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Abstract

Autism Spectrum Disorder is a neuro-developmental condition that may affect the way
a person learns, behaves, and interacts with their environment. Autistic individuals are
known to often rely on mainstream information access systems, such as search engines,
as their initial point for information discovery. Despite their active online information-
seeking practices, autistic individuals struggle to extract information from the resources
they encounter, leading to frustration. This raises the question of whether these systems
fit the needs and expectations of this population. In this work, we empirically explore how
different mainstream information access systems respond to autistic users’ inquiries through
the lens of web content accessibility. Specifically, we focus on three text-based perspectives
known to impact autistic individuals’ information seeking – structure, readability, and
concreteness (tangibility of terminology) of web content. For our analysis, we leverage
established accessibility guidelines for autistic individuals to create accessibility profiles
for Google, Bing, ChatGPT, and Gemini, providing an overview of various aspects of each
system’s responses to common inquiries of autistic individuals. Given the influence of query
formulation on produced responses, we also investigate the impact of explicitly informing
the system of the user’s condition on the accessibility profile of the considered systems. Our
findings reveal potential accessibility limitations of mainstream information access systems
when responding to autistic users’ inquiries, more so if their information need is related to
the searchers’ condition. Furthermore, including a diagnosis-disclosing phrase in autistic
users’ inquiries results in responses that are even less accessible to autistic individuals.
Based on our findings, we reflect on autistic users’ access to information and the role of
information access technologies in supporting their information-seeking process.
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1 Introduction

Autism Spectrum Disorder (ASD) is a neuro-developmental condition that affects how a
person interacts and communicates with the people and environment around them (CDC,
2024b). The abilities of autistic individuals1 can vary immensely, i.e., individuals’ abilities

1. There is an ongoing debate on how Autism must be described. Here, we use “identity-first” (e.g., autistic
individuals or autistic users) instead of “person-first” language (e.g., individual with Autism or user with
Autism) based on the preferences of autistic individuals (Kenny et al., 2016; Bottema-Beutel et al., 2021).

©2026 held by the author(s) License: CC-BY 4.0 WWW: https://irrj.org DOI: 10.54195/irrj.25297



Chakrabarti and Pera

lie on a spectrum with an autistic person’s needs potentially changing over time (WHO,
2023). Despite their heterogeneity, common struggles include issues with memory, attention,
stimulus sensitivity, and language and visual comprehension (APA, 2022; CDC, 2024a).
These conditions often hinder autistic users from socialising and carrying out their daily
activities, leading to loneliness and poor quality of life (Locke et al., 2010; Lin and Huang,
2019).

Autistic individuals display a strong affinity for technology–especially that aiming to
support their daily activities (Lin et al., 2013; Putnam and Chong, 2008). They also have
a prominent presence on online platforms, which they use for various purposes, including
establishing and maintaining relationships through social media platforms as well as search-
ing for information related to their interests (Bosseler and Massaro, 2003; Kim et al., 2020;
Gibson and Hanson-Baldauf, 2019). For the latter, they often turn to popular information
access systems (IASs), such as search engines (SEs) like Google and Bing, as the portal to
online information (Gibson and Hanson-Baldauf, 2019; Jang et al., 2024). However, they
sometimes struggle with extracting information from the online resources they come across
(e.g., Eraslan et al., 2017; Friedman and Bryen, 2008). This is known to stem from various
factors; of note, autistic users find it difficult to locate relevant components of information
when a website is too visually complex due to autistic individuals’ attention issues and
challenges with visual comprehension (White and Abou-Zahra, 2024; Eraslan et al., 2017).
Additionally, the phrasing of textual content in an online source can impact an autistic
person’s comprehension of the content. Vague metaphors and “fancy” language, used to
make content engaging, can sometimes end up confusing an autistic person (White and
Abou-Zahra, 2024; Yaneva et al., 2015).

Autistic individuals are increasingly turning to generative AI-based IASs for information
seeking, i.e., LLM-agents like ChatGPT and Gemini (White, 2024), (Jang et al., 2024;
Spengler, 2023), which leverage Large Language Models (LLMs) for response generation.
This is due to the generative capabilities of these agents to personalise the response based
on an autistic user’s specific cognitive processing styles (Jang et al., 2024; Spengler, 2023).
LLM agents also remove the issue of crowded websites but respond to users’ inquiries in long
passages of text, which may lead to information overload, inciting challenging behaviours
or meltdowns in autistic users, which hinders autistic individuals from utilising the agent’s
answer for their information discovery (White and Abou-Zahra, 2024). These challenges
highlight the specific needs and expectations of autistic users when seeking information
online. However, there is limited understanding of how well popular IASs accommodate for
autistic users’ distinct requirements while catering to the user group’s information needs.
This prompts the need to examine whether popular IASs respond to autistic individuals’
inquiries in a manner suitable for autistic users.

Inspired by the Web Accessibility Initiative (WAI) of the World Wide Web Consortium
(W3C), which aims to ensure that the web content users consume accommodates their
distinct abilities (W3C, 2019), in this work we conduct an empirical exploration to gauge
the extent to which responses by four popular commercial IASs—Google, Bing, ChatGPT,
and Gemini—for autistic individuals’ inquiries align with established Web Content Acces-
sibility Guidelines (WCAG) for autistic individuals. Considering how an online inquiry
is formulated biases the response elicited from an IAS (Alaofi et al., 2022; Murgia et al.,
2023a; Schmidt et al., 2023), we further investigate the impact of explicitly stating the
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user’s condition in autistic users’ inquiry on the accessibility of the response. To guide our
exploration, we pose two research questions:

• RQ1: Are the responses of mainstream SEs and LLM agents accessible to autistic
users?

• RQ2: Are the responses of SEs and LLM agents more accessible when diagnosis is
disclosed in a query?

For our exploration, we rely on the WCAG proposed by the Cognitive and Learning
Disabilities Accessibility Task Force (COGA) – a task force under WAI’s Accessibility
Guidelines Working Group, created to understand and address the challenges faced by
autistic users (amongst other user groups with cognitive and learning disabilities) when
exposed to content on the web (W3C, 2021). We scope our investigations to the textual
content of IAS responses and create accessibility profiles. Leveraging the outcomes of empir-
ical studies that validate the applicability of COGA’s guidelines (e.g., Yaneva et al., 2015;
Eraslan et al., 2017), an accessibility profile provides an overview of various text-based as-
pects of an IAS response to user inquiries that are known to impact autistic individuals’
information seeking. Particularly, we focus on aspects related to three broad perspectives
of text accessibility:

1. Structure, i.e., how concise the passages are, as guidelines suggest that text should
be written in short paragraphs or a list of bullet points to avoid inciting information
overload in autistic users (Britto and Pizzolato, 2016; Seeman and Cooper, 2024),

2. Readability or in other words language complexity, as autistic individuals prefer simple
and easy-to-read sentences over complex sentences with niche jargon (Yaneva et al.,
2015),

3. Concreteness, which refers to the tangibility of the word describing a concept (Paivio,
2013), as text accessible to autistic users should explain related concepts concretely
and avoid vague metaphors as much as possible (Yaneva et al., 2015; Yaneva and
Evans, 2015).

To ascertain if the accessibility of IAS responses is inherent to general algorithmic be-
haviour intrinsic to an IAS or if it changes depending on a particular user group and their
inquiries, we also create accessibility profiles of the considered IASs based on their responses
for inquiries formulated by the general population, which we treat as the control group. Due
to the scarcity of public logs capturing IAS responses to user queries, we generate the ac-
cessibility profiles for the considered IASs based on responses elicited using query samples
that reflect the common information needs of autistic users and the general population,
respectively. Query samples from a general population are commonly available for research
purposes; in our case, we use a random sample from Yahoo! Search Query Tiny sample
dataset (Yahoo!, 2009). Unfortunately, queries from autistic users are generally not shared
or part of publicly available datasets. Consequently, we anchor our exploration on a newly
generated sample of synthetic queries that represent the information needs of autistic in-
dividuals. For this, informed by similar studies conducted for other non-traditional user
groups, such as those suffering from mental health disorders for whom data is also scarce
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(e.g., De Choudhury et al., 2016; Ŕıssola et al., 2022; Milton and Pera, 2023), we turn to
Reddit to collect posts made by self-reported autistic users on various forums dedicated to
different topics related to the target population. We extract popular noun phrases from
these posts to use as proxy queries related to topics of interest for autistic individuals that
also capture the common vocabulary and phrasing used by the target population.

Findings reveal that all the considered IASs respond with verbose, hard-to-read, and
abstract texts for autistic individuals’ queries compared to the responses for inquiries initi-
ated by the general population. Moreover, when an autistic user’s inquiry relates to ASD,
IAS responses are much harder to read than when the inquiry pertains to other topics.
Furthermore, we find that explicitly informing the IAS that the inquiry is from an autistic
user results in more verbose responses, which are also more abstract in nature, compared
to when the systems are unaware of the user’s condition. We do, however, observe that
Google responses are considerably easier to read when an autistic user’s query is rephrased
to explicitly state the user’s condition. Furthermore, IAS responses when informed of the
user’s condition, although less aligned with autistic individuals’ accessibility requirements on
average, are more consistent in their structure, readability, and concreteness across queries.

The main contributions of this work are (i) generating accessibility profiles of IAS re-
sponses based on textual features that impact web content accessibility for autistic users
during search; and (ii) providing empirical evidence that in terms of text accessibility, the
considered IASs respond differently depending on the user group and their inquiries, with
IAS responses being less aligned with autistic individuals’ accessibility requirements when
the inquiry pertains to autistic individuals’ information needs compared to when the inquiry
comes from the general population. This raises concerns about potential issues in autistic
individuals’ access to information through online mediums—a direct infringement of their
fundamental human rights (United Nations, 1948)—evincing the need to adapt popular
IASs to better cater to the needs and expectations of autistic people. To support research
in this direction, the experimental setup we use to generate accessibility profiles can be
extended to examine IAS responses from other perspectives of web content accessibility to
realise other potential accessibility limitations of online IASs. For reproducibility purposes
and to facilitate further analysis to understand information accessibility for not only autis-
tic people but also other vulnerable and underserved user groups, we share our code at:
https://github.com/HrishitaC/much-ado-about-accessibility.

2 Related Work

We discuss below related literature that offers context and informs the experimental designs
of our empirical investigation into the accessibility of responses provided by popular IASs
to autistic users.

Autism Spectrum Disorder. ASD is a neuro-developmental condition that causes af-
fected individuals to communicate and behave in ways that are different from most people
(CDC, 2024b). Autistic people can begin showing symptoms as early as the age of 2 years,
but most individuals are diagnosed much later in their lives (Nyrenius et al., 2023; Lai
and Baron-Cohen, 2015). Currently, it is estimated that 1 in every 100 children is autistic
(WHO, 2023), with the condition more prevalent in boys than girls (Zeidan et al., 2022).
Increased awareness and changes in diagnostic criteria have resulted in a significant rise
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in autism diagnoses over the past few years (Zeidan et al., 2022; Russell et al., 2022), yet
ASD remains largely underdiagnosed (O’Nions et al., 2023; WHO, 2023), especially among
women (Cary et al., 2023; Driver and Chester, 2021).

The abilities of autistic individuals are described to lie on a spectrum, with the symptoms
and effects of the condition varying from person to person and evolving with age (CDC,
2024a; WHO, 2023). Typically, an autism diagnosis is categorised into 3 levels depending
on the extent of support the affected individual requires for their daily activities, where
level 1 Autism indicates low-level support, primarily with social communication, while level
3 Autism implies that the individual requires substantial support to carry out even day-to-
day activities (APA, 2022). Despite the variation in their abilities, most autistic people face
issues with reading comprehension, including difficulty processing long, complex sentences
and understanding figurative language and abstract words (O’Connor and Klein, 2004;
Frith and Snowling, 1983; Happé, 1997). Autistic individuals also depict atypical attention
patterns such as their reliance on a single sensory modality when performing a task, a
phenomenon called “stimulus overselectivity” (Lovaas and Schreibman, 1971). Due to this
phenomenon, autistic people often tend to be more detail-oriented and fail to see the “bigger
picture”, i.e., they focus on local components of information and fail to consider the global
context and semantic information provided in a reading material (Happé and Frith, 2006;
Ploog, 2010). Challenges with reading tasks are a common reason for lower academic and
professional achievements in autistic users which in turn have long-term negative impacts
on autistic people’s employment rates, social relationships, and mental and physical health
(Howlin and Moss, 2012) resulting in lower quality of life for autistic people compared to
non-autistic individuals (Lin and Huang, 2019; Mason et al., 2018).

