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Fig. 1: The interface of FYI, a browser extension that enables in-situ data claim fact-checking directly alongside the article under
review. The unified side panel supports a complete mixed-initiative pipeline: (A) Detection via (A1) AI detection or (A2) manual
identification; (B) Verification through four complementary modalities: (B1) Auto Check , (B2) AI Chat , (B3) Table Explorer , and
(B4) Chart Builder ; and (C) Determination via (C1) user-authored verdicts and (C2) corrections and explanations.

Abstract—Data claims—statements grounded in numbers and statistics—are common in journalism and policy reports, yet verifying
them requires significant analytical effort that most readers cannot undertake alone. Existing tools either fully automate verification,
risking blind trust in AI, or relying entirely on manual data exploration with a high cognitive burden. We present FYI, a browser
extension that bridges this gap through four complementary tools within a unified side panel, spanning the spectrum from automation
to user-driven exploration. Using FYI as a design probe, we conducted an exploratory study (N = 22) in which participants verified
claims in a data-driven article while thinking aloud. We find that participants adopted three distinct workflow archetypes—AI-first with
manual confirmation, manual-first with AI supplement, and parallel co-review—with visualization serving as the primary mechanism for
auditing AI conclusions. Trust in AI was not static but shifted dynamically. Specifically, it grew when multiple tools converged on the
same answer and eroded when AI outputs were inconsistent. These findings suggest that fact-checking systems should treat AI as a
starting point rather than a definitive authority, elevate visualization as a core verification capability, and support flexible, user-driven
workflows. We contribute FYI as open-source at https://github.com/DataVisards/FYI.

Index Terms—Fact-checking, data claims, human-AI interaction, design probe, browser extension, visualization.

1 INTRODUCTION

Consider a reader encountering the following statistic in a public health
report: “The risk of death involving COVID-19 was consistently lower
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for people who had received two vaccinations compared to one or
no vaccination” [43]. This is a data claim, a statement grounded in
quantitative evidence from structured datasets [16], routinely found in
data journalism and policy reporting [62]. Unlike textual fact-checking,
which relies on finding corroborating sources, verifying a data claim
requires specialized tools to aggregate, compare, and interpret struc-
tured data. This illusion of rigor makes misrepresented statistics easily
accepted by readers who lack the time or expertise to analyze them.

Systematically addressing this requires a well-established pipeline:
claim detection (identifying check-worthy statements), verification
(evaluating evidence), and determination (reaching a judgment) [18,20].
Detection and verification constitute the analytical core of data claim
fact-checking and serve as our primary focus. Determination, the final
synthesis of evidence into a user-authored judgment, is also considered.

Existing systems span the human-AI spectrum but remain frag-
mented: fully automated pipelines are unreliable on precise numerical
claims [45, 61], interactive analytics platforms impose high cognitive
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burden [33], crowdsourced approaches lack analytical depth [38], and
lightweight browser extensions provide only shallow credibility sig-
nals [5,26] (see section 2 for a detailed review). No unified environment
lets users flexibly move between AI-generated outputs and direct data
examination across the full fact-checking pipeline.

Mixed-initiative systems introduce a fundamental tension: as agency
shifts toward AI, users may accept outputs without examining the data
(automation bias [17, 35, 37]), while full human control risks cognitive
overload [4, 34]. Users must actively decide how much agency to
delegate at each step, constituting a form of trust calibration that may
shift across phases, claims, and in response to prior AI reliability. How
users calibrate this trust when both modalities are available remains
poorly understood in data claim fact-checking.

There is a significant gap in understanding how people actually
behave when fact-checking data claims with multiple modalities si-
multaneously available. What is needed is not another standalone tool
but a design probe—an integrated environment covering the human-AI
spectrum that enables observation of naturalistic fact-checking behav-
iors [47].

