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Figure 1: GeoVisA11y is an AI-based question-answering system for geovisualizations designed for screen-reader users. (A)
Upon loading, users are presented visualization overview and example questions. (B) Querying specific locations automatically
focuses the map. Users can also navigate the map via keyboard controls. (C) Contextual queries where the system answers
based on current map focus, with automatic geographic unit changes from state to county level as needed. (D) Processing
pipeline showing how contextual queries are classified, refined (resolving ambiguous terms), assessed for scope, and processed
to generate responses.
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Abstract
Geovisualizations are powerful tools for communicating spatial
information, but are inaccessible to screen-reader users. To address
this limitation, we present GeoVisA11y, an LLM-based question-
answering system that makes geovisualizations accessible through
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natural language interaction. The system supports map reading,
analysis, interpretation and navigation by handling analytical,
geospatial, visual and contextual queries. Through user studies
with six screen-reader users and six sighted participants, we demon-
strate that GeoVisA11y e�ectively bridges accessibility gaps while
revealing distinct interaction patterns between user groups. We
contribute: (1) an open-source, accessible geovisualization system,
(2) empirical �ndings on query and navigation di�erences, and (3) a
dataset of geospatial queries to inform future research on accessible
data visualization.

CCS Concepts
ˆ Human-centered computing ! Accessibility systems and
tools; Interactive systems and tools.
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1 Introduction
�[GeoVisA11y] made it all come to life. Instead of hav-
ing to muddle through a bunch of numbers and try to
�nd correlations myself, the way it could analyze infor-
mation and describe patterns is impressive.�
�B5, a blind participant

Interactive map visualizations, or geovisualizations, are powerful
tools for discerning patterns, trends, and relationships in spatial
data [4, 71]. Geovisualizations support informed decision-making
across urban planning [69] and public health [9]. They also com-
municate essential information in news media, such as COVID case
numbers [66] and election results [17, 55]. Yet, most geovisualiza-
tions are inaccessible to screen-reader users [21, 60, 70]. Even when
accessibility features such as alt text and data tables are available,
they fail to capture the full analytical and interpretive potential
of geovisualizations [26, 34]. A study of �fteen geovisualizations
found that none communicated any high-level spatial patterns to
screen-reader users [21].

While recent work like AltGeoViz [38] and Data Navigator [19],
o�er alt text for geovisualizations based on user interactions, these
approaches remain largely descriptive, akin to �map reading� rather
than �map analysis� [48, 52, 53]. We aim to support deeper spatial
interpretation�allowing screen-reader users to identify patterns, re-
lationships, and geometric characteristics that are crucial for insight
building [48, 52, 53]. Emerging question-answering (QA) systems
for geovisualizations such as VoxLens [58] represent progress but
rely on keyword matching, limiting interactive queries.

In this paper, we introduce GeoVisA11y, an AI-based geovisual-
ization QA system that advances the �eld by enabling complex spa-
tial interpretation and analysis for screen-reader users. By integrat-
ing geostatistical analysis with large language models, GeoVisA11y
moves beyond keyword-matching and rule-based approaches to
support previously inaccessible analytical tasks. Moreover, Geo-
VisA11y uniquely handles geospatial queries about spatial pat-
terns [56], spatial relationships, and geometric characteristics. To
ease interaction, users can �uidly switch between keyboard-based
navigation and conversational commands for map exploration. Geo-
VisA11y was designed iteratively in collaboration with two screen-
reader users and drew upon design principles from accessible QA
literature, including disambiguating deictic references [28, 33] and
supporting general/contextual queries [26, 33].

Compared with simple data visualizations such as bar charts, line
graphs and scatter plots, geovisualizations are inherently more com-
plex: scale, distance, location and direction all carry complex real-
world meanings [3, 6, 20, 43]. This visual and semantic complexity
a�ects all users: even sighted individuals misinterpret geovisualiza-
tions due to misrepresented scales, distorted projections, misleading
color schemes, and inappropriate classi�cation methods [31, 50, 56].
Following the universal design paradigm [63], where accessibility
features initially developed for speci�c populations subsequently
bene�t broader populations (e.g., subtitles for deaf and hard-of-
hearing users, curb ramps for wheelchair users), we hypothesize
that accessible geospatial interfaces will serve both screen-reader
users and sighted users experiencing di�culty with complex geovi-
sualizations. Building on this motivation, we use GeoVisA11y to
investigate the following research questions:

RQ1 What types of queries do screen-reader users make when
interacting with a geovisualization QA system?

