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Abstract 
Generative AI (GenAI) tools are increasingly used for spreadsheet 
tasks, yet little is known about how blind users verify their outputs 
in accuracy-critical contexts. We conducted a study with 12 blind 
spreadsheet users to explore verification practices across tasks such 
as information extraction, formula generation, trend analysis, chart 
creation, and formatting. Participants never fully trusted outputs 
without verification and employed diverse strategies, including 
manual checks with screen reader and spreadsheet features, same 
AI-assisted verification, cross-AI tool validation, leveraging prior 
knowledge, and human assistance. These approaches were adapted 
based on task context, perceived risk, and users’ expertise. Errors 
were common, particularly in chart generation and formatting, 
some detected, others overlooked. While verification improved 
confidence, it was often effortful, time-consuming, or infeasible for 
visual tasks. We discuss how blind users utilize GenAI not only 
as a task performer but also as a verification aid and validator, 
highlighting design opportunities for more accessible and reliable 
spreadsheet use. 
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1 Introduction 
Spreadsheets are among the most widely used tools for tabular 
data manipulation [62] and remain central to data analysis [17]. 
Blind users typically access spreadsheets through screen readers 
(SRs), which read data one cell at a time. This linear access makes it 
difficult to gain an overview [21], identify patterns and trends [41, 
64], and use analysis features such as formulas and conditional 
formatting [57]. Prior work also shows that SR users struggle with 
large spreadsheets and often take longer to complete tasks than 
sighted peers, largely due to accessibility limitations [61]. 

Generative AI (GenAI) tools powered by Large Language Mod-
els (LLMs) have shown potential to address such challenges by 
introducing an intent-based paradigm, enabling users to specify 
what to do rather than how to do it [52]. This shift has transformed 
workplace practices by offering significant productivity benefits 
[10, 23]. GenAI tools are now capable of analyzing data, generating 
summaries, extracting key insights and trends, creating formulas, 
applying formatting, and generating charts in spreadsheets [51, 53]. 

GenAI tools are also becoming increasingly integrated into ac-
cessibility workflows. They are available via web interfaces (e.g., 
ChatGPT [54]), screen reader–based tools (e.g., JAWS Picture Smart 
AI [58]), and mobile or desktop applications (e.g., Be My AI [24], 
Microsoft Copilot [50], Seeing AI [49]). Prior research has demon-
strated their potential to enhance accessibility across a wide range 
of activities, including image descriptions [2, 4, 28, 29] and visual-
ization [34, 59]. 

However, GenAI tools explicitly warn users that outputs may be 
inaccurate and should be checked for correctness. Hallucinations, 
false or misleading content generated by AI, is a well-known risk, 
and blind users often approach these tools with a mindset of every-
day uncertainty [66]. Prior work has shown that blind people adopt 
a range of verification strategies when working with GenAI tools, 
including re-prompting, asking follow up questions, cross-checking 
with other models, using prior knowledge, consulting search en-
gines, and seeking sighted assistance [2, 4, 13, 29]. Prior research 
has identified these strategies in the context of visual assistance for 
image-based tasks (e.g., understanding objects, surroundings [4, 29], 
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and visualizations [59]), document reading and writing [2, 66], web 
browsing [66], and productivity applications [56]. However, to our 
knowledge, there has been no step-by-step exploration of how blind 
users verify the accuracy of GenAI outputs when working with 
predominantly numeric datasets, particularly in spreadsheet tasks 
such as data analysis and manipulation, a domain where accuracy 
is often critical. 

To address this gap, we conducted a remote study with 12 blind 
spreadsheet users to explore their verification practices and error-
response strategies across common spreadsheet tasks, including 
information extraction, formula generation, chart creation, and 
formatting. Our primary contributions are: 

• An empirical characterization of the verification methods 
blind users employ to ensure the accuracy of spreadsheet 
tasks, highlighting practices unique to them (e.g., verification 
using external AI-based image description tools). 

• An analysis of verification and error-response workflows 
that reflect a skeptical stance toward GenAI, treating outputs 
as provisional and requiring stepwise validation. 

• Design suggestions for GenAI-assisted spreadsheets that 
foreground multi-model validation, explainability, and prompt-
engineering practices. 

This study provides timely insights for assistive technology and 
GenAI tool designers highlighting the verification challenges and 
unique needs of blind users when working with GenAI. Although 
these tools continue to evolve rapidly, we believe our findings 
offer foundational knowledge of blind users’ verification practices 
that remains relevant for designing accessible and reliable GenAI-
assisted spreadsheet workflows. 

2 Related Work 

2.1 Accessibility of Spreadsheets for Blind Users 
Spreadsheets achieved global adoption because of their flexible 
two-dimensional grid structure [12] and extensive built-in features. 
People who are blind typically access spreadsheets with screen 
readers (SRs), which read information cell by cell within the multi-
dimensional grid. This linear presentation makes it difficult to form 
a holistic view of a sheet [41], locate specific components [21, 57], 
and interpret trends [64]. SR users also struggle to interpret informa-
tion conveyed through visual cues, such as conditional formatting, 
icons, and data bars. These difficulties stem from cognitive over-
load, trade-offs between timing and information density, limited 
awareness of certain features, insufficient system feedback, and 
delayed or missing SR responses [57]. 

Research on spreadsheet accessibility has primarily focused on 
helping blind users interpret tabular (often numeric) data through 
sonification [64, 65] and understand embedded charts via soni-
fication or haptic presentation [1, 21]. Prior work has also intro-
duced a multi-modal presentation and navigation tool that provided 
overview information about complex spreadsheets and supported 
hierarchical speech-based navigation of tables, formulas, and charts 
[20, 21]. In addition, an answer-verification system was developed 
to help spreadsheet learners locate and understand errors, which 
blind and low-vision students found effective for independent study 

[37]. Despite these advances, a significant gap remains in under-
standing how GenAI tools could support SR users in data-analysis 
and spreadsheet-modification tasks. 

2.2 Use of Generative AI in Spreadsheet Tasks 
Recent research has shown that integrating GenAI in spreadsheets 
holds promise for enhancing productivity and automating tasks [9, 
15, 46]. Modern models can now understand tabular data repre-
sentations and are accessible through web-based chat interfaces 
(e.g., OpenAI ChatGPT [54], Google Gemini [30], and Anthropic 
Claude [16]) as well as embedded within applications like Microsoft 
Excel [51] (as Copilot [50]) and Google Sheets [31] (as Gemini 
[31]), enabling users to perform operations through natural lan-
guage requests. Current systems support a range of data analysis 
and spreadsheet manipulation tasks, including formula generation, 
chart creation, information extraction, trend analysis, visual for-
matting and even code-based automation [40, 46]. Studies highlight 
persistent reliability problems across these activities, with formula 
generation often misinterpreting user intent and applying incorrect 
logic [47, 69]. 

To overcome these challenges, sighted users employ a range of 
verification strategies, such as cross-checking results with manual 
calculations or existing spreadsheets, checking code, comparing 
outputs across tools, or refining prompts until a satisfactory answer 
is reached [11, 35, 69]. In some cases, users even turn verification 
back onto the AI itself, asking it to explain or correct earlier re-
sponses [22]. While such practices help identify errors, they intro-
duce significant overhead. Time spent validating results can equal 
or exceed the time saved through automation, and experienced 
users often find it faster to construct spreadsheets manually than 
to repair flawed outputs [11]. More broadly, these findings suggest 
that GenAI not only changes how tasks are performed but also 
shifts responsibility for correctness from the system onto the user. 
Furthermore, prior research has focused almost entirely on sighted 
users [35], and no studies have explored how blind users engage 
with GenAI in spreadsheets, even though these tools are central in 
professional and educational contexts. 

2.3 Generative AI Use and Verification 
Strategies Among Blind Users 

GenAI has emerged as a powerful assistive technology for people 
who are blind [56]. These tools are increasingly adopted across do-
mains, including accessibility, and are available through screen read-
ers (e.g., JAWS Picture Smart AI [58], NVDA AI-content-describer 
[67]), and mobile or desktop applications (e.g., Be My AI [24], See-
ing AI [49], AIRA [3]). Prior studies show that GenAI can enhance 
accessibility across a wide range of activities, including image de-
scription [2, 4, 28, 29], visualization [34, 59], programming [25], 
content creation [7, 44], visual content generation [7, 42], under-
standing surroundings [73], and navigation [75]. Recent work has 
also highlighted the potential of GenAI to improve SR experiences 
in productivity-oriented tasks [27, 45, 56, 68]. 

Several studies have explore how blind users engage with GenAI 
tools [2, 4, 6, 29]. These studies report that blind users often develop 
flawed or overly simplified mental models of GenAI, shaped by their 
experiences of blindness, their reliance on assistive technologies, 
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and the accessibility of the tools [2]. GenAI tools have also been 
found to present accessibility and usability challenges for SR users 
[2, 5]. 

