test set.

During the selection process, we were also able to com-
pare the outcomes of Wappalyzer and SimilarTech. We 
found that SimilarTech identified, on average, three times 
more technologies than Wappalyzer. However, many of these 

are not relevant for our purposes since they are not related to 
the front-end component, such as, for example, the database 
system supporting the website.

Since we were collecting data from three different sources 
(QualWeb, Wappalyzer and SimilarTech), we built a system 
to orchestrate the data collection. An Express server issued 
requests to Docker containers of three types: QualWeb with 
Wappalyzer, QualWeb solo, and SimilarTech. Responses 
were processed and stored in a PostgreSQL database for 
analysis. The QualWeb with Wappalyzer container was 
responsible for handling the first evaluation of a URL from 
a specific domain. Given that Wappalyzer is available as a 
QualWeb module, the first URL of a domain was processed 
by QualWeb with the Wappalyzer option, to ensure the result 
of the same web request was processed for both accessibility 
evaluation and technology. Subsequent requests to the same 
domain did not need to further evaluate the technology, since 
the answer is domain dependent, and therefore, they were 
routed to the QualWeb only containers. We also needed to 
ensure that the SimilarTech technology identification was 
processed at a time as close as possible to the Wappalyzer 
and QualWeb processing to prevent unwanted effects from 
changes to the website. The domain of each call to QualWeb 
with Wappalyzer was added to a pool of domains for Simi-
larTech checking. We had multiple SimilarTech containers 
running, which ensured the pool was quickly processed and 
the interval between a domain entering the pool and being 
processed was small. This means that, unlike Wappalyzer, 
SimilarTech was not integrated with QualWeb.

The outcomes of the requests to each container were 
processed in the Express server. QualWeb returns a JSON 
answer. The outcomes of the accessibility evaluation and the 
technology identification are provided in different properties 
of the JSON document. They are split before individual pro-
cessing and being sent to different tables in the PostgreSQL 
database. SimilarTech also replies with a JSON document. 
We parsed the outputs of Wappalyzer and SimilarTech and 
discarded information not relevant for our purposes. We kept 
the information provided by the “technologies” property, 
which consists of an array with the identification of the tech-
nologies used in the URL analyzed, a categorization of the 
technology and a version of the technology. The categoriza-
tions were dependent on the service used (Wappalyzer or 
SimilarTech), and we needed to merge them as explained in 
the following sub-section.

3.2 � Measurement

QualWeb produces an evaluation report that details, for each 
web page, the ACT rules that pass, fail, are inapplicable 
or that QualWeb can’t tell (those instances where an auto-
mated tool is able to process just part of a test, but not com-
plete it without human assistance). Each ACT rule checks 

7  http://​qualw​eb.​di.​fc.​ul.​pt/​evalu​ator/.
8  https://​act-​rules.​github.​io/​rules/.
9  https://​www.​w3.​org/​TR/​WCAG21/.
10  https://​www.​wappa​lyzer.​com/.
11  https://​www.​simil​artech.​com/.

http://qualweb.di.fc.ul.pt/evaluator/
https://act-rules.github.io/rules/
https://www.w3.org/TR/WCAG21/
https://www.wappalyzer.com/
https://www.similartech.com/
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requirements that allow detecting failures of compliance 
with a WCAG success criteria. Therefore, by analyzing the 
QualWeb reports it is possible to understand how success 
criteria are being failed and produce a first description of 
the status of web accessibility.

In addition to counting the number of tests failing, pass-
ing and identifying the success criteria being violated, we 
also computed an accessibility metric to facilitate the analy-
sis of the relation between technology and accessibility. To 
compute the accessibility level of a web page we used an 
accessibility metric, more specifically the A3 aggregation 
function [8]. This metric is an extension of the UWEM 0.5 
metric [8, 35] but improves upon its predecessor by consid-
ering the complexity of the resources and the needs of dif-
ferent ability groups. A3 is characterized by a limited range 
of scores (from 0 to 1). The higher the score, the worse the 
accessibility level of the evaluated web resource. Equation 1 
presents the formula for computing the A3 metric, where 
Bpb is the number of actual points of failure of a checkpoint 
b in page p, b is the barrier (checkpoint violation), Npb is 
the number of potential points of failure of a checkpoint b 
in page p, and Fb identifies the severity of a certain barrier 
b [8].