RQ2 How can a geovisualization QA system e�ectively support
screen-reader users in engaging with geovisualizations?

RQ3 To what extent can such a system enhance sighted users'
engagement with geovisualizations?

RQ4 What are the key di�erences in querying strategies and in-
teraction patterns between sighted and screen-reader users
when using such a system?

To answer our research questions, we conducted a user study
with six screen-reader users and six sighted participants. Impor-
tantly, our goal is not to position the sighted users as a baseline
group [44] to derive con�rmatory conclusions, but rather to explore
how both groups interact with GeoVisA11y and investigate how
visualization QA tools designed for screen-reader users could bene-
�t broader populations. Participants performed exploratory data
analysis for two tasks: (1) distributing digital equity funding based
on underserved populations and limited digital access, and (2) iden-
tifying predominant energy sources across U.S. regions and their
potential causes. We found that GeoVisA11y e�ectively supports
both user groups across the three levels of geovisualization en-
gagement (map reading, analysis, interpretation [52]). Screen-reader
participants successfully employed diverse querying strategies for
spatial analysis and valued GeoVisA11y's informative and clear
responses. They particularly highlighted how the system enabled
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self-directed spatial exploration. Sighted users demonstrated vary-
ing levels of system usage based on their domain expertise and geo-
graphic knowledge, with increased usage when working with more
complex visualizations. For querying strategies, screen-reader users
relied primarily on verbal queries combined with keyboard naviga-
tion, whereas sighted users typically performed visual assessment
before querying speci�c details. Despite the di�erent approaches,
participants from both groups successfully identi�ed similar pat-
terns in the data, demonstrating that GeoVisA11y represents a
step toward creating a shared understanding of geovisualizations.
We also observed di�erences in how information was processed:
screen-reader users tended to place greater trust in system-provided
descriptions, while sighted users' judgments appeared in�uenced
by visual biases such as region size. These �ndings reveal oppor-
tunities to further bridge perceptual gaps and create more robust
shared understanding of geovisualizations.

In summary, we contribute: (1) GeoVisA11y, an open-source sys-
tem for accessible geovisualization interaction1; (2) an empirical
qualitative evaluation with 12 participants that highlights the dif-
ferences between the blind and low-vision (BLV)2 and sighted user
groups in terms of query formation and map navigation; and (3) a
dataset containing queries asked by both user cohorts to inform
future research in accessible, geovisualization QA tools.

2 Related Work
Our work builds on prior work in geospatial visualization, accessible
data visualization, and visualization QA systems.

2.1 Geospatial Visualization and Analysis
MacEachren et al. [42] de�ned geovisualization as using concrete
visual representations to make spatial contexts and problems visible.
Scholars have established three progressive levels of engagement:
(1) map reading: identifying what elements the cartographer has
encoded, (2) map analysis: recognizing signi�cant patterns among
these elements, and (3) map interpretation: explaining observed pat-
terns by integrating additional knowledge[48, 52, 53]. The engage-
ment framework highlights pattern recognition as a critical step
from basic reading to comprehensive analysis. However, the concept
of a pattern remains challenging to de�ne: it is often subjectively
understood and intuitively recognized, with scholars frequently
discussing patterns without explicit de�nitions (e.g. [48, 61]).

