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Figure 1: ChartAEye shares the visible area and indicated point with the assistant context (left). Given a question (center), the
generic Al persona (GAI) answers plainly, while the low-vision AI persona (LVAI) adds spatial and semantic guidance (right).

Abstract

Charts remain inaccessible to low vision individuals (LVI), who
commonly magnify local details at the cost of the overview. Al
assistants can help, but prior work has largely served non-visual
access, while LVI prefer using residual vision. We built ChartAEye,
a technology probe that lets LVI interact with an Al assistant visu-
ally, sharing their magnified view and point of interest as system
context. Using the probe, we then asked whether the AT’s feedback
also needs to be adapted to low vision, comparing a generic Al
persona (GAI) with one designed around LVI needs and lived expe-
rience (LVAI). In a within-subjects study, 12 LVI used ChartAEye
to complement their vision, reduce the effort of viewing chart ele-
ments, and practice more independence. Eight of 12 participants
preferred the LVAIL whose responses more often carried spatial
guidance (71.2% vs. 7.8%) and semantic guidance of visuals (84.8%
vs. 29.1%). We close with design recommendations for Al assistants
that support LVI in exploring charts with their residual vision.
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1 Introduction and Related Work

Charts communicate complex information and insights across do-
mains such as business, education, healthcare, and journalism [7].
Yet charts remain inaccessible to low vision individuals (LVI), a pop-
ulation estimated at 295 million globally [3]. The most common as-
sistive tool LVI use to access charts is screen magnification [22, 28].
Magnification enlarges local details, but it fragments the chart into
partial views and sacrifices the overview needed to identify trends
or compare data points [18, 22].

Prior work on chart accessibility has largely supported non-
visual access, such as structured screen reader navigation [2, 6, 31]
and, more recently, Al assistants that answer questions about charts
for screen reader users [8, 11, 13, 24]. However, LVI prefer to use
their residual vision for visual access [25, 28]. Work that supports
this preference has characterized how LVI read charts and enhanced
magnification itself [18, 22, 28], without an Al assistant in the loop.
How AI assistants can support chart exploration that builds on
residual vision remains largely unexplored.
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We built ChartAEye as a technology probe [10], a working pro-
totype used to explore user reactions and surface design needs. The
probe lets LVI interact with an Al assistant visually, sharing their
magnified view and point of interest as system context. We then
asked whether the AI’s feedback also needs adapting to low vision,
comparing a generic Al persona (GAI) with one designed around
LVI needs and lived experience (LVAI). This question is inspired
by ability-based design [29]: even once a system is ability-aware
at the input level (the “Context” principle), does it still need to be
ability-aware in what it produces (the “Adaptation” principle)?

We conducted a within-subjects study in which N = 12 LVI
explored charts using ChartAEye with both Al personas. Our qual-
itative findings show how participants used ChartAEye to com-
plement their vision (e.g., resolving color ambiguity), reduce the
effort needed to view chart elements (e.g., retrieving a value with
a single click), and practice more independence (e.g., by verifying
their own visual observations). In the persona comparison, 8 of 12
participants preferred the LVAI, 2 preferred the GAI and 2 noticed
no difference. In practice, the LVAI included semantic guidance of
visuals in 84.8% of responses versus 29.1% for the GAI and spatial
guidance in 71.2% versus 7.8%. Nine of 12 participants acted on
and followed this spatial guidance. While questionnaire measures
showed at most anecdotal evidence of a difference between the per-
sonas, participants’ preferences and behavior suggest that tailoring
the AT’s output matters, even when its input is already grounded in
the user’s visual context. We close with design recommendations
for Al assistants that support LVI in exploring charts with their
residual vision.

2 The ChartAEye Technology Probe

We designed ChartAEye to support LVI in exploring charts by
pairing their residual vision with an Al assistant that is aware
of what is currently displayed and where they point (Figure 1).
We grounded the design in prior work on LVI chart access and
interaction needs [1, 22, 23, 25, 28] and in the lived experience of
an author who identifies as LVL.

ChartAEye is a web application with two persistent regions:
the chart area and the chat panel. Magnification (zoom and pan)
is integrated directly into the chart area. The prototype shares
the portion of the chart visible in the user’s viewport with the
assistant. Users indicate a point of interest by double-clicking on
the chart [16], an interaction we call pointing, which renders a
circular indicator that persists across panning and zooming and can
be dismissed or replaced. Users can type or speak queries, listen to
responses via text-to-speech (reducing eye strain [23]), and adjust
the indicator’s size and color, speech parameters, and Ul size.