To address these gaps, we pursue the following research questions:
• RQ1 (Detection): How do users detect check-worthy data claims?
• RQ2 (Verification): How do users verify data claims?
• RQ3 (Determination): How do users reach and communicate

their fact-checking verdict?
• RQ4 (Human-AI): How do people balance trusting an AI and

staying in control throughout the fact-checking process?
To answer these questions, we designed and developed a prototype

Fact-check Your Information (FYI), a browser extension that embeds
the fact-checking workflow directly within the reading environment via
a unified side panel. For detection, users can manually highlight claims
or use AI detection; for verification, four tools span the automation
spectrum: a fully automated pipeline ( Auto Check ), a conversational
AI agent ( AI Chat ), an interactive table ( Table Explorer ), and a

visualization builder ( Chart Builder ). Users conclude by submitting
a verdict and annotating corrections where appropriate.

Using FYI as a design probe, we conducted an exploratory user study
(N=22) in which participants freely combined these tools to fact-check
data claims in a realistic data-driven article. By logging fine-grained
interaction sequences, including tool transitions, query reformulations,
and verdict revisions, the reading session itself serves as an observa-
tional window into users’ fact-checking process. To contextualize these
system logs with qualitative insights, we concurrently captured think-
aloud protocols and conducted post-study interviews. Our primary
contributions include:

1. Empirical characterization of user sensemaking behaviors, re-
vealing how individuals compose fact-checking strategies and
calibrate confidence across multiple modalities.

2. Concrete design implications for future mixed-initiative fact-
checking systems.

3. An open-source, multi-modal browser extension, FYI (https://
github.com/DataVisards/FYI), designed as an in-situ design
probe to observe data claim fact-checking.

2 RELATED WORK

2.1 From Text Claims to Data Claims
The foundation of automated fact-checking was established primar-
ily within the NLP community, focusing almost exclusively on un-
structured text. The standard verification process is organized into a
three-stage pipeline [20], namely detecting check-worthy statements,
retrieving textual evidence, and predicting a final veracity label. Early
benchmarks such as FEVER [53], LIAR [55] and SciFact [54] oper-
ated strictly within this framework. For text claims, detection typically
involves identifying rhetorical markers or subjective versus objective
framing to determine if a statement is worthy of investigating [25]. Sub-
sequently, the verification phase is treated fundamentally as a natural
language inference (NLI) task, where the core challenge is seman-
tic matching to determine whether a retrieved piece of text entails or
refutes the detected claim [21].

However, data claims, statements grounded in quantitative evidence
drawn from structured datasets, require fundamentally different ap-
proaches. Detecting a data claim requires identifying numerical asser-
tions, statistical summaries, or comparative trends embedded within
prose, and recognizing that these statements implicitly refer to an un-
derlying dataset [29]. Once detected, verifying a data claim demands
a combination of linguistic interpretation and precise analytical oper-
ations such as comparing, counting, and aggregating over table rows
or visual marks [10] to derive the answer from the raw data. Thus,
fact-checking of data claims has inherent higher computational and
cognitive complexity compared to pure text processing.

2.2 Paradigms of Fact-Checking Systems
To address the complexity of data claims, existing system designs have
largely diverged into paradigms along the human-AI spectrum.

One is the fully automated paradigm, which aims to minimize user
effort by delegating complex reasoning entirely to AI. For the detec-
tion phase, models like ClaimBuster [22] and subsequent LLM-based
extractors [39] attempt to automatically flag check-worthy statements
without user intervention. For verification, the field has shifted to-
ward neural-symbolic decomposition strategies. Binder [12] parses
claims into executable SQL or Python expressions, while DATER [59]
decomposes tables into focused sub-tables for LLM reasoning, and
Chain-of-Table [56] applies iterative table operations to evolve evi-
dence through a reasoning chain. Recent end-to-end architectures, such
as Aletheia [16], attempt to automate the entire lifecycle from semantic
parsing to generating interactive data evidence representations, and
multi-agent systems like Thucy [52] deploy specialized LLM agents to
verify claims across relational databases with executable SQL evidence
(achieving 94.3% on TabFact). Despite their computational power,
these fully automated systems primarily operate without a human-in-
the-loop mechanism. When automated reasoning produces an incorrect
or hallucinated result, users are unable to contest the output [7]. Al-
though Aletheia provides interactive widgets for overriding AI-inferred
filters, its user agency remains limited to error correction rather than
open-ended exploration.