Moreover, GenAI frequently produces false or misleading con-
tent, commonly referred to as hallucinations [14, 63], which limits 
the reliability of these tools for accessibility tasks [2, 4, 39, 66]. Con-
sequently, blind users often approach AI-generated output with 
skepticism [66] and employ a range of verification strategies, such 
as asking follow-up questions, cross-referencing across devices and 
applications, testing different models, comparing with known infor-
mation, consulting search engines, using sensory cues, and seeking 
human confirmation [2, 4, 29, 66, 73, 74]. While these practices have 
been primarily found in object- and scene-based image description 
tasks [4, 13, 29], visualizations [59], document reading and writ-
ing [2, 66], web browsing [66], and productivity applications [56], 
there has been no exploration of verification strategies involving 
largely numeric data, particularly in spreadsheet analysis and ma-
nipulation. Our work takes an initial step toward understanding 
blind users’ verification practices, error-response strategies, and 
the challenges they face in such workflows. 

3 User Study 
We conducted a remote study with 12 blind participants to explore 
verification and error-response strategies when analyzing data and 
modifying spreadsheets with GenAI assistance. 

3.1 Study Material 
We prepared two spreadsheet datasets, each consisting of a single 
workbook with one table (the original datasets are provided in the 
supplementary material): 

• Inflation Data: This spreadsheet (Figure 1) contained real-
world annual inflation data (%) from 2013 to 2023 for 162 
countries. The dataset was obtained from the World Bank 
Group [36]. The original dataset was preprocessed to remove 
countries with missing values and modified to include a 
column specifying the region for each country. 

• Student Marksheet: This spreadsheet (Figure 2) contained 
grades for 100 students in a single unit, including two as-
signments and two exams. The dataset was designed to re-
flect common real-world uses of spreadsheets, such as stu-
dent grading, which has also been used in prior spreadsheet-
related research [43]. 

3.2 Study Setup and Procedure 
Before the study, all researchers familiarized themselves with how 
GenAI tools handle spreadsheet tasks such as generating overviews, 
extracting information, producing formulas and charts, and apply-
ing formatting. Prior research has identified these tasks as particu-
larly challenging for blind users to complete using SRs [21, 41, 57]). 
The first author tested these tasks across a range of tools (ChatGPT 
[54], Gemini [30], Copilot [50], Claude [16], and DeepSeek [19]) and 
shared the outputs, which the remaining authors jointly reviewed 
to develop a shared understanding of their functionality. For chat-
based tools, such as ChatGPT and Gemini on Web, spreadsheets 
(.xlsx files) had to be uploaded or copy-pasted into the interface 
before running a query. For modification tasks, some tools (e.g., 

ChatGPT) allowed the edited spreadsheets to be downloaded, while 
in Microsoft Excel [51] and Google Sheets [31], GenAI features 
were integrated directly, enabling real-time changes to the sheet. 

Participants were free to choose any GenAI model or version 
they were most comfortable with. For those unfamiliar with the 
available model versions, we read aloud the model descriptions 
provided by the GenAI tool (e.g., ChatGPT-4o: “great for most tasks” ; 
o4-mini: “fastest at advanced reasoning” ). We asked them to select 
the model version they deemed most appropriate for spreadsheet 
tasks. To preserve privacy of their chat histories, we first asked 
participants which GenAI tools they typically used, then created 
dedicated accounts in those tools for the study. Participants logged 
in during each session, with model learning features disabled and 
all chat histories were deleted afterwards. 

The study was conducted remotely via Zoom, allowing partici-
pants to use their personal computers and preferred SRs. Partici-
pants were asked to share their screens and enable audio recording 
(all participants had previously received project information and 
provided consent via email). 

At the start of each session, we collected demographic infor-
mation and asked participants about their prior experience with 
spreadsheets and GenAI tools, including how they typically ap-
proached trust and verification. Based on their responses, we pro-
vided a brief, high-level overview of other verification strategies 
that could be applied to spreadsheet scenarios. Specifically, we told 
participants: “Some ways to verify AI-generated output include ask-
ing follow-up questions, cross-checking results with other AI tools, or 
manually checking the spreadsheet. There may be many other ways 
to verify the content, and you are free to use any method you prefer.” 
This brief overview was intended to give participants a general 
understanding of the types of verification strategies available, with-
out offering detailed guidance on how to apply them. The goal 
was simply to ensure that all participants were aware of potential 
approaches they might not have previously encountered. 

Participants were then assigned one of two accuracy-critical sce-
narios reflecting real-world spreadsheet use in workplace and edu-
cational contexts and incorporating the tasks identified above. One 
scenario related to analyzing data in spreadsheets, while the other 
involved modifying spreadsheet data. Each scenario included three 
tasks. (Although we initially planned for participants to complete 
both scenarios, two pilot studies revealed that this was infeasible 
within a single session). Participants were emailed the relevant 
spreadsheet and instructed to complete tasks using GenAI assis-
tance, with accuracy emphasized as critical. Before starting the 
tasks, participants were asked to familiarize themselves with the 
spreadsheet, either by using GenAI assistance or by navigating the 
sheet. 

The two scenarios and their associated tasks were as follows: 
S1: Analyzing Inflation Data: Participants played the role of a 

finance reporter tasked with analyzing inflation data to write an 
article for a national newspaper covering global inflation from 
2013–2023, with high expectations for accuracy. 

• S1T1: Identify the country with the highest inflation rate in 
2023. 

• S1T2: Find out how the inflation rate changed over the years 
in Oceania. 
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Figure 1: Inflation rate dataset. 

Figure 2: Student marksheet (We deliberately adjusted the column spacing to truncate the data in the Student Name column 
(col B in the sheet) to create a task focused on formatting the table with GenAI assistance.) 
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• S1T3: Generate a chart showing how inflation changed over 
the years in Oceania compared to other regions. 

S2: Modifying a Student Marksheet: Participants acted as uni-
versity lecturers finalizing grades for a core subject essential for 
students’ graduation. The spreadsheet included marks for assign-
ments and exams, and the finalized grades would be submitted to 
the university’s education board. 

• S2T1: Add a column to calculate each student’s average mark 
and assign letter grades (A = 90–100, B = 80–89, C = 70–79, 
D = 60–69, F = <60). 

• S2T2: Highlight students who failed in red. 
• S2T3: Improve presentation of the sheet by formatting the 
header row (background color and bold text), ensuring all 
data is visible, and making the sheet look visually appealing. 

For each task, we asked participants to describe their experiences, 
their confidence in the accuracy of outputs, and their verification 
workflows, including why they chose particular strategies, whether 
these increased their confidence, and what challenges or sugges-
tions they had. 

After participants completed their usual verification process for 
the initial task, if they had not used the reasoning feature (which 
displays the model’s internal thinking process) [32, 55], we asked 
whether they were aware of it. Those who were not were then asked 
to review the reasoning provided alongside the model’s response 
(in tools where it was available) or to prompt the AI to explain its 
steps. This step was necessary because, at the time of the study, the 
reasoning feature was relatively new and available only in certain 
model versions. When accessed through a SR, this feature was 
often skipped entirely after response generation—either because 
the SR automatically began reading the response immediately (e.g., 
ChatGPT) or because the difficulties of finding the show thinking 
button in the interface. We included this step to ensure that all 
participants were aware and up to date with the tools’ existing 
capabilities, which could support their verification process but 
might not have been known due to the feature’s novelty, limited 
exposure, or accessibility barriers. Once participants were made 
aware of the feature, we did not intervene further. 

After completing all tasks, participants were asked about their 
overall experiences with verification, challenges encountered, and 
suggestions for improving verification workflows. Each study ses-
sion lasted approximately two hours, and participants received a 
$100 Amazon gift card as compensation. The study was approved 
by our institutional ethics committee. 

3.3 Participants 
Participants were recruited via email from a pool of individuals 
who had taken part in prior studies, where their proficiency with 
spreadsheets had already been demonstrated. They were subse-
quently invited through a call-for-participation email. Inclusion 
criteria required participants to be (1) blind adults (aged 18 and 
over) who regularly use Excel with a SR and (2) individuals with 
prior experience using any GenAI tool, such as ChatGPT or Copilot. 

We recruited 12 blind participants (11 totally blind, 1 legally 
blind; 9 male, 3 female) who relied on a SR for computer access. 
Seven participants were from the US, three from Australia, and one 

each from Canada and India. Ages ranged from 18 to over 65. A 
summary of participant demographics is provided in Table 1. 