With each click or question, the prototype sends the assistant two
images alongside the prompt [12]: (1) the full chart, annotated with
a bounding box marking the area currently visible to the user and,
when active, a circular marker at their indicated point of interest,
and (2) an unannotated crop of the chart matching the visible area.
We deliberately exclude the chart’s underlying data table, which is
unavailable in many real-world contexts (e.g., news articles or slide
decks), so the assistant operates solely on the chart’s visual content.
Al interaction uses Google Gemini 3.1 Pro Preview [26], which
performed best on chart understanding in our internal testing.
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We instructed the assistant to support LVI along two dimensions
drawn from prior work [22, 23, 28]: spatial guidance, describing
where elements are within and beyond the current view, with navi-
gation instructions adjusted to the user’s zoom and position, and
semantic guidance of visuals, describing colors, patterns, and vi-
sual relationships, including what surrounds the current view or
indicated point. These instructions define the low-vision Al per-
sona (LVAI), while the generic Al persona (GAI) uses an otherwise
identical prompt with both guidance blocks removed, receiving
the same inputs, interface, and interaction methods. This design
isolates the Al’s output as the only difference between the personas.
Full prompts are in the supplementary materials.

3 Methodology

Participants. We recruited 12 LVI over 18 who use residual vision
for reading (five men, six women, one non-binary, mean age 39.75,
SD = 14.3) via low-vision communities and snowball sampling. We
screened participants with a questionnaire on assistive technology
use. Participants’ diagnosed conditions, visual acuity, and visual
fields varied widely, and all but one used screen magnification daily.
The authors’ institution’s Institutional Review Board approved the
study, and participants were compensated $45 USD for the roughly
two-hour sessions (M = 115.8, SD = 23.4 minutes).

Procedure. We conducted all sessions remotely via Zoom [32].
Our study had two conditions: GAI and LVAI, both using the same
interface. Each session started with an introduction and a training
chart to familiarize participants with the interface. Participants
then explored two real-world charts (bar [20], choropleth [17]), one
per condition, counterbalanced, without knowing which persona
was active in each. Per condition, participants had two minutes to
answer a starter question about the chart (e.g., whether surpluses
were more common before or after 1980), then up to ten minutes
to freely explore the chart and describe what they learned to the
researcher. After each condition, participants completed NASA-
TLX [9] and custom Likert questions inspired by prior work [22].
Finally, participants completed the System Usability Scale (SUS) [5]
for the persona-independent interface and a semi-structured inter-
view about the prototype, the two personas, and design suggestions.
The detailed procedure, stimuli, and questionnaire items are in the
supplementary materials.

Analysis. We video recorded and transcribed all sessions [19],
then analyzed them with inductive coding and reflexive thematic
analysis [4], foregrounding the perspective of an author who iden-
tifies as LVI. Two authors coded two transcripts and met to develop
a shared codebook, then split the remaining transcripts equally.
They additionally coded participants’ chat logs and video-recorded
actions (e.g., zooming, clicking, or following navigation instruc-
tions). One author then constructed themes over the generated
codes, which the authors discussed and refined together [15]. Sepa-
rately, an LLM-assisted pipeline classified every assistant message,
under both personas, for spatial guidance and semantic guidance
of visuals, the dimensions targeted by the LVAI’s prompt additions
(§2). An author then verified all labels in a review blinded to per-
sona, correcting 35 of 532 (6.6%), as detailed in the supplementary
materials. Lastly, a paired Bayesian analysis (Bayes factors [21])
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of NASA-TLX and the custom questionnaire found at most anec-
dotal evidence of differences between the personas, reported for
completeness in section 4.

4 Findings

Participants produced 266 interaction events (127 click-based, 139
typed), and 11 of 12 used pointing (§2). The interface received a
mean SUS score of 89.6 (SD = 9.28). Most participants (P1, P3-P12)
preferred accessing charts visually, whereas P2 generally preferred
data tables, and the visual interaction felt natural.