While verbalizing visual patterns is essential for screen-reader
users, explicit pattern descriptions bene�t all users. Geovisualiza-
tions are more complex than traditional visualizations, making them
more susceptible to misinterpretation [50, 61] and requiring geospa-
tial data literacy for meaningful interaction [30, 56]. Shiewe [56]
identi�ed three perceptual biases in choropleth map interpretation:
associating darker colors with higher values, neglecting of smaller
geographic areas, and misinterpreting patterns based on data clas-
si�cation methods. Despite the need for pattern articulation, few
studies have generated comprehensive textual descriptions that
fully capture visual patterns [38, 64, 65]. AltGeoViz [38] generates
dynamic alt text of basic statistics (min, max, average), viewport

1Our repository is available at https://github.com/makeabilitylab/geovisa11y.
2In this paper, we use `BLV' and `screen-reader user' interchangeably.

boundaries, zoom levels, and spatial patterns using grid-based tech-
niques. However, it does not account for polygon geometry or
spatial autocorrelation. Atlas.txt [64, 65] o�ers comprehensive de-
scriptions including maximum/minimum clusters, trends, averages,
boundary information, human/physical geography, and cardinal
directions. Despite these capabilities, their clustering and trend
identi�cation methods lack documentation, and the system does
not support interactive exploration or query-based interactions.
GeoVisA11y addresses this gap by adopting Schiewe's [56] de�ni-
tion of pattern as the detection of hot/cold spots, and implementing
Local Indicators of Spatial Association (LISA) [7], a widely used
geostatistical approach to identify geographical clustering of high
and low values.

2.2 Accessible Data Visualization
Research on visualization accessibility has introduced various
modalities, including tactile, haptic and multimodal techniques [35],
but these custom hardware solutions remain di�cult to access.
Screen-readers continue to be the most widely adopted and a�ord-
able assistive technology [35]. For online visualizations, data tables
and alt text are the most commonly used and recommended ac-
commodations for screen-reader users [16, 22, 29, 70]. However,
both approaches have signi�cant limitations. Data tables lose the
abstraction bene�ts of visualizations, making it di�cult to iden-
tify broader patterns or trends [70]. Static alt text requires users
to accept the creator's interpretation without allowing personal
exploration [41]. More recent approaches include automatic alt
text generation through computational pipelines that extract visu-
alization features [16, 49]. Despite these advances, alt-text-based
solutions remain largely unidirectional, i.e., systems present infor-
mation to users who must passively accept it.

Question-answering (QA) capabilities overcome this unidirec-
tional limitation by letting users actively query the system. Sharif
et al. developed VoxLens [58], a JavaScript plugin whose QA mod-
ule responds to prede�ned keywords like "maximum," "minimum,"
and "median." In subsequent work, they extended VoxLens to sup-
port geospatial visualization queries and more detailed information
extraction [59, 60]. These approaches were limited by the technol-
ogy available at the time, supporting only simple, keyword-based
queries rather than �exible, robust interactions. Recent AI advances
and improved model accessibility enable more responsive systems.
Our work builds on this foundation by making geovisualizations
accessible to BLV users through natural language interactions.

2.3 Visualization Question-Answering
QA systems for data visualization have gained popularity in helping
users understand and complete complex analytical tasks [23, 28, 32,
57, 58]. These systems respond to natural language queries by o�er-
ing direct answers [32, 58], highlighting relevant information in ex-
isting visualizations [28, 57], or creating new visualizations tailored
to the query [23]. For geovisualizations speci�cally, MapQA o�ers a
large-scale dataset of approximately 800K QA pairs covering about
60K choropleth maps [14]. Despite the scale, MapQA addresses
only three basic question categories�legend interpretation, data
retrieval, and relational queries�none going beyond the elementary
map reading stage of geovisualization engagement. Furthermore,
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Figure 2: GeoVisA11y UI overview. (A) Interactive map component. (B) Chat component where users can ask questions and
receive answers through text or voice input. (C) Welcome section with an overview of the visualization, example questions, and
shortcut key instructions. (D) Status indicator that announces changes to screen-reader users, e.g., �Map interaction enabled.
Focused on Kansas.� or �Chat interaction enabled. Type a question to ask GeoVisA11y.� (E) Legend of the current interactive map.

these systems depend on vision-language models, which are more
susceptible to errors as visualization QA is particularly vulnerable
to slight pixel-level variations compared to natural image QA [13].
Recent studies demonstrate that incorporating chart speci�cations
directly into language models yields superior performance com-
pared to vision-language approaches [13, 26]. Hence, GeoVisA11y
employs a language-based pipeline to achieve greater accuracy
and reliability. LLM-based systems are particularly promising for
geovisualization QA because they inherently possess geographic
knowledge that enables understanding of how geospatial insights
emerge from the interplay of multiple contextual layers�such as
population density, infrastructure, and natural features [40, 45].
Moreover, while vision-language models struggle with spatial rea-
soning, LLMs paired with structured geographic data can achieve
precise spatial analysis by directly processing coordinate informa-
tion, topological relationships, and spatial autocorrelation measures
rather than relying on less reliable visual inference.