More than half of the participants (n=8) reported daily use of 
spreadsheets, while four used them weekly. Nine participants de-
scribed their proficiency level with spreadsheets as intermediate, 
two as advanced, and one as beginner. Participants used spread-
sheets for a variety of purposes in both work and personal contexts, 
including recording financial data and budgeting (n=9), maintaining 
lists (n=7), analyzing data (n=3), and tracking work-related tasks 
(n=2). 

All participants had prior experience with multiple GenAI tools 
across diverse tasks. Beyond using them as chatbots for informa-
tion retrieval, participants reported employing GenAI for image 
descriptions (n=9), coding (n=6), research (n=3), search (n=2), travel 
planning (n=2), writing (n=2), describing slides (n=2), generating 
charts (n=2), document generation (n=2), and obtaining real-time de-
scriptions of their surroundings (n=2). With respect to spreadsheet-
related GenAI use, four participants (P1, P4, P5, P12) had prior 
experience generating formulas, P10 had used GenAI to create 
tables, and P5 had used it to generate pivot tables. Other partici-
pants reported no prior experience using GenAI for spreadsheet 
tasks. During the study, eight participants used ChatGPT, two used 
Copilot, and two used Gemini. 

Participants P1–P6 were assigned the inflation data analysis 
scenario (S1), while participants P7–P12 worked on the student 
marksheet modification scenario (S2). 

3.4 Data Analysis 
We conducted two separate analyses corresponding to the two pri-
mary data sources: (1) screen recordings of participants performing 
the tasks and (2) qualitative feedback provided during and after the 
tasks. 

The objective of the observational analysis was to capture par-
ticipants’ verification strategies, their responses when inconsis-
tencies were encountered, their use of different features, and the 
challenges faced during verification and while using GenAI tools. 
Initial codes were generated from reviewing the recordings and 
were documented for each participant and task. These codes were 
then organized into categories, including understanding data, veri-
fication methods, and verification challenges. 

All qualitative feedback was transcribed and analyzed using 
inductive thematic analysis [8]. Our focus was on identifying veri-
fication strategies, participants’ rationales for adopting them, the 
challenges they encountered and their suggestions to improve the 
verification process. Two authors independently coded one tran-
script, after which all authors met to discuss the initial codes and 
resolve discrepancies, resulting in the refinement of codes. The 
first author then analyzed the remaining transcripts, which were 
cross-checked by the other authors. The entire team engaged in 
follow-up discussions to refine and build themes, helping to mit-
igate individual bias. Low-level codes such as “verifying using SR 
features” and “verifying using spreadsheet features” were grouped 
under the higher-level code manual verification, which was then or-
ganized under the broader category of verification methods (Section 
4.2). Finally, these were cross-validated against the observational 
data from screen recordings, and vice versa. 
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Table 1: Details of study participants. Proficiency levels are self-reported. 

P# Age Country Occupation Spreadsheet 
Proficiency 

GenAI tools used Freq. of using 
GenAI 

SR used GenAI tools used 
during study 

P1 26–35 US Senior applied scientist Intermediate Gemini, Copilot in Teams, PowerPoint, Word, Excel, GitHub 
Copilot, Meta AI glasses 

Daily JAWS Gemini Pro 

P2 46–55 Canada UX accessibility consultant Intermediate ChatGPT, Copilot (Web, M365), Gemini, Seeing AI, JAWS Picture 
Smart AI, Meta AI glasses 

Daily JAWS Gemini Pro, Chat-
GPT 4o 

P3 65+ Australia Accessibility consultant Intermediate ChatGPT, Perplexity, Copilot (Web, M365), Seeing AI, Be My 
AI, NVDA AI Content Describer 

Several times a 
week 

NVDA ChatGPT o4mini 

P4 36–45 US Sr. director of software engi-
neering 

Intermediate Gemini, Perplexity, Claude, ChatGPT, Be My AI, Seeing AI Daily JAWS ChatGPT 4o 

P5 26–35 US Senior software engineer Advanced Copilot in Excel, GitHub Copilot, ChatGPT, Meta AI glasses, 
Seeing AI, JAWS Picture Smart AI 

Daily JAWS Copilot (Excel, Web) 

P6 46–55 Australia Academic Intermediate Copilot on Edge, ChatGPT (mobile), Be My AI, JAWS Picture 
Smart AI 

Daily JAWS Copilot on Edge 

P7 26–35 US Assistive tech trainer Beginner ChatGPT, Gemini, Ollama (local), Kagi, Be My AI, AIRA, OurAc-
cessAI, Pixxy Bot, Seeing AI, NVDA AI Content Describer 

Daily NVDA ChatGPT o4mini 

P8 26–35 Australia Public service planner Intermediate Gemini, Be My AI, ChatGPT, JAWS FS Companion Daily JAWS ChatGPT o4mini 
P9 56–65 US Cyber security student Intermediate ChatGPT (browser), Be My AI, JAWS Picture Smart AI, Meta AI 

glasses 
Daily JAWS ChatGPT 4o 

P10 18–25 India Master’s student Intermediate ChatGPT, Gemini, Be My AI Daily NVDA ChatGPT 4.1 

P11 46–55 US Software engineer Intermediate GitHub Copilot, M365 Copilot, Copilot on Edge, ChatGPT, JAWS 
Picture Smart AI 

Daily JAWS Copilot (Edge, Excel) 

P12 56–65 US Consultant Advanced ChatGPT, Gemini, Copilot (Web, M365), Ollama (local), GitHub 
Copilot, JAWS Picture Smart AI, Be My AI, Perplexity 

Daily JAWS ChatGPT 4o 

4 Findings 
Participants perceived GenAI as a valuable tool and a useful start-
ing point for performing spreadsheet-related tasks. At the same 
time, they reported accessibility and usability challenges [2] that 
influenced how effectively they could integrate these tools into 
their workflows. Common issues included the absence of progress 
updates during response generation (n=4), difficulties navigating 
chat interfaces and locating elements such as charts or tables in re-
sponses (n=4), and instances where content was inaccessible to SRs 
(n=2). While these accessibility considerations shaped participants’ 
interactions, the primary focus of this study was to understand 
how blind users conduct and verify GenAI-assisted spreadsheet 
tasks. We organize our findings into three sections: first, we de-
scribe participants’ overall levels of trust in GenAI tools; second, 
we explore their verification practices, focusing on how they iden-
tified errors in AI outputs; and finally, we analyze their verification 
workflows, how they responded to inaccuracies and the strategies 
they employed to address them. 

4.1 Trust in GenAI tools 
All participants were experienced users of GenAI tools and were 
fully aware of common limitations such as inaccuracies and hal-
lucinations. This awareness often led them to express skepticism 
toward the outputs. Participants’ level of trust in GenAI was fre-
quently shaped by their prior experiences and the type of task at 
hand. Tasks involving structured or numeric data tended to elicit 
higher levels of confidence, whereas tasks requiring more open 
interpretations, such as image generation or visually descriptive 
tasks, were met with greater skepticism. Participants (n=3) also 
reported using different tools for different tasks, drawing on their 
experiences of how well each tool performed in particular contexts, 
reflecting tool-switching practices observed in earlier studies [2, 4]. 
Beyond task type and experience, additional factors influenced trust: 
for example, some participants (n=3) reported placing greater con-
fidence in outputs based on the reputation of the company behind 

the model. Interestingly, one participant highlighted how the acces-
sibility and usability of the tool shaped their willingness to accept 
AI-generated outputs. As P7 explained: “When the interface is more 
accessible, it makes it easier to agree with the data, with the analysis, 
stuff like that. And it’s definitely a bias. But when things are more 
accessible, less stressful, then sometimes I might agree, even when 
the data is wrong.” However, all participants emphasized the im-
portance of incorporating some level of verification when working 
with GenAI tools, particularly in accuracy-critical scenarios. 

4.2 Verification Methods Used by Blind Users 
Although participants described different factors shaping their trust 
in GenAI, all emphasized the critical importance of accuracy in the 
study scenarios. As a result, no participant skipped verification 
entirely; each either employed at least one method or described 
how they would verify AI outputs. 

Participants used a variety of verification methods to assess AI-
generated outputs, often combining multiple strategies depending 
on the task type, accessibility constraints, and the level of perceived 
risk. Table 21 summarizes these primary methods, their associ-
ated sub-methods, and support methods (secondary actions that 
helped participants carry out or strengthen their main verification 
strategies.) Five main categories of verification approaches were 
identified: 

4.2.1 Manual verification: Most participants relied extensively on 
manual verification, returning to the dataset (the original dataset in 
S1 and the GenAI-updated spreadsheets in S2) and using both SR 
and Excel features to ensure the accuracy of AI-generated outputs. 
These approaches varied in intensity, ranging from targeted spot-
checking to exhaustive reviews, depending on the task. 

1The table illustrates how many participants used or indicated they would use each 
method during the study. For instance, although participants did not seek human 
assistance during the sessions, several noted that they would do so in real-world 
scenarios. 