4.1 Exploring Charts with an Al That Shares
Visual Context

Complement vision. The assistant gave participants access to
information their vision could not reliably provide. P9 used clicks to
resolve color ambiguity on the map chart: “once I figured out... that
the light purple color was not gray, that helped a lot” P5 similarly
relied on it for color values and axis labels, while P10 and P11
recovered information magnification made them miss, such as labels
outside the visible portion (P10) or axis values that require panning
and tracking (P11). However, the same visual limits that made this
complementary information valuable also made it hard to verify.
Errors occurred despite the strong underlying model: the assistant
misidentified Bhutan (P7), confused Panama with Costa Rica (P8),
and described a clicked country as light blue when it was light
orange (P12). P8 captured the asymmetry: “I don’t know if it would
have gotten it right or wrong, but I know I wouldn’t have been
able to verify it” Participants adapted their behavior in response.
P5 limited queries to larger countries where visual cross-checking
was feasible, P10 and P2 trusted broad interpretations more than
specific values, and P7 returned to verify previous queries after the
Al misidentified Bhutan, “I was quite intrigued when it got Bhutan
incorrect. So then I was checking to see whether it got anything
else wrong”

Reduce effort. The assistant also made information participants
could already access easier to reach. P7 described how panning,
zooming, and cross-referencing labels compound the time chart
reading takes with low vision, steps the assistant collapsed into a
single click. P3 summarized the consolidation: “usually I have to go
scan a chart in, and then manipulate it, and then start looking up
the information I'm questioning. This is more of a one-stop shop.”
P12 described how this shifted their attention from the logistics
of seeing toward interpretation, letting them “explore it and have
fun with it” For P9, unifying magnification, click context, and Al
querying in one interface removed the need for the screen reader
they otherwise use situationally, “depending on if 'm having a bad
vision day” Latency undermined this benefit. 45% of responses took
atleast 10 seconds (M = 11.3s,SD = 7.4). Some participants wanted
click responses to be immediate and convey low-level information
(e.g., axis values). P1 expressed: “if I have to wait...like 15 seconds
to know the answer, that will make me less willing to click” When
waits grew long, P1 zoomed in and read the value with their own
vision instead. P10 named response speed the top usability issue.

Agency and independence. Participants described the assistant
as expanding what they could do without taking over. P5 enacted a
deliberate division of labor, asking the assistant only about what
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was visually inaccessible while continuing independently for what
they were confident reading themselves. P7 stated the same prefer-
ence explicitly: “I don’t think I'd like something to be able to do it
all for me. But the more information that it can give you, the easier
it is” P10 formed interpretations with their own vision first, then
used the assistant to check them: “it looks like there’s a general
trend to more deficits. Let me make sure that interpretation is cor-
rect” The assistant also removed the social cost of asking for help.
P9 explained that with human assistance, “there’s only so many
questions you can ask someone before they ask, are you sure you
know what you’re doing?” Reported agency did not differ between
the two personas.

4.2 Adapting Al Feedback to Low Vision

8 of 12 participants preferred the LVAI (P2, P4, P6, P7, P9-P12),
P5 and P8 preferred the GAI and P1 and P3 did not notice mean-
ingful differences. Participants who preferred the LVAI pointed to
responses tailored to their visual needs. P2 found the LVAI “much
more specific about tying [the visuals] back to numbers or magni-
tudes” and “better suited to [their] personal needs.” In the coded
chat logs (141 GAI, 125 LVAI messages), the LVAI included spatial
guidance in 71.2% of its responses and semantic guidance of visuals
in 84.8%, compared to 7.8% and 29.1% for the GAIL This guidance
shaped exploration in practice. When P12 clicked near Japan, the
LVAI reported it was “just outside my view, above the top edge to
the right”, letting them pan directly to it. We found that 9 of 12
participants followed the navigation instructions under the LVAL

Tailored feedback did not fit all participants equally. Five par-
ticipants (P1, P5, P8, P10, P11) found the LVAI more verbose than
the GAI, matching the custom questionnaire ratings. P10 found
the detail useful, feeling it answered questions they were about to
ask, while P1 preferred brevity: “sometimes I want an easy answer,
value, name.” Combined NASA-TLX task load averaged M = 37.9
(SD = 20.5) for the GAI and M = 30.5 (SD = 14.6) for the LVAIL On
the custom questionnaire (GAL LVAI), participants rated the LVAI
more favorably on five of seven dimensions, most notably effective-
ness (M = 5.33; 6.17) and personal fit (M = 4.42; 5.08). Ratings were
near-similar on agency, trust, and access to visuals, and favored the
GAI on control (M = 5.67; 5.50) and verbosity (M = 5.17; 4.75). A
Bayesian analysis found no measure reached more than anecdotal
evidence for a difference, with full ratings in the supplementary
materials.