We used the A3 metric since a study comparing eleven 
accessibility metrics [36] found it to be one of the metrics 
with the expected behavior (being capable to correctly judge 
the level of accessibility of the pages in the study). Addition-
ally, from the three metrics with the expected behavior, A3 
was the most discriminating one.

The two technology identification tools produce reports 
identifying the technologies present in a given website and 
categorize them with a set of predefined criteria. Same cat-
egories are named the same in both tools, while others are 
named differently. We reviewed the identified categories 
and merged the ones that had different names representing 
the same category. For our analysis, we measured both the 
number of instances of each technology, and the number of 
instances of the different categories present in a web page. 
Given the volume of different technologies found (near 3500 
technologies), we did not review the assignment of tech-
nologies to categories and opted to use the outcome of the 
technology identifications tools.

3.3 � Data analysis

In order to characterize the current accessibility state, we 
computed descriptive statistics considering the number and 
the type of errors and respective success criteria. In this 

(1)A3 = 1 −
∏

b

(1 − Fb)

Bpb

Npb
+

Bpb

Bp

analysis, we also considered the top-level domain (TLD) of 
the web pages evaluated.

To inspect the relation between web technologies and 
accessibility, we carried out two analyses. The first stud-
ies the relation between web technologies and accessibil-
ity at the technology category level. Given that we found 
a total of 166 categories, we conducted a selection process 
to define the main focus of this study. We selected a total 
of 32 categories that belong to general areas that are used 
and associated with web development, such as programming 
languages, libraries, frameworks and software. For each cat-
egory, we compared the accessibility levels, as measured 
by the A3 metric, of web pages that use technologies from 
that category with the accessibility level of web pages that 
do not. Since the A3 scores of our samples are not normally 
distributed, we applied the Mann–Whitney U rank test for 
the comparison. As we considered 32 different categories, 
we applied 32 tests. Given the large number of hypotheses 
being tested, we corrected for type I errors by establishing 
the significance level at 0.0016 (0.05/32 categories).

The second study analyzes the relation between specific 
technologies and the accessibility level of pages that use 
them. In this study, we considered only technologies belong-
ing to categories that were identified in more than 1 million 
pages and had a statistically significant difference found in 
the prior study. From this set of categories, we selected all 
the technologies that were identified in no less than 2% of 
the web pages of their category. We applied this criterion, 
since some categories have a large amount of technologies. 
Because the Advertising category had 43 technologies that 
were identified in more than 2% of the web pages, for this 
category we studied only categories that were identified in 
at least 8% of the pages belonging to the category. Applying 
this criteria, we ended up with 6 categories. To understand if 
there are differences between the technologies in a specific 
category we used the Kruskal–Wallis test. Post hoc tests, in 
particular Dunn’s tests, were applied to identify significant 
differences between technologies of the same category. The 

Fig. 1   Percentage of web pages and respective maximum of errors 
(logarithmic scale)
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p values for Dunn’s test were adjusted by applying the Bon-
ferroni correction.12

4 � Results

4.1 � Web accessibility descriptive analysis

The evaluation found a total of 86,644,426 errors, averag-
ing 30 errors per page and 521 errors per website. The 
highest number of errors on a single webpage was 15,645, 
and the lowest was 0. The highest number of errors on a 
website was 878,776 and the lowest 0. Only 15,963 pages 
have 0 errors, which corresponds to less than 1% of the 
total number of pages.

