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 A B S T R A C T

As urban populations grow, the need for accessible urban design has become urgent. Traditional methods 
for assessing public perceptions of accessibility, such as surveys and interviews, are often resource-intensive 
and geographically limited in scope. Crowdsourcing via online reviews offers a valuable alternative to 
understanding public perceptions, and advancements in large language models (LLMs) can facilitate their 
use. In this study, we examine over one million Google Maps reviews from points of interests (POIs) across 
the United States and fine-tune the Llama 3 model using the Low-Rank Adaptation (LoRA) technique to 
identify public sentiment toward accessibility. At the POI level, most categories – restaurants, retail, hotels, 
and healthcare – show negative sentiments, indicating persistent barriers across key sectors. Socio-spatial 
regression analysis reveals that more positive sentiment is associated with areas that have higher proportions 
of white residents and greater socioeconomic advantage. Conversely, more negative sentiment is expressed 
in areas with higher concentrations of elderly and highly-educated populations. Interestingly, no clear link is 
found between the presence of disabilities and public sentiments, but a significant positive relationship does 
exist between disability-friendly scores and public perception. Overall, our findings demonstrate the value 
of crowdsourcing with LLM-enhanced analysis in identifying accessibility challenges and informing inclusive 
urban design, offering actionable insights for planners, policymakers, and advocates striving toward more 
equitable cities.
1. Introduction

As urban populations continue to grow, the importance of creating 
inclusive cities that cater to all citizens has become increasingly ur-
gent. Despite significant advances in urban planning and development, 
urban accessibility – defined in this study as the ease with which 
individuals, especially those with disabilities, can reach and effec-
tively utilize urban infrastructure and services – remains inconsistent 
within cities (Nicoletti, Sirenko, & Verma, 2023; Spadon, Gimenes, 

∗ Corresponding author.
E-mail addresses: lingyaol@usf.edu (L. Li), hsonghua@mit.edu (S. Hu), daiyp@umich.edu (Y. Dai), mindeng@ttu.edu (M. Deng), parisamomeni@usf.edu 

(P. Momeni), glaverghetta@usf.edu (G. Laverghetta), lizhouf@umich.edu (L. Fan), zma88@umd.edu (Z. Ma), xiwang@tamu.edu (X. Wang), 
siyuan.ma@vumc.org (S. Ma), ligatti@usf.edu (J. Ligatti), libbyh@umich.edu (L. Hemphill).

1 These authors contributed equally to this work.

& Rodrigues-Jr, 2017). For instance, while public transportation sys-
tems are designed to include elevators and audio–visual aids, some 
regions still have steep stairs and narrow doorways that limit ac-
cess (Tatano, Guidolin, Peltrera, et al., 2017). Similarly, although many 
newer buildings comply with modern accessibility standards by in-
corporating ramps, wide doorways, and accessible restrooms, older 
structures often lack these essential features (Andani, Rostron, & Ser-
tyesilisik, 2013; Froehlich-Grobe, Regan, Reese-Smith, Heinrich, & Lee, 
2008). This inconsistency in accessibility significantly impacts the daily 
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lives of individuals, especially those with disabilities  (Aini, Marlina, 
& Nikmatullah, 2019; Bromley, Matthews, & Thomas, 2007). There-
fore, it is essential to investigate and improve accessibility in urban 
environments to ensure that cities become truly inclusive for citizens.

Accessibility research has experienced substantial growth in recent 
decades, with an increasing number of related papers being presented 
at human–computer interaction (HCI) venues (Mack et al., 2021). 
The investigation of accessibility within urban environments has often 
relied on approaches such as surveys (Bekci & Sipahi, 2023; Lau & 
Chiu, 2004; Ziemke, Joubert, & Nagel, 2018) and field studies (Wang, 
Pei, Zhang, & Tang, 2023). While these approaches offer valuable 
insights into public perceptions of accessibility and its related service, 
they are often time-consuming and costly. In addition, they may be 
limited in scope and participant diversity  (Pinna, Garau, & Annunziata, 
2021). For example, surveys often struggle to capture a broad range 
of perspectives and require extra effort to include individuals with 
disabilities (Wilson et al., 2013). Field studies, while thorough, can be 
resource-intensive and may not adequately represent the diverse expe-
riences of users across various areas of a city (Wang et al., 2023). As a 
result, these traditional methods may fail to provide a comprehensive 
understanding of the accessibility challenges across large urban areas.

Recently, crowdsourcing through social media or online reviews has 
shown potential for gathering insights from broad and diverse popula-
tions (Blohm, Leimeister, & Krcmar, 2013; Neto & Santos, 2018). It also 
highlights the critical role of HCI in today’s digital landscape and serves 
as an interface through which users actively contribute their experi-
ences and perceptions (Liao, Zhou, & Zhou, 2020). Crowdsourcing from 
social media or reviews can facilitate data collection and dissemination, 
making it possible to harness collective intelligence to understand 
public perceptions of urban environments (Saha et al., 2019; Salomoni, 
Prandi, Roccetti, Nisi, & Nunes, 2015). Therefore, this approach is par-
ticularly valuable for gathering wide experiences from citizens. In the 
context of accessibility, crowdsourcing approaches – such as using on-
line reviews – may risk underrepresenting individuals with disabilities 
who are less likely to contribute such content. However, compared to 
traditional methods, this approach is significantly more cost-effective, 
reducing the need for surveys, on-site inspections, or fieldwork, and can 
complement insights from those survey studies (Hossain & Kauranen, 
2015).

Previous research has highlighted the value of crowdsourced data 
for investigating traffic flow (Hu et al., 2024), infrastructure manage-
ment (Li, Mao, Wang, & Ma, 2022), and urban environment (Li, Hu, 
Shaw & Hemphill, 2024) but rarely focused on inclusive urban design. 
In addition, while social media data are often unstructured and contain 
various information, there has been limited exploration of how large 
language models (LLMs) can be leveraged to understand public percep-
tions of urban-related issues. Existing studies on using crowdsourcing to 
evaluate urban accessibility concentrate on specific aspects of the built 
environment such as walkability  (Gong, 2023; Wang, Haworth, Chen, 
Liu, & Shi, 2024) or they investigate small-scale geographic areas, such 
as individual streets or neighborhoods (Hara, Le, & Froehlich, 2013a; 
Saha et al., 2019). While these studies provide valuable insights, they 
are limited in scope and do not explain how public perceptions relate 
to factors such as geography and socioeconomic factors. To build on 
this literature, we studied two specific research questions:

• RQ1 (POI analysis). (1) What patterns exist in public sentiments 
of accessibility across Point of Interest (POI) types; and (2) What 
are the key aspects that can explain the sentiments?

• RQ2 (Socio-spatial analysis). (1) What patterns exist in pub-
lic sentiments of accessibility across different geospatial areas; 
and (2) How are these geospatial patterns associated with local 
socio-spatial factors?

This study explores how user-generated reviews from Google Maps 
can illuminate public perceptions of accessibility across different POI 
2 
types and geospatial areas. The first question examines how reviews 
mentioning accessibility features differ across various POI types and 
identifies semantic patterns in reviews to discern practical issues that 
shape public attitudes toward accessibility as positive or negative. The 
second question explores how accessibility sentiment relates to local 
socio-spatial factors. The goal is to identify the socioeconomic, demo-
graphic, and land development elements that influence public views on 
accessibility. Meanwhile, it is important to note that the findings from 
this study are intended to complement, not replace, traditional survey 
methods. Individuals with disabilities may be less likely to visit certain 
public spaces or contribute online reviews, which could bias the data 
toward those concerned about accessibility but not necessarily living 
with disabilities themselves. As such, equity-related conclusions should 
be drawn with caution. Overall, this research provides valuable insights 
for urban planners, policymakers, and accessibility advocates seeking 
to promote inclusive urban design and improve accessibility for all – 
especially for people with disabilities.

2. Related work

2.1. Accessibility in urban planning

Urban environments consist of infrastructure and facilities, such 
as sidewalks and public transportation, which serve individuals from 
diverse socioeconomic backgrounds. To ensure equitable access, these 
environments must cater to people of all abilities (Saha et al., 2022). 
Urban accessibility can be studied from both macroscopic and mi-
croscopic perspectives (Pereira & Herzenhut, 2023). At the macro 
level, accessibility focuses on large-scale urban planning issues, such 
as transportation systems and city infrastructure, which affect entire 
populations (Pereira & Herzenhut, 2023). In contrast, microaccessibil-
ity examines the accessibility of individual services and facilities (Grisé, 
Boisjoly, Maguire, & El-Geneidy, 2019). Prior studies in this area have 
examined physical barriers in urban infrastructure, such as technical 
malfunctions in bus entrance/exit ramps (Velho, 2019) and obstructed 
sidewalks (Hara, Le, & Froehlich, 2013b). Our study addresses the 
microaccessibility of urban environments by investigating accessibility 
challenges at POIs.

As microaccessibility studies frequently highlight, people with dis-
abilities are disproportionately affected by environmental hazards, 
making them particularly vulnerable to accessibility issues in urban en-
vironments (Jampel, 2018). For example, a prior study found that when 
hurricanes struck, households with disabled residents were significantly 
less likely to evacuate (Brodie, Weltzien, Altman, Blendon, & Benson, 
2006). This underscores the urgency of inclusive urban design. In the 
United States, the Americans with Disabilities Act (ADA) Accessibility 
Standards regulate urban infrastructure to ensure that accessibility 
requirements are met (Board, 2014). Additionally, the framework 
of universal design offers principles for creating environments that 
accommodate individuals of varying abilities (Imrie & Luck, 2014). 
Taught in academic settings (Sirel & Sirel, 2018), these principles have 
shaped key urban design factors like walkability, legibility, and overall 
accessibility (Duman & Asilsoy, 2022).