Verification Practices of Blind Users When Working with GenAI in Spreadsheets CHI ’26, April 13–17, 2026, Barcelona, Spain 

Table 2: Verification methods, method types, and participant usage across tasks. 

Verification Method 
Finding 

max value 
(S1T1) 

Trend 
analysis 
(S1T2) 

Chart 
creation 
(S1T3) 

Formula 
generation 
(S2T1) 

Conditional 
formatting 
(S2T2) 

Visual 
appeal 
(S2T3) 

Manual 

Sub Method 

Check response against data with SR 5 2 – – – – 

Check generated spreadsheet with SR – – – 6 6 6 

Human calculation – – - 1 – – 

Use Excel functions 3 4 – 5 2 1 

Support Method 
Restart SR – – – – 1 – 

Change SR – – – – 1 1 

Same AI 

Sub Method 

Ask for a subset of data 1 – – – – – 

Ask further questions 2 – 1 1 2 2 

Ask to check the response against the data in a new chat – 1 – – – – 

Ask to check the generated image/sheet in a new chat – – 2 – 1 – 

Check reasoning/code – 4 2 – 1 1 

Support Method 

Ask for instructions – 2 – – 3 1 

Ask for the response to be accessible 1 – 2 1 – – 

Ask to regenerate the response – – 1 – – – 

Ask to retain formulas in the sheet – – – 3 – – 

Ask to use Excel functions 1 – – – – – 

Different AI Sub Method 

Go through image descriptions – – 5 – 2 4 

Ask further questions – – 3 – 2 4 

Ask to check response against data – 1 – – – – 

Ask to check generated sheet – – – – 1 – 

Human – – 6 – 2 5 

Prior knowledge about data 1 2 – – – – 

For example, in the task, where participants were asked to high-
light students who had failed in red (S2T2), all participants em-
ployed a spot-checking strategy. They returned to the sheet and 
used their SR features to examine both students with grades of F and 
those without. By interrogating formatting details such as font and 
background color (using Insert+F keys), they verified whether the 
cells had been accurately color coded. As P11 explained: "I checked 
one person with an F, and I check one person without an F, and so it 
seems to have gotten that logic right. My confidence level at that point 
is enough to where I feel comfortable not checking everything else." 
However, for tasks such as writing an article, most participants 
emphasized that they would manually fact-check all AI-generated 
content before publishing it. In one case, P8, while verifying aver-
age marks (S2T1), mentally estimated the values to check whether 
the AI’s calculated average appeared reasonable. 

While these manual approaches often increased participants’ 
confidence in the output and were regarded as the most trustworthy 
verification method, they noted that manual verification required 
considerable effort and was frequently described as time-consuming 
and cognitively demanding, particularly when it involved writing 
more complex formulas for tasks such as analyzing trends (S1T2). 
In some cases, manual verification was impossible–for instance, 
when verifying AI-generated charts (S1T3) or assessing the overall 
visual appearance of spreadsheets (S2T3). 

4.2.2 Same AI-assisted Verification: In addition to manual checks, 
participants leveraged the same AI tool as a resource for verifi-
cation. This AI-assisted verification method involved testing the 
model’s internal consistency and checking its intermediate steps 
and reasoning. 

Some participants (n=3) verified outputs by examining whether 
the AI remained consistent under follow-up questioning. They 

asked clarifying questions to confirm its output [2, 66]. As P5 ex-
plained, “I ask clarifying questions just to see if it’s going to stick 
to what it said or change its answer. When it contradicts itself, it’s 
kind of a red flag.” Similarly, after asking the AI to apply visual 
formatting to the spreadsheet (S2T3), P8 followed up with prompts 
such as ‘Do you think this looks okay? Is it easy to read visually?’ to 
further verify the quality of the output. 

Participants adopted prompting strategies to obtain customized 
responses that better supported their initial verification workflows. 
They employed techniques such as explicitly revealing their dis-
ability [66] (e.g., “I am a blind user” ), requesting descriptions “for a 
blind person/screen reader user” or mentioning the type of the SR 
to make outputs more accessible. These strategies were applied in 
tasks such as obtaining spreadsheet overviews (n=4), generating 
image descriptions (n=2), and requesting instructions to manually 
perform tasks (n=2). By tailoring prompts in this way, participants 
were able to access more usable information and begin verification 
within the model’s output. 

One participant also prompted the AI to generate a subset of 
the underlying data alongside the main response, enabling them 
to cross-check results within the same output. For example, P1 
asked, ‘Tell me inflation rates for all countries in 2023 and give me 
the highest and lowest from that’ which allowed them to verify the 
named highest country against the full list within the response 
itself, reducing the burden of navigating the original dataset. P1 
reflected, “I’d say maybe 70% confident because I made it generate the 
actual list and not just an answer, because sometimes it doesn’t have 
all the data in context and gives a wrong answer.” P1 further re-asked 
the same question in different ways, such as ‘So, in conclusion, what 
was the highest inflation rate in 2023?’ to see whether the model 
converged on the same result. Although this iterative questioning 
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was a lightweight way to surface discrepancies, they also noted it 
could reinforce errors if the model repeated the same mistake. 

To avoid anchoring on a single conversation, some participants 
opened a new chat session in the same model [2] and questioned 
the prior output there. For instance, P10 in S2T2 uploaded the AI-
modified spreadsheet (after requesting color-coding by condition) 
to a new session, believing that the new session did not retain mem-
ory of previous interactions, and asked whether the file actually 
contained any highlighting. P1 also opened a new session in the 
same model to critique the output from a previous run of S1T2, 
which analyzed trend fluctuations for Oceania. They uploaded the 
relevant spreadsheet and pasted the previously generated para-
graph, instructing the model to act as a senior editor and fact-check 
every claim against the attached sheet—prompting it to ‘list each 
fact with a judgment of accurate/inaccurate.’ While no inaccuracies 
were identified, the participant noted that they would still manu-
ally spot-check some claims, particularly the first and last, before 
publishing, explaining that the model ‘sometimes goes on a tangent 
midway’. 

Participants had varying opinions about including a confidence 
rating alongside the AI output (similar to the findings from [4]). 
Some (n=3) found it useful for deciding their next steps in the 
verification process, as it provided a rough sense of accuracy. Others 
(n=6), however, felt it would not be useful and would instead become 
another datapoint to navigate. They argued that since such ratings 
were generated by the same model, they could be biased and equally 
prone to hallucinations. 

Participants verified results by examining how the AI arrived 
at them. Some requested intermediate calculations, step-by-step 
explanations, or the code used to produce an answer. For example, 
in S2T1, P9 explicitly asked for the formula the AI had used to 
calculate average marks. Three participants also requested that 
formulas be retained in the sheet so they could access them with 
their SRs. For P11, who used Copilot in Excel, the formulas used for 
calculations were included directly within the response along with 
explanations, which helped build confidence in the accuracy of the 
output. During the study, one participant (P1) on their own initiative 
examined the model’s step-by-step reasoning. By reviewing the 
chain-of-thought process, P1 was able to better understand the 
model’s inner workings and confirm whether the steps had been 
carried out accurately. 

Most participants (n=9), however, were initially unfamiliar with 
chain-of-thought reasoning. Once exposed to this method, two par-
ticipants began incorporating it into their workflow for subsequent 
tasks. Overall, ten participants reported that access to reasoning 
information increased their confidence, particularly when they had 
doubts about an output. As P8 reflected after trying this approach 
for the first time: “I really like that[thought process] because I’ve been 
kind of questioning ‘Well, what if? what if it hasn’t understood me?’ 
Or ‘what if it’s not taking into account all the data?’, all these sort of 
questions that have been hanging over my head, I can kind of see Oh, 
yeah, it’s got this. It knows what I’m asking and it’s thought about 
how to present the answers in an accessible way.” 

However, some of the reasoning provided was not to our par-
ticipants expectations. For example, in S2T3 (applying visual for-
matting to the table), P7 reviewed the reasoning and noted that it 
was not useful, as it failed to capture specific information about 

the actions they had performed in the sheet—such as which colors 
were applied or how the text was aligned. Similarly, participants 
emphasized the limitations of this approach. They noted that while 
reasoning served as a useful starting point for verification, it was 
insufficient to ensure full confidence. 

Reviewing the underlying code was perceived as a more trust-
worthy verification method. Two participants (P1, P5) with prior 
coding knowledge found that accessing the code behind responses 
significantly strengthened their trust. P1 remarked, “I think my 
confidence went up to almost 100% reading the code.” Both P1 and 
P5 asked the AI to include code in its responses so they could ver-
ify outputs directly. However, two participants who encountered 
code embedded within reasoning found it confusing, as they were 
unfamiliar with the syntax. 