On the contrary, the interactive paradigm prioritizes direct data
inspection. DataTales [51] supports LLM-assisted authoring of
data-driven articles with integrated visual evidence, while Emphasis-
Checker [31] empowers users to construct analytical charts to inde-
pendently verify text-chart consistency. Both treat visualization as a
robust modality for active hypothesis testing rather than passive con-
sumption. Meanwhile, visual overviews and raw tabular inspection
serve complementary roles. Kim et al. [32] suggested that rigorous
verification often requires users to drill down into specific table cells
to resolve granular ambiguities. However, this paradigm has a premise
that the user has already detected the claim and formulated a verifica-
tion strategy. Further, relying purely on interactive tools to navigate raw
data and construct visual evidence imposes a relatively high analytical
burden and expertise requirements [4].

Recently, mixed-initiative systems have been intended to bridge
the gap. At the organizational scale, Scrutinizer [30] demonstrated a
structured mixed-initiative approach where the system proposes SQL
query fragments that domain experts validate or correct, with clas-
sifiers improving through active learning from accumulated human
feedback — reducing verification time by over 50%. For individual
users, StatCheck [2] prioritizes user agency by retrieving relevant sta-
tistical databases for journalists, leaving the final verification to the
human. Similarly, real-time streaming interfaces like T-REX [23] high-
light relevant table cells alongside LLM reasoning to make automated
verification more transparent. Despite these advancements, the current
systems for data claim fact-checking remain highly fragmented. Specif-
ically, they are either fully automated, which strips user control, or
highly emphasize manual analytics that overwhelm cognitive capacity.
We currently lack unified environments that support a flexible work-
flow, where users can seamlessly transition between automated and
human-in-the-loop fact-checking.

2.3 Human-AI Sensemaking and Trust Calibration
Bridging the gap between fully automated pipelines and high-effort
manual analytics requires framing data fact-checking as a complex
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Table 1: Comparison of data fact-checking systems across four dimensions: Claim Detection (M1), Claim Verification (M2), Claim Determination (M3),

and Human Agency (M4).

Y = Supported P = Partially Supported N = Not Supported
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ClaimBuster [22] KDD ’17 Y P Y N N N P N N N

TabFact [10] ICLR ’20 N N Y N Y N N N N N

PASTA [19] EMNLP ’22 N N Y N Y N N N N N

DATER [59] SIGIR ’23 N N Y N Y N N N N N

Binder [12] ICLR ’23 N N Y N Y N N N P N

Chain-of-Table [56] ICLR ’24 N N Y N Y N N N N N

RePanda [9] ACL ’25 N N Y N Y N N N N N

Believe it or not [42] UIST ’18 N Y Y N N N Y N Y N

Scrutinizer [30] VLDB ’20 Y P P P Y N Y N Y N

StatCheck [2] CIKM ’22 Y P Y N Y N N N P N

CrossData [11] CHI ’22 Y Y P N Y Y N Y Y Y

DataTales [51] VIS ’23 N Y P N P Y N N Y Y

DataDive [33] IUI ’24 N Y P P Y Y N N Y Y

EmphasisChecker [31] TVCG ’24 Y Y Y N Y Y N Y Y Y

Aletheia [16] UIST ’24 Y Y Y N Y Y Y Y P Y

MisVisFix [13] TVCG ’25 Y Y Y Y N Y P Y Y Y

T-REX [23] ECML ’25 N Y Y N Y Y N Y N Y

FYI (ours) — Y Y Y Y Y Y Y Y Y Y

sensemaking process. Foundational models of sensemaking describe
data analysis as an iterative cycle of information searching, hypotheses
establishing, and evidence synthesizing [46]. In the fact-checking
context, this loop spans both the detection and verification phases.
Users must first go through the text to detect implicit data claims,
and then verify the underlying structured evidence. When interactive
visual tools are combined with raw tabular inspection, they support this
sensemaking loop by making users actively interrogate data.

However, introducing AI into the fact-checking process fundamen-
tally alters user agency. A key challenge in AI-assisted analysis is
that users over-rely on automated outputs instead of carefully seeking
and checking information themselves [17]. In fact-checking scenarios,
users might passively accept the AI verdict or an auto-generated chart
without verifying its provenance, even when the underlying reasoning
is flawed [8]. Conversely, if an AI fails to detect a claim or cannot
explain its verification logic through transparent evidence, users may
lose confidence and exhibit algorithmic aversion [27], entirely rejecting
valid automated assistance and reverting to a fully manual check.