Although visualization QA systems often cite accessibility as
a potential application, they rarely focus on BLV users' speci�c
needs, incorrectly assuming their questioning behavior mirrors
that of sighted users [33]. Research in both image and visualization
QA has rejected this assumption, demonstrating that BLV users
pose signi�cantly di�erent questions with distinct phrasing pat-
terns [18, 27, 33]. To address this gap, Kim et al. [33] conducted a
Wizard of Oz study with BLV participants and developed design
considerations for accessible visualization QA systems. VizAbil-
ity [ 26] represents perhaps the closest approach to our work�a QA
system that enhances chart content navigation through conversa-
tional interaction, allowing users to query visual data trends using
natural language. While VizAbility can process choropleth maps, it
works only with static visualizations; our work di�ers by focusing
on interactive, comprehensive geovisualizations.

3 Designing GeoVisA11y
To design and build GeoVisA11y, we drew on the above literature
and followed an iterative, human centered design process involving
six hours of co-design sessions with two blind participants over
three weeks. Our early-stage interactive prototype consisted of

a chat interface with basic AI query capabilities and an interac-
tive map that responded to chat-based navigation commands. We
selected participants who exemplify our target user population:
individuals who use screen-readers to actively engage with data
visualization and analysis in professional or personal contexts. Par-
ticipants included one individual blind from birth (C1) and another
who experienced gradual vision loss and is now completely blind
(C2), representing di�erent experiences with vision loss (Table 3).
Participants were compensated $40 per hour.

3.1 System Iteration
Through our iterative co-design process, we identi�ed key areas for
system improvement across query handling, navigation paradigms,
and interface design.

Initial Reactions. Both co-design participants had prior experi-
ence with online map visualizations but found them challenging
to access. C1 noted: �I really liked how intuitive GeoVisA11y was.
It surprised me... I threw some more nuanced questions at it and it
understood.� When asked about the usefulness of the prototype, C1
explained: �I think it could de�nitely improve my geography knowl-
edge, and just being able to read and understand [map visualizations].
Because before, reading maps was always a big undertaking.� C2
stated �I love this� and �I could see so much potential in this, for
people who are visually impaired like myself. Even people who are
sighted can use this because it's a great way to access data points
easily without having to sift through the traditional statistical maps.�

Query Types. While our initial prototype could handle query
types identi�ed by prior work (retrieve, compare, �nd extremum,
aggregate, �lter, sort, cluster) [33] and summarize spatial patterns,
our co-design sessions revealed additional geovisualization-speci�c
query types. These included queries about shapes of geographic
entities (e.g., �What is the shape of Alabama�) and spatial relation-
ships between geographic entities (e.g., �What are the neighboring
states of Tennessee?�). Participants also used context-aware querying,
asking questions like �What's the population density here?� without
explicitly specifying the geographic context when they had already
focused on a particular region.



GeoVisA11y: An AI-based Geovisualization �estion-Answering System for Screen-Reader Users CHI '26, April 13�17, 2026, Barcelona, Spain

Figure 3: System pipeline diagram. All four components uses GPT-4o-mini via few-shot prompting. (1) The Input Classi�er
separates map action commands from information queries. (2) The Query Re�ner resolves ambiguities (e.g., replacing �here�
with �Ohio�, �it� with �population density� ) by ingesting current map focus and chat history. (3) The Scope Assessor determines if
the query can be answered from the local database. (4) The Query Processor classi�es the query and triggers relevant operations,
then updates the Chat and/or Map interface.

