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Abstract

Introduction. Social media has become a prominent space for seeking and sharing
information, but it also enables misinformation to spread. When it comes to disability-
related information, such as how to apply for a Medicaid waiver, understanding the
prevalence of false information on social media becomes further complicated due to
varying content types. To provide an initial exploration of this problem space, we
investigated misinformation propensity within disability-related Facebook groups,
group factors associated with it, and the performance of Al fact-checking tools in
detecting this type of information.

Method. We identified target Facebook groups through a large-scale survey. From 20
public Facebook groups mentioned in the survey, we scraped 1,407 informational and
fact-checkable posts. GPT-40, GPTol, and Originality.ai were used to classify the posts
and compared.

Analysis. The results were validated against the ground-truths generated manually,
providing benchmarks for assessing Al tools in detecting misinformation on Facebook.

Results. Our findings reveal that groups centered on developmental disabilities tend to
be more vulnerable to misinformation. Al factchecking tools are generally effective in
classifying accurate information but presented varying performance in detecting
misinformation.

Conclusion. This work provides an initial assessment of the prevalence of
misinformation about disability services and the performance of LLM-based tools.
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Introduction

Social media platforms, such as Facebook, are frequently used as information sources for people’s
everyday life information seeking (Pentina and Tarafdar, 2014). The abundance of information not
only makes it easy for people to access key information, but also increases the likelihood that they
will encounter misinformation (Suarez-Lledo and Alvarez-Galvez, 2021). Individuals who rely on
such information may unknowingly act on false content, which can have negative consequences
on their health and well-being (Simko et al., 2019; Wang et al., 2019). This issue is especially
troubling within disability-related communities, where misinformation can negatively affect
individuals’ understanding of their conditions, the services available to them, and effective
treatments. Moreover, people with cognitive difficulties are particularly vulnerable to
misinformation (Morrison et al., 2019), underscoring the importance of addressing disability-
related misinformation.

However, finding disability-related information on social media and assessing its quality is
challenging because disability policies evolve rapidly and social media postings tend to be nuanced
and interwoven with personal experiences (Lee et al., 2024). Furthermore, there is limited
understanding of the information sources that are popular among people with disabilities and their
caregivers, which makes it difficult to assess the quality of disability-information quality. To
address this gap, this study aims to identify key information sources on Facebook, the most widely
used social media platform among people with disabilities and their caregivers. In addition, we
examine the prevalence of misinformation across social media platforms and the key factors
associated with susceptibility to misinformation. Specifically, we ask the following questions:

* RQI1. What kinds of misinformation exist in Facebook groups focused on people with
disabilities?

* RQ2. Can Al tools identify misinformation about disabilities from Facebook?

* RQ3. How is group formality (or other key group characteristics) associated with
misinformation propensity in Facebook groups?

Related work

Misinformation in the health context

Misinformation has been widely studied for its impact on publichealth perception and
decisionmaking. Marginalised communities, such as individuals with low socioeconomic status or
disabilities, were particularly vulnerable to it (Chi et al., 2020; Gibson and Martin III, 2019; Nicol et
al., 2022). During the COVID-19 pandemic, for example, social media served as a primary source of
misinformation for underrepresented communities, amplifying conspiracy theories (Sanfilippo et
al., 2025) and allowing nonexperts to circulate unverified medical claims (Liu and Regulagedda,
2023). Although experts and authorities have attempted to counter these falsehoods with accurate
information (Ghosh and Mitra, 2023; Song et al., 2024), the rapid pace at which misinformation
spreads on social media has often outstripped their efforts (Amriza et al., 2025).

Content types and community dynamics both contributed to the spread of misinformation. Prior
research showed that emotionally charged posts, especially those with negative sentiment,
facilitate its dissemination (Conroy et al., 2015; Giachanou et al., 2021; Karami et al., 2021). In
addition, the structural features of online communities and the kinds of contents shared within
them also influence how misinformation circulates (Huvila and Gorichanaz, 2025).