However, there are still significant gaps in accessibility for disabled 
people, resulting in decreased quality of life (III, 2020). For example, 
poor sidewalk quality has been shown to severely restrict urban mobil-
ity for disabled individuals (Clarke, Ailshire, Bader, Morenoff, & House, 
2008). Physical barriers often cause anger, anxiety, and frustration 
for those affected (Velho, 2019). Despite the successful passage of 
ADA legislation, new deployments of public infrastructure may still be 
inaccessible. For example, newer designs of Bay Area Rapid Transit 
train cars lacked space for wheelchair users compared to older ver-
sions, prompting backlash from disabled communities (Editorial Staff of 
C.B.S. S.F., 2014). Emerging technologies such as micromobility devices 
and autonomous delivery robots have created additional obstacles on 
urban pathways (Bennett et al., 2021).
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To effectively address these challenges, it is crucial to understand 
public attitudes toward accessibility. Researchers have employed var-
ious methods to assess these attitudes. For example, a typical work 
conducted interviews with 33 disabled participants to investigate their 
perceptions of public facilities (Fänge, Iwarsson, & Persson, 2002). 
Surveys are also popular tools to assess people’s attitudes toward 
urban vitality (Paköz & k, 2022) and accessible transportation (Ceccato, 
Deflorio, Diana, & Pirra, 2020). Through surveys, prior work found 
that people, politics, and budget were intrinsically tied to underfunded 
accessibility improvement projects (Saha et al., 2021). However, these 
traditional methods, based on either surveys or interviews, are hin-
dered by their limited geographic scope and lack of scalability. New 
approaches using crowdsourcing may offer an additional solution to 
these issues of limited data (Ilieva & McPhearson, 2018).

2.2. Crowdsourcing to investigate accessibility

2.2.1. Crowdsourcing to study urban environments
Crowdsourced data, such as social media data, collaborative web-

sites, generated by the public, have become fine-grained proxy data of 
urban activity (Niu & Silva, 2020). Crowdsourcing approaches have be-
come increasingly prevalent in studying urban environments, providing 
researchers with innovative tools for real-time, large-scale, decentral-
ized data collection and analysis (Certoma, Corsini, & Rizzi, 2015). This 
trend reflects a growing recognition of the potential for crowdsourcing 
to address complex urban challenges (Velázquez, Faka, & Kounadi, 
2024). Typical applications include examining the ‘‘sense of place’’ 
along the Las Vegas Strip using Tripadvisor reviews (Song, Wang, 
Fernandez, & Li, 2021), investigating public satisfaction of parking 
using Google Maps reviews (Li, Hu, Dinh, & Hemphill, 2024), and 
analyzing the urban vibrancy in Hong Kong with Facebook data (Chen, 
Hui, Wu, Lang, & Li, 2019). A more recent study utilizes Google reviews 
to investigate users’ sentiments regarding Cairo’s urban parks. Using 
topic modeling and sentiment analysis, the study identifies four key 
themes, including quality and maintenance, family and activities, costs 
and affordability, and natural environment, and finds that most of 
reviews expressed positive sentiments (Mohamed & Kronenberg, 2025).

In the context of urban accessibility, crowdsourcing has demon-
strated its value as well. Most crowdsourcing-based studies take a 
macroscopic perspective, focusing on city-level accessibility features
(Mirri, Prandi, Salomoni, Callegati, & Campi, 2014; Zhu & Diao, 2020)
—for example, using crowdsourcing to improve the identification of 
temporary obstacles in accessibility mapping systems (Rice et al., 
2013). In terms of the microascessibility perspective, there are also 
multiple studies. For instance, previous research has leveraged crowd-
sourcing to improve accessibility for mobility-impaired individuals in 
smart cities, illustrating how these efforts are driving the develop-
ment of more inclusive urban spaces (Panta et al., 2019). Another 
typical study introduces a web-based tool that allows crowdworkers 
to remotely label pedestrian-related accessibility problems by virtually 
walking through streets through Google Street View (Saha et al., 
2019). However, when leveraging crowdsourcing, there is a need to 
differentiate between two primary types of crowdsourcing approaches: 
(1) active crowdsourcing, and (2) passive crowdsourcing, both of 
which offer unique contributions to urban planning, accessibility, and 
sustainability (Kamaldin et al., 2019).

2.2.2. Active crowdsourcing
Active crowdsourcing relies on direct participation from individu-

als, where users consciously contribute data or feedback (Mobasheri, 
Deister, & Dieterich, 2017). For example, public webcams and citizen 
science initiatives have played a pivotal role in enhancing flood models 
and early warning systems through real-time data collection (Helmrich 
et al., 2021). In the context of urban accessibility, active crowdsourc-
ing is also effective. A typical example is Project Sidewalk, which 
allows users to annotate street-level images from Google Street View 
3 
(GSV) to identify accessibility barriers. Using a gamified interface on 
Amazon Mechanical Turk, Project Sidewalk efficiently scales up acces-
sibility audits, demonstrating the advantages of active crowdsourcing 
for urban accessibility audits (Hara et al., 2013b; Saha et al., 2019). 
Another typical application is The EasyGo platform, which exemplifies 
active crowdsourcing by involving users to report and map barriers 
and facilities across cities. This platform offers custom routing for 
mobility-impaired individuals (Panta et al., 2019). However, these 
active crowdsourcing approaches often face challenges related to data 
sparsity and user fatigue (Ding, Wald, & Wills, 2014).

2.2.3. Passive crowdsourcing
In contrast, passive crowdsourcing does not require direct user 

involvement (Loukis & Charalabidis, 2015). Instead, it leverages data 
generated from everyday activities and passive systems. Compared 
to active crowdsourcing, passive crowdsourcing has several typical 
advantages. First, passive crowdsourcing does not require direct user 
involvement and allows for continuous data collection without the 
need for participant recruitment, which can be resource-intensive and 
limiting in scale (Ding et al., 2014; Ghermandi & Sinclair, 2019). More 
importantly, passive crowdsourcing can help gather vast amounts of 
data from a broad set of populations, providing richer and more rep-
resentative datasets. This broader data collection also enables deeper 
and more nuanced analysis, revealing insights that might be missed 
with smaller, actively gathered datasets from conventional methods like 
surveys or interviews in urban studies (Chuang, Benita, & Tunçer, 2022; 
Li, Hu, Dinh, & Hemphill, 2024).

Previous research has shown the remarkable potential of passive 
crowdsourcing via GPS tracking or social media to decipher public 
sentiments and attitudes across domains in urban environments (Basak, 
Bhaumik, Roy, & Bandyopadhyay, 2020). For instance, Williams, Xu, 
Tan, Foster, and Chen (2019) gathered data from several Chinese social 
media platforms, such as Baidu Map, and created a computational 
model using residential visit patterns to identify ‘‘Ghost cities’’ in 
China—areas with significant housing vacancies due to excessive de-
velopment relative to their population size. Chen et al. (2019) analyzed 
Facebook data to study urban vibrancy in Hong Kong, focusing on resi-
dents’ visits to POIs to understand spatial structures and leverage social 
media insights for enriched urban planning. Similarly, Chuang et al. 
(2022) collected over 20 million geolocated tweets from July 2012 
to October 2016 to analyze park visits in Singapore. Their statistical 
analysis showed that high surrounding population density and family-
oriented facilities, such as playgrounds, could lead to greater visitor 
density in parks.

Passive crowdsourcing has also illustrated its potential in address-
ing urban environmental issues or emergent events, including disaster 
damage estimation (Li, Bensi, & Baecher, 2023), community resilience 
(Ma, Li, Hemphill, Baecher, & Yuan, 2024), and evacuation efforts (Li, 
Ma, & Cao, 2021). For example, air pollution monitoring has been 
transformed by mobile sensors on vehicles and smartphones, enabling 
the collection of detailed air quality data at a city-wide scale (Huang 
et al., 2018). Another typical study utilized the passively collected 
location data from mobile devices to examine the impact of floods, 
winter storms, and fog on road traffic (Hu et al., 2024). It found that the 
patterns that emerged from crowdsourced data could provide meaning-
ful insights into disaster response and recovery in road transportation 
systems.

Existing efforts to use passive crowdsourcing for urban accessi-
bility have been limited. One typical application is the SmartBFA 
system (Kamaldin et al., 2019), which gathers data through Internet 
of Things (IoT) devices attached to wheelchairs. Another key initia-
tive is AccessMap (Aly, Youssef, & Agrawala, 2021), which enhances 
road maps by passively crowdsourcing accessibility data from smart-
phone sensors to detect features like ramps and curb cuts. Additionally, 
previous research on automated road accessibility assessments like 
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mPass has utilized wheelchair-mounted sensors for passive crowdsourc-
ing (Iwasawa, Nagamine, Yairi, & Matsuo, 2015; Prandi, Salomoni, 
& Mirri, 2014). These sensors collect accelerometer data to evalu-
ate ground surface conditions and identify obstacles such as steps 
and slopes. However, these efforts often remain limited to small-scale 
experiments or require the installation of specialized sensor equipment.

Prior studies have demonstrated the significant potential of crowd-
sourcing to enhance urban studies. However, several challenges remain. 
First, many previous studies focus primarily on the number of social 
media visits to infer urban environment or accessibility, often over-
looking the rich textual content shared by users that could reveal 
deeper insights into their sentiments and opinions. Second, there is a 
noticeable gap in research specifically addressing public perceptions 
of accessibility for disabled individuals. This area is complex and 
requires nuanced understanding to decode opinions that go beyond 
simple visitation metrics. Third, given that social media posts and 
online reviews are unstructured, there has been limited exploration into 
using LLMs to improve the interpretation of these opinions. To address 
these challenges and harness the potential of passive crowdsourcing, 
we propose the two research questions outlined in the introduction.

2.3. Factors potentially affecting accessibility-related sentiment

Understanding public perception of accessibility or related aspects 
requires examining a range of demographic, socioeconomic, and en-
vironmental factors. First, prior research highlights demographic con-
ditions as significant determinants shaping the lived experiences of 
individuals with disabilities (Iezzoni, 2011). Specifically, demographic 
characteristics such as age, gender, ethnicity, educational attainment, 
marital status, and the nature and severity of disability substantially 
are associated with individuals’ perceptions of their health and well-
being (Botticello, Rohrbach, & Cobbold, 2015). These demographic fac-
tors can exacerbate existing disadvantages caused by disability (Krahn, 
Walker, & Correa-De-Araujo, 2015). Regression-based analyses have 
also linked life satisfaction among disabled persons to demographic 
factors such as age, marital status, family structure (number of children, 
household size) (Pagán, 2015).