ASD & Technology. Autistic individuals show a natural affinity to technology to aid
them in their daily life (Lin et al., 2013; Putnam and Chong, 2008). Particularly, due to their
struggles with social interactions, autistic individuals have a very restricted friend circle,
due to which they are reported to show higher levels of loneliness compared to the general
public (Shattuck et al., 2011; Locke et al., 2010). Social media platforms have proven to
be an effective tool for autistic individuals to abate this problem, with studies revealing a
strong preference amongst autistic individuals to maintain their social contacts and even
create new ones on these platforms (Gillespie-Lynch et al., 2014; Wang et al., 2020). Online
communications provide autistic individuals with a sense of control over the conversation
that they find to be lacking in a face-to-face conversation (Benford and Standen, 2009;
Koteyko, 2023). Apart from maintaining their social contacts, autistic individuals also
often rely on computer-based assistive technology to develop or enhance essential life skills
from basic motor skills (e.g., Zheng et al., 2021; Zhao et al., 2018; Cao et al., 2025) to skills
required to navigate specific social scenarios (e.g., Hartholt et al., 2019; Kandalaft et al.,
2013).

Researchers have also allocated efforts in improving diagnosis and interventions for autis-
tic individuals. For instance, autistic users’ posts and their interactions on platforms like
Reddit or Twitter have been used to detect linguistic and behavioural signals characteristic
of autistic individuals, which can be used in detection models to facilitate early diagnosis of
Autism (e.g., Kim et al., 2020; Rubio-Mart́ın et al., 2023). In a study by Dotch et al. (2023),
a qualitative analysis of the posts and comments made by self-reported autistic users on two
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online forums resulted in rich insights into the personal experiences and coping mechanisms
for their issues with noise sensitivity. The outcomes of the study have enabled the devel-
opment of user-centred technological solutions to tackle noise sensitivity for autistic people
(e.g., Park et al., 2024; Dotch, 2024). In our case, we take advantage of posts shared by
self-reported autistic users on Reddit to overcome the lack of public data on online inquiries
commonly asked by autistic individuals. Particularly, we extract common noun phrases
from the Reddit posts to serve as synthetic queries that represent the typical information
needs of autistic individuals.

The advent of LLMs has resulted in considerable advancements in diagnostic strategies
for ASD (Haskins et al., 2024; Hu et al., 2024; Jiang et al., 2024). The generative capabili-
ties of LLMs have introduced new opportunities for facilitating autistic individuals’ social
communication, such as providing personalised support in professional settings (Jang et al.,
2024), dynamically generating feedback on the implicit emotional tone and intent in text
messages (Haroon and Dogar, 2024), etc. Furthermore, researchers have leveraged LLMs
to design conversational agents that can provide personalised clinical support for autistic
individuals (Chu et al., 2024; Shubbar, 2025). For our study, considering the growing pop-
ularity of LLM-based chatbots like ChatGPT in autistic individuals’ everyday lives (Choi
et al., 2024), we examine the potential of popular LLM agents as accessible IAS for this
target audience.

Regarding autistic individuals’ information seeking, research efforts have resulted in the
proposal of several accessibility guidelines to align web content and interfaces with the
needs and expectations of autistic individuals (Britto and Pizzolato, 2016; Dattolo et al.,
2016b; Raymaker et al., 2019). These guidelines, in turn, have been used to guide the
development and evaluation of technological interventions to specifically facilitate autistic
users’ information seeking. Interventions in this area range from online tools that modify
web content to enhance readability for autistic individuals (Pavlov, 2014; Eric, 2019) to
online platforms that support autistic individuals information seeking in specific contexts
such as tourism (Dattolo et al., 2016a; Rapp et al., 2017; Cena et al., 2020), e-learning
(Judy et al., 2012; Rathod et al., 2024), medical question-answering (Chu et al., 2024), etc.
Although individuals who are aware of their diagnosis do tend to utilise these resources to
ease their search process (Gibson and Hanson-Baldauf, 2019), considering the low diagnosis
rate of ASD around the world (WHO, 2023), many autistic individuals, unaware of their
condition, may still rely on the resources a mainstream IAS would provide in response to
an autistic user’s inquiry. To investigate the degree to which popular IASs could support
autistic users’ in such scenarios, we examine the variance across different aspects of main-
stream IAS responses based on text-based factors known to influence the target population’s
information-seeking behaviour.

ASD & Online Information Seeking. Autistic individuals frequently undertake self-
directed online learning tasks on topics of their interest, but do not always trust the quality
of the information available online and limit themselves to a few resources or tools that meet
their expectations during a search task (Gibson and Hanson-Baldauf, 2019). The lack of
trust stems from the frustration due to the unsuitable format of information on several web
sources (Gibson and Hanson-Baldauf, 2019), which has been empirically proven to hinder
autistic users from efficiently searching for the information they need (e.g., Eraslan et al.,
2020; Yaneva et al., 2015; Rezae et al., 2020). Some researchers attribute the inefficiency
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of autistic users when looking for information on the web to the difference in the attention
patterns between autistic users and non-autistic users as well as the information-processing
issues common in autistic individuals (APA, 2022; Williams et al., 2015). The eye scan
paths of an autistic user and a non-autistic user when searching for information on a web-
page were visualised in a study by Eraslan et al. (2017) highlighting the stark differences
in the attention patterns of autistic users from non-autistic users when trying to extract
information from a webpage. Similar studies involving tracking users’ eye movements when
scanning a web page revealed that autistic users scan more items on the web page, most
of which were irrelevant to the question they sought to answer (Eraslan et al., 2017, 2020).
Autistic adults also prefer image-based elements and feel a strong aversion to text-heavy
elements (Yaneva et al., 2015). Although the image-based elements are effective in sup-
porting autistic users’ information seeking when the image is directly related to the textual
content, as the presence of abstract images and icons negatively impacts the autistic users’
efficiency when searching for information on a web page (Yaneva et al., 2015; Rezae et al.,
2020). The impact of a web interface on autistic individuals information access is not lim-
ited to hindering autistic users ability to extract information, but can also influence other
processes related to information seeking. For instance, Alzahrani et al. (2022) observed that
the presence of irrelevant animations in a web interface can hinder an autistic user from
formulating effective queries during search sessions.

Existing works that investigate and address the challenges autistic individuals face when
seeking information online largely involve experiments in which participants complete pre-
defined search tasks using either curated web resources (e.g., Eraslan et al., 2020; Yaneva
et al., 2015) or a specific web interface (e.g., Alzahrani et al., 2022; Rezae et al., 2020). The
insights gained from such controlled experiments help identify barriers that could hinder
autistic individuals from finding the information they need. However, these studies do not
necessarily indicate that autistic individuals face these barriers when interacting with main-
stream IASs for addressing their information needs. The work by Yechiam and Yom-Tov
(2021) is one of the few empirical studies based on actual browsing records of self-reported
autistic users when searching for information. However, the study focuses on discerning the
characteristic search behaviours of autistic users and not the extent to which the search
results are accessible to autistic users, which is what we pay attention to in our study. In
our work, we focus on the system and probe mainstream IAS responding to the information
needs of autistic individuals, as captured in queries related to topics commonly of interest
for this user group.

3 Experimental Framework

In this section, we describe the components of the experimental framework used to conduct
our investigation. This work has been approved by the Human Research Ethics Committee
(HREC), which is the local institutional review board for Delft University of Technology.

3.1 Information Access Systems

Considering the popularity of SE and increasing use of LLM agents amongst autistic indi-
viduals for information seeking (Yechiam and Yom-Tov, 2021; Jang et al., 2024; Spengler,
2023), we focus our exploration on these two types of systems.
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Amongst SEs, Google continues to be the most popular SE of all time, followed by Bing
(Bianchi, 2024). To elicit responses from Google and Bing, we use their official APIs, i.e.,
Google Custom Search JSON API2 and Bing Web Search API3. For the Google API, we
use all default parameters except that we set the language to English using the key–value
pair {‘lr’: ‘lang en’}. For the Bing API, we restrict results to the top 10 and set the
language and location to English and the USA, respectively, to align with the default Google
API configuration: {‘answerCount’: 10, ‘setLang’: ‘en’, ‘mkt’: ‘en-US’}.

In the case of LLM agents, OpenAI’s ChatGPT is most commonly known and used by
autistic users (Jang et al., 2024), which is why we consider it in our exploration, along with
Google’s Gemini due to its comparable performance to ChatGPT in benchmark question-
answering tasks (Gemini Team Google et al., 2023; Achiam et al., 2023). We elicit the
direct answer from ChatGPT and Gemini using the official APIs of GPT-3.5 Turbo4 and
Gemini Pro5 models, respectively which are the models driving ChatGPT and Gemini’s
response generation at the time of our study (OpenAI, 2022; Liedtke and O’Brien, 2023;
Milmo, 2023). Like for SE responses, we limit LLM agent responses to English. Note that
all API calls are made independently and anonymously to control for the influence of user
profiling on the elicited responses.

3.2 Data Collection

Logs from mainstream IASs are generally scarce, especially when capturing the interactions
initiated by autistic individuals specifically. Consequently, to enable the analysis of accessi-
bility of IASs when responding to autistic individuals’ inquiries, we construct synthetic logs
that capture the content autistic individuals would be exposed to when interacting with an
IAS for information search. For this, we require queries that reflect the common informa-
tion needs of the target population as a starting point. Considering the different needs and
varied responses to stimuli of autistic individuals (CDC, 2024a; WHO, 2023), the queries
need to capture the various areas of interest for the target audience. Unfortunately, query
samples from existing studies on autistic users’ search behaviour are either proprietary data
(Yechiam and Yom-Tov, 2021; Alzahrani et al., 2022) or cannot be shared publicly due to
regulations protecting the privacy of vulnerable populations (Milton and Pera, 2023), which
limits our access to queries formulated by a diverse group of real autistic users.

To overcome this challenge, motivated by similar works involving other vulnerable and
under-represented populations, such as individuals afflicted with mental health issues, we
adopt a synthetic approach that leverages data from public social media interactions of
self-disclosed individuals belonging to a target population to capture their common needs
and interests (e.g., De Choudhury et al., 2016; Paul and Dredze, 2011; De Choudhury et al.,
2014; Ŕıssola et al., 2022). Specifically, we follow the method used in (Milton and Pera,
2023) and extract common noun phrases from social media posts created by individuals
who report themselves to belong to a target population. Through this strategy, we isolate
phrases containing terminology used by autistic individuals on topics of common interest
for this population, which can serve as a proxy for queries that reflect the target user

2. https://developers.google.com/custom-search/v1/overview
3. https://learn.microsoft.com/en-us/bing/search-apis/bing-web-search/overview
4. https://platform.openai.com/docs/models/gpt-3-5-turbo
5. https://cloud.google.com/vertex-ai/generative-ai/docs/model-reference/gemini
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group’s common information needs. In our case, noting the popular use of Reddit posts to
study the topics, linguistic patterns, and behavioural aspects typical for autistic users (e.g.,
Bahrke, 2024; Varghese et al., 2024; Thom-Jones et al., 2024; Fong et al., 2025), we turn to
posts made by self-reported autistic users from 16 subreddits (Medvedev et al., 2019)6. In
doing so, we consider data addressing different perspectives within the autistic community,
enabling a wide and diverse coverage of topics and vocabulary commonly used by autistic
people. See Appendix A for the description of each subreddit that was scraped for data
collection.

Using the official Python Reddit API wrapper (PRAW7), we collected the title and text
body of 11,100 Reddit posts8. To transform the posts into synthetic queries, we extracted
the common noun phrases using KeyBERT (Grootendorst, 2020), a BERT embeddings-based
keyphrase extraction technique, which yielded approximately 28,880 key phrases. As stated
in (Van Rijsbergen, 1979), it is common for certain terminologies to be used very frequently
in any given corpus to a point where the terms do not capture any distinct information
and instead serve as corpus-specific stopwords. To eliminate such terms from our collection
of keyphrases, we turn to Zipf’s law (Zipf, 2016), which states that the frequency of any
term is inversely proportional to its rank in a frequency table. Specifically, following the
stopword-removal method used in (Sahu et al., 2023; Lo et al., 2005; Courseault Trumbach
and Payne, 2007), we rank the keyphrases in a descending order of their frequency of
occurrence (grouped by their n-gram length). We plot the keyphrases in the order of their
rank and estimate a maximum threshold of occurrence for each group (listed in Table 1).
Keyphrases with a frequency above the threshold are considered as stopwords and therefore
excluded, leading to a collection of 7000 key phrases as candidate synthetic queries.

n-gram
Max # of posts an included

key phrase can occur in

1 400
2 100
3 10
4 4

Table 1: Upper limit of occurrence for key phrases of different n-gram lengths to exclude
in-context stopwords.