Therefore, effective mixed-initiative systems must be designed to
support trust calibration, the process by which users align their reliance
on the AI with the system’s actual reliability [60]. This requires interac-
tive override capabilities that allow users to recover from AI errors and
re-exert agency [42]. Critically, the reliance level may differ across the
detection and verification phases [63]. For instance, AI claim detection
may be accurate yet incomplete, while AI verdicts may be fluent but
numerically incorrect. Users, therefore, need to calibrate trust based
on the detailed scenarios. Furthermore, the benefits of explainability in
automated fact-checking remain contested; Lim and Perrault [36] found
that only one out of five tested XAI modalities marginally improved
user performance, while graphical explanations may paradoxically an-
chor users to the AI’s framing rather than encouraging independent

verification. A recent review of human-AI decision support [49] further
warns of a “fluency trap” where conversational AI interfaces inflate
perceived understanding and trust without reliably improving decision
quality, underscoring the need to evaluate whether multi-modal ver-
ification tools genuinely improve judgment or merely shift reliance
patterns.

While existing research studied the fact-checking workflows and
tool usages of professionals [28], empirical studies on normal readers
remain exceedingly scarce. Specifically, because users rarely have
access to a fully integrated toolset, there is a profound deficit in our
understanding of how they actually behave. We lack empirical evidence
on how users orchestrate strategies, divide agency, and calibrate trust
when automated and interactive tools are simultaneously available.
This critical empirical gap motivates the deployment of FYI as an
in-situ design probe to observe and characterize these multi-modal
behavioral dynamics and sensemaking strategies in real-world reading
environments.

2.4 Design Gaps and Positioning
As summarized in Tab. 1, the comparison is structured around our
detection–verification–determination pipeline extended with a human
agency dimension, which collectively motivated FYI’s design.

From the top half of the table, the NLP systems lack agency and
determination. The top half of the table highlights a structural limita-
tion of automated NLP pipelines. With very few exceptions (such as
Binder’s partial AI override or ClaimBuster’s limited manual inputs),
these systems largely lack support for Claim Determination (M3) and
Human Agency (M4). Furthermore, they largely ignore manual claim
selection, treating detection as an automated preprocessing step rather
than a user-driven behavior. Because these models are evaluated against
static benchmark inputs rather than interactive use cases, interactive



operations and multi-tool orchestration fall entirely outside their design
scope.

From the bottom half of the table, the HCI systems lack conversa-
tional and automated depth. These visual and mixed-initiative systems
excel at providing human agency. CrossData and EmphasisChecker
successfully empower users with multi-tool orchestration, AI overrides,
and in-situ annotation, while Aletheia provides multi-tool evidence
and partial AI override through interactive filter correction. However,
this agency often comes at the cost of automated depth. For instance,
DataTales and DataDive offer only partial support for AI-assisted fact-
checking, leaving a relatively high analytical burden for users. More
critically, across both the NLP and HCI paradigms, natural language
dialog remains largely absent. While Scrutinizer offers structured
query-based interaction and DataDive allows optional free-form text in-
put, only MisVisFix [13] provides a multi-turn chat interface — though
it targets misleading visualization correction rather than data claim
verification against structured evidence.

This matrix underscores the unique positioning of FYI. It is
the only system designed to provide wide coverage across the en-
tire human-AI spectrum. By introducing natural language dia-
log( AI Chat ) alongside automated verification( Auto Check ), tabu-
lar inspection( Table Explorer ), and visual analytics( Chart Builder ),
FYI bridges the gap between the computational power of NLP pipelines
and the user-centered agency of HCI tools. This unified architecture
provides the necessary foundation for our exploratory user study, allow-
ing us to empirically observe how users orchestrate these previously
fragmented modalities to fact-check data claims.

3 SYSTEM DESIGN

FYI is a Chrome extension that embeds the complete investigation
workspace in a side panel alongside the article under review.

3.1 Design Goals
Drawing on prior work in automated fact-checking [16, 20], interac-
tive data exploration [24, 33], and analytical provenance [3, 40], we
identified three design goals.