Fig. 2   Proportion of acces-
sibility errors by page by each 
analyzed top-level domain

Table 2   Violated ACT rules 
and their respective percentage 
of pages

ACT-rule Description Success criteria % of pages

09o5cg Text has enhanced contrast 1.4.6 Contrast (Enhanced) 79
afw4f7 Text has minimum contrast 1.4.3 Contrast (Minimum) 66
c487ae Link has non-empty accessible name 4.1.2 Name, role, value 52

2.4.4 Link purpose (In Context)
2.4.9 Link purpose (Link Only)

3ea0c8 id attribute value is unique 4.1.1 Parsing 31
23a2a8 Image has non-empty accessible name 1.1.1 Non-text content 30
e086e5 Form field has non-empty accessible name 4.1.2 Name, role, value 22
b4f0c3 meta viewport allows for zoom 1.4.4 Resize text 22

1.4.10 Reflow
cae760 iframe element has non-empty accessible name 4.1.2 Name, role, value 19
b5c3f8 HTML page has lang attribute 3.1.1 Language of page 18

Table 3   Violated success criteria and their respective percentage of 
pages

Success criteria Description % of pages

1.4.6 Contrast (Enhanced) 79
4.1.2 Name, role, value 68
1.4.3 Contrast (Minimum) 66
2.4.4 Link purpose (In Context) 52
2.4.9 Link purpose (Link Only) 52
1.1.1 Non-text content 33
4.1.1 Parsing 31
1.3.1 Info and relationships 24
1.4.10 Reflow 22
1.4.4 Resize text 22
3.1.1 Language of page 19

12  https://​onlin​elibr​ary.​wiley.​com/​doi/​10.​1111/​opo.​12131.

https://onlinelibrary.wiley.com/doi/10.1111/opo.12131
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The total number of detected accessibility issues is rep-
resented in Fig. 1 in the x-axis using a logarithmic scale. 
The y-axis represents the percentage of pages that have at 
most that number of errors. According to this illustration, 
approximately 37% of the web pages have between 0 and 
10 errors. This means that more than the majority of the 
web pages (63%) have more than 10 errors.

Regarding errors by top-level domain (TLD), Fig. 2 lists 
18 different TLD, ordered by their average number of errors 
per page. The TLD presented in Fig. 2 are the ones that have 
at least 90,000 pages evaluated by this study. The best results 
are achieved by .gov and .edu pages with 16 and 18 errors 
per page, respectively. The worst results are found in .news 
and .br pages with 40 errors per page on average.

Table 2 presents the ACT rules that failed in more than 
10% of the pages evaluated, whereas Table 3 represents the 
violated success criteria. In the following sections, we ana-
lyze the most common issues found.

4.1.1 � Text contrast

By analyzing both tables, we reach the conclusion that the 
majority of the pages have accessibility issues regarding the 
contrast of the text. If the contrast is not sufficient, users with 
visual impairments may have difficulties reading and distin-
guishing information. Interestingly, in other studies [25, 37] 
this aspect is also one of the most common issues affecting 
the legibility of the content.

4.1.2 � Name, role, value

This criterion refers to the need for user interface compo-
nents to have names, roles and values that can be read and 
set by user agents and assistive technologies. If this is not 
followed, users of assistive technologies will not be able to 
perceive and operate the interface. User interface compo-
nents include standard HTML controls like links or form 
controls, but also custom controls that developers might cre-
ate. The majority of the pages (68%) violated this criterion 
at least once, implying that users of assistive technologies 
frequently face difficulties in understanding and interacting 
with most web pages.

Links

The third aspect that was more frequently violated (in 52% 
of the web pages) concerns links and their accessible name. 
This problem typically arises when images are used as the 
single content of the link, and no accessible name is pro-
vided for the image and, therefore, for the link. We found 
that this situation happens at least once in approximately 
half of the pages evaluated. Compared to [25], our analysis 

reported more accessibility problems related to links without 
accessible names.

4.1.3 � Non‑text content

All non-text content (e.g., images, videos) must be presented 
in an alternative format that is readable by assistive tech-
nology; otherwise, users that cannot perceive the medium 
the content is presented in, will not be able to perceive the 
content. In this study, about 33% of the pages missed the 
alternative description for non-text content present in the 
page. Images, being the most common of the media content 
presented on web pages, are responsible for these violations 
in approximately 30% of the pages evaluated. As reported 
in [25], a similar, even if lower, percentage of pages (26%) 
with missing alternative text was detected.

4.1.4 � Parsing

This criterion guarantees that user agents can parse the web 
content, as it is properly defined and described to produce 
a logical data structure. To meet this requirement, elements 
must (1) have complete start and end tags, (2) be nested 
according to their specifications, (3) not contain duplicate 
attributes and (4) contain unique IDs. Not meeting this 
criterion can cause problems for user agents and assistive 
technologies to correctly process the content, resulting in 
the inability to present the content correctly if at all. We 
found that in approximately 31% of the pages the same id is 
repeated at least once.