The same AI tool also acted as a support mechanism for man-
ual verification. In cases where participants lacked the necessary 
knowledge, several (n=5) used the AI as a verification guide, prompt-
ing it for step-by-step instructions on how to independently check 
the accuracy of outputs. For example, participants asked questions 
such as “As a blind person, how can I confirm the red color of the 
rows?” and “What is the formula for calculating the mean of a col-
umn of numbers in Excel?”. Participants also turned to the same AI 
when they wanted the content in a more accessible format (e.g., 
requesting chart data points in a table), when they were unable to 
locate certain elements such as charts in the response (e.g., P1 in 
S1T3, asking to regenerate the response), or when they needed help 
performing spreadsheet functions as part of verification (e.g., P5 in 
S1T1, asking the AI to sort a column within the spreadsheet). 

4.2.3 Different AI-assisted Verification: Beyond manual and same 
AI verification, several participants (n=9) turned to other GenAI 
tools in their workflows, viewing them as a more independent 
form of verification. This approach involved prompting other AI 
models to re-check information or comparing outputs across differ-
ent GenAI tools—a method also reported in prior work [2, 13, 66]. 
When different models converged on the same answer, partici-
pants reported greater confidence in the accuracy of the output. For 
example, P2 verified trend information for Oceania in task S1T2, 
including average percentage values and a summary of fluctuations, 
by consulting ChatGPT after first working with Gemini. ChatGPT 
confirmed the content as accurate and reported no discrepancies, 
which gave P2 sufficient confidence to include the information in 
the article. 

The most common use of additional AI tools was for verifying 
visual tasks such as chart generation (S1T3) and formatting (S2T2, 
S2T3). Participants drew on a range of visual assistance tools for 
this purpose, including JAWS Picture Smart AI (n=4), Be My AI 
(n=2), NVDA AI Content Describer (n=2), Seeing AI (n=1), and 
Copilot Vision (n=1). Most participants (n=8) used these tools to 
obtain descriptions of screen content (e.g., to generate descriptions 
of AI created charts), while some (n=5) went further by asking 
follow-up questions to confirm whether tasks had been completed 
accurately. For example, two participants (P7, P11) asked whether 
tables were formatted correctly with appropriate column spacing 
and alignment; P11, for instance, queried Picture Smart AI, ‘Is the 
content from all 8 columns visible?’ 
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Participants also used other GenAI tools to clarify inconsistencies 
identified during manual verification. For example, when Copilot 
stated “Here is the chart...” without actually producing one, P5 
and P6 navigated the response and then asked Seeing AI and Be 
My AI, respectively, whether a chart was present on the screen. 
Similarly, after detecting inconsistencies in conditionally formatted 
files generated by ChatGPT, P10 turned to Be My AI to confirm 
whether students who failed were highlighted. Some participants 
utilized multiple-model (Claude and ChatGPT) description features 
integrated into visual assistance tools such as Picture Smart AI for 
cross-checking. For example, P6 compared chart descriptions, while 
P12 compared conditional formatting outputs. P6 suggested that 
cross-model verification could be far more efficient if automated: “It 
would be lovely if it. . . already did the verification, using other models 
or to say we found discrepancies, checking this with another model 
would have automated my verification process.” 

While most participants recognized the benefits of different AI 
tools for verifying outputs, some (P6, P8, P10, P11, P12) reported 
confusion about which tool to trust when discrepancies arose. For 
example, when P11 asked Picture Smart AI whether all content in 
a table was visible, the tool reported that some cells in a column 
were cut off. P11 described feeling uncertain about how to act on 
this information: “I would not make any changes based on that. Like 
if it had told me ‘Okay, it’s all visible’... then I would have been like, 
‘All right, that’s fine.’–that’s as good as I’m going to be able to do. 
Now that it tells me that it’s not quite visible, like I don’t know, I 
don’t know what to do.” Although in this case the tool provided 
an accurate response, there were also instances where these tools 
hallucinated and further confused participants. For example, (P10, 
P12) received incorrect information about color-coded cells in the 
student mark-sheet spreadsheet (S2T2), and P10 was also given 
inaccurate descriptions of visual formatting, such as text alignment 
and cell borders (S2T3). At the same time, some participants (P4, 
P8, P11) expressed skepticism about relying on other GenAI tools, 
emphasizing that errors could propagate across multiple models. 
P4 explained, “I mean, they could all be wrong. You would have to 
use at a bare minimum at least three and get two of them to agree. 
But I don’t know that I would trust AI if I tried them on three models, 
and only in two of them got it correct. They could have just both been 
wrong in the same way.” These uncertainties prompted participants 
to seek human verification for tasks that relied heavily on visual 
presentation, such as chart generation and formatting. 

Apart from inaccuracies, participants also encountered other is-
sues with different GenAI tools that made them less useful in certain 
scenarios, leading them to seek alternative verification methods. 
For example, when P2 (in S1T3) attempted to take a screenshot 
of the generated chart to be read by Picture Smart AI, the Chat-
GPT prompt input box obstructed part of the chart, preventing 
a complete view. As a result, P2 reverted to the same AI tool and 
asked follow-up questions for verification. In S2T3, P8 raised similar 
concerns, noting that such tools have inherent limitations because 
screenshots may not capture the entire screen for description. As P8 
explained, “I think, because there are a hundred rows, I don’t actually 
know whether all 100 rows fit on the screen at any given time. So I 
feel like if I were to ask Be My AI, I don’t know if it would be able to 
see everything anyway.” 

4.2.4 Sighted Human Verification: When verification methods or 
strategies were ineffective and they were unsure how to verify 
results independently, participants turned to sighted assistance as 
a reliable way to validate AI-generated outputs (similar to findings 
from [2, 4, 29, 66, 73]). This was particularly common for tasks 
that relied heavily on visual presentation, such as graph generation 
(S1T3) and formatting (S2T2, S2T3). All participants except P9 re-
ported that they would seek sighted assistance in such cases; P9, 
however, expressed sufficient confidence in working with AI alone 
and did not feel the need for sighted support. Participants (n=3) 
emphasized that GenAI tools were often unable to provide accurate 
subjective feedback on visual qualities, noting that “AI is not there 
yet”, which made sighted verification necessary. 

Participants (n=5) mentioned turning to trusted sources, such 
as colleagues, friends, or remote agents such as Be my Eyes or 
AIRA (n=3). They sought feedback on whether a chart had been 
generated correctly with appropriate sizing and colors, whether 
overlaps with other elements occurred, whether formatting such as 
column spacing and alignment was adequate, whether colors had 
sufficient contrast, and whether the output ‘looked good’ overall. 
P5 explained that they would first ask and confirm with the AI 
before turning to a sighted person for verification: “I would ask the 
AI first, just to not waste someone’s time. But if the AI feels confident, 
and I asked a few questions about the chart, then I just check with 
someone.” 

While sighted verification provided reassurance, some partici-
pants reflected on how it affected their sense of independence. For 
example, P6, after identifying inconsistencies in chart descriptions 
using Picture Smart AI’s multi-model description feature, explained 
that relying on human assistance felt like a last resort—necessary, 
but more time-consuming and costly: “I want to be independent, and 
I probably would have accepted it if it made sense, if they[Claude 
and ChatGPT] were correlating to what I expected. But they are not, 
and therefore now I’m going to my human intervention, which is 
more time consuming, and there’s a cost involved, because I can’t 
independently do it." 

4.2.5 Verification through Contextual Knowledge. In addition to 
manual, AI-assisted, and sighted verification, participants also drew 
on their prior knowledge and responses from previous tasks to 
verify outputs to some extent. For example, when answering S1T1 
(identifying the country with the highest inflation in 2023), P3 re-
called seeing the same country flagged earlier as an outlier when 
requesting an overview of the dataset. The repetition of this result 
across tasks gave them some confidence in its accuracy. Similarly, 
two participants partially verified trend fluctuations (S1T2) by not-
ing that a spike in inflation during specific years aligned with their 
understanding of the pandemic’s impact. However, no participant 
relied solely on prior knowledge for verification; all combined this 
strategy with other methods to confirm the information. 

Participants employed a diverse set of strategies to verify accu-
racy across tasks. These strategies varied with task type, context, 
perceived importance, and participants’ familiarity with different 
methods. In some cases, verification relied on a single approach, 
while in others participants combined multiple strategies, especially 
when they detected inconsistencies. 
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Figure 3: Chart generation errors. 

Figure 4: Conditional formatting errors. 

Figure 5: Visual formatting errors. 
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Table 3: Errors observed across tasks during the study and the participants’ corresponding identification outcomes. 

Task Error P# Error identified? 