In addition, research consistently shows that the socioeconomic 
factors shapes accessibility experiences. For example, the census na-
tionwide survey implies that the urban–rural context could impact 
accessibility experiences. In the United States, disability prevalence 
is actually higher in rural areas (14.7% of residents) than in urban 
areas (Bureau, 2023). However, rural residents with disabilities in focus 
groups reported that their communities were ‘‘generally less sensitive 
to disability access issues’’ compared to urban areas (Iezzoni, Killeen, 
& O’Day, 2006). Next, communities of low-income areas tend to have 
older public facilities and fewer accommodations. A 2017 survey of 
Americans with disabilities finds that 20% encountered an accessibility 
barrier (in a building, service, or transit) at least once per day, and 
12% faced multiple daily barriers (Center for Disability Issues and the 
Health Professions, 2017). In addition, an early study examining public 
attitudes to people with intellectual disability in Hong Kong shows 
that lower education levels are associated with more negative attitudes 
toward people with disabilities, whereas higher education correlates 
with more positive, understanding views (Lau & Cheung, 1999).

In addition to socioeconomic and demographic influences on gen-
eral perceptions, prior research has explored specific factors affecting 
satisfaction with accessibility features. For example. Previous surveys 
examining satisfaction among disabled individuals have identified ac-
cessibility features – including public spaces, room accommodations, 
recreational areas, bathrooms, and dining facilities – as critical factors 
influencing hotel satisfaction (Tutuncu, 2017). Similarly, community 
participation for individuals with disabilities varies according to demo-
graphic attributes and aspects of the built environment, such as land 
usage patterns and residential density (Botticello, Rohrbach, & Cob-
bold, 2014). These findings from prior research justify incorporating 
demographic, socioeconomic, and urban environmental factors when 
modeling satisfaction with the accessibility of public facilities, which 
further support the factor selection in subsequent regression modeling.
4 
3. Data and methods

Fig.  1 illustrates a framework for conducting research collected 
from Google Maps reviews, specifically focusing on accessibility-related 
sentiment analysis. Fig.  1a shows the distribution of POIs with 5 or 
more related reviews in the United States, which are then used for 
subsequent POI analysis. Fig.  1b displays the Google Maps reviews 
for the Smithsonian National Museum. It includes two example user 
reviews – one negative and one positive – related to accessibility for 
wheelchair users. After we collect those reviews, we build models 
for classifying the opinions from Google Map reviews (Fig.  1c). The 
classification process involves using both LLMs like BERT and Llama 
3, as well as baseline models such as RoBERTa sentiment analysis and 
various TF-IDF-based models.

3.1. Data preparation

Google Maps reviews serve as our primary source for gauging 
residents’ attitudes toward accessible facilities. Google Maps allows 
users to freely rate and review POIs, including businesses, attractions, 
and public spaces. We select Google Maps reviews as our primary data 
resource due to two major reasons (see example in Fig.  1b). First, it 
has seen substantial growth in user reviews, outperforming competitors 
like Yelp and TripAdvisor (Munawir, Koerniawan, & Dewancker, 2019). 
Second, unlike social media platforms such as Facebook or Twitter 
(now called X), Google Maps reviews specifically focus on customer 
experiences with businesses and locations, making them particularly 
suitable for our crowdsourcing approach. The online reviews collected 
from Google Maps can provide a reliable and relevant dataset for our 
study on attitudes toward accessible facilities (Lee & Yu, 2018).

To implement the study, we utilize the dataset published by UC San 
Diego (Li, Shang, & McAuley, 2022; Yan, He, Li, Zhang, & McAuley, 
2023), which encompasses Google Maps reviews up to September 
2021 across the United States. The dataset consists of 666,324,103 
reviews with 4,963,111 POIs covered. For each POI, this data repository 
includes:

• User-generated review data: Usernames, ratings, comments, and 
images.

• Business metadata: Addresses, geolocation data, descriptions, cat-
egories, pricing, operating hours, links to the business, and other 
related information.

To systematically identify Google Maps reviews that reflect resi-
dents’ attitudes toward accessible facilities, we adopt a hybrid top-
down and bottom-up method, grounded in both regulatory standards 
and empirical review patterns. For the top-down method, we begin by 
referencing the ADA Accessibility Guidelines (ADAAG) (Board, 2002), 
which define a set of core elements and spaces relevant to accessibil-
ity compliance, such as access aisles, accessible routes, curb ramps, 
marked crossings, and transfer devices. These definitions from ADAAG 
serve as a base for an initial dictionary of terms expected to indicate 
accessibility concerns within user reviews.

Next, we apply a bottom-up method by recognizing that public 
users often use informal or non-technical language in online reviews. 
Specifically, we conduct a frequency analysis on the top 10,000 most 
common unigrams and bigrams in the Google Maps review corpus. 
Through this, we notice that not all ADAAG-listed terms appear in user 
reviews, and some frequently occurring terms do not necessarily indi-
cate accessibility concerns within their specific contexts. Consequently, 
we refine our term list by selecting only those ADAAG terms and fre-
quently occurring unigrams and bigrams from the reviews that clearly 
referenced accessibility. This bottom-up method ensures relevance and 
accuracy in capturing accessibility-related terms in reviews.

To ensure both coverage and contextual relevance, three authors 
conduct three interactive rounds of word collection by reviewing both 
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Fig. 1. An illustrative framework to conduct the data analysis.
ADAAG guidelines and the top 10,000 frequent unigrams and bi-
grams collected from Google Maps reviews. After systematically com-
bining ADAAG definitions with a frequency-based analysis of review 
text, we establish a final dictionary tailored specifically to extracting 
accessibility-focused comments. The finalized search terms used in our 
analysis are listed below.

Search list: ‘‘accessible,’’ ‘‘accessibility,’’ ‘‘ada compliance,’’ 
‘‘ada compliant,’’ ‘‘blind,’’ ‘‘braille,’’ ‘‘curb cut,’’ ‘‘curb ramp,’’ 
‘‘deaf,’’ ‘‘disabilities,’’ ‘‘disability,’’ ‘‘disabled,’’ ‘‘grab rail,’’ 
‘‘hand splint,’’ ‘‘handicap,’’ ‘‘handrail,’’ ‘‘hearing loss,’’ 
‘‘induction loop,’’ ‘‘mobility aid,’’ ‘‘service animal,’’ ‘‘service 
cat,’’ ‘‘service dog,’’ ‘‘tactile map,’’ ‘‘tactile paving,’’ ‘‘tactile 
warning,’’ ‘‘tgsi,’’ ‘‘vision impairment,’’ ‘‘visual impairment,’’ 
and ‘‘wheelchair.’’
Several points need to be highlighted given this search list. First, it 

should be noted that some elements mentioned in the ADA Accessibility 
Guidelines, such as ‘‘elevator’’, ‘‘open area’’, and ‘‘play area’’, do not 
return any relevant Google Maps reviews in this context. Including 
such elements could introduce a significant amount of noise into our 
analysis, and therefore, we exclude them from our search list. As a 
result, we filter in 1,013,771 reviews that potentially reflect attitudes 
toward accessible facilities. While it is important to note that online 
reviews may contain typographical errors, this study does not account 
for these typos due to the challenges in comprehensively addressing 
all possible misspellings for each term. Last, it is worthwhile noting 
that our search strategy captures different forms of words. For instance, 
both ‘‘handicap’’ and ‘‘handicapped’’ are included in our results, as 
our filtering process identifies reviews containing the root word, thus 
encompassing various grammatical forms.

3.2. Data annotation

Identifying users’ perspectives on accessibility from Google Maps 
reviews can be approached as a text classification problem in natural 
language processing (NLP). Initially, we explore the possibility of us-
ing pre-existing sentiment analysis tools, such as RoBERTa sentiment 
model. However, phrases such as ‘‘handicap accessible’’ or ‘‘Not ADA 
accessible’’ are frequently categorized as neutral by these models. This 
likely occurs since general sentiment analysis tools fail to capture the 
subtle nuances related to attitudes toward accessible facilities. As a 
result, it becomes necessary to create specialized text classification 
models tailored to this specific research context.
5 
Developing classification models requires training and testing
datasets. Typically, attitude classification encompasses three categories: 
positive, neutral, and negative. However, we observe that certain 
reviews, despite containing pertinent keywords, do not express any 
specific attitudes toward accessible facilities or services. For instance, 
statements like ‘‘The restaurant is in a good location and very accessible 
to the freeway’’ or ‘‘It is well located and accessible’’ are not related to 
accessible facilities in the intended context. This is because keywords 
such as ‘‘accessible’’ can have different meanings depending on the 
context. To address this, we introduce an additional class, ‘‘unrelated’’, 
to the existing categories. Generally, comments that mention the avail-
ability or satisfaction of accessible facilities are categorized as positive. 
Comments that highlight the lack of accessible facilities, poor quality 
of such facilities, or inadequate service are classified as negative.

Specific examples of each category are provided in Table  1. We 
chunk the reviews into sentences and then focus on the part that 
contains the targeted aspects for attitude classification. This is because 
some online reviews are long and may cover aspects unrelated to 
attitudes toward accessible facilities or services. This handling can be 
useful when a review expresses conflicting sentiments about various 
aspects (see the fourth example in Table  1).

Following this way, two authors are involved in the data annotation 
process. Both authors have read the ADA Accessibility Guidelines and 
acknowledged the criteria to classify the attitude based on Google Maps 
reviews. We further select a randomly sampled set of 200 reviews to 
verify the agreement between two annotators. These sampled reviews 
are labeled independently by each annotator. We use Krippendorff’s 
𝑎𝑙𝑝ℎ𝑎  (Krippendorff, 2018) to measure the inter-coder agreement, as 
described by the following equation. 