4.1.5 � Info and relationships

Whenever the relationship between pieces of information 
is properly specified, user agents are able to correctly pro-
vide the structure of the information irrespectively of the 
presentation format. This is particularly useful for screen 
reader users that cannot perceive the structure of the infor-
mation that is provided by visual cues (e.g., visual proxim-
ity between two elements). We identified violations of this 
criterion in about 24% of the pages. This corresponds mainly 
to improper use of ARIA roles and properties and to missing 
relationships in table elements.

4.1.6 � Reflow and resize text

The intent of these criterion is to ensure that users that need 
to zoom in to be able to perceive and operate web content 
can do so, without loss of information or functionality. When 
a design is responsive and correctly adapts to the zoom level, 
users with low vision can easily access and obtain the same 
information as other users. According to [37], 24% of desk-
top homepages do not allow the user to zoom and scale. In 
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our study, we found that 22% of the pages disabled the zoom 
option by using the user-scalable property with “no” value 
or by specifying the maximum-scale property with a value 
smaller than 2.

4.1.7 � Language of page

To ensure the web content is correctly transmitted, the lan-
guage of the page must be identified. To achieve this, the 
lang attribute must be defined. This allows, for instance, 
screen readers to ensure the correct pronunciation rules. 
About 18% of our set of pages failed at specifying the lang 
attribute, which means that 82% of the pages positively veri-
fied this requirement. Similarly, in [37], around 81% of desk-
top websites present a valid lang attribute. The [25] study 

also reported a significant percentage of pages that specified 
the document language (72%).

4.2 � Relation between accessibility and categories 
of technology

We could identify 3482 different technologies from 166 
categories in the 2,884,498 web pages. From the 3482 tech-
nologies, Wappalyzer detected 1197 technologies, whereas 
SimilarTech detected 2733 technologies. Each category con-
tains, on average, 21 technologies. After the accessibility 
evaluations, the A3 metric was computed over the generated 
reports for all pages. The average A3 score for all pages was 
0.6657.

To assess the relation between the categories of technol-
ogy and accessibility of web pages, we compared the A3 

Table 4   Mann–Whitney tests 
to analyze the impact of the 
web categories in the web 
accessibility

Category � value Average A3 in non-
category pages

Average A3 in 
category pages

Number of 
Pages with 
category

Accessibility <0.001 0.666 0.526 8,505
Advertising <0.001 0.640 0.700 1,240,981
CMS <0.001 0.711 0.627 1,776,338
Comment system <0.001 0.664 0.731 120,676
Editors <0.001 0.664 0.773 31,723
JavaScript frameworks <0.001 0.666 0.663 2,324,247
JavaScript graphics <0.001 0.666 0.645 80,260
JavaScript libraries <0.001 0.686 0.661 2,626,325
LiveChat <0.001 0.664 0.720 146,116
LMS <0.001 0.666 0.366 4,130
Maps <0.001 0.664 0.701 163,485
Message boards <0.001 0.665 0.764 22,734
Mobile frameworks 0.005 0.666 0.662 34,159
PaaS <0.001 0.670 0.622 1,449,356
Page builders <0.001 0.668 0.627 162,592
Photo galleries 0.052 0.666 0.668 26,176
Programming languages <0.001 0.688 0.655 1,928,355
Rich text editors <0.001 0.668 0.473 38,861
Security <0.001 0.662 0.681 540,850
Social logins <0.001 0.655 0.742 338,538
Static site generator <0.001 0.666 0.559 3,076
UI frameworks <0.001 0.672 0.655 1,072,937
Video players <0.001 0.661 0.695 376,306
Wikis <0.001 0.666 0.371 6,662
Web frameworks <0.001 0.666 0.660 261,150
Audio video media <0.001 0.663 0.672 910,612
Captcha <0.001 0.663 0.682 436,015
Forum software <0.001 0.665 0.873 2,323
Multilingual <0.001 0.669 0.632 255,044
Online forms <0.001 0.666 0.662 122,336
Online video platform <0.001 0.664 0.672 746,105
Website builder 0.839 0.666 0.684 2,254



Universal Access in the Information Society	

1 3

scores of web pages that use any technology of a given 
category and web pages that use no technology of that 
category. The results of the Mann–Whitney tests are pre-
sented in Table 4. They indicate that all categories impact 
the accessibility of the evaluated web pages, except for 
Mobile Frameworks, Photo Galleries and Website Builder 
categories.