Al-based fact-checkers

Al-driven fact-checking methods have emerged as scalable solutions for identifying and
addressing online misinformation (Ghosh and Shah, 2018; Jahanbakhsh et al., 2023; Singh et al.,
2021), whereas conventional approaches are often timeconsuming to implement by practitioners

Information Research, Vol. 31 No. iConf (2026)

1043



(Burel and Alani, 2023; Gangopadhyay et al., 2024; Hasanain and Elsayed, 2022). Machine learning
models, for instance, detected misinformation by leveraging social network topological features
(Pierri et al., 2020) and linguistic cues (Ahmad et al., 2020). Although Al-based systems can inherit
biases from their training data and may struggle to capture context or subtle nuances (Labib et al.,
2022; Li and Sinnamon, 2024), the rapid progress of large language models and the fact-checking
tools built on them offers a promising path to content-level, large-scale detection of
misinformation.

However, it remains unclear how these models perform in detecting disabilityrelated
misinformation, the primary channels through which such misinformation spreads, and the
specific types of information involved. To address these gaps, we conduct a study that (1) identifies
the main channels through which disabilityrelated (mis)information is disseminated, (2) analYSes
its types and prevalence, and (3) evaluates the performance of widely used fact-checking tools in
detecting this content. We focus on Facebook Groups and Pages, as they are among the most
frequently used information sources for people with disabilities and their family members,
according to our survey results.

Methods

Data

We identified the primary sources of disability-related information through a survey of 886
residents in an eastern U.S. state that examined how participants sought disability-related
services. The survey was reviewed and approved by the authors’ institutional review board (IRB)
and was conducted in May 2024. Participants were recruited through a professional survey firm
using stratified random sampling to maximise geographic and demographic representativeness
across the state. The survey population consisted of people with disabilities and their caregivers.
Participants were asked, in an open-ended format, to report the information sources they had
previously used to obtain disability-related service information. The survey required participants
to provide at least three and up to five information sources.

We then analYSed these responses descriptively by standardising the entries, as participants’
answers contained typos and inconsistent terminology referring to similar information sources
(Hsu and Lee, 2025). Facebook emerged as the most frequently cited source (39.7% of respondents),
surpassing Google, government agencies, and friends. Some respondents mentioned specific
Facebook Groups or Pages. Out of the survey responses, we manually identified 20 public Facebook
Groups and Pages, as they were specifically mentioned by the respondents. We did not include
other groups or pages that were not mentioned in the survey responses. We scraped all their posts,
yielding roughly 21,400 entries.

Each Facebook post was evaluated using an OpenAl API call (GPT-40) to determine whether it
contained fact-checkable information or not (https://openai.com/api/). For example,
instructions on how to apply for Medicaid services were included as fact-checkable information,
while personal feelings about disability services were not included in our analysis. Posts that were
not disability-related were also excluded. In total, 1,407 posts met these criteria and were subjected
to further analysis.

Fact-checking with Al and ground truth generation

We used three fact-checking tools for the filtered posts, GPT-40, GPT-ol, and Originality.ai
(https://originality.ai/), and generated ground-truths through manual verification. Where
applicable, each tool was queried with identical prompts. Posts were classified into three
categories: true, false, or not fact-checkable (CBPC).
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Data analysis

We conducted statistical analyses to compare the performances of GPT-4o0, GPTol, and
Originality.ai against manual fact-checking. First, ANOVA was used to test for differences in
classification accuracy across the Al-based tools. Next, Ordinary Least Squares (OLS) regression
analysis was applied to examine how group characteristics related to the tendency for
misinformation. Finally, Spearman’s rank correlation coefficient (Spearman, 1961) was used to
assess the consistency of rankings produced by the different methods. Group characteristics
considered in the analysis include: whether the entity was a Facebook Group or Page, group size,
the primary disability type the group focuses on (e.g., developmental, psychological, sensory,
physical, or other), whether the group is managed by an official organisation outside of Facebook,
whether the group holds offline or online meetings, and the proportion of comments within the
group exhibiting positive or negative sentiment. These variables were generated manually through
a qualitative coding of each Group or Page. Collectively, these tests provide an initial assessment
of misinformation prevalence in Facebook Groups and Pages and the relative effectiveness of each
fact-checking approach for disability-related content.