Map Navigation. We began our co-design sessions with a map
display that updated based on queries but did not support direct user
interaction (e.g., pan, zoom, select). C1 explicitly requested simple
keyboard-based navigation mechanisms to explore di�erent states
and counties. Prior research [38] shows screen-reader users expect
arrow keys to facilitate discrete movement between regions (e.g.,
jumping from one state to its neighbor) rather than continuously
panning as in interfaces designed for sighted visual exploration, so
we implemented this discrete navigation approach using arrow keys.
Participants also demonstrated preferences for natural language
navigation, typing commands like �Focus on Washington� or �Take
me to Massachusetts� and expecting the map to update accordingly.

3.2 Design Considerations
From our co-design sessions and key literature, we synthesized the
following design considerations:
Support geovisualization-speci�c questions. Beyond query
types identi�ed by prior research [26, 33], our co-design revealed
the need for queries about geographic entity shapes and spatial
relationships between regions. In addition, to create a robust vi-
sualization QA experience for screen-reader users, an accessible
geoanalytical system should handle disambiguation, context track-
ing, guided questions, semantic breadth, and contextual querying.
Support direct and accessible map exploration. Navigation
should align with screen-reader users' mental models, enabling
discrete movement between geographic regions rather than contin-
uous panning designed for visual exploration.
Support synchronization between map and chat. The map and
chat components should work in concert through synchronous
focus (map updates based on chat interactions), natural language-
driven navigation, and context-aware querying that supports im-
plicit references to focused geographic entities.
Follow standard accessibility guidelines. In line with
WCAG [67] principles, designs should prioritize clear focus state
awareness, consistent interaction feedback, �exible input modali-
ties, accessible conversation history, plain language communication,
and intuitive keyboard navigation patterns.

4 The GeoVisA11y System
Informed by our iterative co-design process and prior work, we de-
signed GeoVisA11y to make geovisual analytics accessible to screen-
reader users through natural language interaction. GeoVisA11y has
two primary components: (1) a screen-reader compatible UI with
an interactive map and an AI-based chat that supports analytical,
geospatial, visual, and contextual queries; (2) a custom QA pipeline
that combines chat questions with map interactions to form queries
and uniquely combines geo-statistical analysis with LLM-based
summaries. We begin by describing the QA pipeline as it is a central
technical contribution of our work. GeoVisA11y is available as open
source software at: https://github.com/makeabilitylab/geovisa11y.

4.1 QA Pipeline
To transform natural language questions into geoanalytical re-
sponses and map interactions, we implemented a structured
pipeline that parses user queries, determines appropriate response
types, and coordinates both analytical processing and map state
updates. We �rst detail the pipeline's four-component architecture,
then examine how each query type is processed and analyzed.

4.1.1 Pipeline Architecture. The GeoVisA11y QA pipeline consists
of four components (Figure 3): the Input Classi�er, Query Re�ner,
Scope Assessor, and Query Processor. All components use GPT-4o-
mini with few-shot learning [10], which o�ers strong classi�cation
performance [10, 24], low computational cost for rapid prototyping,
and inference latency suitable for real-time applications [54]. We
acknowledge that �ne-tuning these models (e.g., on our dataset arti-
fact) may improve task performance, but we leave this exploration
to future work. Additionally, we designed separate prompts for
each component as LLM performance degrades with longer input
length [37, 39]. See Supplementary Materials for speci�c prompts.

Input Classi�er. Upon receiving text or voice input from users,
the Input Classi�er employs few-shot prompting to categorize the
input as either an action command or an information query. Action
commands trigger direct map manipulation, information queries
proceed to Query Re�ner for further processing.

Query Re�ner. This component addresses potential ambigui-
ties in user queries. The system identi�es and resolves two types
of ambiguity: (1) location ambiguity, where deictic references such
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Action/Query Detailed Type Example

Map Action Go to Boston

Retrieve What's the population density of Vermont?
Compare Which state has higher population density, Louisiana or South Dakota?
Find Extremum Which state has the highest population density?
Aggregate What's the average population density?
Filter Which states have density over 300 people/sqm?
Sort Top 5 states with the highest population density?

Analytical Query

Cluster Which state has a similar population density to Oregon?

Pattern Is there a pattern on the map? Can you describe it?Geospatial Query
Outlier What are the outliers?

Legend Can you tell me more about the legend?
Shape What is the shape of Wisconsin?Visual Query
Spatial Relationships What are the neighboring states of Illinois?