We use a sample of the most common key phrases for each n-gram length as the set
of queries that capture the information needs of autistic users. Given the impact of query
lengths in biasing search results (Alaofi et al., 2022; Pera et al., 2023), we pay particular
attention to ensure that the set of synthetic queries follows a realistic query length distribu-
tion. However, due to the lack of information on such a distribution specifically for autistic

6. Note that no personally identifiable information was collected, and all content was de-identified before
use. All collected data was discarded after the completion of our experiments.

7. https://github.com/praw-dev/praw
8. The data was extracted from Reddit in April 2024 and comprises posts created by self-reported autistic

individuals between April 2019 and April 2024.
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users at the time of the study, we turn to the Yahoo! Search Query Tiny samples dataset9

(Yahoo!, 2009; Blanco et al., 2011), as it comprises queries formulated by real people and
therefore would represent a query length distribution realistic at least for a generic user10.
Specifically, we compute the proportion of queries for each n-gram length and mimic those
proportions to generate set QA comprising 250 queries of which 78 are unigram queries, 78
bigram queries, 70 trigram queries, and the remaining 24 of n-gram length ≥ 4. The queries
in QA range from phrases directly related to ASD, such as “autism”, “autism diagnosis”, and
“autistic burnout”, to other mental health related phrases like “crippling social anxiety”,
“sensory overload”, and “executive dysfunction”, as well as more generic topics like “part
time job”, “high school”, and “facial expression”.

Different people express the same information need in different ways, which in turn has a
strong influence on the response produced by an IAS (Alaofi et al., 2022; Pera et al., 2023).
Given that diagnosed autistic users tend to report their diagnosis in their search query, we
create a second variation of the synthetic queries in QA to reflect the information needs of
autistic individuals covered in QA while also informing the system of the user’s condition. To
reflect autistic individuals’ natural style of reporting their condition in our synthetic queries,
we refer to the phrases used by autistic individuals to report their condition in their search
query, as identified by Yechiam and Yom-Tov (2021) from the query log the authors used to
study the online search behaviour of autistic individuals. The query log used in the study
is proprietary; hence, we rely on the examples reported in the manuscript, such as “I’m
autistic”, “I’m on the autism” and “I am on the autism”. Particularly, we create two sets
Q′A and P′A to probe SE and LLM agent responses, respectively, with each set representing
a distinct variation of queries in QA. In the case of Q′A, we simply append the phrase “I’m
autistic” at the end of each query in QA; whereas for P

′
A, we use a longer approach to mimic

the conversational nature of information-seeking in LLM agents and rephrase each query
in QA as “I am autistic please explain” + query + “to me”. See Table 2 for examples of
queries in QA, Q

′
A, and P′A.

QA Q′A P′A
autism diagnosis autism diagnosis I’m autistic I am autistic please explain autism diagnosis to me

common autistic trait common autistic trait I’m autistic I am autistic please explain common autistic trait to me

Table 2: Examples of queries in QA, Q
′
A, and P′A.

To contextualise whether the accessibility of IAS responses to autistic individuals’ (syn-
thetic) queries is inherent to a system’s algorithm or shows variances when catering to
the information needs of different user groups, we create another query set, QC to capture
the topics of interest, vocabulary, and phrasing common amongst the general population.
QC consists of 250 queries randomly sampled from the Yahoo! Search Query Tiny sample
dataset (Yahoo!, 2009) with a similar n-gram length distribution as QA, which we illustrate
in Figure 1 along with the n-gram distribution of the original Yahoo! Search Query Tiny
sample dataset.

9. The dataset used in this study is no longer publicly available; however, archived versions can be accessed
at https://web.archive.org/web/20250517143901/https://webscope.sandbox.yahoo.com/catalog
.php?datatype=l.

10. Specifically, the dataset comprises a random sample of 4496 queries posted to Yahoo’s US SE in January
2009.
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Figure 1: n-gram distribution of queries in different query collections.

Using each of the aforementioned query sets, we generate synthetic logs capturing how
a given IAS responds to online inquiries. Each log consists of <query, response> pairs,
where query is a query from a given query set, and response is the response generated by
an IAS for the query.

To probe the accessibility of SE responses, we first focus on the Search Engine Result
Page (SERP) as it is the initial response a searcher receives from an SE for their inquiry. The
SERP response comprises of the top 10 results retrieved by the SE11; each result represented
by the associated web title and snippet12. Additionally, we examine SE responses focusing
on individual retrieved results (RR) to investigate the content an autistic user would be
exposed to upon clicking on a result from the SERP. The RR response consists of the entire
text body of the web resources retrieved as the top 10 results by an SE for a query. In the
case of LLM agents, response refers to the direct answer (ANS) that an LLM generates for
a query.

In the remainder of the manuscript, we refer to a synthetic log as a possible combination
of three components: {QA, QC, Q′A, P′A}-{Google (G), Bing (B), ChatGPT (GPT), Gemini
(GEM)}-{SERP, RR, ANS}13. For instance, QA-G-SERP is the log capturing Google’s SERP
snippets for each query in QA.

3.3 Accessibility Indicators

To examine IAS responses through a web accessibility lens, we rely on 11 quantitative
measures, which we refer to as indicators, based on WCAG for autistic individuals related to
three text-based perspectives that may influence autistic individuals’ information seeking:
(1) Structure, (2) Readability, and (3) Concreteness. See Table 3 for detailed indicator
definitions.

Structure. Some autistic people struggle with reading huge blocks of text, often leading
to information overload in them, which could incite challenging behaviours or meltdowns

11. We only consider the top 10 results, i.e., the first SERP, as most users never go past the first result page
when searching for information (Sharma et al., 2019).

12. At the time of the study, AI Overviews are not generated consistently and are therefore not included in
the collected SERP responses.

13. Note that SERP and RR are only for SE responses, and ANS is only for LLM agent responses.
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in autistic individuals, thereby hindering them from engaging with the content (White
and Abou-Zahra, 2024; Happé and Frith, 2006). Accessibility guidelines, therefore, suggest
presenting textual content as succinctly as possible (Britto and Pizzolato, 2016; Seeman
and Cooper, 2024). Given that paragraphs usually are the longest component of a text, we
consider the average number of words per paragraph in T (Average Paragraph Length)
as a measure of text succinctness. Moreover, as autistic individuals are known to prefer
shorter sentences over long-winded sentences (Yaneva and Evans, 2015), we also examine
the text succinctness of a text sample at the sentence-level. Hence, we measure the number
of sentences (Sentence Count) and the average number of words per sentence (Average
Sentence Length) as two other accessibility indicators. Further, markup features like
lists and headings can improve reading flow for autistic individuals (Britto and Pizzolato,
2016). Therefore, we inspect the structure of T also by the proportion of sentences in T
that constitute heading titles (Ratio of Headings), list items (Ratio of List Items), or a
paragraph (Ratio of Paragraphs) to assess the reading flow of T . Note that we compute
the Ratio of Paragraphs for T as the proportion of sentences that are neither headings nor
list items. Therefore, the three ratios computed for T add up to 1.

Readability. For an individual to extract information from a resource, they must be
able to comprehend the content presented in the resource. For some autistic individuals,
texts written in simple and plain language are more suitable for comprehension than texts
written in complex sentences (Yaneva et al., 2015; Seeman and Cooper, 2024). Therefore,
as our second perspective, we examine the language complexity of T . For this, we turn
to two popular readability formulas, which look at different linguistic aspects of a text to
determine the reading ease of the text. First, the Flesch Reading Ease Score (FRES)
(Kincaid et al., 1975) due to its popularity in research, especially in studies pertaining to
autistic individuals (Yaneva and Evans, 2015; Yaneva et al., 2015). The FRES score is
computed based on the average words per sentence and average syllables per word in a
text, and a higher score indicates higher ease of reading. The other readability formula we
consider is the Coleman-Liau Readability Index (CLI) (Coleman and Liau, 1975) due to
its suitability for digital texts (Allen et al., 2022). The index value is computed based on
the average number of letters per word instead of syllables, and unlike FRES, a higher CLI
index indicates that the text is less easy to read.

Concreteness. Autistic people prefer literal language and concrete terminology over fig-
urative and abstract language (Kalandadze et al., 2018; Vulchanova and Vulchanov, 2022).
We posit that for a text to be accessible to an autistic person it must be as concrete as pos-
sible. To assess the concreteness of T , we estimate the average concreteness of T (Average
Concreteness) by adopting a lexical approach based on a dataset created by Brysbaert
et al. (2014). The dataset consists of concreteness ratings for 40 thousand generally known
English lemmas (ranging between 1: maximally abstract and 5: maximally concrete), es-
timated based on the average of ratings provided by over 4000 participants. Note that, as
per this dataset, not all English words include a concreteness score; therefore, we compute
the average concreteness of T only based on the words in T that have a concreteness rating
in the dataset, i.e, words in T which exactly match those in the dataset. Since the average
concreteness does not account for unrated words in T , we also measure the proportion of
words in T classified as concrete (Ratio of Concrete Words) and those classified as ab-
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Accessibility
Perspective

Indicator Name Indicator Formula

Structure

Average Paragraph Length ParaLen(T ) =
Σ
|PT |
i=1 len(pi)

|PT |
, pi ∈ PT

Sentence Count SC(T ) = |ST |

Average Sentence Length SentLen(T ) =
Σ
|ST |
i=1 len(si)

|ST |
, si ∈ ST

Ratio of Headings HeadingSents(T ) =
|HT |
|ST |

Ratio of List Items ListSents(T ) =
|LT |
|ST |

Ratio of Paragraphs ParaSents(T ) = 1− (
|HT |
|ST |

+
|LT |
|ST |

)

Readability
FRES FRES(T ) = 206.835− 1.015 ∗ |WT |

|ST |
− 84.6 ∗ syllables(T )

|WT |

CLI CLI(T ) = 0.0588 ∗ letters(T ) ∗ 100
|WT |

− 0.296 ∗ |ST | ∗ 100
|WT |

− 15.8

Concreteness

Average Concreteness Conc(T ) =
Σ
|WT |
i=1 conc(wi)

Σ
|WT |
i=1 e(wi)

, wi ∈ WT ; e(wi) =

{
1, if conc(wi) > 0

0, otherwise

Ratio of Concrete Words ConcreteWords(T ) =
Σ
|WT |
i=1 c(wi)

|WT |
, c(wi) =

{
1, if conc(wi) ≥ 4

0, otherwise

Ratio of Abstract Words AbstractWords(T ) =
Σ
|WT |
i=1 a(wi)

|WT |
, a(wi) =

{
1, if 0 < conc(wi) < 4

0, otherwise

Table 3: Definitions of indicators used in our study to assess the accessibility of a text
sample T , where len(·) yields the number of words, syllables(·) the number of syllables,
letters(·) the number of letters, conc(·) the concreteness rating estimated using (Brysbaert
et al., 2014), and | · | the size of a set; the variable WT is the set of words in T , PT the
set of paragraphs, ST the set of sentences in T . HT is the set of sentences in ST that are
headings, and LT is the set of sentences in ST that are list items. Note that a sentence in T
is either a heading, list item, or part of a paragraph, and therefore, the ratios of headings,
list items, and paragraphs add up to 1.

stract (Ratio of Abstract Words) to contextualise the average concreteness estimation.
The classification is done based on the categorisation rule used in the original study, i.e.,
words rated between 1-3 are abstract and those rated between 4-5 are concrete (Brysbaert
et al., 2014).

3.4 Accessibility Profile

To get an overview of a text sample (e.g. a SERP snippet, full text of a resource retrieved by
an SE, and answer generated by an LLM agent) from an accessibility point of view, we turn
to other works on online content analysis. Specifically, we are inspired by works which create
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a “profile” to capture various aspects of an item, such as the emotional undertone of IAS
responses (Kazai et al., 2019; Landoni et al., 2020), implicit emotional and vocabulary-based
triggers in SE responses for individuals suffering from mental health disorders (Milton and
Pera, 2023), etc. A profile in these works is operationalised as a vector comprising multiple
components to represent the different perspectives of analysis. In our case, to examine a
sample from the perspectives of Structure, Readability, and Concreteness, we create an
accessibility vector which accounts for all the indicators described in Section 3.3 and is
illustrated in Figure 2. An accessibility vector, however, provides insights into individual
samples but not an IAS in general, which is the focus of our study. Hence, we create an
overall accessibility profile of an IAS, AP(log), by taking an average of text sample vectors
of all IAS responses in a synthetic log (§3.2). Note that an accessibility profile in our study
is not meant to serve as a set of metrics that can determine whether an IAS is accessible for
autistic users. Instead, the accessibility profile of an IAS provides an overview of different
(text-based) aspects of the system when responding to the information needs of a user group
that are known to impact autistic individuals’ information seeking.