DG1: In-situ integration. Existing fact-checking tools often re-
quire users to leave their reading environment [50], incurring context-
switching costs [48]. FYI should embed the full investigation
workspace in the browser as a side panel, allowing users to verify
claims while reading the article.

DG2: Multi-modal verification. Data claim verification is rarely re-
ducible to a single technique [16]: AI pipelines accelerate evidence
retrieval but may hallucinate [45, 61], tabular inspection reveals precise
values, visualizations expose distributional patterns, and web search
provides external corroboration [1]. FYI should offer multiple comple-
mentary tools so that users can triangulate evidence across modalities.

DG3: Human agency and provenance. Recent work highlights the
risk of over-reliance on AI outputs during fact-checking [14, 35, 37].
FYI should keep the user as the primary decision-maker: AI provides
evidence and suggestions, but verdicts are always user-submitted. The
system should also log all interactions to enable post-hoc analysis of
verification workflows and trust calibration.

Together, these goals shape FYI as a design probe: DG1 embeds the
workflow in context, DG2 spans detection and verification modalities,
and DG3 captures interaction data for analyzing trust calibration.

3.2 System Overview
FYI is implemented as a Chrome extension with a side panel that
hosts the investigation workspace alongside the article under review,
communicating with a backend API for LLM-powered claim detection
and verification.

The user workflow maps onto the detection–verification–
determination pipeline:
1. Detection. The user activates FYI on an article page, uploads CSV

datasets as grounding data, and initiates claim detection—either
via the AI pipeline or by manually highlighting passages. Detected
claims are highlighted in the article (subsection 3.3).

2. Verification. The user selects a claim and investigates it using four
complementary tools (subsection 3.4), triangulating evidence across
AI and manual modalities.

3. Determination. The user submits a judgment (verified, misleading,
or unverifiable) with confidence and severity ratings, and optionally
provides a textual correction for misleading claims (subsection 3.5).
All AI-powered components (claim detection, Auto Check , and
AI Chat ) use GPT-4.1 [44] via OpenRouter, except web search which

uses Perplexity Sonar; all prompts are included in the supplemental
materials (Sec. 8).

3.3 Claim Detection
Claim detection supports both automated and manual pathways, span-
ning the human-AI spectrum. AI-powered detection offers speed and
coverage, while manual curation preserves user agency and captures
claims that automated methods may miss—such as implicit compar-
isons or domain-specific assertions. Providing both enables observation
of how users divide detection labor between themselves and AI.

AI-powered detection. Data claims are often embedded in flowing
prose in ways that casual readers may not recognize as verifiable [16],
so automated detection lowers the entry barrier and ensures broad
coverage. An LLM classifies each sentence as a potential data claim,
defined as a natural-language statement whose veracity depends on a
specific dataset. Detected claims are highlighted directly in the article
and listed in the side panel for investigation.

Manual claim curation. AI detection can miss claims that depend
on context, domain knowledge, or subjective judgment about what is
worth checking, so users need to supplement and override. Users can
select any text passage on the article page, triggering a floating toolbar
with a “Mark as claim” option (DG3). User-added claims always take
priority: when a manual claim overlaps an AI-detected claim in the
same text region, the AI claim is automatically suppressed. Conversely,
users can dismiss AI-detected claims they consider irrelevant, but AI
cannot modify or remove user-added claims. This asymmetry ensures
that human judgment always supersedes automated detection, while
dismissal patterns provide a behavioral signal of disagreement with AI.

3.4 Verification Tools
The investigation workspace provides four complementary tools (DG2),
each accessible as a tab within the side panel. Users can switch between
tools freely, and the system tracks tool-usage sequences and dwell time
per claim (DG3).

The four tools span a spectrum from fully automated
( Auto Check ) through user-directed AI ( AI Chat ) to fully
manual ( Table Explorer , Chart Builder ), enabling observation of
how users compose verification strategies.

3.4.1 Auto Check
Auto Check provides a zero-effort baseline, executing a four-step

streaming pipeline: (1) resolving references to make the claim self-
contained, (2) generating and executing verification code (Binder-
inspired [12]), (3) producing an interactive Vega-Lite evidence chart,
and (4) outputting a verdict badge with confidence, a claimed-vs-actual
comparison, and natural-language reasoning. Steps are available in a
collapsible view, and a “Follow up in AI Chat” button seeds deeper
exploration in AI Chat .