By inspecting the values in Table 4, we can identify the 
categories of technology that have pages with better or 
worse A3 scores. Categories that are related to improved 
accessibility, as measured by the A3 score, are: Accessi-
bility, CMS, JavaScript Frameworks, JavaScript Graphics, 
JavaScript Libraries, LMS, PaaS, Page Builders, Program-
ming Languages, Rich Text Editors, Static Site Generator, 
UI Frameworks, Wikis, Web Frameworks, Multilingual and 
Online Forms.

Categories that are related to decreased accessibility, as 
measured by the A3 score, are: Advertising, Comment Sys-
tem, Editors, LiveChat, Maps, Message Boards, Security, 
Social Logins, Video Players, Audio Video Media, Captcha, 
Forum Software and Online Video Platform.

While the use of technologies of a specific category is 
related to improved or decreased accessibility, as measured 
by the A3 score, this does not mean that any technology 
from that category has the same positive or negative relation. 
In the following section, we report the analysis of specific 
technologies belonging to some of these categories.

4.3 � Relation between accessibility and specific 
technologies

For categories of technology that are present in more than 
one million pages, we examined the differences between the 
representative technologies of the category (i.e., technolo-
gies that are present in more than 2% of the pages of the cat-
egory). Table 5 presents the results of this analysis. For all 
categories considered, the Kruskal–Wallis tests show there 
is a significant difference between the means of A3 scores 
of the technologies belonging to the category.

In order to analyze what technologies have a statisti-
cally significant difference within the same category, we 
performed pairwise comparisons through Dunn’s tests [38]. 
Figures 3, 4, 5, 6, 7 and 8 present boxplots of the A3 metric 
scores for all web technologies of the above categories. For 
each category, we only report the differences between tech-
nologies that are statistically different.

The Advertising category encompasses services that 
serve, text, images, video or interactive media advertise-
ments. In the Advertising category (Fig. 3), the A3 score 
for DoubleClick ( � = 0.652) is significantly lower (better 
accessibility) than the A3 scores of AppNexus ( � = 0.718), 
Google AdWords Advertiser ( � = 0.752), Google AdSense 
( � = 0.717) and Twitter Ads ( � = 0.669). The A3 score 

of Google AdWords Advertiser ( � = 0.752) is significantly 
higher (lower accessibility) than the A3 scores of AppNexus 
( � = 0.718), DoubleClick ( � = 0.652), Google AdSense ( � 
= 0.717) and Twitter Ads ( � = 0.669).

The Content Management Systems (CMS) category 
includes traditional content management systems-software 
platforms that support the creation and modification of con-
tent-as well as website builders-tools allowing the creation of 
websites without manual coding. Regarding the Content Man-
agement Systems category (Fig. 4), the A3 metric score for 
Joomla ( � = 0.566) is significantly lower than the A3 scores 
of the remaining CMS. The A3 metric score for Drupal ( � = 
0.586) is significantly lower than the A3 scores of Jimdo ( � = 
0.855), TYPO3 ( � = 0.633) and WordPress ( � = 0.624). Jim-
do’s A3 score ( � = 0.855) is significantly higher when com-
pared with Drupal ( � = 0.586), Joomla ( � = 0.566), TYPO3 
( � = 0.633), Wix ( � = 0.855) and WordPress ( � = 0.624).

The JavaScript Framework category includes software 
frameworks that are designed to support the development of 
web applications. Additionally, this category considers tem-
plate systems and web modules. For the JavaScript Frame-
works category (Fig. 5), Dunn’s tests found that all the pairs 
of technologies are significantly different, with the exception 
of the AMP and Stimulus pair. In this category, we can high-
light the A3 metric score for MooTools ( � = 0.583) being 
significantly lower than the A3 metric scores for all the other 
technologies. On the other hand, the A3 metric score for Mus-
tache JS ( � = 0.809) is significantly higher than all the other.