Results

RQ1: Types of (mis)information across Facebook groups focused on disabilities
Based on a qualitative review of the sample posts, we divided content into three categories: (1)
promotions of disability-related products, events, or services (1,023 posts); (2) personal
experiences of disability (189 posts); and (3) scientific discussions of disability ( 195posts). Figure 1
and Table 2 present the distribution of (mis)information across these categories. Overall,
promotional content dominated the Facebook Groups and Pages. To determine information
accuracy, we manually verified posts against the authoritative websites and articles, such as
government websites (e.g.,, CDC) and academic articles. While most promotional posts were
accurate, about 15% of the promotional posts contained misinformation, with the proportion
varying across individual Groups and Pages.
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Figure 1. Distribution of (mis)information across post types.
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Classification True False CBFC

Promotion 0.808 0.147 0.045

Sharing Personal Experiences 0.735 0.191 0.074
Sharing Scientific Arguments 0.769 0.189 0.041

Table 1. Proportions of information types and their accuracy.

RQ2: Al performance in identifying misinformation

To evaluate the reliability of different fact-checking tools (Originality.ai, GPT-40, GPT-o0l) in
comparison to manual fact-checking, a boxplot was generated to visualise the proportions across
true, false, and not-fact-checkable (CBFC) categories. Each point in the scatter plot represents the
proportion of a given category within a Facebook Group. The boxplot further summarises the
distribution of these proportions by highlighting variations and potential outliers, as well as
displaying the median proportion for each category. To statistically assess the differences between
categories, pairwise t-tests were conducted, where the t-statistics and corresponding p-values
were calculated to determine whether the differences between category proportions were
statistically significant. A non-significant result indicates that the classifications produced by the
two methods are similar.

Figure 2a shows that GPT-ol performed comparably to manual fact-checking (i.e., approximate
ground truth) for both true and false categories, with no statistically significant differences
observed (true: p =.4148, t =0.82; false: p =.1304, t = -1.81). GPT-40 likewise performed comparably
to manual fact-checking in the false category (p =.7371, t = -0.34). Figure 2b presents comparisons
among fact-checking tools within the advertisement category. In the true category, GPT-o1 did not
differ significantly from manual fact-checking (p =.2912, t =1.07). In the false category, both GPT-
40 and GPT-ol also showed no significant differences relative to manual fact-checking (GPT-4o: p
= 4755, t = 0.72; GPT-ol: p = .2062, t = —-1.31). Overall, for Facebook posts classified as
advertisements, GPT-ol most closely aligned with manual fact-checking in the true category, while
both GPT-40 and GPT-ol showed comparable performance in the false category. In contrast,
Originality.ai demonstrated substantially poorer performance across categories.

Finally, when comparing two fact-checking methods with information classified as true, all
methods exhibited Spearman’s rank correlation coefficients greater than 0.971, while all other pair
combinations (false, not-fact-checkable) were less than 0.8502. This suggests that fact-checking
tools are more reliable when evaluating true information compared to false or ambiguous
information.

RQ3: Exploring factors affecting misinformation propensity

Ordinary Least Squares regression analysis was conducted to examine the relationship between
misinformation propensity and various group characteristics. The variables used in the regression
model are listed in the Data Analysis section. The lack of statistical significance across all
regression models may be attributable to the small sample size (Ngouws =20). In contrast, the
correlation analyses revealed a meaningful association between disability type, specifically
developmental disability, and misinformation propensity (Figure 3). This suggests that
misinformation may be more prevalent in information concerning developmental disabilities.

Figure 4 shows that the non-parametric regression analysis shows a statistically significant
correlation between the focus of the group on developmental disabili-
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Figure 2. Pair-wise t-tests for the fact-checking results across the tools.
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Figure 3. Misinformation propensity vs. whether a group focuses on developmental conditions.
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Figure 4. Histogram displaying the correlation of misinformation propensity and whether a group focuses on
developmental conditions.