S1: Overview Missing information: regions listed as Africa, Europe, Asia, North America; 
missing Oceania, South America 

P2 Unnoticed 

S1T1: Finding the maximum value Inaccurate information: country with highest inflation listed as Venezuela P4 Identified 

S1T3: Chart generation (Figure 3) Missing chart P5 Identified 

P6 Identified 

Incorrect datapoints in chart P1 Noticed inconsistency; error not identified 

P5 Unnoticed 

P6 Unnoticed 

Duplicated legends P1 Identified 

P6 Identified 

Chart content cut-off P5 Unnoticed 

Inaccurate information: incorrect region-wise average inflation rate (%) values P3 Unnoticed 

S2: Overview Inaccurate information: incorrect minimum values for assignments and exams P9 Unnoticed 

S2T2: Applying conditional formatting (Figure 4) Missing color coding P10 Noticed inconsistency; unsure whether there is an error 

Incorrect color coding P12 Identified 

S2T3: Applying Visual formatting (Figure 5) Overextended columns P7 Identified 

P10 Identified 

P12 Unnoticed 

Incorrect column content visibility P11 Noticed inconsistency; unsure whether there is an error 

4.3 Verification Workflows and Error Response 
Strategies 

Participants’ verification practices were often multi-step rather than 
linear. The user flows for each task are presented in Figures 6–11. 
These diagrams illustrate participants’ verification workflows and 
possible transitions between different methods. Multicolored nodes 
represent distinct verification methods, while dotted-line nodes indi-
cate supporting verification approaches. Nodes outlined in gray de-
note strategies employed after an error was identified. The weighted 
arrows indicate the frequency of participant transitions along each 
path. An asterisk (*) shown next to some participants indicates 
verification methods they intended to use in such scenarios (e.g., 
human verification) but did not pursue during the study due to 
practical or time constraints. Participants shown in red indicate 
that their AI output contained an error. 

In our study, the most common workflow involved verifying 
outputs manually whenever possible and turning to alternative 
methods, such as querying the same AI model, using a different 
GenAI tool for cross-verification, or seeking sighted assistance 
when independent verification as insufficient (e.g., visual tasks; Fig-
ures 8, 9, and 11). While some relied on a single verification method 
for certain tasks (e.g., using SR features or inspecting code), others 
combined multiple strategies, especially when they encountered 
conflicting results—similar to observations in prior work [66]. 

Encountering hallucinations and inaccuracies during the veri-
fication process (Figure 6, 8, 9 and 11), whether within the same 
AI response or across different tools used for verification, further 
complicated participants’ workflows. Across the study, participants 
encountered a range of errors while verifying AI-generated output. 
Table 3 summarizes the tasks in which errors occurred. 

Error identification and response workflows were typically multi-
step and mixed-method, with seeking human assistance serving as 

the last resort for visual tasks. During the study five participants 
encountered multiple errors, and all but P8 experienced at least one. 
Some errors were successfully identified (N = 8), while others went 
completely unnoticed (N = 7). In one case (S1T3: Figure 11, P1), 
although the participant noticed an inconsistency and attempted 
verification, the underlying error was not identified. Similarly, in 
two other instances (S2T2: Figure 8, P10; S2T3: Figure 9, P11), par-
ticipants noticed inconsistencies but remained unsure whether an 
actual error existed, even after verification. 

Our findings suggest that participants’ prior experience with 
using GenAI in spreadsheets and coding may have influenced the 
verification methods they used. For example, P1 and P5, who both 
had prior experience with GenAI in spreadsheet tasks, relied less 
on manual verification and used more AI-based methods, either 
through the same AI or across different models. Given their coding 
backgrounds, they frequently verified outputs by examining the 
model’s reasoning steps or reviewing the generated code. 

Verification workflows also varied depending on the task. Tasks 
grounded in structured numerical reasoning, such as identifying 
the country with the highest inflation (S1T1; Figure 6), understand-
ing inflation rate fluctuations (S1T2; Figure 7) or computing grades 
(S2T1; Figure 10), tended to yield relatively simpler, shorter verifica-
tion flows. In cases S1T1 and S2T1, participants often confirmed the 
AI’s answer using a few targeted checks, such as sorting a column 
with their SR or verifying that embedded formulas matched their 
expectations. For the trend analysis task (S1T2: Figure 7), three 
participants initially relied on same-model verification methods 
(e.g., checking the AI’s reasoning or comparing its response in a 
new chat against spreadsheet data) but then diverged to use Excel 
formulas to confirm the computed values. These patterns indicate 
that most participants typically reverted to manual verification for 
numerical reasoning tasks. 
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Figure 6: Finding the maximum value (S1T1). Verification 
methods for this task included manual and same-AI ap-
proaches, as well as leveraging prior knowledge. The most 
common workflow involved manual verification using Ex-
cel functions (e.g., sorting) and checking sheet data with the 
screen reader (n=4). 

Verifying visual tasks (Figures 8, 9, and 11) proved to be the most 
difficult for participants, and these tasks also generated the highest 
number of errors. Most errors occurred in chart generation (N = 
9), conditional formatting (N = 2), and applying visual styles to 
spreadsheet tables (N = 4) (Figures 3, 4, and 5). 

When participants detected an inconsistency in a visual task 
using their SRs, they often turned to other AI tools for verification. 
However, these tools sometimes introduced additional inaccuracies, 
further confusing participants and leading them through multiple 

Figure 7: Trend analysis (S1T2). Participants used a variety of 
verification methods for this task, including manual, same-
AI, different-AI, and prior-knowledge based approaches. The 
most common workflow involved using Excel formulas to 
verify fluctuation data points (n=4). While some participants 
began directly with manual verification, others first used 
same-AI reasoning or code-explanation features (n=3). Two 
participants relied solely on AI-based verification. 

verification steps. As a result, these tasks often evolved into com-
plex, recursive loops using several verification strategies. Figure 12 
illustrates a representative case: P10 attempted to verify conditional 
formatting (red-colored cells) after ChatGPT claimed it had been 
applied, even though the formatting was absent from the sheet. In 
addition to ChatGPT’s incorrect claim, the other tool P10 used for 
verification (Be My AI) also provided misleading feedback. This 
prompted P10 to apply multiple layers of verification methods, yet 
they remained uncertain about the output’s accuracy and ultimately 
stated that they would seek sighted assistance (Figure 8). 
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Figure 8: Applying conditional formatting (S2T2). All participants used manual methods to check formatting using SR commands. 
This approach allowed four participants to successfully verify the applied formatting. The remaining participants encountered 
more complex workflows in response to errors introduced by the AI tools. 
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A similar situation occurred for P12, where ChatGPT applied 
conditional formatting using an incorrect formula, causing non-F 
students to be highlighted in red (Figure 4). The secondary AI tool 
(e.g., Picture Smart AI) compounded the confusion by incorrectly 
describing the formatted cells, leaving P12 uncertain about their 
SR’s feedback. However, when P12 explicitly prompted ChatGPT 
with “check this sheet for the name Min Nair; when I view this, the 
name is not formatted as red and it seems like it should be, why?”, 
the model acknowledged the error it had introduced and suggested 
a potential fix. 

Both P10 and P12, along with three other participants, noted 
that they would ultimately seek sighted assistance for spreadsheet 
tasks requiring visual judgment (Figure 9). P12 further emphasized 
the need for complete accuracy in such cases, explaining, “I believe 
as a person who’s blind, making visually compelling spreadsheets 
on a regular basis is not a task that most people who are blind can 
do effectively, independently. I don’t know if there’s data to prove 
that, but my own anecdotal data says so. This is an area where, if 
the technology could do that, it’d be great—but it can’t be halfway. 
It can’t even be 95% of the way; if it’s not 100%, it might as well be 
Zero.” 

Models also generated consecutive errors that undermined trust 
(Figure 6). For example, when P4 asked ChatGPT to identify the 
country with the highest inflation rate in 2023 (S1T1), the model first 
returned Venezuela, then another incorrect country, before arriving 
at the correct answer (Lebanon) only after P4 manually verified the 
dataset and supplied clarifying details. These consecutive inaccu-
racies reduced P4’s confidence in the model’s reliability. Similarly, 
three participants reported that errors lowered their confidence in 
subsequent tasks and six said accurate performance increased their 
trust moving forward. 

After identifying an error, participants employed several strate-
gies beyond seeking human assistance to correct it. For instance, 
three participants (P4, P5, P6) refined their prompts by adding con-
textual information before re-asking the question, while others 
(P1, P7, P12) used the same AI model to attempt error correction. 
Although the model successfully provided accurate fixes in some 
cases (e.g., for P7 in S2T3 and P12 in S2T2), participants never con-
cluded their verification workflows without turning to alternative 
methods for confirmation. 