𝛼 = 1 −
𝐷𝑜
𝐷𝑒

(1)

Where:

• 𝐷𝑜 is the observed disagreement between annotators
• 𝐷𝑒 is the expected disagreement by chance

The inter-coder agreement for our annotation, measured by Krip-
pendorff’s 𝑎𝑙𝑝ℎ𝑎, is 0.87, indicating a strong level of agreement. Fol-
lowing this, two annotators label a total of 2840 randomly sampled 
reviews, dividing them into 2272 for training and 568 for testing, based 
on the 80/20 split principle. Consequently, the training set comprises 
531 negative, 103 neutral, 458 positive, and 1180 unrelated reviews, 
while the testing set consists of 127 negative, 23 neutral, 129 positive, 
and 289 unrelated reviews.
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Table 1
Representative Google Maps reviews for public attitudes toward accessibility.
 Google Maps review [sic] Targeted text [sic] Attitude  
 UNBELIEVABLE! So many cool Great Danes! And what a valuable service for 
people with disabilities! Thank you for helping others!

And what a valuable service 
for people with disabilities!

Positive  

 Such a great clean park. Not much for kids to do but it has a very nice walking 
trail around the park. Good level parking lot with handicap space. Would 
probably be a great place to walk your dog or just hang out with loved ones. 
Benches available for sitting but no covered areas if its raining.

Good level parking lot with 
handicap space.

Positive  

 So I am reading the reviews and the elevator is still out. Maybe I should call the 
American’s with Disabilities. The elevator must be working for people with 
disabilities. And to say the less, the key card took forever to get activated

Maybe I should call the 
American’s with Disabilities. 
The elevator must be working 
for people with disabilities.

Negative  

 Handicap spots are not accessible during lunch, they say call but the line is busy 
or rings and rings. Other than that great food.

Handicap spots are not 
accessible during lunch, they 
say call but the line is busy or 
rings and rings.

Negative  

 Closet was very small and difficult to close once you hung clothes on hangers in 
it. Seems like we might have had a handicap room and that could be the reason 
for the unusual setup of the closet and the bathroom.

Seems like we might have had 
a handicap room and that 
could be the reason for the 
unusual setup of the closet 
and the bathroom.

Neutral  

 Very nice place to taste good oriental food. At prices very accessible to all people 
...

At prices very accessible to all 
people ...

Unrelated 

 I always had my morning coffee here in this very coffee shop near the mall. It 
was very accessible and near my workplace. I love their coffee compared to other 
coffee shops in the city. I love pairing my coffee with their muffins. It was like 
salt and pepper, a perfect match. I recommend this coffee shop to the coffee 
lovers out there!

It was very accessible and 
near my workplace.

Unrelated 
3.3. Attitude classification

3.3.1. Sentiment models
As prior studies have used sentiment analysis to gauge public atti-

tudes, we start by testing a sentiment analysis model called RoBERTa 
Sentiment (Barbieri, Camacho-Collados, Espinosa Anke, & Neves, 2020; 
Loureiro, Barbieri, Neves, Espinosa Anke, & Camacho-collados, 2022). 
It is trained based on RoBERTa framework, which is a robustly BERT 
pre-training approach. The RoBERTa sentiment model used in this 
study is trained on a corpus of 123.86 million tweets collected up to 
the end of 2021 and fine-tuned for sentiment analysis based on the 
TweetEval benchmark.

3.3.2. TF-IDF baseline models
With the training and testing datasets prepared, the subsequent 

phase involves constructing and assessing classification models
(Fig.  1c). We incorporate three conventional NLP text classification 
models utilizing Term Frequency-Inverse Document Frequency (TF-
IDF). TF-IDF is a measure that assesses the significance of a word within 
a document in relation to a set of documents (corpus). The formula for 
calculating TF-IDF is as follows: 
TF-IDF(𝑡, 𝑑) = TF(𝑡, 𝑑) × IDF(𝑡) (2)

Where:

• TF(𝑡, 𝑑) is the frequency of term 𝑡 in review 𝑑 divided by the total 
number of terms in 𝑑.

• IDF(𝑡) is the inverse document frequency of term 𝑡, calculated as:

IDF(𝑡) = log
(

𝑁
1 + DF(𝑡)

)

Where 𝑁 is the total number of Google Maps reviews in the 
corpus, and DF(𝑡) is the number of reviews containing the term 
𝑡.

It is important to note that TF-IDF does not capture the semantic 
meaning of terms and therefore cannot consider the context in which 
a word appears in a review. Next, we integrate TF-IDF with three 
6 
machine learning classifiers: random forest (RF), stochastic gradient de-
scent (SGD), and logistic regression (LR). This results in three baseline 
models: TF-IDF+RF, TF-IDF+SGD, and TF-IDF+LR.

We conduct hyperparameter tuning on the training dataset using K-
fold cross-validation with 𝐾 = 10 for each of the three TF-IDF baseline 
models. Table  2 displays the hyperparameters and their corresponding 
grid search values for each model. During the training iteration, the 
model is trained on nine subsets and validated on the remaining 
subset. By employing 10-fold cross-validation, we evaluate the listed 
hyperparameter values and choose the optimal one for each model.

3.3.3. Large language models (LLMs) implementation
Additionally, we utilize two LLMs for the classification task:

BERT (Devlin, Chang, Lee, & Toutanova, 2019) and Llama 3 (Dubey 
et al., 2024). For BERT, we use the bert-base-uncased model with 
110M parameters. Then, we fine-tune the BERT model to enhance its 
performance on accessibility-related sentiment classification. The fine-
tuning process involves K-fold cross-validation with 𝐾 = 5. We also 
perform a grid search to optimize key hyperparameters including the 
batch size and number of epochs. The grid search is listed in Table  2.

For Llama 3, we select the Llama-3-8B-Instruct as the backbone 
model, taking into account the available computational resources. We 
fine-tune the Llama 3 model to generate the labels using the LoRA (Hu, 
Shen, et al., 2022) technique for 10 epochs. LoRA is an efficient fine-
tuning method that introduces low-rank updates to model parameters, 
reducing the memory and computational overhead during training (Hu, 
Shen, et al., 2022). The LoRA rank is set to 32, with a scaling factor 
𝛼 of 16, leading to a total of 83.89M training parameters. To stabilize 
training, we use a learning rate of 3e-5 and a batch size of 64. To retain 
the instruction-following capabilities of Llama-3-8B-Instruct on our 
sentiment analysis task, we also design a specific system prompt (shown 
in the box below) and pre-process it with data samples following the 
standard OpenAI chat format.
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Table 2
Grid search values for candidate models.
 Model Hyperparameter Grid search  
 TF-IDF+RF min_samples_leaf 

n_estimators 
max_depth

1, 2, 4 
100, 200, 300, 400 
10, 20, 40, 80, 100, 120

 

 TF-IDF+SGD clf__alpha 
clf__max_iter 
clf__penalty

1e−4, 1e−3, 1e−2, 1e−1, 1, 10 
500, 800, 1000, 2000, 3000 
l2, l1, elasticnet

 

 TF-IDF+LR clf__C 
clf__max_iter 
clf__solver

0.1, 0.5, 1, 2, 5, 10, 20 
10, 20, 50, 100, 200 
sag, saga, lbfgs, newton-cg

 

 BERT num_epochs
batch_size

1, 2, 3, 4, 5
16, 32, 64

 

 Llama 3 num_epochs 
learning_rate 
batch_size

5, 6, 7, 8, 9, 10 
1e−5, 2e−5, 3e−5
32, 64

 

You are a language model trained to identify the sentiment for 
the accessibility from reviews. Your task is to analyze the text 
of each review and assign an appropriate label based on the 
sentiment or relevance of the content. The possible labels are:

• Negative: The review expresses a negative sentiment or 
criticism about the accessibility of disabilities.

• Positive: The review expresses a positive sentiment or 
praise about the accessibility for disabilities.

• Neutral: The review provides a factual or mixed 
description without strong positive or negative sentiment.

• Unrelated: The review does not pertain to accessibility or 
describe any attitude toward accessibility. Reviews that 
discuss personal experiences or talk about something or 
somewhere accessible but not for disabilities, even have 
positive or negative words, should be labeled as unrelated.

For each input, respond with the label that best describes the 
sentiment or relevance of the review.

3.3.4. Performance measures
After fine-tuning the hyperparameters of baseline models and the 

two LLMs, we evaluate the performance of these six candidate models: 
RoBERTa Sentiment, TF-IDF + RF, TF-IDF + SGD, TF-IDF + LR, BERT, 
and Llama 3. Given that the number of samples in each category is 
imbalanced, the performance of these candidate models is assessed 
using four key metrics: Precision, Recall, F1-score, and Accuracy. Preci-
sion indicates the percentage of TP cases among all reviews predicted 
correctly by a respective model. Recall reflects the percentage of TP 
cases out of all actual positive cases. The F1-score provides a harmonic 
mean of precision and recall, balancing both metrics. Accuracy mea-
sures the proportion of correctly classified reviews out of all reviews. 
The evaluation is performed on the testing dataset, and the performance 
results of each model are shown in Fig.  2.

Several key observations can be drawn from Fig.  2. The sentiment 
analysis tool is not valid for our task, due to its inability to identify 
unrelated comments or refer to our specific contexts. TF-IDF-based 
models, while potentially useful for differentiating terms in reviews, 
struggle to interpret semantic meanings in this context, which could 
significantly limit their performance. The BERT model shows improve-
ment and obtains an overall accuracy of 81%. However, due to the 
imbalanced nature of the training samples, its performance in the 
neutral class remains limited. Last, fine-tuned Llama 3, possibly due 
to its large-scale pre-training process and robust text understanding 
capabilities, achieves the highest testing accuracy and a more balanced 
and higher F1-score across all classes. Based on the performance results, 
we select the fine-tuned Llama 3 as the best-performing model and 
apply it to the entire dataset for subsequent analysis.
7 
3.4. Semantic analysis

With sentiment classified for each review, we then explore how indi-
vidual words influence overall sentiment for different POI types. We use 
a tool called lexical salience-valence analysis (LSVA) (Taecharungroj 
& Mathayomchan, 2019) to examine the words within reviews. LSVA 
performs text mining and evaluates the relationships between words 
and the sentiments expressed in the reviews by defining salience and 
valence. Unlike simple word frequency counts in positive or negative 
reviews, the LSVA method provides a visualization of word frequency 
across the document corpus and its impacts on overall sentiment. LSVA 
defines a word’s salience and valence in the following way: 
salience|word𝑖 = log10(𝑁total)|word𝑖 (3)

valence|word𝑖 =
𝑁(positive) −𝑁(negative)

𝑁total
|word𝑖 (4)

Where:

• 𝑁total represents the number of reviews in which the term 𝑤𝑜𝑟𝑑𝑖
appears.