Considering an SE provides multiple results for a user’s query, we create an accessibility
profile for an SE log by first averaging text sample vectors grouped by the query, and then
computing the average of the resultant query-wise vectors. For LLM agents, since a log

contains only one response per query, we create a profile by taking an average of all the
text sample vectors in the log. We are also interested in the impact of query length and
topic of inquiry on the text accessibility of IAS responses, hence we also generate (i) n-gram
profile, APn−gram(log), by averaging the text sample vectors (query-wise vectors in case
of SE-based logs) of responses to queries of n− gram length; and (ii) inquiry topic profile,
APtopic(log), by taking an average of the text sample vectors of responses to queries related
to an inquiry topic category.

Figure 2: Structure of the accessibility vector representing text accessibility of each text
sample.

Example. To illustrate the creation of a profile for a given IAS, consider a query set
QE, comprising queries “banana”, “white melon”, and “motorcycle”. We use the query
set to build a synthetic SE based log: QE-G-SERP, consisting of Google’s top 10 SERP
results (i.e., web title and snippet of top 10 retrieved webpages) per query in QE. To build
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an overall accessibility profile of Google using this log, we first average the accessibility
vectors of results per query, resulting in 3 query-wise vectors. We then take an average of
the 3 vectors to obtain AP(QE-G-SERP). To create a 1-gram profile based on the same log,
we compute the average of vectors corresponding to responses for queries “banana” and
“motorcycle” respectively, and the 2 resultant query-wise vectors are averaged to create
AP1−gram(QE-G-SERP). For an inquiry topic profile pertaining to results for queries in the
category “fruit”, we average the vectors of results for queries “banana” and “white melon”
respectively, and then the two vectors are averaged to obtain APfruit(QE-G-SERP).

4 Examining the Accessibility of IAS Responses for Autistic Users

Here, we describe the results of the experiments we conducted to answer RQ1.

4.1 Variation across IAS

To assess the overall text accessibility of the considered SEs and LLM agents when re-
sponding to autistic individuals’ inquiries, we juxtapose the accessibility profiles of all QA
based logs reported in Table 4 at the component level. Note that unless stated otherwise,
accessibility indicator scores are significantly different (one-way ANOVA p < 0.05) across
the profiles.

Accessibility
Perspective

Accessibility
Indicator

AP(QA-G-SERP) AP(QA-G-RR) AP(QA-B-SERP) AP(QA-B-RR) AP(QA-GEM-ANS) AP(QA-GPT-ANS)

Structure

ParaLen ↓ 16.86 26.11 23.18 24.8 12.49 52.87
SC ↓ 4.08 117.61 4.43 133.16 37.01 4.17
SentLen ↓ 9.14 5.03 12.16 4.52 6.27 17.06
HeadingSents ↑ 0.28 0.06 0.26 0.05 0.09 0
ListSents ↑ 0.01 0.34 0.02 0.39 0.4 0.02
ParaSents ↓ 0.71 0.6 0.73 0.55 0.51 0.98

Readability
FRES ↑ 61.25 58.78 57.43 59.01 42.06 47.03
CLI ↓ 10.83 11.89 11.74 11.79 13.83 12.13

Concreteness
Conc ↑ 2.41 2.43 2.36 2.42 2.35 2.39
ConcreteWords ↑ 0.04 0.04 0.04 0.04 0.05 0.06
AbstractWords ↓ 0.43 0.39 0.54 0.37 0.48 0.68

Table 4: Accessibility Profiles of Synthetic Logs based on QA. Each indicator score is
significantly different (ANOVA one-way, p < 0.05) across logs. The best score of each
accessibility indicator is bolded, where ↓ next to an indicator implies lower values to be
better, and ↑ implies higher values to be better.

Structure. Comparing the components pertaining to text succinctness in the profiles
from Table 4 (illustrated in Figures 3a-3c), we find that AP(QA-GEM-ANS) has the lowest
average paragraph length, and AP(QA-GPT-ANS) the highest. Amongst the logs obtained
from SEs, AP(QA-G-SERP) has notably shorter average paragraph length compared to AP(QA-
G-RR), while the score is similar for AP(QA-B-SERP) and AP(QA-B-RR). On a sentence level,
AP(QA-G-RR) and AP(QA-B-RR) have the highest sentence count but the shortest average
sentence length. In fact, we observe an inverse relation between the sentence count and
average sentence length across all profiles, which suggests a trade-off between the number
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of sentences and their length on average, perhaps to maintain a balance in overall text
succinctness across all IAS responses.

In the case of components related to reading flow (Figures 3d-3f), the ratio of para-
graphs is higher than the ratios of headings and list items across all profiles, particularly
in AP(QA-GPT-ANS). In AP(QA-G-SERP) and AP(QA-B-SERP), the sentences are mostly divided
as paragraphs and then headings; in AP(QA-G-RR), AP(QA-B-RR), and AP(QA-GEM-ANS), sen-
tences mostly constitute a paragraph followed by list items. This implies that compared
to other IAS, ChatGPT responses on average comprise longer blocks of text, which could
impede autistic individuals’ reading flow. Regarding the structure of responses produced
by the other IAS, the distribution of sentences across markup features is distinct in each
profile, implying that each IAS uses a different strategy to facilitate reading flow in its
produced responses.
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Figure 3: Text structure scores for logs generated using QA.

Readability. Yaneva et al. (2015) suggest that for a text to be readable by an autistic
person, it must have a FRES score ≥ 65, which is text suitable for a student at grade 8
or 9 in the US school system (Flesch, 2016). In the case of CLI, the integer closest to the
computed CLI score indicates the minimum US school grade a reader must have graduated
from to be able to read the scored text, so for a text to be readable by an 8th or 9th grade
student, the text should have a CLI score ≤ 8. When considering the FRES and CLI
scores of the profiles from Table 3, none of the profiles meet either of the readability criteria
to be deemed suitable for autistic individuals. From Figures 4a and 4b illustrating the
distribution of readability scores of IAS responses within each log, we also note that most
responses do not meet the readability criteria. We do however observe notable differences
across the profiles with AP(QA-G-SERP) having the highest FRES score and lowest CLI score,
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whereas AP(QA-GEM-ANS) has the lowest FRES score and highest CLI score. This implies
that while none of the IASs produce responses that would be ideal for autistic individuals’
reading ability, snippets in Google SERP, in general, are the easiest to read and Gemini
answers the most challenging.
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Figure 4: Text readability scores for logs generated using QA. The dotted red line illustrates
the minimum FRES score in (a) and maximum CLI score in (b) an IAS response must have
to be considered readable for an autistic person.

Concreteness. Comparing the profiles in Table 4 from the concreteness perspective does
not highlight any notable differences. All profiles have an average concreteness score ranging
between 2.35 for AP(QA-GEM-ANS) and 2.43 for AP(QA-G-RR) (Figure 5a). Moreover, from the
scores of each profile for the ratio of concrete and abstract words respectively, we observe
that all profiles have a higher ratio of abstract words than concrete words, conveying that
IAS responses to autistic users’ inquiries are, on average, more abstract than concrete in
nature.

Examining the ratio of concrete and abstract words (Figures 5b and 5c) collectively in
each profile, we find that AP(QA-GPT-ANS) has the highest ratio of words with a concreteness
rating followed by AP(QA-B-SERP) and AP(QA-GEM-ANS); whereas AP(QA-G-RR) and AP(QA-
B-RR) have the lowest ratio of words with a concreteness rating. Provided the lexicon we
use to compute the Concreteness indicator scores consists of over 40000 commonly known
English lemmas (Brysbaert et al., 2014), we infer that the LLM agent responses consist
of more commonly known English words on average compared to SE responses, except for
Bing SERP snippets. Considering that autistic individuals find it easier to comprehend a
text written using vocabulary they are familiar with (Britto and Pizzolato, 2016; WebAIM,
2025), we infer that although resources retrieved by Google and Bing, in general, have a
higher average concreteness than LLM agent responses, autistic individuals would find it
easier to comprehend the familiar words in the answers generated by the agents compared to
the unfamiliar words in the SE retrieved resources. This implies that autistic individuals’
may perceive the information provided in an LLM agent to be more tangible compared
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to the information provided in resources retrieved by SE and the corresponding snippets
presented in their SERP.
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Figure 5: Text concreteness scores for logs generated using QA.

4.2 Impact across User Groups

To contextualise whether text accessibility-based aspects of IAS responses studied in this
work are consistent regardless of which user group the information need originates from, we
compare the accessibility profile generated for a QA-based log with the profile generated for
its corresponding QC-based log (reported in Table 5 and illustrated in Figures 6-8), using an
independent T-test (p < 0.05) for significance testing.

IAS
Synthetic

Log
Structure Readability Concreteness

Para
Len ↓ SC ↓ Sent

Len ↓
Heading
Sents ↑

List
Sents ↑

Para
Sents ↓ FRES ↑ CLI ↓ Conc ↑ Concrete

Words ↑
Abstract
Words ↓

Google SERP QA-G-SERP 16.86 4.08 9.14 0.28 0.01 0.71 61.25 10.83 2.41 0.04 0.43
QC-G-SERP 15.57 * 4 8.93 0.29 0.02 * 0.68 * 63.01 11.03 2.43 0.05 * 0.31 *

Google RR QA-G-RR 26.11 117.61 5.03 0.06 0.34 0.6 58.78 11.89 2.43 0.04 0.39
QC-G-RR 26.95 122.48 4.24 * 0.06 0.32 0.58 56.44 12.58 2.43 0.04 0.28 *

Bing SERP QA-B-SERP 23.18 4.43 12.16 0.26 0.02 0.73 57.43 11.74 2.36 0.04 0.54
QC-B-SERP 21.23 * 4.9 * 11.38 * 0.25 0.03 * 0.72 61.55 * 11.9 2.5 * 0.06 * 0.37 *

Bing RR QA-B-RR 24.8 133.16 4.52 0.05 0.39 0.55 59.01 11.79 2.42 0.04 0.37
QC-B-RR 21.85 120.62 * 3.98 * 0.07 * 0.33 * 0.53 56.58 10.98 * 2.36 0.04 0.26 *

Gemini QA-GEM-ANS 12.49 37.01 6.27 0.09 0.4 0.51 42.06 13.83 2.35 0.05 0.48
QC-GEM-ANS 15.77 * 42.32 7.21 * 0.12 * 0.34 0.54 50.5 * 12.49 2.41 0.05 0.38 *

ChatGPT QA-GPT-ANS 52.87 4.17 17.06 0 0.02 0.98 47.03 12.13 2.39 0.06 0.68
QC-GPT-ANS 49 5.45 * 15.98 * 0 0.03 0.97 55.2 * 11.05 * 2.49 * 0.08 * 0.57 *

Table 5: Accessibility Profiles of Synthetic Logs based on QA and QC respectively. An asterisk
(*) on the QC based log denotes a significant difference (independent T-test p < 0.05) in
indicator score compared to the corresponding QA based log. The better indicator score per
compared log pair is bolded, where ↓ next to an indicator implies lower values to be better,
and ↑ implies higher values to be better.

SE Responses. Looking at the profiles generated for Google SERP based logs produced
for autistic individuals and the general population’s inquiries in Table 5, we find that AP(QC-
G-SERP) has a significantly lower average paragraph length, sentence count, and average
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sentence length than AP(QA-G-SERP). AP(QC-G-SERP) also has a significantly lower ratio of
paragraphs and a significantly higher ratio of list items compared to AP(QA-G-SERP). From a
Concreteness perspective, AP(QC-G-SERP) has a significantly higher ratio of concrete words
and a significantly lower ratio of abstract words. Even the average concreteness of AP(QC-G-
SERP) is higher than AP(QA-G-SERP) but the difference is not significant. From these results,
we infer that the snippets in a Google SERP produced for inquiries by the general population
are, on average, more succinct with an easier reading flow and also more concrete than the
snippets produced for autistic individuals’ inquiries. In terms of Readability, AP(QC-G-
SERP) has a higher FRES score but also a higher CLI score than AP(QA-G-SERP), although
the differences don’t hold true in practice, from which we infer that snippets produced for
autistic individuals and general population inquiries are similarly challenging to read for
autistic individuals.
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Figure 6: Text structure scores for logs generated using QA and QC respectively.