The JavaScript Libraries category comprises software 
libraries that, when included in web pages or web applica-
tions, facilitate the development of dynamic interfaces. With 
regard to the JavaScript Libraries category (Fig. 6), Dunn’s 
tests found that the A3 metric score for Isotope ( � = 0.328) 
is significantly lower than the A3 metric scores for Hammer.
js ( � = 0.645), jQuery UI ( � = 0.628), jQuery ( � = 0.472), 
LightBox ( � = 0.689), Lodash ( � = 0.743), Moment.js ( � = 
0.738), Polyfill ( � = 0.769), prettyPhoto ( � = 0.708) and ani-
mate.css ( � = 0.669). jQuery Migrate is not statistically dif-
ferent from any of the remaining web technologies, except for 
Isotope and Slick. Polyfill ( � = 0.769) has an A3 metric score 
significantly higher than the A3 metric scores of Hammer.js ( � 
= 0.645), Isotope ( � = 0.328), jQuery UI ( � = 0.628), jQuery 
( � = 0.472), LightBox ( � = 0.689), Lodash ( � = 0.743), Mod-
ernizr ( � = 0.646), prettyPhoto ( � = 0.708) and animate.css 
( � = 0.669).

The Programming Languages encompasses general pro-
gramming languages as well as languages geared to web devel-
opment. Notably, it also includes Node.js that is not a program-
ming language but a runtime environment for JavaScript. In 
the Programming Languages category (Fig. 7), the A3 metric 
score for NodeJS ( � = 0.547) is significantly lower than the 
A3 metric scores for the remaining programming languages. 
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On the other hand, the A3 metric score for Python ( � = 0.816) 
is significantly higher than the others.

The UI frameworks category includes front-end frame-
works and CSS focused libraries. In the UI Frameworks cat-
egory (Fig. 8), all technologies are statistically significantly 

Table 5   Results of the Kruskal–
Wallis tests to analyze the 
impact of the web technologies 
in their categories

Categories Technologies (Pages with technology) p-value Average A3 score

Advertising AppNexus (102,685) <0.001 0.718
DoubleClick (830,058) 0.652
Facebook Advertiser (310,209) 0.755
Google AdSense (443,042) 0.717
Google AdWords Advertiser (173,995) 0.752
Twitter Ads (154,270) 0.669

Content management systems Drupal (126,866) <0.001 0.586
Elementor (61,427) 0.789
Jimdo (28,341) 0.855
Joomla (80,764) 0.566
TYPO3 (37,902) 0.633
Wix (77,181) 0.610
WordPress (1,302,963) 0.624

JavaScript frameworks AMP (26,473) <0.001 0.616
Angular JS (21,709) 0.730
Backbone.js (38,627) 0.703
GSAP (109,116) 0.648
Handlebars (36,006) 0.719
MooTools (48,986) 0.583
Mustache JS (51,118) 0.809
Prototype (31,768) 0.725
React (167,677) 0.613
Require JS (36,818) 0.679
Stimulus (16,394) 0.635
Vue JS (55,722) 0.636

JavaScript libraries Hammer.js (71,599) <0.001 0.645
Isotope (208,397) 0.328
jQuery Migrate (1,031,833) 0.766
jQuery UI (635,742) 0.628
jQuery (2,265,370) 0.472
LightBox (162,919) 0.689
Lodash (424,009) 0.743
Modernizr (555,621) 0.646
Moment.js (103,047) 0.738
Polyfill (88,426) 0.769
prettyPhoto (124,110) 0.708
Slick (154,677) 0.378
animate.css (168,733) 0.669

Programming languages Java (67,395) <0.001 0.778
Lua (28,849) 0.763
NodeJS (25,117) 0.547
PHP (1,780,370) 0.650
Python (43,765) 0.816
Ruby (26,616) 0.630

UI frameworks Bootstrap (953,689) <0.001 0.654
ZURB Foundation (58,886) 0.641
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different from each other. The A3 metric score for ZURB 
Foundation ( � = 0.641) is significantly lower than the A3 
metric scores for the other technology of this category.