3.4.2 AI Chat
While Auto Check produces a single predetermined analysis, users
often need to ask follow-up questions, explore alternative interpreta-
tions, or seek external corroboration—tasks that require flexible, user-
directed AI assistance. AI Chat provides a multi-turn conversational
interface for this open-ended verification. The system prompt includes
the article content, the selected claim, and metadata for any uploaded
datasets. Users can toggle two capabilities to control the scope of AI
involvement:



• Web Search enables the model to query external sources for corrob-
oration beyond the dataset; results are rendered as numbered inline
citations with clickable source links.

• Data Analysis grants the model access to Python code execution via
client-side Pyodide, with datasets pre-loaded as pandas DataFrames.
This allows multi-step statistical analysis, aggregation, and computa-
tion within the conversation.

3.4.3 Table Explorer
AI-generated summaries can obscure the underlying evidence, so

Table Explorer provides direct, unmediated access to the raw dataset,
enabling users to inspect specific values rather than relying on AI
interpretations. Users can sort by any column, apply categorical fil-
ters (checkbox multi-select) or quantitative filters (range sliders), and
paginate through large datasets.

3.4.4 Chart Builder
Both Table Explorer and Chart Builder operate without AI, but

Chart Builder demands the highest analytical effort: users must de-
cide what to plot, how to encode it, and how to interpret the result.
Following the shelf-based encoding paradigm of Voyager [57,58], users
build Vega-Lite charts by dragging dataset fields onto encoding shelves
(x, y, color, size), selecting mark types (bar, line, point, area), and ap-
plying aggregation functions (e.g., average, median, count) and filters.
Multiple chart tabs allow parallel exploration of different hypotheses
for the same claim.

3.5 Verdict and Correction
The verdict form serves as both a decision endpoint and a data col-
lection instrument: by capturing not only the judgment but also the
reasoning and tool attribution, it enables post-hoc analysis of how dif-
ferent evidence sources map to different decision outcomes. Users
submit a judgment (verified, misleading, or unverifiable), a 7-point con-
fidence rating, and a ranked list of which tools were helpful during the
investigation (ordered from most to least helpful). For misleading and
unverifiable claims, users additionally provide a severity rating (1–7)
and an explanation; misleading claims also support an inline correction
where users edit the original claim text to reflect the accurate version.

3.6 Interaction Logging
To enable the design probe analysis (DG3), FYI records every user
action as a timestamped event. The event schema covers 25 event
types spanning the full pipeline: claim detection and dismissal, tool
invocations and toggle changes, data exploration actions (sorting, fil-
tering, chart encoding changes), chat exchanges (messages, responses,
tool calls), and verdict submissions with all associated metadata. At
session completion, the system exports a JSON artifact containing the
full event log, all claims and verdicts, and session summary metrics.
This granular provenance data enables reconstruction of each partic-
ipant’s complete verification workflow—which tools were used for
which claims, in what order, and with what outcomes—supporting the
behavioral analyses reported in section 5.

4 STUDY

We conducted an exploratory study to examine how participants fact-
check data claims when multiple AI and manual tools are simultane-
ously available. Designed as a design probe evaluation [24], the study
addresses our four research questions by observing detection strategies
(RQ1), verification workflows (RQ2), verdict formation (RQ3), and
trust calibration between human and AI modalities (RQ4).

4.1 Participants
We recruited 24 participants through university mailing lists and re-
search group networks. Two were excluded due to data loss (one miss-
ing session logs, one missing session recording), yielding a final sample
of 22 (14 male, 8 female; 12 aged 18–24, 10 aged 25–34). Participants
held Bachelor’s (10), Master’s (5), or PhD (7) degrees from disciplinary
backgrounds including computer science, HCI, data science, and en-
gineering. Self-reported prior experience with data visualization was

high (M = 5.68/7, SD = 1.09), and daily use of generative AI tools
was near the ceiling (M = 6.18/7, SD = 1.14). Participants reported
moderate fact-checking experience (M = 4.18/7, SD = 1.44), while
familiarity with the article’s topic was mixed (M = 3.68/7, SD = 1.94).
All participants provided informed consent, and we handled data in
accordance with standard ethical practices for low-risk, non-clinical
human-subjects research. Each participant was compensated HKD $75
for their time.