In the case of profiles created for Google RR based logs, AP(QA-G-RR) has a lower average
paragraph length and lower number of sentences than AP(QC-G-RR) as well as higher FRES
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score and lower CLI score than AP(QC-G-SERP), but none of the differences are statistically
significant. Therefore, we infer that in practice, the resources retrieved by Google in re-
sponse to inquiries by autistic individuals and the general population are similarly accessible
for autistic individuals.

Comparing the accessibility profiles generated for Bing responses reported in Table 5, we
find that AP(QC-B-SERP) has significantly lower average paragraph and sentence lengths, but
significantly higher sentence count than AP(QA-B-SERP). In terms of reading flow, AP(QC-B-
SERP) has a higher ratio of list items and a lower ratio of paragraphs, but also a lower ratio
of headings than AP(QA-B-SERP), although the difference in the ratio of paragraphs does not
hold true in practice. From the Readability perspective, AP(QC-B-SERP) has a significantly
higher FRES score but also a higher CLI score than AP(QA-B-SERP), although the difference
in CLI score is not significant. Based on the Concreteness perspective, AP(QC-B-SERP) has a
higher average concreteness, a higher ratio of concrete words, and a lower ratio of abstract
words than AP(QA-B-SERP), with differences across all three components being statistically
significant. Based on these results, we infer that Bing SERP snippets are, on average, more
succinct with better reading flow, easier to read, and more concrete when produced for the
general population’s inquiries compared to the snippets produced for autistic individuals’
inquiries.

Google SERP

Google RR

Bing SERP
Bing RR

Gemini
ChatGPT

100

50

0

50

100

user group
QC QA

(a) FRES.

Google SERP

Google RR

Bing SERP
Bing RR

Gemini
ChatGPT

40

20

0

20

40

60

user group
QC QA

(b) CLI.

Figure 7: Text readability scores for logs generated using QA and QC respectively. The dotted
red line illustrates the minimum FRES score in (a) and maximum CLI score in (b) an IAS
response must have to be considered readable for an autistic person.

The difference in Bing responses becomes even more prominent upon comparing AP(QC-
B-RR) and AP(QA-B-RR) reported in Table 5, due to the large margin of difference between
the two profiles across most component values. AP(QC-B-RR) has a significantly lower sen-
tence count and a significantly lower average sentence length than AP(QA-B-RR). In terms
of reading flow, AP(QC-B-RR) has a significantly higher ratio of headings and a significantly
lower ratio of paragraphs, but also a significantly lower ratio of list items than AP(QA-B-RR).
From a Readability perspective, AP(QC-B-RR) has a significantly higher CLI score but a lower
FRES score than AP(QA-B-RR), although the difference in FRES score does not hold true
in practice. In terms of Concreteness, AP(QA-B-RR) has a higher average concreteness than
AP(QC-B-RR) but the difference is not statistically significant; whereas AP(QC-B-RR) has a
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significantly lower ratio of abstract words than AP(QA-B-RR). Based on these results, we find
that the resources retrieved by Bing for inquiries initiated by the general population are, in
general, more succinct with easier reading flow, easier to read, as well as more concrete for
autistic individuals than the resources retrieved for autistic individuals’ inquiries.

LLM Agent Responses. Comparing the profiles generated for Gemini responses to
autistic individuals and the general population’s inquiries, i.e., AP(QA-GEM-ANS) and AP(QC-
GEM-ANS) reported in Table 5, we find that AP(QC-GEM-ANS) has higher FRES score and
lower CLI score, as well as higher average concreteness and lower ratio of abstract words
than AP(QA-GEM-ANS). This implies that from the Readability and Concreteness perspec-
tives, Gemini generates, on average, more accessible responses for the general population’s
inquiries than for autistic individuals’ inquiries. Still, the margin of difference is small and
not significant except for the significant difference in the ratio of abstract words. From the
Structure perspective, on the other hand, AP(QA-GEM-ANS) has significantly lower average
paragraph and sentence lengths and significantly lower sentence count than AP(QC-GEM-
ANS). These outcomes indicate that Gemini generates more succinct responses with easier
reading flow for autistic users’ inquiries compared to the general population’s inquiries.
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Figure 8: Text concreteness scores for logs generated using QA and QC respectively.

In the case of ChatGPT responses, AP(QC-GPT-ANS) has significantly lower average para-
graph and sentence lengths than AP(QA-GPT-ANS). Even in terms of reading flow, AP(QC-
GPT-ANS) has a significantly lower ratio of paragraphs and a significantly higher ratio of list
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items. These results imply that responses in QC-GPT-ANS on average are more succinct and
have an easier reading flow than the responses in QA-GPT-ANS. From the Readability per-
spective, AP(QC-GPT-ANS) has a significantly higher FRES score and significantly lower CLI
score than AP(QA-GPT-ANS), implying that ChatGPT generates easier to read responses for
general population’s inquiries compared to the responses generated for autistic individuals’
inquiries. We observe a similar trend from the Concreteness perspective as well, with AP(QC-
GPT-ANS) having a significantly higher average concreteness and ratio of concrete words, and
a significantly lower ratio of abstract words compared to AP(QA-GPT-ANS). Putting all the
results together, ChatGPT, like the other considered IAS, produces responses that are more
aligned with text accessibility guidelines for autistic individuals when an inquiry is initiated
by a user from the general population, compared to the responses generated for autistic
individuals’ inquiries.

4.3 Influence of Query Phrasing

The manner in which a searcher formulates their query to articulate their information need
strongly influences the responses produced by an IAS (Alaofi et al., 2022; Pera et al., 2023).
Based on this, we explore the potential influence of variation in query phrasing in QA on the
text accessibility of elicited IAS responses. Particularly, we examine the impact of variation
in (1) the query length, i.e., the number of words in the query, and (2) the inquiry topic,
in our case a binary categorisation indicating whether the autistic users’ inquiry pertains
to ASD or general topics.

Query Length. We examine the variation in the text accessibility of IAS responses to
autistic individuals’ inquiries across five categories of query n-gram lengths: unigram, bi-
gram, trigram, 4-gram, and queries longer than 4-gram. For this, we generate APn−gram(log)
where log is an QA based log as described in Section 3.2 and n = 1, 2, 3, 4, > 4. We compare
the five profiles generated per log at the component level using one-way ANOVA (p < 0.05)
to test for statistical significance.

We illustrate in Figure 9 the variation in the text structure scores of IAS responses
across queries of different n-gram lengths. For a given IAS, there are statistically significant
differences in Structure-related indicator scores across responses for different query lengths.
However, we do not observe any prominent trends across or within a log, except for in
APn−gram(QA-GPT-ANS), where the ratios of headings, list items, and paragraphs remain
consistent across the n-gram categories, which implies that the reading flow of ChatGPT
responses is unaffected by the query length.

The sentence count in APn−gram(QA-G-SERP), APn−gram(QA-B-SERP), and APn−gram(QA-
GPT-ANS), respectively, also remains consistent across the n-gram categories. However, the
average sentence and paragraph lengths are consistent only in APn−gram(QA-G-SERP) and
APn−gram(QA-B-SERP) and not in APn−gram(QA-GPT-ANS). This implies that the succinctness
of Google and Bing SERP responses is unaffected by the query length, but in the case of
ChatGPT responses, while the number of sentences remains unaffected on average, the
lengths of the sentences and paragraphs vary across query lengths.

Figure 10 illustrates the impact of query length variation on the Readability indicator
scores of IAS responses. From the figure, we find that the FRES score decreases significantly
and the CLI score increases significantly in APn−gram(QA-GPT-ANS) and APn−gram(QA-GEM-
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Figure 9: Text structure scores for QA based logs across query n-gram length categories.
The difference in indicator scores across n-gram lengths is significant (one-way ANOVA,
p < 0.05) for a log unless stated otherwise.

ANS) respectively as the query length increases. This implies that for longer queries, both
ChatGPT and Gemini generate responses that are harder to read. In case of Bing responses,
FRES score in APn−gram(QA-B-SERP) and APn−gram(QA-B-RR) is notably lower and CLI score
notably higher when n > 4, although only the CLI score difference in APn−gram(QA-B-RR)
holds true in practice. For Google responses, the FRES score across APn−gram(QA-G-SERP)
and APn−gram(QA-G-RR) is significantly lower when n = 1 and n > 4. The CLI score in
APn−gram(QA-G-SERP) and APn−gram(QA-G-RR) is also prominently higher when n = 1 and
n > 4, however the difference is significant only in APn−gram(QA-G-SERP). These trends
suggest that in Bing, longer queries lead to harder-to-read responses, while in Google,
extremely short or long queries similarly result in harder-to-read responses.
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Figure 10: Text readability for QA based logs across query n-gram length categories. The
difference in indicator scores across n-gram lengths is significant (one way ANOVA, p < 0.05)
for a log unless stated otherwise. The dotted red line illustrates the minimum FRES score
in (a) and maximum CLI score in (b) an IAS response must have to be considered readable
for an autistic person.

We depict the variation in the concreteness of IAS responses across varying query lengths
in Figure 11 and observe notable differences only in the Ratio of Abstract words although
the difference is not statistically significant in APn−gram(QA-GPT-ANS) and APn−gram(QA-
GEM-ANS), respectively. In both APn−gram(QA-G-SERP) and APn−gram(QA-B-SERP), the ratio
of abstract words is significantly lower when n ≥ 4 whereas in APn−gram(QA-G-RR) and
APn−gram(QA-B-RR), the ratio is significantly lower when n = 1. This implies that longer
queries result in responses that have significantly fewer abstract words in web snippets
produced by Google and Bing, but the full content in the corresponding retrieved resource
is more abstract in nature than the resources retrieved by the SE for shorter queries.

Inquiry Topic. Considering the impact of ASD in several autistic individuals’ quality
of life (Lin and Huang, 2019; Mason et al., 2018), inquiry topics related to their condition
could be considered a crucial information need for autistic users. Hence, as an initial explo-
ration of the impact of inquiry topic on the accessibility of IAS responses, we investigate if
the considered IASs respond differently to autistic users’ inquiries related to their condition
in comparison to inquiries on more generic topics. For this, we categorise each query in QA
as an ASD-related inquiry (D) or a General inquiry (G) based on the constituent keywords
in the query. In other words, if a query contains an ASD-related term, it is categorised as
an ASD-related inquiry, and a General inquiry otherwise. Due to the lack of a standardised
list of ASD-related terms at the time of this study, we rely on public educational resources
for autistic people, specifically the glossary terms from ReframingAutism.org14, a charity
run by autistic people in Australia aimed to improve the understanding of Autism through
education, resources, and research . The distribution of QA queries between the two cate-
gories is illustrated in Figure 12. Based on these categories, we produce APtopic(log) for

14. The terms were extracted from https://reframingautism.org.au/service/glossary-terms/ in
October 2024.
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Figure 11: Text concreteness scores for QA based logs across query n-gram length categories.
The difference in indicator scores across n-gram lengths is significant (one way ANOVA,
p < 0.05) for a log unless stated otherwise.
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Figure 12: Distribution of QA queries between inquiry topic categories.

each QA based log with topic = {D,G} and report the generated profiles in Table 6. The
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Synthetic
Log

Inquiry Topic
Category

Structure Readability Concreteness

Para
Len ↓ SC ↓ Sent

Len ↓
Heading
Sents ↑

List
Sents ↑

Para
Sents ↓ FRES ↑ CLI ↓ Conc ↑ Concrete

Words ↑
Abstract
Words ↓

QA-G-SERP ASD 16.71 3.99 9.29 0.28 0.01 0.71 58.98 12 2.38 0.03 0.43
General 16.89 4.1 9.11 0.28 0.01 0.71 61.75 10.57 * 2.41 0.04 * 0.43

QA-G-RR ASD 33.6 115.97 5.27 0.06 0.44 0.5 54.26 13 2.4 0.03 0.41
General 24.46 * 117.97 4.98 0.06 0.32 * 0.62 * 59.78 * 11.64 * 2.44 0.04 * 0.38

QA-B-SERP ASD 24.45 4.48 12.83 0.25 0.02 0.73 49.48 13.76 2.33 0.04 0.54
General 22.9 * 4.42 12.01 * 0.26 0.02 0.73 59.18 * 11.29 * 2.36 0.05 * 0.54

QA-B-RR ASD 41.58 139.8 5.29 0.06 0.46 0.48 53.77 13.13 2.4 0.03 0.4
General 21.12 * 131.7 4.35 * 0.05 * 0.38 * 0.56 * 60.17 * 11.49 * 2.42 0.04 0.36 *

QA-GEM-ANS ASD 14.29 38.16 7.43 0.11 0.38 0.52 31.68 16.99 2.32 0.04 0.51
General 12.09 36.76 6.02 * 0.09 0.4 0.5 44.33 * 13.14 * 2.35 0.05 0.47

QA-GPT-ANS ASD 49.96 5.67 17.24 0 0.03 0.97 32 16.52 2.26 0.04 0.67
General 53.52 3.84 * 17.03 0 0.01 0.99 50.32 * 11.17 * 2.41 * 0.07 * 0.68

Table 6: APD(log) and APG(log) for all QA-based logs. An asterisk (*) on the score for
APD(log) denotes a significant difference (independent T-test p < 0.05) in the indicator
score compared to the corresponding score in APG(log). The better indicator score per
compared pair is bolded, where ↓ next to an indicator implies lower values to be better,
and ↑ implies higher values to be better.

two profiles generated per log are compared at the component level using an independent
T-test (p < 0.05).