5 � Discussion

Our analysis of the state of the accessibility of the Web 
revealed what can be classified as a mediocre outlook for 

Fig. 3   Boxplot of the A3 metric scores for each technology of the 
Advertising category

Fig. 4   Boxplot of the A3 metric scores for each technology of the 
Content Management Systems category

Fig. 5   Boxplot of the A3 metric scores for each technology of the 
JavaScript Frameworks category

Fig. 6   Boxplot of the A3 metric scores for each technology of the 
JavaScript Libraries category
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the year 2021. Assessed web sites had an average of 30 
errors per web page. Only 15,963 pages out of 2,884,498 
had no errors detected by our automated tool, a mere 0.5% 
of our sample. In almost two-thirds (63%) of the web 
pages, we found at least 10 accessibility errors.

Still, this is a smaller number when compared with the 
51.4 errors per page reported in WebAIM’s analysis of one 
million pages for 2021 [25]. The major factor to explain 
this difference is the different tools used in each study. In 
our study, we used a tool that is able to test ACT-rules, and 
we used only the results of those checks. WAVE13 (the tool 
used for the WebAIM’s study) has not (to our knowledge) 
implemented ACT rules and includes more tests that have 
not been validated by the accessibility testing community. 
Therefore, it is reasonable to expect that WAVE will report 
more errors than QualWeb in this configuration. However, 
both tools report a similar proportion of errors of the same 
type, and a similar proportion of pages violating specific 
success criteria.

Problems related to insufficient text contrast are the most 
frequent, followed by problems regarding the absence of 
accessible names. These two aspects complicate the inter-
action between users and the web page, insofar as users will 
not be able to perceive the page’s content. Contrast prob-
lems impact users with low vision that do not use contrast-
enhancing technology. This description can fit any of us 
given the right conditions (for example, browsing a web 
page on a mobile device outdoors with bright sunlight). 
Blind users, who are not impacted by the contrast issues, 
are impacted by the lack of accessible names, which prevent 
them from perceiving and understanding web content when 
using a screen reader to browse.

Our analysis also shows that the level of accessibility of 
a web page, as measured by an accessibility metric, and the 
web technology it uses are related for most of the technol-
ogy categories examined. From the total of 29 categories 
for which we found that pages using technologies from that 
category have significantly different A3 scores than pages 
that do not use those technologies, 16 categories lead to 
significantly lower A3 scores (better accessibility), while 
13 categories lead to significantly higher A3 scores (lower 
accessibility). LMS and Wikis were the categories with the 
lower A3 scores. Both LMS and Wikis represent technolo-
gies that structure and constrain the ways that web content 
can be presented. Of course, this can lead to better or worse 
accessibility, depending on how accessible the “templates” 
used are. What our analysis shows is that most LMS and 
Wiki based sites seem to be using “templates” that have 
taken accessibility into account, given the good A3 scores 
their pages achieve.

Another interesting observation that can be made is that 
development frameworks (JavaScript, UI, Web) and sys-
tems (CMS, LMS, Static Site Generators, Page Builders) 
are related to improved A3 scores, implying that the use 
of technologies from these categories prevents some of the 
accessibility issues that automated tools can detect. On the 

Fig. 7   Boxplot of the A3 metric scores for each technology of the 
Programming Languages category

Fig. 8   Boxplot of the A3 metric scores for each technology of the UI 
Frameworks category

13  https://​wave.​webaim.​org/.

https://wave.webaim.org/
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other hand, we can observe that categories of technology 
representing components that are “plugged-in” to the web-
site (Advertising, Captcha, Maps, LiveChat, Social Logins) 
are related to decreased A3 scores, implying that these com-
ponents are a cause of accessibility issues. Unfortunately, the 
same can be said about categories of technology related to 
media content (Video Players, Audio Video Media, Online 
Video Platform).

We followed our analysis by inspecting specific technolo-
gies within the most used categories. This allowed us to pin-
point the technologies that are present in the web pages with 
the best and worst A3 scores, for each of those categories. 
Figure 9 illustrates the distribution of technologies, for each 
category, around the average A3 score of all the evaluated 
pages ( � = 0.6657). In the figure, we identify the technolo-
gies with the best and worst scores and represent the other 
technologies with the relative position in the range from the 
best to the worst technology.