4.2 Materials
We adopted a data-first approach, selecting the dataset before drafting
the article to ensure experimental control.

Dataset. A movie industry dataset containing 1,724 films (1996–2018)
with eight attributes (title, worldwide gross, production budget, release
year, content rating, running time, genre, and IMDb rating) was con-
structed from publicly available sources [41]. The movie domain was
chosen for broad accessibility without requiring specialized knowledge,
while the attributes support diverse verification operations (filtering,
aggregation, cross-group comparison, and correlation). The full dataset
is included in the supplemental materials (Sec. 8).

Article. Grounded in the dataset, we authored a movie industry analysis
article covering box-office performance, ratings, and genre patterns,
designed to resemble typical data-driven journalism. The article embed-
ded claims that varied in both verification outcome (verified, misleading,
and unverifiable) and operational complexity: easy claims could be
checked through straightforward retrieval or sorting, medium claims
required cross-group comparison or aggregation, and hard claims in-
volved interpreting broader patterns or recognizing that the available
data were insufficient. This design was intended to trigger a range
of verification strategies rather than a single pathway. Beyond these
embedded claims, participants were free to detect and investigate addi-
tional claims using AI detection or manual highlighting. The article is
included in the supplemental materials (Sec. 8).

4.3 Procedure
Each session lasted approximately 60 minutes and was conducted
remotely via Zoom. The study followed three phases.

Phase I: Onboarding and warm-up (20 min). Participants received
a brief introduction to data claims and a guided walkthrough of FYI’s
interface, followed by a warm-up task to reach a baseline level of
proficiency with each tool before beginning the main task.

Phase II: Main task (30 min). Participants were presented with the
movie article and its grounding dataset. They first identified data
claims—either by running AI detection, manually highlighting pas-
sages, or both—and then freely used any combination of FYI’s four
tools to verify those claims. Because interaction logs alone cannot
capture the reasoning behind tool choices or trust judgments, partic-
ipants followed a concurrent think-aloud protocol [15], verbalizing
their reasoning, hypotheses, and motivations for switching between
tools throughout the task. For each investigated claim, they submitted a
verdict (verified, misleading, or unverifiable) along with a confidence
rating (1–7), a severity rating, and a ranked list of which tools they
found helpful.

Phase III: Post-study questionnaire and interview (10 min). After
the main task, participants completed a questionnaire covering demo-
graphics, prior experience, perceived helpfulness of each tool (7-point
Likert), the NASA Task Load Index (NASA-TLX; 7-point scale, six
dimensions), and the System Usability Scale (SUS; 10 items, 5-point
scale). The session ended with a semi-structured interview probing four
topics: claim detection strategy, verification strategy, tool switching
triggers, and tool utility with AI trust preferences. Interview questions
are included in the supplemental materials (Sec. 8).

4.4 Data Collection and Analysis
FYI logged all user interactions as timestamped events, capturing
2,250 events across 25 event types. From these logs, we derived a



Table 2: Per-participant summary (P03 and P10 excluded due to data
loss; see section 4). Claims = total claims investigated; Verdicts =
submitted verdicts; Confidence = mean self-reported confidence (1–7);
Duration = session length in minutes.

ID Claims Verdicts Verified Misleading Confidence Duration

P01 5 5 3 0 5.20 21.7
P02 15 11 6 2 6.45 26.3
P04 12 6 4 0 6.17 28.4
P05 6 6 3 2 7.00 24.8
P06 8 5 4 1 6.40 25.8
P07 5 5 4 1 6.80 33.3
P08 4 4 4 0 7.00 27.1
P09 9 7 5 0 6.43 30.9
P11 6 6 6 0 6.67 22.0
P12 4 4 4 0 7.00 12.5
P13 5 5 3 2 6.80 23.8
P14 6 6 3 2 5.33 25.9
P15 14 9 7 1 6.33 22.5
P16 6 6 3 3 6.67 18.9
P17 7 6 4 1 4.67 24.9
P18 6 6 5 0 6.00 15.8
P19 6 6 5 1 5.83 27.7
P20 13 7 5 2 6.57 30.4
P21 7 7 5 1 6.00 22.0
P22 5 5 4 1 6.60 26.1
P23 7 6 4 2 6.83 17.6
P24 5 5 4 1 7.00 26.3

Mean 7.3 6.0 4.3 1.0 6.35 24.3

Table 3: Tool usage summary. Claims = claims where the tool was used
at least once; Users = participants who used the tool; Most Helpful =
percentage of verdicts selecting this tool as most helpful; Helpfulness =
post-task rating (1–7 Likert).