From Table 6, we observe that particularly from the perspective of Readability APG(log)
is closer to autistic people’s preferences than the corresponding APD(log) (Figure 13) with
the difference in both FRES and CLI scores statistically significant across all compared
profile pairs, except for the difference in FRES score between APG(QA-G-SERP) and APD(QA-
G-SERP). Even from the perspective of Concreteness, APG(log) is better suited for autistic
individuals than the corresponding APD(log) (Figure 14), although not all indicator score
differences between the compared pairs hold true in practice. The difference in average
concreteness is statistically significant only between APD(QA-GPT-ANS) and APG(QA-GPT-
ANS). The ratio of concrete words is not statistically significant between APD(QA-B-RR) and
APG(QA-B-RR), and between APD(QA-GEM-ANS) and APG(QA-GEM-ANS), respectively. The
ratio of abstract words is significantly different only between APD(QA-B-RR) and APG(QA-B-
RR).

From the Structure perspective, we do not observe many significant differences between
the compared profile pairs which is also prominent from the similar distributions across most
components illustrated in Figure 15. The only exception is when we compare APD(QA-B-
RR) and APG(QA-B-RR). In terms of text succinctness, APG(QA-B-RR) has a significantly
lower sentence count and significantly lower average paragraph and sentence lengths than
APD(QA-B-RR); whereas based on reading flow, APD(QA-B-RR) has significantly higher ratios
of headings and list items, respectively, along with a significantly lower ratio of paragraphs
than APG(QA-B-RR), implying that when autistic individuals’ inquiries are related to ASD,
Bing retrieves resources that are structured for easier reading flow, compared to resources
retrieved for inquiries on general topics. Overall, we find the topic of inquiry does not
influence the structure of IAS responses, except for the reading flow of resources retrieved
by Bing.
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Figure 13: Text readability scores for QA based logs across inquiry topic categories. The
dotted red line illustrates the minimum FRES score in (a) and maximum CLI score in (b)
an IAS response must be considered readable for an autistic person.
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Figure 14: Text concreteness scores for QA based logs across inquiry topic categories.

4.4 Are the Responses of Mainstream SEs and LLM Agents Accessible to
Autistic Users?

To answer RQ1, we scrutinised the Structure, Readability, and Concreteness of the textual
content of IAS responses produced for autistic individuals’ inquiries. We contextualised
whether our observations are due to the systems’ general algorithmic behaviour by also
assessing the responses produced by the IAS under study for inquiries reflecting the in-
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Figure 15: Text structure scores for QA based logs across inquiry topic categories.

formation needs of the general population across the same three perspectives. Findings
indicate that responses for autistic individuals’ queries tend to be more verbose, harder to
read, and more abstract in nature compared to responses to inquiries from the general pop-
ulation (§4.1 and §4.2). Further investigations whether the accessibility of an IAS response
varies across different types of autistic users’ inquiries reveal that responses are significantly
harder to read when an autistic user’s inquiry is related to ASD than when it is related
to other topics (§4.3). Based on these observations, we argue that IAS responses for autis-
tic individuals’ inquiries are less closely aligned to the target audience’s text accessibility
expectations than responses produced for inquiries initiated by the general population.

5 Exploring the Impact of Diagnosis Disclosure in Query Phrasing

In this section, we discuss the results of the experiments we conducted to address RQ2.

5.1 Impact on IAS Responses

Knowing that autistic individuals who are aware of their diagnosis often state their condition
in their online inquiry (Yechiam and Yom-Tov, 2021) and considering the influence of query
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formulation on biasing IAS responses (Alaofi et al., 2022; Pera et al., 2023), we investigate
whether rephrasing the original synthetic queries in QA to explicitly state that the user is
autistic (as described in Section 3.2) would notably change the response produced by the
four IAS we consider in this study.

In the case of Bing and Google, we compare the resources retrieved for inquiries in QA
and Q′A respectively. For this, we use the Rank Biased Overlap (RBO) (Sarica et al., 2022),
a measure that computes the similarity between two ranked lists of entities and returns a
numeric value between 0 and 1, with 0 indicating that the lists are distinct and 1 indicating
that the lists are the same. Specifically, we measure the similarity between SERP produced
in response to each query in QA and its counterpart query in Q′A. Given that an SE may rank
different landing pages of the same web resource differently for distinct query variations, we
extract the homepage URL of each SERP result and compute the RBO for the two lists of
homepages.

For Gemini and ChatGPT, we compare the direct answers generated by each agent for
inquiries in QA and P′A respectively. For this, we turn to the Recall-Oriented Understudy for
Gisting Evaluation, i.e., ROUGE metrics (Lin, 2004) which measure the recall and precision
of a generated summary compared to a (human-made) gold-standard summary, with the
score ranging between 0 and 1, where a higher score implies higher similarity between the
compared summaries. In our case, we consider the response generated by the LLM agents
for queries in QA as the “gold standard” and compare it to the response generated by the
agent for the corresponding query in P′A. Particularly, we measure the similarity between
the compared responses—as a whole as well as at the sentence level—using the ROUGE-L
metric due to its reported effectiveness on single document summarization tasks (Lin, 2004).

From Figure 16a, we observe that the RBO scores are distributed mostly between 0 and
0.2 for both Google and Bing, which implies that the resources retrieved for the rephrased
queries are distinct from the resources retrieved for the original queries. In the case of LLM
agent responses, ROUGE-L score at the summary level varies between 0.1 and 0.4 for Gemini
and between 0.2 and 0.4 for ChatGPT responses (from Figure 16b), which also depicts low
similarity between the LLM agent responses for the rephrased queries when compared to
the responses for the original queries. Figure 16c further emphasises the difference at the
sentence level, with ROUGE-L scores ranging between 0.1 and 0.2 for Gemini responses
and between 0.2 and 0.3 for ChatGPT responses. Based on the similarity metric scores
obtained, we infer that informing the IAS that the inquiry is from an autistic user yields
notably different responses from all four considered IAS.

5.2 Influence on Text Accessibility

To investigate whether there is also a difference in the accessibility of the responses produced
for the rephrased queries, we generate accessibility profiles for synthetic logs representing SE
and LLM agent responses for queries in Q′A and P′A, respectively. For each IAS, we juxtapose
its profile, with respect to the counterpart for QA at the component level, as reported in
Table 7 and illustrated in Figures 17-19; an independent T-test (p < 0.05) for statistical
significance.

Google. To examine the impact of stating the user’s condition in the inquiry on accessibil-
ity of Google responses, we compare AP(Q′A-G-SERP) with AP(QA-G-SERP), and AP(Q′A-G-RR)
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Figure 16: Similarity scores between IAS responses produced for different query phrasings.

IAS
Synthetic

Log
Structure Readability Concreteness

Para
Len ↓ SC ↓ Sent

Len ↓
Heading
Sents ↑

List
Sents ↑

Para
Sents ↓ FRES ↑ CLI ↓ Conc ↑ Concrete

Words ↑
Abstract
Words ↓

Google SERP
Q′A-G-SERP 19.56 5.05 8.55 0.22 0 0.77 75.56 7.2 2.54 0.04 0.5
QA-G-SERP 16.86 * 4.08 * 9.14 * 0.28 * 0.01 * 0.71 * 61.25 * 10.83 * 2.41 * 0.04 0.43 *

Google RR
Q′A-G-RR 30.98 96.4 6.23 0.04 0.24 0.72 69.08 9.75 2.4 0.05 0.52
QA-G-RR 26.11 * 117.61 * 5.03 * 0.06 * 0.34 * 0.6 * 58.78 * 11.89 * 2.43 * 0.04 * 0.39 *

Bing SERP
Q′A-B-SERP 24.72 5.12 11.58 0.22 0.03 0.76 58.98 11.44 2.42 0.05 0.55
QA-B-SERP 23.18 * 4.43 * 12.16 * 0.26 * 0.02 * 0.73 * 57.43 11.74 2.36 * 0.04 0.54

Bing RR
Q′A-B-RR 34.91 139.96 6.12 0.05 0.37 0.57 57.89 11.94 2.41 0.04 0.46
QA-B-RR 24.80 * 133.16 4.52 * 0.05 0.39 0.55 59.01 11.79 2.42 0.04 * 0.37 *

Gemini
P′A-GEM-ANS 22.19 44.69 7.37 0.13 0.37 0.5 39.05 15.09 2.36 0.04 0.54
QA-GEM-ANS 12.49 * 37.01 * 6.27 * 0.09 * 0.4 0.51 42.06 13.83 * 2.35 0.05 0.48 *

ChatGPT
P′A-GPT-ANS 60.76 7.32 18.51 0 0.02 0.98 45.78 12.66 2.35 0.06 0.7
QA-GPT-ANS 52.87 * 4.17 * 17.06 * 0 0.02 0.98 47.03 12.13 2.39 0.06 0.68 *

Table 7: Accessibility Profiles of Synthetic Logs based on Q′A (or P′A) and QA respectively.
An asterisk (*) on the log based on QA denotes a significant difference (independent T-test
p < 0.05) in indicator score compared to the corresponding log based on Q′A or P

′
A. The better

indicator score per compared log pair is bolded, where ↓ next to an indicator implies lower
values to be better, and ↑ implies higher values to be better.

with AP(QA-G-RR), as reported in Table 7. Note that all reported comparisons are statisti-
cally significant unless stated otherwise.

From the Structure perspective, in terms of reading flow, AP(Q′A-G-SERP) and AP(Q′A-G-
RR) have a higher ratio of paragraphs and a lower ratio of headings and list items than AP(QA-
G-SERP) and AP(QA-G-RR), respectively. Based on indicators related to text succinctness,
AP(Q′A-G-SERP) and AP(Q′A-G-RR) have higher average paragraph length than AP(QA-G-SERP)
and AP(QA-G-RR) respectively. Yet we observe an inverse relation between the sentence count
and average sentence length in the compared profiles, i.e., sentence count is lower but average
sentence length is higher in AP(Q′A-G-SERP) than in AP(QA-G-SERP); whereas in AP(Q′A-G-RR)
the sentence count is significantly higher and average sentence length significantly lower
than in AP(QA-G-RR).

Based on Readability, AP(Q′A-G-SERP) has a higher FRES score and lower CLI score
than AP(QA-G-SERP). In fact, FRES and CLI scores of AP(Q′A-G-SERP) meet the readability
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criteria for autistic users, which implies that rephrasing the query resulted in Google SERP
snippets that would actually be readable for autistic users. In the case of Google RR,
AP(Q′A-G-RR) also has a higher FRES score and lower CLI score than AP(QA-G-RR) but the
higher scores don’t meet the readability criteria.