Participants emphasized the trade-off between speed, reliability, 
and effort when working with GenAI tools. While they valued AI 
for accelerating tasks that typically required significant time, effort, 
or expertise, such as generating charts, creating formulas, applying 
formatting, or analyzing trends, some participants (n=4) noted that 
errors often negated these benefits by requiring extensive verifi-
cation. For straightforward tasks (e.g., sorting a column to find 
the highest or lowest value), participants reported it was faster 
and more trustworthy to perform them manually in Excel using 
their SRs. Although verification was sometimes challenging for 
certain tasks (e.g., visual tasks), all participants acknowledged its 
value in spreadsheet work. They mentioned that AI was particularly 
useful for gaining an overview of the sheet (n=11), understanding 
trends (n=6), completing formula-related tasks (n=5), answering 
data-related questions (n=4), and summarizing data (n=3). For more 
complex or visually intensive tasks, participants (n=8) described 
GenAI as a useful starting point before seeking sighted verification, 

Figure 9: Applying visual formatting (S2T3). Participants 
used a variety of methods for this task, but the most common 
workflow involved manually checking the applied format-
ting with their SR and then turning to different AI tools for 
further verification. Most participants (n=5) said that they 
would use human confirmation as the final step to ensure 
accuracy, regardless of whether errors were detected. 
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as they believed AI outperformed their own ability to handle vi-
sually dependent tasks. As P11 explained: “I would definitely use 
AI for it, for sure. As low as my confidence was in the AI, I have less 
confidence in myself—so especially for something visual, I probably 
would have just had AI do it.” 

Several participants also highlighted that AI tools increased their 
efficiency and fostered a sense of equity, enabling them to work 
on par with sighted peers despite persistent accessibility barriers. 
As P1 shared: “I think it’s been pretty great. Being blind, I was really 
struggling sometimes in a very highly competitive kind of environ-
ment. I always had to work many, many long hours to keep up with 
everyone. But now with AI, I’m so much faster at things that are 
accessible that I don’t mind struggling on a few that are not very 
accessible. I still get a lot more done within the same number of hours 
because I’m just so much better with AI than a lot of other people.” 

Overall, participants weighed potential time savings against the 
verification workload introduced by errors, making speed, effort, 
and reliability central factors in deciding whether to rely on AI or 
revert to manual or alternative verification methods. 

5 Discussion 

5.1 Comparison of Verification Strategies 
Between Blind and Sighted Spreadsheet 
Users 

Our findings show that blind spreadsheet users adopt verification 
practices similar to those reported in studies of sighted analysts 
working with GenAI [35], but they do so under unique constraints 
imposed by SR access. Like sighted users, participants relied on 
quick sanity checks rather than exhaustive validation. For example, 
several participants described manually creating formulas or spot-
checking portions of the values provided in trend analyses. This 
approach extended to data modification tasks: in formula gener-
ation and conditional formatting scenarios, participants typically 
checked one or two rows before assuming the remainder had been 
applied consistently. In some cases, participants asked the same AI 
model to critique its own output. While prior work cautions that re-
lying on language models to audit themselves is an anti-pattern [33], 
some participants used this strategy to surface potential inconsis-
tencies. However, they never relied solely on self-critiques, instead 
combining them with manual spot checks to build confidence in 
the output. Participants with prior programming experience also 
drew on validation practices such as reviewing model’s reasoning 
or code [35]. 

Unlike sighted analysts, who can rely on quick “eyeballing” strate-
gies [35], our participants encountered significant difficulties. To 
access data, they had to navigate tables cell by cell using their SRs, 
which greatly increased the manual effort required for verification. 
The primary challenge involved visually intensive tasks, such as 
interpreting charts, which were impossible to accomplish with a 
SR. Participants could not detect issues with incorrect data points, 
chart formatting, or rendering, even when reviewing the model’s 
reasoning or underlying code. Verification of visual content was fur-
ther complicated by inaccuracies and inconsistencies in secondary 
verification tools, creating multi-step workflows that demanded 
additional time and labor. Together, these findings show that ver-
ification for blind users is not simply a slower version of sighted 

workflows but a qualitatively different, more complex, and layered 
process. 

5.2 Cross-Domain Comparison of Blind Users’ 
Verification Strategies and Trust in GenAI 

In spreadsheet verification scenarios, our participants employed 
methods similar to those used in image verification tasks (object 
and scene descriptions, visualizations), such as asking follow-up 
questions, cross-referencing across devices and applications, testing 
with different models, comparing against known information, and 
seeking human confirmation [2, 4, 29, 59, 66, 73, 74]. 

Our findings also aligned with Tang et al.’s [66] concept of ev-
eryday uncertainty, in which blind people consistently approached 
GenAI outputs with skepticism. Across both data analysis and 
spreadsheet modification scenarios, participants remained cautious 
and did not fully trust GenAI outputs without verification. This 
contrasts with prior work showing that blind users have sometimes 
placed undue trust in AI-generated descriptions [48]. Nevertheless, 
undue trust occasionally surfaced when a different AI tool validated 
and agreed with a GenAI output without exposing inconsistencies. 
Agreement between multiple GenAI tools sometimes led users to 
conclude their verification process and accept inaccurate results 
when the models produced matching outputs. At the same time, 
participants expressed concerns that multiple tools could fail in 
the same way—a concern borne out when different models jointly 
reported formatting changes in a spreadsheet that had not actually 
occurred. Although such agreement did not result in complete re-
liance on the output, it created confusion about which verification 
strategies were dependable and even led participants to question the 
accuracy of trusted methods such as manual verification with SRs. 
Ultimately, this uncertainty motivated participants to seek human 
verification as a final safeguard–a common practice, reported in 
prior work, that is used by blind users in accuracy-critical scenarios 
[4]. 

Our study extends prior research showing that conflicting re-
sults from different GenAI-based verification tools, particularly for 
image descriptions, create uncertainty for blind users [4, 73]. We 
further observed inconsistencies among multiple models within sec-
ondary AI tools (e.g., discrepancies between ChatGPT and Claude 
within Picture Smart AI), which added to participants’ confusion. 
To reduce uncertainty, participants employed dialog-based verifica-
tion strategies, engaging in back-and-forth questioning with other 
AI tools to cross-check and validate accuracy, a workflow similar 
to that identified in the use of external tools for understanding 
surroundings [73]. 

Similar to prior work showing that blind users engage in multi-
step verification when interacting with image descriptions, docu-
ments or web content [2, 29, 59, 66], our participants constructed 
multi-method verification ecosystems that spanned SRs, spread-
sheet features, the same AI model, different AI tools, and, when 
needed, sighted assistance. These workflows reveal how blind users 
mobilized strategies identified in earlier research—such as asking 
further questions (e.g., re-prompting, clarifying questions), cross-
checking, and seeking human help [2, 4, 29]—while integrating 
newer capabilities, including reasoning features and code-based 
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support [32, 55], into their verification processes. In doing so, partic-
ipants extended these practices into the domain of accuracy-critical 
spreadsheet manipulation and data analysis, producing verification 
workflows that were often more complex and multi-step than those 
observed in prior visual-description tasks. 

5.3 Improving Verification to Accommodate 
Blind User Needs 

Although blind users often feel the need to verify each GenAI-
produced output, indicating limited trust in these systems, our 
findings show that this verification requirement does not preclude 
meaningful adoption. Participants noted that for straightforward 
tasks (e.g., using the sort feature to identify the highest value), they 
typically retained their established workflows because these meth-
ods remained more efficient. However, GenAI became especially 
valuable as task complexity increased. Importantly, GenAI helped 
address long-standing accessibility challenges faced by blind spread-
sheet users, including difficulties with obtaining content overviews, 
accessing trend information, generating formulas, and interpreting 
visual formatting [41, 64, 65]—tasks that were otherwise extremely 
difficult, due to cell-by-cell navigation and excessive SR maneuver-
ing, or entirely inaccessible using SRs alone. Even in cases where 
participants anticipated needing human assistance for visually in-
tricate tasks, they perceived GenAI as a valuable entry point with 
greater capability in interpreting visual aesthetics than their own 
knowledge. However, the GenAI verification process introduced 
new challenges for blind users (Section 4.3), which could be miti-
gated through the following improvements: 

5.3.1 Improving Feedback on Visual Tasks. Prior work has exten-
sively documented inaccuracies in visual content generated by 
multimodal LLMs, particularly for charts and tabular structures, 
highlighting their susceptibility to hallucination and misrepresenta-
tion [26, 71, 72]. Consistent with these findings, our study showed 
that GenAI tools produced errors more frequently in visually ori-
ented tasks (15 of 18 error instances), such as chart generation 
and visual formatting, than in data extraction and manipulation 
tasks. Notably, about half of these visual errors went unnoticed by 
participants. 