4.3 Expectations and Desired Extensions

The probe prompted participants to articulate concrete extensions,
which converged on four low-vision needs. First, participants wanted
the assistant’s output anchored visually on the chart: color-coded
pins as visual landmarks (P9), highlights on the elements being
described (P7, P8), and on-chart annotations as a more accessi-
ble alternative to long textual responses (P8). Second, participants
wanted the assistant to proactively surface what their vision missed,
as P11 requested: “describe some of the things on this map that
appear very small... what in this chart is potentially visibly difficult
to notice” P12 similarly imagined the assistant flagging missed con-
tent with meaningful highlight colors, easier to catch at a glance
than text. Third, participants wanted structured, scalable output:
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multi-point selection with values listed to offload memory (P11),
scalable response detail (P5), and response scope that follows the
zoom level (P10). Fourth, participants asked to post-process the
chart’s visuals, inverting or changing colors as they already do in
other contexts (P3, P9).

5 Discussion and Design Recommendations

ChartAEye probed two layers of accommodation: sensing the user’s
visual context, and adapting the AI’s feedback to low vision. Our
findings suggest both layers matter. The three experience themes
emerged under both personas, so sharing visual context supported
participants regardless of how the Al phrased its feedback. The
tailored persona, in turn, changed what participants received, how
they explored, and what most preferred. Response content is there-
fore an accessibility design surface in its own right, the “Adaptation”
principle of ability-based design [29]. However, this preference did
not appear in the questionnaire ratings. Single-session exposure,
instrument sensitivity, and preferences driven by salient moments
rather than aggregate load can all mute such differences. The 8 of
12 split is therefore a directional signal, not a measured effect. From
the findings and the desired extensions, we derive four design rec-
ommendations (DRs) for Al assistants that support LVI in accessing
visual content.

DR1: Anchor AI output on the chart itself. Participants’ de-
sired extensions converged on making the assistant’s responses
visible: pins, highlights, and annotations placed on the chart, in
colors that carry meaning at a glance. Future systems should com-
plement responses with persistent visual anchors in the user’s
viewport, and proactively highlight content the user is likely to
have missed (e.g., small or low-contrast elements).

DR2: Design for verifiability, not only accuracy. Errors oc-
curred despite the strong underlying model, consistent with bench-
marks showing that VLMs degrade on fine-grained perceptual chart
tasks [27, 30]. Participants often could not check the assistant’s an-
swers with their own vision, the same access gap the assistant was
compensating for. Without the underlying data, every reported
value is a visual estimate. Reducing the verification burden is there-
fore a design problem, not only a model-quality problem. Systems
should highlight what the assistant is referring to on the chart,
ground answers in visual evidence, and scaffold participants’ test-
ing strategies, such as probing with questions whose answers they
already knew.

DR3: Scale responses to the interaction. Clicks called for fast,
minimal answers while typed questions invited detail, yet responses
were uniformly long and 45% took at least 10 seconds. Latency may
also have muted the persona comparison, as the LVAI's longer
responses take longer to generate and read. Response depth should
follow the query: quick lookups for clicks, potentially served by
smaller and faster models, and fuller detail for typed questions.
Participants also suggested letting users scale response detail and
tying response scope to the zoom level, describing a region when
zoomed out and a point when zoomed in.

DR4: Augment vision, preserve agency. Participants explic-
itly rejected full delegation, divided labor between their own vision
and the assistant, and verified their own interpretations against it.
Systems should keep every exchange user-initiated and treat the
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user’s current view as authoritative rather than navigating on their
behalf.

6 Conclusion

We presented ChartAEye, a technology probe that lets LVI explore
charts with an Al assistant through their residual vision, sharing
their magnified view and point of interest as system context. Our
findings are formative: 12 LVI, diverse in visual conditions and
access strategies [14], each used the probe for a single session, with
two pre-selected charts and one vision-tailored prompt configura-
tion. While future work should examine longer-term use, broader
visual media, alternative tailoring configurations, and larger, strati-
fied samples, our findings suggest supporting LVI requires accom-
modation on both sides of the interaction, in what the Al senses and
what it says. We hope our design recommendations guide future Al
assistants that support LVI in using their residual vision, on charts
and beyond.
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