Linear Kendall’s Tau Spearman’s Correlation

R?=0.028 p <0.005 p <0.005

Table 2. Statistical analysis results for developmental conditions vs. misinformation propensity

ties and the propensity for misinformation. Additionally, Table 2 highlights significant differences in
their distributions, suggesting that groups centered on developmental conditions tend to exhibit
higher levels of misinformation propensity.

Figure 5 presents a scatterplot that compares the overall positive sentiment of a group, defined as the
proportion of posts classified as having a positive sentiment, with its propensity to misinformation.
While prior research often cites sentiment as a factor influencing the presence of misinformation, our
data in the context of disability service information on Facebook does not reproduce the findings.

Discussion

Group contexts and misinformation prevalence

Despite prior research identifying sentiment as one of the strongest indicators of misinformation, our
analysis found no statistically significant association between sentiment and misinformation
propensity. Instead, our results suggest that Facebook groups focused on developmental disabilities
disseminate misinformation more frequently. Although this finding should be interpreted cautiously
due to the small number of groups examined, our study indicates that both the type and prevalence of
misinformation may vary substantially by disability category, not only as a function of population size,
but also because of differences in care practices and information needs.

Developmental disabilities, particularly cognitive and learning disorders, are most prevalent among
children (Young, 2022). As a result, parents and caregivers may be especially attentive to information
related to these conditions, potentially increasing both the volume and circulation of misinformation
within these communities. Further research is needed to clarify why and how certain disability types
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are associated with higher levels of misinformation on social media, particularly through the inclusion
of a larger number of groups to improve statistical power.
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Figure 5. Negative sentiment distribution across groups.

Although our statistical power is constrained by the relatively small number of Groups and Pages
analYSed, our findings offer unique insights and implications compared to those that rely on general
samples of posts from platforms such as X or Facebook. The Groups and Pages included in this study
were explicitly identified by people with disabilities and their caregivers through a large-scale,
stratified sampling of participants, strengthening the quality and relevance of our sample. We limited
our analysis to publicly accessible Facebook Groups and Pages to address ethical concerns related to
privacy and consent.

Implications for Al-based fact-checking tools

Our results indicate that state-of-the-art large language models (LLMs) can reliably flag disability-
related misinformation in social media posts. In many cases, the models’ chain-of-thought
reasoning appears to track the factual logic humans apply when verifying claims, allowing them to
separate accurate advice or resource descriptions from misleading content (OpenAl, 2024). Yet,
the gap between the ground-truth labels and the performance of GPT-ol on false statements
shows that current systems still fall short of practical, production-level accuracy, especially when
it comes to catching subtle or highly specific misinformation. Misclassifications at this scale could
mislead end users who rely on the tool’s judgments for critical health or service decisions. Because
popular search engines such as Google increasingly leverage LLMs to generate search results,
search engine engineers and information retriever experts may need to account for the risks
associated with LLMs when fine-tuning these models for search applications.

To achieve reliable performance, fact-checking tools may need to incorporate a domain-specific
knowledge base that captures authoritative disability information and policy details. Constructing such
a database, then plugging it into a retrievalaugmented generation (RAG) pipeline, would give LLMs
direct access to vetted sources during inference, improving their reasoning and reducing error rates.
In short, pairing advanced models with a curated disability-information repository might be essential
in future studies for delivering trustworthy, scalable fact-checking.
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Future work

While the study identifies meaningful patterns of misinformation within Facebook Groups and Pages
related to disability services, its limited statistical power should be addressed in future research.
Expanding the geographical scope of future surveys beyond a single U.S. state would allow for more
accurate identification of key information sources. In addition, future work should examine a broader
range of information sources referenced in the survey beyond Facebook to support a more
comprehensive understanding of misinformation types and their diffusion patterns. Finally, analYSing
these patterns at the individual level, by incorporating demographic information from both users and
information providers, would enhance the study’s nuance and statistical robustness.
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