Visualization Knowledge What is a choropleth map?
Contextual Query

General Knowledge Is there a relationship between income and population density?

Table 1: Supported query types handled by the Query Processor with example questions.

as �here� or �this state� are resolved using the current map focus
or previous conversation, e.g., �What's the population density here?�
when a speci�c state is highlighted; and (2) topic ambiguity, where
pronouns like �that� or �it� are resolved using conversation his-
tory, e.g., �How does that compare to Ohio?� where �that� refers to
previously discussed population density. Some queries exhibit both
types, e.g., �How does it compare to its neighbors?� where �it� refers
to a previously discussed metric and �its� refers to the focused state.

Scope Assessor. Following disambiguation, the system evalu-
ates whether the query falls within the scope of local data capabili-
ties. The system provides GPT with a compact textual description
of the dataset schema (e.g., variable names, metric de�nitions, and
geographic units). Using this information, GPT acts as a binary clas-
si�er to determine whether the query can be answered using local
data and geostatistical operations. Within-scope queries proceed to
the Query Processor for classi�cation and local operations, while
beyond-scope queries are routed to GPT's knowledge base.

Query Processor. The Query Processor uses GPT with few-shot
prompting to classify queries into one of 14 prede�ned categories
(Table 1). As with the Scope Assessor, no map imagery or raw
datasets are sent to GPT�it serves strictly as a text-based classi�er.
Once classi�ed, analytical and geospatial queries are processed
using local database operations and spatial analysis algorithms. This
design ensures consistent, reproducible results while minimizing
latency. Only visual and contextual queries that cannot be answered
by the local database are handled by GPT's knowledge base. The
speci�c processing approaches for each query type are detailed in
the following section.

Output Generation. In the �nal stage, the pipeline delivers
results through coordinated updates to both interface components.
Textual answers appear in the chat interface, and for locally pro-
cessed queries, the system also highlights relevant geographic enti-
ties on the map.

4.1.2 �ery Taxonomy & Analysis Approach. Building upon prior
work in accessible chart QA system [33], we identi�ed �ve primary
query categories for geovisualization interactions. See Table 1 for

supported query types and example questions. Here, we detail the
data analysis approach for each query type.

Map Actions directly manipulate the map visualization, letting
users navigate to speci�c geographic locations (e.g., �Go to Ohio�).
The system processes these commands by looking up the target
location's coordinates and repositioning the map view accordingly.
Screen-reader users receive audio announcements of their current
location (e.g., �Now focused on Ohio.� )

Analytical Queries include: (1) retrieval queries that access
speci�c data points, (2)comparisonqueries that evaluate relation-
ships between entities, (3)extremumqueries that identify maximum
or minimum values, (4)aggregation queries that compute sum-
mary statistics, (5)filter queries that identify geographic entities
meeting speci�c criteria, (6)sort queries that rank geographic
entities, and (7)cluster queries that identify similar value entities.

Most analytical queries are processed through direct database
operations, with results formatted using templates that include met-
ric units and contextual information. Filter and sort queries �rst use
GPT to extract numerical conditions or result counts (e.g.,extracting
�>100� from �Which states have density greater than 100?�) before
executing database operations. For cluster queries, the system iden-
ti�es entities with values within 20% margin of a reference entity.

Geospatial Queries include: (1)pattern identi�cation queries
that describe overall geographic trends and (2)outlier identi�ca-
tion queries that highlight anomalous regions.

To summarize visual spatial patterns, we integrated global pat-
tern assessment with local anomaly detection. Global pattern identi-
�cation uses Moran's I [51] analysis to assess spatial autocorrelation.
Moran's I is a statistical measure that quanti�es the degree of spa-
tial clustering, indicating whether similar values tend to be located
near each other more than expected by chance [51]. Our pipeline
constructs spatial weight matrices using Queen contiguity [5], then
computes Moran's I with 999 permutations to determine statisti-
cal signi�cance. Results are interpreted as clustered (I>0, p<.05),
dispersed (I<0, p<.05), or random patterns (p>.05).

Outlier identi�cation employs Local Indicators of Spatial Associ-
ation (LISA) [7] analysis, an exploratory tool used to statistically
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