In terms of Concreteness, the average concreteness in AP(Q′A-G-SERP) is higher than
in AP(QA-G-SERP) but the ratio of abstract words is also higher in AP(Q′A-G-SERP) than in
AP(QA-G-SERP). In case of Google RR on the other hand, AP(QA-G-RR) is more concrete on
average with a lower ratio of abstract words than AP(Q′A-G-RR); but the ratio of concrete
words is higher in AP(Q′A-G-RR) than in AP(QA-G-RR). From the perspective of Concreteness,
it appears that the snippets in Google SERP are more concrete, on average, when the
query specifies that the user is autistic, but the resources retrieved for such queries are less
concrete on average compared to the resources retrieved when the queries do not state that
the user is autistic.
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Figure 17: Text structure scores for logs generated using QA, Q
′
A, and P′A.
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Bing. Comparing AP(QA-B-SERP) and AP(Q′A-B-SERP) reported in Table 7, we identify sev-
eral prominent differences between the profiles, and all reported comparisons are significant
unless stated otherwise. Examining the text structure of the profiles in terms of text suc-
cinctness, AP(Q′A-B-SERP) has a lower average paragraph length and a higher sentence count
than AP(QA-B-SERP); but the average sentence length in AP(Q′A-B-SERP) is lower than in
AP(QA-B-SERP). In terms of reading flow, AP(Q′A-B-SERP) has a lower ratio of headings and a
higher ratio of paragraphs but a significantly higher ratio of list items than AP(QA-B-SERP).
From the Readability perspective, AP(Q′A-B-SERP) has a higher FRES score and lower CLI
score than AP(QA-B-SERP). However, the difference in the readability indicator scores is not
statistically significant. Based on the Concreteness perspective, AP(Q′A-B-SERP) has a lower
average concreteness and a higher ratio of abstract words, but a lower ratio of concrete
words than AP(QA-B-SERP); however, only the difference in average concreteness holds true
in practice. From these findings, we infer that rephrasing the query to state that the user
is autistic impacts the structure and average concreteness of Bing SERP snippets but not
the readability of the snippets.

In case of Bing RR responses, juxtaposing AP(QA-B-RR) with AP(Q′A-B-RR) as reported
in Table 7 reveals very few significant differences. Based on Structure, AP(QA-B-RR) has
significantly lower average paragraph and sentence lengths than AP(Q′A-B-RR). From Read-
ability and Concreteness perspectives, AP(QA-B-RR) has higher FRES and lower CLI score,
as well as higher average concreteness and lower ratio of abstract words than AP(Q′A-B-RR),
but only the differences in the ratio of abstract words holds true in practice. Based on these
outcomes, we infer that resources retrieved by Bing for queries in Q′A are less succinct and
less concrete on average compared to the resources retrieved for the queries in QA, but the
readability of the resources retrieved for either query variation is similar on average.
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Figure 18: Text readability scores for logs generated using QA, Q
′
A, and P′A. The dotted red

line illustrates the minimum FRES score in (a) and maximum CLI score in (b) an IAS
response must be considered readable for an autistic person.

Gemini. Turning to the accessibility profiles of LLM agents reported in Table 7, we first
compare AP(QA-GEM-ANS) with AP(P′A-GEM-ANS), and find that AP(QA-GEM-ANS) is notably
more closely aligned to autistic users’ accessibility needs than AP(P′A-GEM-ANS) but not all
differences hold true in practice. Based on Structure, AP(QA-GEM-ANS) has significantly
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lower average paragraph and sentence lengths as well as significantly lower sentence count
than AP(P′A-GEM-ANS). AP(P

′
A-GEM-ANS) has a higher ratio of headings and a lower ratio

of paragraphs, but a lower ratio of list items than AP(QA-GEM-ANS), although only the
difference in the ratio of headings is statistically significant. In terms of Readability, AP(QA-
GEM-ANS) has a higher FRES score and significantly lower CLI score than AP(P′A-GEM-ANS)
which implies that responses in QA-GEM-ANS are easier to read on average than the responses
in P′A-GEM-ANS. From the Concreteness perspective, AP(P′A-GEM-ANS) has a higher average
concreteness than AP(QA-GEM-ANS), but the difference is not significant. The ratio of abstract
words, on the other hand, is significantly lower in AP(QA-GEM-ANS) than in AP(P′A-GEM-ANS),
from which we infer that rephrasing the query generally results in more abstract responses
from Gemini.

Google SERP

Google RR

Bing SERP
Bing RR

Gemini
ChatGPT

0

1

2

3

4

5

QA Q ′
A or P ′A

(a) Average Concreteness.

Google SERP

Google RR

Bing SERP
Bing RR

Gemini
ChatGPT

0.0

0.2

0.4

0.6

0.8

1.0

QA Q ′
A or P ′A

(b) Ratio of Concrete Words.

Google SERP

Google RR

Bing SERP
Bing RR

Gemini
ChatGPT

0.0

0.2

0.4

0.6

0.8

1.0

QA Q ′
A or P ′A

(c) Ratio of Abstract Words.

Figure 19: Text concreteness scores for logs generated using QA, Q
′
A and P′A.

ChatGPT. Examining the differences between AP(QA-GPT-ANS) and AP(P′A-GPT-ANS) re-
ported in Table 7 reveals that the scores pertaining to the reading flow of the responses
remain unchanged. In terms of text succinctness, AP(QA-GPT-ANS) has a significantly lower
average paragraph and sentence lengths as well as significantly lower sentence count than
AP(P′A-GPT-ANS). Even from the perspective of Readability, AP(QA-GPT-ANS) has a higher
FRES score and lower CLI score than AP(P′A-GPT-ANS), although the differences do not hold
true in practice. In terms of Concreteness, AP(QA-GPT-ANS) has a higher average concrete-
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ness and a lower ratio of abstract words than AP(P′A-GPT-ANS), but the difference in average
concreteness is not statistically significant. Based on these findings, we infer that ChatGPT
generates less succinct and less concrete answers on average for queries in P′A, compared to
the answers it generates for queries in QA.

5.3 Are the Responses of SE and LLM Agents More Accessible When
Diagnosis Is Disclosed in a Query?

Based on our investigations juxtaposing responses produced by IASs to inquiries that do and
do not explicitly state that the information needs are of an autistic user, we find that stating
the user’s condition in the inquiry does influence the type of resources retrieved by an SE as
well as the answer generated by an LLM agent (§5.1). Comparing the accessibility profiles of
each IAS generated based on responses for the two query variations (§5.2) reveals that from
the perspective of text accessibility, SE responses are more prominently impacted compared
to LLM agent responses. Particularly in the case of Google, the responses elicited using the
rephrased queries are significantly easier to read with the SERP snippets even meeting the
readability criteria for autistic users suggested in (Yaneva et al., 2015). However, both the
snippets and the content in the retrieved resources are more verbose, and the structure of
the responses, on average, is less suitable for an easy reading flow compared to the responses
produced for the original queries. We observe a consistent trend across all the considered
IASs that rephrasing the query to specify that the user is autistic results in responses that
are less succinct than the responses produced for the original queries. The accessibility
indicator scores captured in Figures 17, 18, and 19 reveal an interesting trend: the scores
across all compared distributions are notably less varied for IAS responses to queries in Q′A
(or P′A) than the responses produced for queries in QA. Overall, we conclude that although
informing the IAS of the user’s diagnosis does not improve the general accessibility of IAS
responses for autistic individuals, the rephrasing leads to responses that are more consistent
in linguistic style in terms of Structure, Readability, and Concreteness.

6 Discussion

The outcomes of our study reveal important implications about the accessibility of main-
stream IASs in catering to autistic individuals’ information needs, which we discuss in this
section; we also outline the limitations of our study and suggest potential future research
directions.

6.1 Text Accessibility of IAS Responses for Autistic Individuals

The results reported in Sections 4 and 5 highlight a potentially critical issue for autistic
individuals who rely on popular IASs for information discovery. The accessibility profiles
we generated of popular IASs to examine the text accessibility of IAS responses for autistic
individuals’ inquiries (RQ1) indicate that IAS responses to queries reflecting autistic indi-
viduals’ common information needs are less accessible to the target audience than responses
to inquiries from the general public. The issue is exacerbated when the autistic users’ in-
quiry is related to their condition. Moreover, autistic individuals who are aware of their
diagnosis may explicitly state their condition in their inquiry (Yechiam and Yom-Tov, 2021),
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most likely with the expectation that the IAS—now aware of the target audience—would
respond to the inquiry in a manner suitable for autistic individuals. However, based on the
results of our explorations on whether the text accessibility of IAS responses improves when
the inquiry is rephrased to state the user’s diagnosis (RQ2), we find that only Google meets
these expectations, but only from the readability perspective. In all other cases, explicitly
stating that the user is autistic leads to more verbose responses in general that are not
structured to facilitate an easy reading flow compared to the responses produced when the
queries do not include the user’s diagnosis. Overall, our findings suggest that, in terms of
text accessibility, mainstream IASs react distinctively to autistic individuals’ information
needs. Moreover, IAS responses to autistic users’ queries are less aligned to these users’
expectations, compared to system responses to the general population’s inquiries. This
could hinder autistic user from utilising the IAS response to satisfy their information need,
suggesting a concerning trend of mainstream commercial IASs potentially impeding autistic
individuals’ access to online information.

An unexpected outcome of our exploration was the impact of adding a diagnostic-
disclosing phrase to the query on the linguistic variability of IAS responses. For an audience
that struggles with adapting to unexpected changes as they prefer consistent and predictable
interactions (WHO, 2023), the variation in the accessibility of IAS responses across query
lengths and inquiry topics that we observed while examining the overall accessibility of
IAS responses for autistic individuals (RQ1), can be anxiety-provoking. Specifying that the
user is autistic in the inquiry to investigate its impact on the accessibility of IAS responses
(RQ2) emerged as a solution to this issue. We found that the produced responses were
notably more consistent in terms of accessibility across the rephrased inquiries compared
to the accessibility of the responses for the original autistic individuals’ inquiries.

6.2 Trade-Offs Across IAS

Our analysis highlights distinct text-based accessibility issues between SEs and LLM agents.
LLM agents with their direct and succinct answers may appear to be an “autism-friendly”
IAS, as they do not require the searcher to navigate through a list of resources, as is
common in a traditional SE. Yet, from our analysis, we know that LLM agent responses,
while succinct, are less concrete and harder to read than the web resources retrieved by an
SE. This presents a trade-off, which we illustrate through an example. Consider an autistic
user looking for information related to “eye contact”. Entering this query in Google would
yield a long list of snippets, as captured in Figure 20a. The user would then go through
the list of short, easy-to-read snippets and choose a particular resource to explore further,
like the Wikipedia article on eye contact illustrated in Figure 20b, for instance. The web
resource would comprise a large amount of text compared to a snippet, but structured
in a way that facilitates an easy reading flow. Moreover, based on the findings reported
for RQ1, we could assume that the overall textual content would be much easier to read
than the direct answer of an LLM agent. Using the same query on Gemini would yield a
direct answer (as visualised in Figure 21). However, compared to the resources retrieved
by Google, the answer would likely contain more complex sentences, so the user would
have to spend extra effort to comprehend the text and extract the needed information. As
mentioned previously, autistic individuals prefer consistency in their day-to-day interactions
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(a) Top 5 ranked results in Google SERP.

(b) Excerpt from Wikipedia article on “eye contact”, the top-ranked result
in Google SERP from Figure 20a.

Figure 20: Google response for an autistic user query: “eye contact”.
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Figure 21: Excerpt from Gemini’s generated response for an autistic user query: “eye
contact”.

(WHO, 2023). Therefore, the variation in the accessibility issues between SEs and LLM
agents could hinder autistic users from using an IAS as they have grown accustomed to
coping with the issues of the other system.

6.3 Designing for Accessibility

The individual profiles provide insights into the distinct strengths and limitations of each
IAS in providing accessible responses to autistic individuals, which inspire strategies to
enhance autistic users’ overall online information-seeking process. Knowing that autistic
individuals tend to scroll more on the SERP compared to non-autistic users when looking
for information on an SE (Yechiam and Yom-Tov, 2021), it could be assumed that autistic
users may not mind the extra effort of browsing through a SERP to find resources to answer
their inquiry. Therefore, considering the easier readability and higher concreteness of SE
responses, it may be useful to employ the better-structured response generation of LLM
agents to further enhance the accessibility of SE responses for autistic users. For exam-
ple, Gemini, in particular, generates responses structured to facilitate easier reading flow
compared to the other IAS responses. Employing the LLM driving Gemini’s response gen-
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eration to restructure the verbose content in the resources retrieved by SE, as experimented
in (Chhikara et al., 2024; Chang et al., 2023), could make it easier for autistic individuals
to locate relevant components in an expansive web resource.

It is worth noting that SE responses, while easier to read than LLM responses, are
yet to meet the readability criteria for autistic individuals. Stating the user is autistic
in the inquiry leads to IAS responses that are even less aligned with autistic individuals’
accessibility needs. Still, ChatGPT is capable of modifying its response to suit a specific
need of a target audience, such as the reading level for a specified school grade (Murgia
et al., 2023b). This could be utilised to simplify SE responses even for autistic individuals, by
following the readability criteria suggested by Yaneva et al. (2015) and prompting ChatGPT
to rephrase the SE response to suit the reading skill of an 8th or 9th grade student.