• 𝑁(positive) represents the number of positive reviews in which 
𝑤𝑜𝑟𝑑𝑖 appears.

• 𝑁(negative) represents the number of negative reviews in which 
𝑤𝑜𝑟𝑑𝑖 appears.

• The salience of a term is computed by the logarithm with a base 
10 function of the frequency of each term.

• The valence of a term is computed as 𝑁(positive) − 𝑁(negative)
divided by its total count 𝑁total, which measures how positive a 
particular term appears in a corpus.

3.5. Regression modeling

To assess whether public perceptions of accessibility vary across 
regions with different socioeconomic statuses, we construct a regres-
sion model correlating accessibility sentiment with nearby socio-spatial 
features. We calculate the average sentiment from all accessibility-
related reviews within each region, selecting regions with more than 10 
reviews as our regression samples. Counties with insufficient reviews 
are excluded because the limited number of reviews cannot reliably 
represent the overall sentiment of the entire county. Sensitivity analysis 
is then performed by adjusting the minimum review threshold from 0 
to 50. Results show that regression results stabilize after a threshold 
of 10. To address the modifiable area unit problem (MAUP) (Hu, 
Chen, Jiang, Sun, & Xiong, 2022), which suggests that outcomes can 
vary based on spatial aggregation levels, we fit the regression at both 
county and census block group (CBG) levels. The regression is fitted 
under the generalized additive model (GAM) framework. The GAM is a 
semi-parametric framework that combines parametric linear predictors 
with a suite of additive, non-parametric nonlinear predictors. These 
nonlinear components are fitted using various types of smooth splines, 
enhancing the model’s flexibility and adaptability. In our specification, 
the effects of main covariates of interest are modeled with linear terms, 
whereas the geospatial correlation between counties/CBGs that are 
located closer to each other is modeled with a smoother function. 
We additionally allow for state-specific random effects. Therefore, our 
regression model is formulated as: 

𝑔(𝐸(𝑌 )) = 𝛽0 +
𝑁𝑙
∑

𝑘=1
𝛽𝑘𝑋𝑘 + 𝑡𝑖(SR) + 𝑠(RE) + 𝜖 (5)

Where:

• 𝑌  is CBG- or county-level sentiment, assuming that both follow 
the Gaussian distribution.

• 𝑔(⋅) refers to the link function, which is the identity function in 
this case.

• 𝛽  is the overall linear intercept.
0
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Fig. 2. Classification performance of candidate models measured by Precision, Recall, F1-score, and Accuracy.
• 𝛽𝑘 is the coefficient of the kth variable 𝑋𝑘, where 𝑋𝑘 is the 
variable set with linear effects. Here it includes all socio-spatial 
factors outlined in Table  3.

• 𝑆𝑅 denotes the spatial autocorrelation term. Here spatial autocor-
relation is fitted by 𝑡𝑖(⋅), which is a marginal nonlinear smoother 
that excludes main effects.

• 𝑅𝐸 denotes the state-level random effects captured by the penal-
ized spline function 𝑠(⋅).

• 𝜖 is the error term.

The data sources for the independent variables are listed below: 
Socioeconomics and demographics are from the 2018–2022 5-year 
American Community Survey (ACS) (Bureau, 2022a); POI variables 
are from Google Maps; Road density is collected from OpenStreetMap; 
Partisanship is from the 2020 presidential election result from the MIT 
election lab. The Disability-Friendly Score is sourced from AAA State 
of Play (of Play, 2025) and is derived from 12 key factors that reflect 
the quality of life, inclusion, and overall success of individuals with 
disabilities, with higher scores indicating greater disability-friendliness. 
These factors include: the existence of digital accessibility laws, the 
number of wheelchair-friendly trails, the median wage for disabled 
workers aged 18–64, the employment rate of disabled individuals 
living in the community, the rate of health insurance coverage among 
disabled individuals, the percentage living in poverty, the percentage 
with a four-year college degree, the percentage of individuals with 
ambulatory disabilities who can self-care, the proportion living in poor 
or overcrowded housing conditions, the National Center for Access to 
Justice’s Disability Access Index, Forbes Advisor’s Access to Healthcare 
Index, and the average number of annual sunny days by state.

Comprehensive details and descriptive statistics for all independent 
variables (CBG-level) are presented in Table  3. Variables in italic are 
excluded from the models due to high multicollinearity, indicated 
by a variance inflation factor (VIF) greater than 5. Additionally, to 
mitigate the effects of outliers, influential observations are removed if 
their Cook’s distance exceeds 4∕(𝑛 − 𝑘 − 1), where n is the regression 
sample size and k is the total number of independent variables in the 
regression (Belsley, Kuh, & Welsch, 2005).

4. Results

The result analysis explores two research questions. For the first 
research question, we examine whether the public perception of ac-
cessibility varies across different POI types. Specifically, we investigate 
two aspects: whether different POI types exhibit variation in public sen-
timent, and what factors or aspects extracted from reviews contribute to 
the sentiment for different POI types. For the second research question, 
we explore the variation in public perception of accessibility from the 
geospatial perspective. Again, we divide this into two parts: identifying 
the patterns in public perception across different geographic areas, and 
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examining the important social, demographic, and economic factors 
associated with the public sentiments.

Each POI in Google Maps is associated with a category. This cate-
gory can be mapped onto the North American Industry Classification 
System (NAICS) codes (Bureau, 2022b). For example, a POI labeled as 
‘‘restaurant’’ by Google Maps corresponds to the 3-digit NAICS code 
‘‘722-Food Services and Drinking Places’’, while a ‘‘Grocery store’’ 
corresponds to ‘‘445-Food and Beverage Stores’’. However, with 102 
3-digit NAICS codes, interpretation can present challenges. To ad-
dress this, we manually group frequently mentioned Google Maps 
categories into several major POI types that are often associated with 
high-volume daily activities. Other POI types such as manufacturing 
facilities, production plants, or construction companies are not included 
in subsequent analysis as they are not closely related to the public’s 
daily activities. For the subsequent analysis, the POI types we focus on 
are:

• Restaurant: Food and drink providers, e.g., restaurants, bars, 
drinking places.

• Retail Trade: Merchandise sellers, e.g., grocery stores, conve-
nience stores, home goods stores.

• Recreation: Leisure and entertainment facilities, e.g., recreation 
centers, stadiums, gyms, playgrounds.

• Hotel: Short-term lodging providers, e.g., hotels, motels.
• Personal Service: Consumer-oriented service businesses, e.g., spas, 
salons, massage therapists.

• Health Care: Medical facilities and services, e.g., medical centers, 
urgent cares, dentists, hospitals.

• Transportation: People and goods movement services, e.g., bus 
stops, bus stations, shipping services.

• Public Service: Government and community services, e.g., busi-
ness centers, mailbox, security services, locksmiths.

• Apartment: Multi-unit residential buildings, e.g., apartments.
• Education: Learning and instruction institutions, e.g., schools, 
universities, colleges.

4.1. POI analysis

4.1.1. What are the sentiment patterns among POI types?
To address RQ1(1), we begin by presenting the descriptive results 

categorized by POI types, as illustrated in Fig.  3. When considering all 
reviews for analysis (the blue bar in Fig.  3(a)), the most commonly 
mentioned POI types include Restaurant, Retail Trade, Recreation, 
Hotel, Personal Service, and Health Care. However, when applying 
a threshold of five reviews or more (the red bar in Fig.  3(a)), the 
order changes slightly, with Retail Trade, Recreation, Hotel, Personal 
Service, Restaurant, and Health Care being the most mentioned, in 
which Restaurants show a significantly smaller proportion of POIs with 
five or more reviews. This suggests that while restaurants and drinking 
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Table 3
Summary of independent variables in the regression model.
 Variable Description Mean Std.

 Socioeconomic
 Population Density Population density (people per acre) 4.822 9.577
 Employment Density Employment density (jobs per acre) 11.015 26.342
 Poverty households below poverty 14.179 11.888
 Rural Population rural population 8.399 22.887
 Urban Population % urbanized population 83.162 35.362
 Median Income Median household income (Inflation-Adjusted), in $ 103/household 6.419 3.065
 Highly-Educated % residents with at least a Bachelor’s degree 35.146 19.993

 Demographics
 Male % males 49.332 6.812
 Age 18–44 % residents aged 18 to 44 years 39.167 15.004
 Age 45–64 % residents aged 45 to 64 years 24.721 8.249
 Age over 65 % residents aged 65 and older 17.475 11.907
 White % Non-Hispanic Whites 62.597 25.470
 Asian % Asians 5.904 9.557
 African American % African Americans 11.252 16.244
 Hispanic % Hispanics/Latinos 16.497 19.160
 Others % Other minorities 0.936 4.093
 Disability % residents with a disability 11.623 11.434

 Review
 Avg. POI Score Average POI score for all POIs collected from Google 4.250 0.182
 Maps, regardless of POI types or review contents
 Review Density Total accessibility-related review density 0.393 1.111

 Disability Friendliness
 Disability-Friendly Score Disability-Friendly score calculated by AAA State of Play 114.562 16.700

 Partisanship
 Republican % Republicans in 2020 presidential candidate vote totals 64.013 17.134
places are the most commonly reviewed POIs, most of them receive a 
very small number of comments that mention accessibility.

We select six major POI types for subsequent analysis given the fol-
lowing two reasons. First, they are closely associated with daily activ-
ities that produce high visit volumes, accounting for over 90% of total 
reviews across all POIs. Second, local businesses such as restaurants, 
retail trades, and recreation centers often experience high turnover 
rates and busy demand periods, indicating that accessibility issues 
could be more pronounced at these POIs. In addition, to avoid small 
sample bias from POIs with only one or two comments, we select those 
POIs with at least five reviews mentioning accessibility to plot the 
sentiment distribution. The sentiment distribution for each of these POI 
types is illustrated in Fig.  3(b).