Although participants supplemented their workflows with ex-
ternal GenAI-based visual assistance tools (e.g., Picture Smart AI, 
Be My AI, Seeing AI), these tools did not reliably flag visual inaccu-
racies in their generated descriptions. As a result, users remained 
unaware of errors such as incorrect chart formatting, truncated 
table cells, or overextended columns. While some issues could be un-
covered through targeted prompting [18], participants often lacked 
the confidence or domain knowledge to formulate such visual-
specific queries. These findings highlight the need to train external 
AI tools with visual error detection capabilities that proactively 
surface issues without requiring expert prompting from blind users. 

Participants also emphasized the value of embedding multiple 
GenAI model image verification directly within their verification 
workflows. Rather than relying on one model for image descrip-
tions [2, 4], they proposed that GenAI systems could automatically 
cross-check visual descriptions across multiple models and high-
light discrepancies. Existing tools like Picture Smart AI already offer 

multi-model descriptions but present each output in isolation, forc-
ing users to manually compare alternative descriptions—an effort 
that is cognitively demanding and prone to oversight, especially 
in tasks that require identifying trends or higher-level patterns 
[59]. Chen et al. [13] demonstrated that surfacing variations across 
multi-model image descriptions, by highlighting agreement and 
disagreement among model responses, can help blind users iden-
tify inaccurate or incomplete image descriptions. This automated 
comparison could be used to identify inconsistencies in spreadsheet-
based visual tasks observed in our study, such as duplicated legends, 
truncated chart regions, or misaligned columns. 

However, our analysis also suggests that surfacing description-
level variations alone is insufficient for spreadsheet-related tasks. 
Unlike general image description scenarios, users must verify not 
only whether different tools’ textual descriptions match the visual 
output, but also whether the visual output itself is accurate rela-
tive to the underlying dataset. Several participants encountered 
charts that mis-plotted values or omitted data entirely—errors they 
were unable to detect. Here, multi-model verification could include 
extracting underlying data points from the generated chart, com-
paring them to the source dataset, and reporting inconsistencies. 
Such cross-checking would benefit both blind and sighted users, as 
chart hallucinations have been widely observed in regular GenAI 
use [38, 60]. 

Additionally, GenAI-based visual assistance tools often operate 
on screenshots, meaning that only a subset of the spreadsheet is 
captured. As with known challenges in photo-based image descrip-
tions [2, 13], this limitation can obscure formatting problems that 
exist outside the visible frame. Multi-model systems that accept the 
entire generated spreadsheet (rather than a screenshot) could detect 
issues such as off-screen misalignments, or incomplete formatting. 

5.3.2 Improving Step-by-step Reasoning. Explainability features, 
such as step-by-step explanations of how a model produces a re-
sponse, are known to improve transparency in spreadsheet tasks [70]. 
In our study, most participants (n=10) found this functionality valu-
able. When blind participants could access the reasoning behind 
a result, they reported greater confidence in its accuracy because 
it helped them confirm that the model had correctly interpreted 
their intent and followed an appropriate process to complete the 
task. However, unlike examining the underlying code, step-by-step 
reasoning alone never provided a single, definitive means of verifi-
cation capable of ensuring full confidence. 

Detailed reasoning in visually intensive tasks was considered 
useful. Although prior research has shown that SR users often find 
it difficult to detect and interpret visual formatting in spreadsheets 
[57], our participants indicated that explanations describing specific 
formatting details, such as styles, colors, or formatting applied to 
particular cells, in the reasoning itself could help them verify tasks 
that sighted users could confirm at a glance. 

Our findings further reveal accessibility barriers to discovering 
reasoning features, extending prior reports of usability challenges 
for SR users of GenAI interfaces [2, 4]. Many participants were ini-
tially unaware that chain-of-thought explanations were available 
until this was pointed out to them. Although the model interfaces in-
cluded this option, it was not easily discoverable with SRs. Because 
tools like ChatGPT begin reading the generated output immediately, 
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any reasoning related controls positioned between the query and 
the response were skipped entirely. To ensure that SR users can 
fully benefit from these features, explainability options need to be 
clearly integrated into the SR navigation flow. 

5.3.3 Prompt Engineering to Support Verification. Our findings 
show that prompting was not a simple one-shot interaction but 
a dynamic, iterative process that became central to blind partic-
ipants’ verification workflows [33]. Consistent with prior work 
describing GenAI prompting as messy and contingent on exper-
imentation [22, 66], our participants, like sighted users, engaged 
in extensive back-and-forth dialogue to clarify outputs, surface 
inconsistencies, and refine requests until they were confident in 
the results. During this process, they employed several distinct 
strategies to support verification: 

• Revealing disability for customized output: Participants fre-
quently disclosed their blindness to obtain responses tailored 
for non-visual verification [66], particularly when request-
ing spreadsheet overviews, detailed visual descriptions, or 
step-by-step SR instructions for performing tasks manually. 

• Prompting for selective views: Participants also crafted prompts 
to generate selective views of underlying data, asking the 
model to output targeted subsets of a spreadsheet. This ap-
proach reduced the need to switch between multiple appli-
cations or navigate large grids to locate relevant data. 

• Asking for self-correction: When they detected discrepancies 
through manual SR checks, participants often informed the 
model of the inconsistency and requested a correction. In 
some cases, they explicitly challenged the AI’s claims to test 
its reasoning. 

Crafting effective verification prompts required substantial meta-
cognitive effort to express goals at the right level of abstraction [47], 
and participants often did not know which questions to ask, partic-
ularly when seeking visual details they could not directly perceive. 
Future GenAI interfaces could better support this process by scaf-
folding follow-up questions or offering prompt suggestions to aid 
blind users. 

6 Limitations 
To observe how blind participants used spreadsheets, GenAI tools, 
and SRs while performing tasks, we asked them to share their 
screens and allowed session recordings. This arrangement may have 
influenced their behavior, prompting them to avoid strategies they 
might typically use when encountering difficulties. Future work 
could employ more creative and unobtrusive methods to capture 
blind users’ natural interactions with GenAI-assisted spreadsheet 
tasks. 

Although some participants (n=5) had limited prior experience 
using GenAI for spreadsheet tasks, such as formula generation, 
none had extensive experience with GenAI-assisted spreadsheet 
workflows. Consequently, our findings may not fully capture the 
verification strategies and challenges that emerge with sustained 
use. Longitudinal studies are needed to explore how SR users adapt 
to GenAI-assisted spreadsheets over time and to identify any en-
during accessibility barriers. 

Our participants reported an intermediate level of spreadsheet 
proficiency on average: only two described their Excel skills as 

advanced and one as a beginner. Expert users may employ different 
verification strategies or workarounds, and future research includ-
ing highly proficient spreadsheet users could reveal additional prac-
tices. Moreover, participants were highly educated, early adopters 
of technology, and primarily from English-speaking countries (e.g., 
the U.S. and Australia), which may limit the generalizability of our 
findings to the broader blind population. Finally, we acknowledge 
our positionality as sighted accessibility researchers, which may 
have influenced our interpretation of blind users’ experiences and 
perspectives when interacting with these technologies. 

7 Conclusion 
We conducted a study with 12 blind screen reader users to explore 
their verification strategies and the challenges they face when per-
forming AI-assisted spreadsheet tasks. We found that verifying 
GenAI outputs required additional time and effort, particularly for 
visually intensive tasks such as chart generation and formatting. 
Participants employed a range of approaches, including manual 
checks, cross AI-assisted verification, external AI tools, prior knowl-
edge, and sighted human assistance, often combining these methods 
in a multi-step workflow to detect and correct errors. 

Our study shows that blind users’ verification workflows are 
not merely slower versions of those of sighted users but are more 
complex and qualitatively different. These findings offer valuable 
insights for designers of GenAI tools and assistive technologies, 
highlighting the need to enhance verification experiences in AI-
assisted spreadsheet tasks. Improving error-identification features 
will better support blind users in independently verifying and work-
ing with information, with benefits for education and employment. 
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A Verification Flows for Tasks 

Figure 10: Formula Generation (S2T1). For this task, partic-
ipants relied solely on manual verification or a combina-
tion of manual and same-AI verification methods. The most 
common workflow involved first checking the generated 
spreadsheet for existing formulas; if formulas were missing, 
participants asked the AI to retain them, then manually veri-
fied their accuracy using Excel features to reveal and inspect 
the formulas (n=3). 
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Figure 11: Chart creation (S1T3). All participants used a combination of AI-based verification methods, involving either the 
same AI model or different models. Most participants (n=5) used alternative AI tools rather than continuing verification 
within the same tool. Encountering errors and accessibility issues often complicated their workflows, resulting in multi-step 
verification processes. Regardless of whether they encountered an error, all participants reported that they would seek human 
assistance to confirm the accuracy of the chart. 
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Figure 12: Detailed verification workflow of P10 during task S2T2 (applying conditional formatting) 
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