6.4 Limitations and Future Work

In the absence of publicly available data, we relied on synthetic queries to represent the
information needs of autistic individuals. While our synthetic queries represent the plausi-
ble vocabulary and topics of interest common amongst autistic individuals, they may not
represent other characteristics of how autistic users formulate their search queries, such as
whether they formulate long or short queries, whether they formulate their queries using
keywords only or opt for a more natural language approach, etc. Therefore, we advocate for
the allocation of research efforts to collect representative query samples formulated by autis-
tic individuals that can be used to examine whether their typical style of query formulation
further influences the accessibility of IAS responses. Additionally, noting the difference in
the readability of IAS responses for autistic users’ inquiries directly related to ASD com-
pared to more general inquiries (§4.3), future extensions of the study could also investigate
the impact of autistic individuals’ inquiry topic on the accessibility of the elicited IAS re-
sponses further based on more fine-grained categorisation of inquiry topics to reveal other
trends. Regarding the experiments we conducted to answer RQ2, we explored the impact
of including the diagnosis-reporting with a singular rephrasing strategy, but in the future,
it may be beneficial to explore the potential of other known query rephrasing and prompt
engineering strategies (e.g., Chen et al., 2021; Schmidt et al., 2023; Meskó, 2023; Xu et al.,
2011) to yield IAS responses that are consistent in linguistic style but also accessible to
autistic individuals.

Insights emerging from the accessibility profiles probed in our study showcase several
potential accessibility limitations of popular IAS, even though we limited our analysis to the
textual content of IAS responses to control the scope of our exploration. However, modern-
day IAS are not limited to text modality. For instance, the online resources retrieved by an
SE contain embedded videos, images, and sometimes even audio to keep the user engaged
with the content. The latest versions of LLM agents are also capable of understanding
and generating content with visual and audio elements (Islam and Moushi, 2024; Gemini
Team Google et al., 2024). Multimodal content can be particularly beneficial for autis-
tic individuals’ access to online information—as long as each modality presents the same
content—since it gives autistic individuals the freedom to interact with the same content
in whichever modality they find the easiest to comprehend (WebAIM, 2025; Friedman and
Bryen, 2007). Further, voice-controlled virtual assistants like Siri and Alexa, and video
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platforms like YouTube, enable new search paradigms as interactions with such tools and
platforms often lack a textual component. The diversification of online search paradigms
and modalities raises other accessibility concerns for autistic individuals. For example,
autistic individuals are very sensitive to loud noises (Williams et al., 2021; Landon et al.,
2016), therefore sudden disturbing noises like fireworks and sirens in embedded videos can
negatively impact the accessibility of the online content for autistic individuals (Britto and
Pizzolato, 2016; Sitdhisanguan et al., 2012). Similarly, autistic individuals benefit greatly
from visual stimuli during information search, but if the visual component is too abstract,
then it could instead hinder a autistic person from understanding the content they are ex-
posed to (Yaneva et al., 2015; Rezae et al., 2020). Considering autistic people’s accessibility
needs that go beyond reading a piece of text, it is important to examine the accessibility of
popular IASs from a multimodal perspective. For this, COGA’s proposed guidelines based
on autistic individuals’ challenges with comprehending content in non-textual modalities
could be used in the future to extend the design of our experimental setup for generating
accessibility profiles that capture the suitability of IAS responses for autistic individuals
from a diverse perspective of web accessibility.

We examined the accessibility of the first response of different IASs to independent
autistic individuals inquiries. As noted earlier, AI overviews were not consistently available
at the time of the study and were therefore excluded from our analysis. However, as
mainstream SEs increasingly integrate AI-generated summaries (or direct responses) at
the top of SERPs Reid (2026, 2024), users are likely to encounter and engage with these
summaries before looking at the list of retrieved results. With that in mind, it is important
for future extensions of this work to also consider AI-generated overviews when assessing
the accessibility of SE responses for autistic individuals. Furthermore, according to the
information search process (ISP) model proposed by Kuhlthau (1991), a user goes through
several stages when searching for information online. Starting from initiation, which is when
the user realises they have a knowledge gap. This is followed by the selection and exploration
stages, during which the user conducts a preliminary search to collect and explore resources
that can help understand the general topic related to their knowledge gap. Our study
captures the accessibility of mainstream IASs in supporting this preliminary search. But
after the exploration stage, once the user has acquired an understanding of the general
topic, they enter the formulation stage, wherein they may further refine their initial query
to collect resources that are more aligned to their specific inquiry, followed by collection
and presentation stages only after which a user’s ISP is said to be complete. In the future,
our study could be extended to probe user-IAS interactions at different stages of the user’s
ISP to get a more holistic overview of the accessibility of an IAS for autistic individuals.

The accessibility guidelines we use to inform the design of our experimental framework
present a generalised overview of the challenges faced by autistic individuals, but one of
the most characteristic traits of ASD is the variability in the abilities of autistic people
(WHO, 2023). In the future, a complementary study could further validate the reliability
of the accessibility profiles generated for the IAS by incorporating the perception of actual
autistic users conducting self-directed online search tasks. Furthermore, considering the
low diagnosis rate for ASD in several countries, especially amongst women (WHO, 2023),
existing guidelines may not account for the distinct needs and expectations of these under-
represented communities within a population that already is a minority in general. This
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underscores the need for interdisciplinary research to broaden the understanding of ASD
and its associated challenges to enable the creation of guidelines that represent the needs
of all autistic individuals and not just an informed, stereotyped version of them.

7 Conclusions

In this work, we conducted an empirical exploration to gauge what kind of content autistic
users are potentially exposed to when seeking information using mainstream IASs through
the lens of Web Content Accessibility. In the absence of publicly available datasets, we
constructed synthetic query collections using (i) key phrases from Reddit posts by self-
reported autistic users—capturing topics, vocabulary, and phrasing common amongst autis-
tic individuals—as proxy queries reflecting their information needs, along with (ii) a random
sample from the Yahoo! Search Query Tiny dataset, to represent the information needs of
the general population, respectively. We used these query collections to elicit responses from
Google, Bing, ChatGPT, and Gemini. From the resulting IAS responses, we constructed an
accessibility profile for each system. Rather than classifying a system as “good” or “bad”
for autistic users, we use these profiles to probe IAS responses along three dimensions of
text accessibility: structure, readability, and concreteness.

A nuanced exploration of the profiles (RQ1) reveals that IAS responses are less aligned
to autistic individuals’ accessibility requirements when catering to autistic users information
needs, compared to when these systems respond to inquiries from the general population.
The issue is exacerbated when an autistic user’s inquiry is related to ASD. Rephrasing
the autistic individuals’ inquiries to explicitly include the user’s condition in the inquiry
to the IAS (RQ2)—an online search behaviour typical for diagnosed autistic individuals
(Yechiam and Yom-Tov, 2021)—results in IAS responses that are even less accessible for
this population. These findings suggest that autistic individuals relying on popular IASs for
information discovery may struggle with finding the information they need to complete their
information-seeking process. This highlights a critical limitation of popular IASs in catering
to the information needs of autistic individuals and provides empirical evidence that could
explain why autistic individuals so often feel frustrated while searching for information
online (Gibson and Hanson-Baldauf, 2019).

Access to information is integral to a person’s freedom of expression (UNESCO). Con-
sidering autistic individuals’ tendency to give up on their search tasks when they are unable
to find resources that fit their needs (Gibson and Hanson-Baldauf, 2019), we argue that the
poor text accessibility of IAS responses could actively be barring autistic individuals from
accessing crucial information online, which is a direct infringement of their fundamental
rights as human beings. The European Accessibility Act also mandates all products and
services—public or private—to comply with the accessibility requirements of people with
disabilities (European Union, 2019). From both ethical and legal points of view, the out-
comes of our study reveal a potentially concerning scenario of the accessibility of online
information for autistic individuals, underscoring the need for researchers and developers
alike to address the known issues as well as allocate efforts to recognise other limitations
not only for autistic individuals but also other under-served communities, for which our
experimental setup to generate accessibility profiles may serve as a useful reference.
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Appendix A. Subreddits scraped for data collection

Name Official Description #Members

r/autism Autism. Autism news, information and support.
Please feel free to submit articles to enhance
the knowledge, acceptance, understanding and re-
search of Autism and ASD.

480K

r/aspergers Aspergers. For those affected by Autism Spectrum
Disorder, providing a space for support, discus-
sion, and sharing experiences.

175K

r/AutismInWomen AutismInWoman. A community for autists that
are not cisgender males. We discuss the struggles,
triumphs, and mundane life events that come with
our autistic experience. We’re LGBTQIA+ inclu-
sive. TERFS not welcome. We are open to those
who are self-suspecting autism, self-diagnosed as
autistic, and formally diagnosed autistic (regard-
less of age), as we recognize the barriers around
formal diagnosis and assessment. Please engage
kindly, read our Rules and Wiki pages, and mod-
mail if you have any questions ¡3

229K

r/AutismTranslated AutismTranslated. If you think you might be
autistic - or even if you’re on The Quest, to figure
out why life seems so much stranger and harder for
you than it does for other people - then we made
this space for you. It’s one thing to read DSM
diagnostic criteria or an Autism Parent’s lamenta-
tions, and another to really hear us as we describe
what it feels like to be autistic. Welcome, and
please feel free to ask questions! :)

64K

r/AutisticAdults Adults on the Autistic Spectrum. For adults who
are on the autistic spectrum, or think they might
be on the autistic spectrum, regardless of diagnos-
tic status. This is a relaxed, rules-light community,
preferring discussion rather than memes and me-
dia. Non-autistic people are welcome if they are
here for the benefit of autistic people (see Rule 1
before posting).

100K

r/AutisticPride Autistic Pride. A bunch of proud autistic folks. No
cure necessary—we’re not diseased. We support
societal reforms that accommodate both autistic
and neurotypical communities equally.

56K
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r/aspergirls Life skills and healthy coping mechanisms for the
ASD community. Aspergirls is a place to share
advice and tips for topics related to autism and
self-improvement. We help with INTERPER-
SONAL questions/struggles related to autism and
life skills, personal growth, healthy coping mech-
anisms, etc. We are a support community for
autists, please remain civil at all times when post-
ing here. Thank you!

100K

r/AskAutism Ask Autistics. A forum to hear the experiences
of autistic individuals, and educate about neuro-
diversity, human rights concerns, and how to be a
better human being both to autistic people and all
citizens of the world.

10K

r/autism controversial Autism controversial. This subreddit is for autis-
tic people to talk about controversial topics revolv-
ing autism. People with close relations to autistic
people are welcome to join the conversation, but
please do not speak over actually autistic people.

585

r/AutismCertified AutismCertified. A community for clinically-dxed
autistics. Its purpose is to create a space where
autistic representation is not diluted by those who
are not officially confirmed to have ASD. — Dis-
claimer — - If you wish to speak on the autis-
tic experience without having been professionally
evaluated and found to have ASD, please go else-
where.

3K

r/TrueEvilAutism TrueEvilAutism. A venting and ranting subreddit
intended for diagnosed autistics to express their
experiences and frustrations

1K

r/AutisticPeeps AutisticPeeps. This community gives a space for
professionally diagnosed autistic people to thrive.
Self-diagnosed people are explicitly not allowed to
participate in this subreddit, but self-suspicion is
fine. Self-suspicion is okay, but self-diagnosis is
not.

7K

r/SpicyAutism SpicyAutism. This is a subreddit for level 2/3/oth-
erwise higher support needs autists, where we are
the majority and feel understood and validated.
This subreddit is a safe space for all autistic peo-
ple, family members, doctors, teachers, etc., with
the understanding that the priority is the comfort
and inclusion of higher support needs autists and
our experiences. Here you can ask questions, share
experiences, talk about your interests, and more.

21K
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r/austismlevel2and3 Autismlevel2and3. A place not overrun with level
1’s telling us that Autism “isn’t a disability”

1K

r/AutisticLiberation AutisticLiberation. Welcome to our subreddit!
We are a safe space for autistic leftists, regardless
of background.

2K

r/Autism Pride Autism Pride. A bunch of autistic leftists fighting
against discrimination and celebrating our authen-
tic selves.

4K

Table 8: List of subreddits and their official descriptions used for data collection.

Appendix B. Table of Abbreviations

Acronym Full Form

ASD Autism Spectrum Disorder
IAS Information Access System
SE Search Engine
LLM Large Language Model
WAI Web Accessibility Initiative
W3C World Wide Web Consortium
WCAG Web Content Accessibility Guidelines
COGA Cognitive and Learning Disabilities Accessibility Task Force
SERP Search Engine Result Page
RR Retrieved Resources
ANS Answer generated by an LLM in response to a user prompt

Table 9: List of abbreviations used in the manuscript.
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