The sentiment analysis across different POI types reveals diverse 
patterns and insights (Fig.  3(b)). Most POI categories exhibit negative 
average sentiments, with Retail Trade showing the most negative out-
look with all three quartiles being negative (Q1: −0.67, Q2: −0.35, and 
Q3: −0.11). Recreation is the only POI type with a positive average 
sentiment (Q2: 0.12). Restaurant presents the highest negative first 
quartile (Q1: −0.78).

In addition, the distribution patterns offer further insights into 
sector-specific experiences. Retail Trade and Restaurant display right-
skewed distributions indicating a tendency toward negative experiences 
with accessibility. Personal Service and Hotel show approximately 
normal distributions. In particular, Personal Service shows a relatively 
normal distribution centered near neutral, implying balanced experi-
ences. Moreover, Recreation’s left-skewed distribution aligns with its 
overall positive sentiment. Health Care exhibits a unique ‘‘U-shaped’’ 
distribution, with higher frequencies at both extremes (−1 and 1), 
suggesting polarized opinions about healthcare accessibility.

4.1.2. What are the aspects explaining the sentiments among POI types?
In response to RQ1(2), we delve into the aspects that explain the 

sentiments across the six major POI types, including Restaurant, Retail, 
Recreation, Hotel, Personal Service, and Health Care. We follow Eqs. 
(3) and (4) to calculate the salience and valence of each term in the 
corpus of reviews in terms of each POI type. Fig.  4 shows the unique 
accessibility-related sentiments for each POI type, facilitating better 
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understanding by exploring the aspects contributing to positive and 
negative experiences, respectively marked in red and blue circles.

For Restaurant, negative sentiments are predominantly associated 
with staff interactions, service, the presence of service animals, partic-
ularly service dogs, and barriers such as steps and ramps. Accessibility-
related terms such as ‘‘wheelchair’’, ‘‘entrance’’, and ‘‘parking’’ appear 
with neutral or slightly positive sentiments. This indicates that while 
structural accessibility features may be in place, social factors such as 
service and staff interactions contribute to negative sentiment.

In the Retail sector, accessible features such as ‘‘parking’’, ‘‘en-
trance’’, and ‘‘wheelchair’’ appear on the positive side of the valence 
axis, indicating appreciation for outdoor physical accommodations. 
However, negative sentiments stem from issues like ‘‘door’’, ‘‘em-
ployee’’, ‘‘line’’, ‘‘aisle’’, and ‘‘cart’’, which suggest challenges with 
the indoor environment in stores, such as handling accessibility for 
customers who require physical accommodations as well as customer 
service issues.

For Recreation, more positive sentiments appear. Those positive 
aspects are mainly associated with terms such as ‘‘accessible’’, ‘‘park’’, 
‘‘ramp’’, ‘‘facility’’,‘‘trail’’, and ‘‘family’’, highlighting the positive im-
pact of inclusive environments, particularly for family-friendly spaces. 
On the negative side, aspects such as ‘‘service’’, ‘‘staff’’, and ‘‘entrance’’ 
appear, showing that despite the availability of accessible features, 
other operational issues such as poor service or design negatively 
impact individuals’ experiences.

The Hotel category presents a more imbalanced sentiment distribu-
tion, with only a few positive aspects shown in the figure, including 
‘‘pool’’ and ‘‘staff’’. Negative sentiments dominate the terms, arising 
from infrastructure issues related to ‘‘room’’, ‘‘elevator’’, and ‘‘bath-
room’’, to service issues related to ‘‘guest’’, ‘‘book’’, and ‘‘reservation’’. 
This highlight areas where accommodation for accessibility needs may 
fall short, particularly in terms of room features and staff assistance.

In the Personal Service sector, the positive aspects include ‘‘com-
fortable’’, ‘‘staff’’, and ‘‘process’’, reflecting satisfaction with the ease of 
service and assistance provided. However, terms like ‘‘seat’’, ‘‘space’’, 
‘‘spot’’, ‘‘handicap’’, and ‘‘bathroom’’ reflect negative experiences, sug-
gesting challenges related to accessibility facilities.
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Fig. 3. Descriptive results for sentiment by POI. (a) Number of POIs by types. (b) Distribution of sentiment. The 𝑥-axis represents the weighted sentiment by averaging all 
sentiments associated with a POI, while the 𝑦-axis shows the POI count.

Fig. 4. Semantic analysis using LSVA based on POI types. The 𝑥-axis represents the salience using Eq.  (3), while the 𝑦-axis represents the valence using Eq.  (4).
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Fig. 5. Spatial distribution of accessibility sentiment.
For Health Care, the highly negative terms associated with senti-
ments include ‘‘doctor’’, ‘‘nurse’’, ‘‘service’’, ‘‘appointment’’, and ‘‘time’’ 
reflecting frustrations with service received. Other negative terms such 
as ‘‘room’’ and ‘‘door’’ reflect negative experiences with medical en-
vironments. However, positive aspects such as ‘‘staff’’, ‘‘helpful’’, and 
‘‘family’’ indicate appreciation for supportive staff and accessible in-
frastructure in healthcare facilities.

Across all POI types, accessible physical infrastructure (e.g., park-
ing, wheelchair access, entrance, ramp) tends to receive positive feed-
back, while issues with staff (e.g., employee, manager, doctor, nurse), 
service (e.g., service animal, reservation, book), and accommodations 
for individuals with disabilities (e.g., space, spot, bathroom, seat) lead 
to more negative sentiments. This highlights the multifaceted nature of 
accessibility, where both physical infrastructure and human or social 
factors play crucial roles in shaping accessibility experiences.

4.2. Socio-spatial analysis

4.2.1. What are the sentiment patterns across geographic regions?
We plot the variation in accessibility sentiment across all counties in 

the contiguous United States in Fig.  5. Counties with negative sentiment 
are depicted in blue, those with positive sentiment in red, and counties 
with fewer than 10 reviews are left uncolored. The choropleth map 
underscores a high dispersion in accessibility sentiment, with positive 
and negative reviews appearing sporadically, lacking a clear spatial 
clustering pattern. This is further evidenced by the insignificant spatial 
interaction term in Table  4. However, a notable pattern is observed 
in the distribution of absent reviews: counties in the Midwest regions 
tend to have fewer accessibility-related reviews, whereas counties in 
the Northeast, South Atlantic, and West are more likely to leave re-
views that mention accessibility. This may be attributed to the lower 
population densities and public service availability in these regions.

We further explore the socio-spatial differences between counties 
based on the presence of more than 10 accessibility-related reviews. 
Of the total, 1976 counties have more than 10 reviews, while 1080 
counties do not. As shown in Fig.  6, counties with higher population 
densities, greater employment densities, and higher levels of urbaniza-
tion are more likely to accumulate a substantial number of accessibility 
reviews. Notable racial disparities also emerge, particularly among 
Asians, African Americans, and other racial minorities, which may 
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reflect the location preferences associated with these groups’ activities. 
This comparison highlights a potential limitation of the sentiment re-
gression analysis: the counties included in regression are not randomly 
selected but rather show selection biases. These biases are influenced 
by the tendencies of individuals who post reviews on Google Maps, as 
well as by the more densely developed regions where reviews are more 
frequently collected.

4.2.2. How are sentiment patterns associated with local socio-spatial fac-
tors?

We first perform a univariate correlation analysis at the county 
level, identifying the top three positively correlated features as: Avg. 
POI Score (0.169), White (0.139), and Disability-Friendly score (0.102). 
Conversely, the top three negatively correlated features were: African 
American (−0.119), Hispanic (−0.077), and Poverty (−0.071). Similar 
patterns were observed at the CBG level, where the positive leaders 
were: Avg. POI Score (0.282), White (0.120), and Median Income 
(0.079), and the negative leaders were: Hispanic (−0.085), Poverty 
(−0.080), and African American (−0.077). This analysis suggests that 
areas with higher socioeconomic status and a larger percentage of 
White residents tend to have a more favorable public perception of 
urban accessibility.

We do not find a significant correlation between accessibility senti-
ment and % residents with disabilities. As detailed in Fig.  7 (a–c), the 
Pearson correlation at the county level between disability and accessi-
bility sentiment is only −0.021. Interestingly, this correlation slightly 
increases to −0.044 when considering only those with disabilities below 
poverty, and decreases to −0.007 for those above poverty. These find-
ings highlight the underlying socioeconomic disparities in accessibility 
sentiment, although the links between disability and accessibility sen-
timent are not statistically significant. However, we find a significant 
positive correlation (Pearson = 0.357 at the state level) between the 
Disability-Friendly Score from the AAA State of Play (of Play, 2025) and 
sentiment derived from Google Maps reviews, as shown in Fig.  7(d). 
This strong alignment supports the validity of our approach, suggesting 
that Google Maps review sentiment can serve as a reliable proxy for 
assessing disability friendliness.

We then fit the GAM and report the regression results in Table  4. 
Model goodness-of-fit, the adjusted 𝑅2, is 0.126 for CBG-level modeling 
and 0.099 for county-level modeling. While these values are moderate, 
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Fig. 6. Socio-spatial difference in accessibility review engagement: Counties with and w/o > 10 accessibility reviews.
they are considered reasonable given the numerous immeasurable fac-
tors that could influence public perception. Regarding nonlinear effects, 
the spatial interaction terms are not statistically significant, suggesting 
weak spatial dependence in the spatial distribution of accessibility 
sentiment. However, the state-level random effects are all statistically 
significant, with degrees of freedom (e.d.f.) consistently greater than 
1, indicating pronounced random effects at the state level. This could 
be attributed to unobserved effects or influences inherent to the states 
themselves.

The coefficients of the two models are largely similar, although 
there are subtle differences in their statistical significance. Demo-
graphic factors reveal that elderly populations consistently exhibit 
a negative relationship with accessibility sentiment. This trend may 
indicate the high dependence of elderly adults on barrier-free urban 
facilities, underscoring their unique needs within the community. Ad-
ditionally, the racial and ethnic composition of a region is significantly 
associated with accessibility sentiment. Areas with higher proportions 
of African American and Hispanic populations generally report more 
negative accessibility experiences compared to predominantly White 
regions. The percentage of males shows a significantly positive relation-
ship with sentiment at the county level, but the significance disappears 
at the CBG level. Similar to the univariate correlation analysis, no 
clear relationship is evident between the percentage of people with 
disabilities and accessibility sentiment.