In Fig. 9, we can see that three of the categories present 
a medium range of A3 values (from 0.226 to 0.289), while 
one category (JavaScript Libraries) has a large range of A3 
values (0.441) and two categories have small ranges (0.103 
and 0.028). The largest and smallest ranges are categories 
that have the higher and lower number of technologies, but 
it should be highlighted that that is not the only reason, since 
there are categories in the medium range with the same num-
ber of technologies. What this seems to indicate is that the 
choice of JavaScript Library can have a higher impact on the 
accessibility of the web page than the UI Framework or the 
Advertising technology to use.

It is also interesting to observe that none of these six 
categories have only technologies with an A3 score that is 

above or below the average of the A3 score of all the pages 
evaluated in our study. What this shows is that, for these 
categories, it is always possible to select a technology that 
can improve (or worsen) the accessibility of web content, 
even if that category has shown to worsen (or improve) the 
accessibility of web pages in general.

By comparing our results with the WebAIM Million 
study [25], we noticed similar ordering of the technologies. 
For instance, our UI Frameworks category has the ZURB 
Foundation ( � = 0.641) technology as the technology with 
lowest A3 score, followed by Bootstrap ( � = 0.654). The 
range of these metrics is the smallest one in our analysis. 
The same happens in the WebAIM study, whose results 
have the technologies ordered in the same way, as well as a 
similar average for the number of errors reported for each 
technology.

6 � Limitations of the study

In this work, we used QualWeb, Wappalyzer and Simi-
larTech, either to evaluate the accessibility of web pages 
or to identify web technologies. The fact that automatic 
tools were the only used evaluation procedure in this study 
limits the amount of detected accessibility issues, among 
other drawbacks [39]. Given that by using only tests from 
ACT rules we are adopting an approach that reduces the 
number of false positives (i.e., flagging something as an 
error when it is not) at the cost of eventually increased 
false negatives (i.e., failing to flag errors), we are aware 
that we are not capturing all accessibility problems, 

Fig. 9   Distribution of the A3 
metric scores for each technol-
ogy in those categories that 
were identified in more than 1 
million pages
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therefore offering a more positive perspective about the 
overall web accessibility than the reality.

We used the categorization of technologies from the 
tools themselves. We are aware that some technologies 
might be categorized differently and that would mean a 
specific technology would be compared with other tech-
nologies when in another category. However, due to the 
large size our sample, we do not expect that would impact 
the results of the comparison between categories.

7 � Conclusions

Following the accessibility assessment of 2,884,498 web 
pages, we believe the state of web accessibility continues 
to lag behind what needs to be achieved to ensure universal 
access to web services and content. We found an average 
of 30 errors per page and that only a very small number of 
web pages (0.5% of our sample) did not have errors. Tak-
ing into account that the accessibility assessment was done 
with an automated tool, which cannot detect all accessibil-
ity barriers, this grim outlook is still an optimistic view 
of the real status, that, at best, is as bad as portrayed, and, 
probably, even worse.

We complemented the accessibility analysis, with a 
study of the relationship between web accessibility, as 
measured by an accessibility metric, and web technolo-
gies. Almost all of the categories of technology we ana-
lyzed were found to lead to differences in the value of the 
metric when comparing pages that used technologies from 
the category to those pages without those technologies. 
Our inspection found that using development frameworks 
and systems seems to lead to pages with improved acces-
sibility, while technologies that represent components 
that are just plugged-in to the web page seem to lower 
the accessibility. Still, by further analyzing the differences 
between technologies within a category, we learned that, 
irrespective of category, technologies can be selected that 
can lead to improved or worsened accessibility.

According to this study’s findings, developers should 
take into consideration two important aspects: (1) the pri-
oritization and awareness of the importance of access by 
all groups of users and (2) the impact that the technologies 
have on accessibility, upon the development of web con-
tent. Hence, design and development teams should focus 
on applying good practices when designing and develop-
ing web content and choosing the technologies that lead 
to better accessibility.
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