Among socioeconomic factors, high employment density exhibits a 
strong negative correlation with accessibility sentiment but only at the 
CBG level. The rural population exhibits a significant negative relation-
ship but only at the county level. Household poverty rates consistently 
show negative relationships with accessibility sentiment, suggesting 
that economically disadvantaged areas are more likely to experience 
subpar accessibility facilities. Interestingly, regions with more highly 
educated residents tend to exhibit more negative sentiments toward 
accessibility. This may be because these individuals are more attuned 
to the design and functionality of accessibility facilities and are also 
more likely to express their opinions through online reviews. Lastly, 
a strong (also the strongest among all variables) positive relationship 
is found between averaged POI scores and accessibility sentiment, 
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which is plausible as the average POI score represents the overall user 
experience with local services in the region.

We document a significant negative relationship between the per-
centage of Republicans and accessibility sentiment. Republican-
majority regions typically emphasize limited government involvement, 
reduced public spending, and reliance on market solutions, poten-
tially resulting in fewer investments in accessibility infrastructure 
beyond minimal ADA compliance (Law, 2025). Consequently, resi-
dents in Republican-majority areas might perceive less support for 
accessibility, contributing to lower accessibility sentiment. Finally, 
we document a significant positive relationship between Disability-
Friendly scores and accessibility sentiment, which is intuitive and 
highlights the consistency between external accessibility conditions and 
public perceptions.

5. Discussion

5.1. Key findings

In this study, we collect Google Maps reviews across the United 
States and use fine-tuned LLMs to analyze public sentiment on ac-
cessibility, exploring the relationship between these sentiments and 
socio-spatial factors. The key findings are outlined below.

First, most POI types show negative sentiments, except for 
Recreation. This suggests an overall negative attitude from the public 
toward accessibility features in most POI types. Furthermore, senti-
ment analysis reveals distinct distribution patterns during the study 
period. For example, Retail Trade and Restaurants display right-skewed 
distributions, indicating a need for more attention to accessibility im-
provements, while Health Care shows a polarized distribution, meaning 
people have either very positive or very negative experiences, with little 
middle ground.

Second, public perceptions of positive and negative aspects 
differ depending on the type of POI. Infrastructure-related aspects 
like ‘‘parking’’, ‘‘wheelchair’’, and ‘‘entrance’’ receive positive feedback, 
indicating that accessibility design is generally effective in these areas. 
However, negative sentiments converge to human-related or social 
factors. Specifically, Hotels and Health Care received extensive negative 
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Fig. 7. Scatter plot for validation: Disability Percentage (From ACS) & Disability-Friendly score (From AAA State of Play) vs. Sentiment (From Google Map reviews).
feedback on aspects such as ‘‘service’’, ‘‘doctor’’, ‘‘nurse’’, ‘‘time’’, and 
‘‘room’’, emphasizing issues related to service providers and the quality 
of service itself. Prior research has also highlighted the challenges staff 
faces in communicating with guests with disabilities during service 
encounters in hospitality settings (Kalargyrou, Barber, & Kuo, 2018). 
Although Recreation and Personal Services receive relatively fewer neg-
ative comments, their accommodation for accessibility, such as ‘‘spot’’, 
‘‘handicap’’, and their inclusive environment for ‘‘dog’’ and ‘‘old’’, need 
improvement, as these terms show negative sentiment.

Third, there are significant geographical disparities in senti-
ment toward accessibility. Areas with higher socioeconomic status 
and predominantly White populations display more positive percep-
tions, likely due to better-funded infrastructure and services in these 
regions. In contrast, regions with higher Hispanic and African Amer-
ican populations, as well as those with higher poverty rates, show 
more negative sentiments, reflecting systemic neglect and fewer re-
sources available for accessibility improvements. Additionally, areas 
with larger populations of elderly and highly-educated residents dis-
play strong negative sentiments toward urban accessibility, indicating 
these groups can be more sensitive to the design and functionality 
of accessibility facilities. Our study also aligns with existing findings 
regarding barriers to health care for individuals with disabilities who 
are members of underserved racial and ethnic groups (Peterson-Besse, 
Walsh, Horner-Johnson, Goode, & Wheeler, 2014). Finally, Republican-
leaning regions exhibit more negative sentiment toward accessibility, 
13 
potentially due to differing political ideologies and policy priorities 
regarding infrastructure investment and public service provision.

Last, no significant link is found between the presence of peo-
ple with disabilities and public perceptions. While higher densities 
of disabled individuals could typically suggest increased feedback, as 
these communities are most affected by accessibility shortcomings, 
the lack of a significant correlation implies that public sentiment is 
not necessarily reflecting their needs. This disconnect suggests that 
areas with larger disabled populations may not receive the necessary 
attention or improvements, highlighting a gap in inclusive planning. 
These results align with existing research, which shows that public 
agencies address only minimum accessibility standards and overlook 
the lived experiences of disabled individuals (Levine & Karner, 2023). 
Moreover, the lack of attention to accessibility issues in transportation 
planning (Levine & Karner, 2023) and public services (Krahn et al., 
2015) reflects a broader disconnect between policy and the actual 
needs of disabled communities. However, a significant positive rela-
tionship does exist between Disability-Friendly scores and public 
perception, suggesting that better external accessibility infrastructure, 
improved healthcare resources, and a more supportive natural, politi-
cal, and socioeconomic environment do contribute to more favorable 
public perceptions of accessibility.
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Table 4
Regression outcomes (standardized)
 Variables CBG-level County-level 
 (Intercept) −0.095*** −0.038***  
 Demographics
 Asian 0.001 0.002  
 African American −0.011** −0.022***  
 Hispanic −0.022*** −0.021***  
 Others −0.010* 0.000  
 Male −0.004 0.014**  
 Age over 65 −0.011** −0.015**  
 Age 45–64 −0.003 −0.005  
 Disability 0.001 −0.002  
 Socioeconomics
 Population Density 0.004 0.024  
 Employment Density −0.030*** −0.017  
 Rural Population −0.001 −0.021**  
 Poverty −0.011** −0.006*  
 Highly-Educated −0.020*** −0.014*  
 Reviews
 Review Density −0.008 −0.018  
 Avg. POI Score 0.097*** 0.029***  
 Partisanship
 Republican −0.007* −0.010*  
 Disability Friendliness
 Disability-Friendly Score 0.013** 0.016**  
 Nonlinear terms (degrees of freedom (e.d.f.))
 ti(Lat,Lng) 2.602 1.705  
 s(State) 128.347*** 16.053***  
 Model fit
 Adjusted. R2 0.127 0.107  
 R2 0.141 0.123  
 Sample size 8702 1901  
*** Significance code: 0.001
** Significance code: 0.01
* Significance code: 0.05.

5.2. Theoretical implications

By integrating advanced NLP techniques with socio-spatial analysis, 
our study contributes methodologically to computational urban science 
in several ways. First, at the core of our approach is the fine-tuning 
of the LLaMA 3 model using the LoRA technique and applying it to 
extract aspect-based sentiment. This enables efficient domain adapta-
tion by introducing trainable low-rank matrices into each transformer 
layer, significantly reducing the number of trainable parameters. As 
a result, it lowers computational overhead and mitigates overfitting, 
as demonstrated by the model’s strong performance (Fig.  2). We then 
apply the fine-tuned model to conduct aspect-based sentiment analysis, 
allowing us to extract nuanced opinions related to specific accessibility 
features from user reviews. This combination of LoRA-based adaptation 
and aspect-level analysis presents a scalable and efficient method for 
mining large-scale textual data in urban contexts.

Second, leveraging the aspect-level sentiment output, we perform 
large-scale analysis on Google Maps reviews across the United States to 
extract public perceptions of accessibility at different geospatial scales. 
We then integrate this sentiment data with demographic variables from 
the American Community Survey to conduct a socio-spatial correla-
tion analysis. This allows us to examine how public attitudes toward 
accessibility relate to underlying socioeconomic and spatial factors. 
The resulting framework offers a replicable model for future research 
aimed at understanding how demographic and socioeconomic contexts 
influence public sentiment in urban environments.

Our study contributes an additional approach leveraging passive 
crowdsourcing approach to investigate public perceptions of urban 
infrastructure systems. By leveraging large-scale crowdsourced data 
from tens of thousands of online reviews, we achieve coverage at a 
broad geospatial scale. This crowdsourcing approach can also operate 
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at low cost and near real-time, enabling continuous sentiment mon-
itoring without the overhead of survey design or fieldwork. While 
crowdsourcing has inherent biases, it still remains more demograph-
ically representative than typical surveys, which often rely on small 
or biased panels. Online reviews draw from a broad and diverse user 
base, and prior studies have widely demonstrated crowdsourcing’s 
effectiveness despite its limitations. Finally, this passive crowdsourcing 
approach captures genuine user experiences, including staff behavior, 
signage clarity, and navigability, that physical audits often miss, since 
it requires no active participation from users.

While our study presents a scalable empirical tool that leverages 
passive crowdsourcing through online reviews to monitor public sen-
timent across broad geospatial areas, it is important to emphasize 
that this approach is best seen as a complement, rather than a re-
placement for other established methodologies. Each method offers 
distinct strengths and faces unique limitations. For instance, conven-
tional survey studies (Fänge et al., 2002; Paköz & k, 2022) provide 
structured, targeted data collection and allow researchers to gather 
detailed demographic information and perceptions directly from spe-
cific populations, but are often limited by smaller sample sizes, higher 
costs, and geographic or respondent bias. Sensor-based approaches 
(e.g., wheelchair-mounted (Mobasheri et al., 2017) or mobile sen-
sors (Aly et al., 2021)) offer precise, objective data on physical features 
like slopes and surface conditions. However, they are often equipment-
dependent and could be costly to deploy at large scale. Virtual reality 
(VR) allows controlled testing of urban designs by simulating environ-
ments and capturing user responses (Mott et al., 2019). Yet, virtual 
settings cannot fully mirror real-world complexity, and high costs 
and accessibility barriers can still limit participation. Together, these 
methods form a complementary toolkit; when combined, they offer a 
more comprehensive view of accessibility for both research and policy.

5.3. Practical implications

5.3.1. Implications for key stakeholders
The findings from this study reveal disparities in public perceptions 

of accessibility and their correlations with various socio-spatial factors 
– including race, poverty, age, education, and political leaning – while 
also identifying which POI-level features and services drive negative or 
positive feedback. These findings move beyond general perceptions of 
space to uncover why accessibility fails or succeeds from the perspec-
tive of public experience. As such, they carry implications for several 
key stakeholders, including government agencies, local businesses, and 
people with disabilities and their caregivers.

Government agencies play a pivotal role in shaping policies and 
infrastructure to enhance public spaces. Our findings reveal that ac-
cessibility issues are not evenly distributed across space or service 
types, but also are instead tied to social inequities and political ge-
ographies. Our findings highlight two critical areas for improvement. 
First, significant concerns regarding staff behavior and the adequacy of 
services and accommodations suggest a need for government agencies 
to offer staff training programs. The training should ensure that staff are 
adequately prepared to accommodate people with disabilities. Second, 
the observed geographic disparities – such as the negative association 
between accessibility sentiment and poverty, minority population per-
centages, employment density, and Republican representation – under-
score the importance of an equitable distribution of public resources. 
These insights are strengthened by our multilevel spatial modeling 
(Table  4) and suggest that accessibility is not only a matter of phys-
ical infrastructure but also intersects with broader socioeconomic and 
political factors. Public investments in accessible infrastructure should 
target underrepresented and underserved areas, particularly those with 
high concentrations of low-income, minority, and elderly populations. 
Incentives such as subsidies or training programs should be provided 
to businesses in these areas to prioritize accessibility improvements.
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For local businesses, improving accessibility and customer service 
for people with physical disabilities can serve as a competitive ad-
vantage. While physical accessibility features such as parking and 
entrances are often positively received, businesses need to move beyond 
merely complying with physical accessibility requirements and work 
on providing inclusive customer service. This includes training staff to 
be more knowledgeable and responsive to the needs of people with 
physical disabilities. In addition, businesses should consider adopting 
practices from POI types that are viewed more positively, such as 
recreation, to their operations.

Furthermore, our findings demonstrate the importance of advocacy 
by and for people with disabilities. There are critical needs for improve-
ments in underlying services, such as accommodations (e.g., bathroom 
accessibility or seating) and service staff interactions, beyond the pro-
vision of common, public-aware physical accessibility infrastructure. 
Individuals with disability and their caregivers should actively post on 
social media and participate in dialogue with businesses and policy-
makers to ensure that accessibility efforts extend beyond physical in-
frastructure to include customer service and accommodation of needs. 
Voices from them are crucial in raising awareness of issues that are 
often overlooked by the general public but are equally important to 
create accessible and inclusive urban environments. Meanwhile, the 
correlation between Disability-Friendly scores and positive sentiment 
confirms that improvements in infrastructure, healthcare access, and 
local policies do shape how people experience accessibility. This lends 
empirical support to efforts that push beyond compliance to emphasize 
inclusive and human-centered design in cities.

5.3.2. Implications for policy
Our study highlights spatial disparities in accessibility support for 

facilities, and policies at both the federal and state level have provided 
support to mitigate such disparities. At the federal level, legislation like 
the ADA (Board, 2014) and the Architectural Barriers Act (ABA) (U.S. 
Congress, 1968) mandate accessibility in new or altered public facili-
ties. Recent developments have extended these mandates to emerging 
infrastructure. For example, the U.S. Access Board is proposing ex-
plicit accessibility standards for electric vehicle (EV) charging stations, 
while Section 508 now ensures that charger-based ICT (e.g., pay-
ment kiosks) is accessible to people with disabilities (Architectural and 
Transportation Barriers Compliance Board (U.S. Access Board), 2024). 
Additionally, the Infrastructure Investment and Jobs Act (IIJA) allo-
cates $7.5 billion for EV chargers and mandates equitable deployment, 
calling out underserved and rural communities and tying federal funds 
to compliance with accessibility and civil rights statutes (of Transporta-
tion, 2021). At the state level, policymakers are beginning to fill gaps 
that federal standards leave unaddressed. States like California and 
Washington now require a minimum number of ADA compliant EV 
charging spaces at public and shared facilities (Legislature, 2023; of the 
State Architect, 2016). These policies acknowledge spatial inequities 
and lay the groundwork for more inclusive facility design nationwide.

However, our research reveals that the disparities may still exist 
on the ground, pointing to several potential directions for policy and 
legislative change. First, given that areas with higher poverty rates and 
larger minority populations report more negative accessibility senti-
ments, legislation should mandate that public investments target these 
underrepresented communities rather than relying on funding models 
that favor wealthier localities. Second, since the accessibility of private 
businesses is crucial, state and local governments can legislate financial 
incentives, such as subsidies or tax credits, to encourage businesses in 
these areas to improve accessibility beyond minimum compliance. Fi-
nally, our analysis consistently shows that negative sentiment is driven 
by human and social factors, not just physical infrastructure. Gov-
ernment agencies could therefore legislate standardized accessibility 
training for service employees, particularly in the healthcare, hospi-
tality, and retail sectors where our findings show significant issues. 
The analytical methods used in this study could even be adopted by 
agencies to monitor public sentiment and proactively identify regions 
or business types that require these targeted interventions.
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5.4. Limitations and future work

Given that the crowdsourcing approach relies on user-generated 
reviews, it is important to acknowledge potential biases related to 
the characteristics and behaviors of users who choose to leave online 
reviews. This reflects in multiple aspects. First, previous studies have 
demonstrated that social media, including online review platforms, 
could overrepresent certain demographics, such as male, educated, and 
urban populations (Mellon & Prosser, 2017; Wang et al., 2019). The 
recent report reveals that the largest user segment falls within the 25 
to 34 age group, accounting for approximately 26% of users. This is 
followed by the 35 to 44 age group at 21%, and the 18 to 24 cohort at 
16% (Dey, 2025). As a result, policy recommendations based solely on 
these data should be interpreted cautiously, while actively sourced data 
collection methods may offer more reliable insights for accessibility-
focused urban planning. We also observe a clear geographic bias, with 
data heavily concentrated in populated urban are-as. As illustrated in 
Fig.  1(a) of our paper, POIs with a high volume of accessibility-related 
reviews are predominantly located on the East and West Coasts, while 
regions like the Midwest are sparsely represented.

The crowdsourcing approach may also introduce biases related to 
user behavior, particularly in how and why individuals choose to leave 
reviews on platforms like Google Maps. For example, people with 
extremely positive or negative experiences are more inclined to post 
online reviews (Filieri, 2016), which can impact the representation of 
the analysis. In our annotated dataset, of the 2840 manually annotated 
reviews, only 126 are classified as neutral, indicating that users with 
strong positive or negative opinions are more likely to post reviews on 
Google Maps. In addition, individuals with disabilities may not equally 
participate in posting online reviews due to potential accessibility bar-
riers to digital platforms. The perceptions represented in the data might 
disproportionately reflect views of individuals without disabilities who 
advocate for accessibility. We also observe that users’ posts focus on 
high-traffic commercial categories, such as restaurants, retail, hotels, 
and healthcare. These factors underscore that our findings are most 
reflective of perceptions in dense, urbanized environments and may not 
capture the full spectrum of experiences in other contexts or POI types.

This study also presents several avenues for future research. The 
first opportunity lies in model classification, where improvements can 
be made in two key areas. First, we could engage more annotators with 
domain expertise to label a larger dataset for both training and testing. 
This would allow the model to capture a broader variety of textual 
information from online reviews, which could ultimately enhance the 
model’s robustness. Second, due to computational limitations, we only 
fine-tune the Llama 3-8B model in this project. Although the fine-tuned 
Llama model achieves 91% accuracy, using LLMs with more parameters 
could potentially improve this accuracy. Future research could also 
explore testing closed-source models like GPT-4 by OpenAI or Gemini 
by Google.

The second research direction involves data fusion, which could 
be approached in two ways. First, our findings reveal that many POIs 
on Google Maps have only one or two comments related to acces-
sibility, leading to potential sampling biases in large-scale analyses. 
To mitigate this, future work could incorporate reviews from other 
platforms like Yelp or TripAdvisor, thereby expanding the dataset and 
offering a more comprehensive perspective. Additionally, these insights 
could be integrated with data from active crowdsourcing efforts. For 
example, previous research has developed platforms where participants 
actively rate accessibility (Hara et al., 2013b; Saha et al., 2019). By 
combining data from both active and passive crowdsourcing, we can 
further highlight the strengths of crowdsourcing approaches in studying 
accessibility in urban environments.

Another avenue worth exploring is the inclusion of image-based 
data. For example, incorporating Google Maps Street View images and 
applying computer vision techniques (Kim & Jang, 2023) or multimodal 
language models could provide richer, more holistic insights into urban 
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accessibility. This approach would allow for the automatic detection of 
physical barriers, such as stairs or narrow doorways, and the identi-
fication of accessible features like ramps or tactile paving. This could 
also enable us to make more meaningful recommendations for creating 
inclusive urban environments.

6. Conclusions

This study demonstrates the potential of leveraging crowdsourced 
data and advanced LLMs to assess public perceptions of urban acces-
sibility. By analyzing Google Maps reviews across the United States 
using a fine-tuned Llama 3 model, we provide valuable insights into 
accessibility challenges at both the POI and socio-spatial levels. Our 
findings reveal that most POI types show negative sentiments, ex-
cept for Recreation, with negativity mainly focused on service-related 
aspects. Our socio-spatial analysis shows that areas with higher propor-
tions of white residents and greater socioeconomic status report more 
positive sentiment, while areas with more elderly and highly-educated 
residents express more negative views. However, no clear link is found 
between the presence of people with disabilities and public perception 
of accessibility. Overall, this approach offers a more comprehensive and 
nuanced understanding of accessibility issues compared to traditional 
survey methods, providing urban planners with crucial information to 
create more inclusive and accessible urban environments.
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