Tool Claims Users Most Helpful Helpfulness

Auto Check 90 (57.7%) 18 (82%) 22.6% 5.59 (±1.05)
AI Chat 91 (58.3%) 21 (95%) 35.3% 5.14 (±1.55)
Chart Builder 105 (67.3%) 22 (100%) 30.1% 5.59 (±1.50)
Table Explorer 45 (28.8%) 21 (95%) 12.0% 5.27 (±1.28)

per-participant metrics file (22 rows, 64 columns) aggregating session-
level measures with questionnaire responses, and a master event table
(2,250 rows) preserving all raw interactions.

For qualitative analysis, think-aloud protocols and interview tran-
scripts were analyzed using thematic analysis [6]. Three researchers
independently read all transcripts, produced per-participant memos,
and iteratively developed themes through constant comparison across
three coding passes. Themes were then discussed and consolidated to
reach consensus. The resulting themes are integrated with quantitative
findings in section 5.

5 RESULTS

The following analysis combines interaction logs, self-reported metrics,
think-aloud protocols, and post-study interviews. We organize findings
around the four research questions, preceded by a behavioral overview.
Table 4 summarizes the qualitative themes identified through thematic
analysis, which structure the narrative in each subsection.

5.1 Overview
Participants highlighted 161 claims across all sessions (88 AI-detected,
73 manually added). 5 were dismissed, leaving 156 actively investigated
claims. Across the 22 participants, 133 verdicts were submitted, 95
verified (71.4%), 23 misleading (17.3%), and 15 unverifiable (11.3%).

Session durations ranged from 12.5 to 33.3 minutes (M = 24.3, SD=
5.0), with participants investigating 7.3 claims on average (SD = 3.2)
and submitting 6.0 verdicts (SD = 1.6). Individual differences were
pronounced. The number of verdict ranged from 4 (P08, P12) to 11
(P02), and P08 and P12 investigated only AI-detected claims while P02
and P15 manually added numerous claims (Tab. 2).

System usability was rated “good” (SUS M = 74.1, SD = 13.4)
with moderate cognitive load (NASA-TLX M = 3.1/7, SD = 0.7), con-
firming that the multi-tool design was feasible without overwhelming
participants.

5.2 RQ1: How Do Users Detect Data Claims?
Thematic analysis of interview responses identified two primary detec-
tion strategies.

AI-first detection (15/22; Tab. 4). The majority of participants used
AI detection as an efficient starting point, then supplemented with
manual scanning. As P01 noted, “I was lazy, I was reluctant to pick the
claims one by one.” However, few treated AI detection as sufficient.
For instance, P11 let AI find four claims, then manually added two
more. Trust in AI detection was moderate even within this group. P09
observed that AI “always detect a very, very long sentence” rather than
accurate claim boundary, requiring manual adjustment.

Manual-first detection (7/22; Tab. 4). A smaller group systematically
scanned for quantitative cues such as numbers, superlatives, and com-
parators before running AI as a check. P02 explained, “I don’t want to
be too dependent on using the AI, so first I just do it manually.” Data-
savvy participants (P02, P04, P15) consistently preferred this approach,
with P15 finding manual highlighting faster than AI’s processing time.

5.3 RQ2: How Do Users Verify Data Claims?
All four verification tools achieved broad adoption (Tab. 3). On average,
participants used 3.7 out of 4 tools (SD = 0.48, range: 3–4). When
measuring per-claim adoption (a tool being used at least once per in-
vestigated claim), Chart Builder , AI Chat , and Auto Check saw
comparable frequencies (90–105 claims each), while Table Explorer

was used less frequently (45 claims). Despite the frequency difference,
post-task helpfulness ratings were uniformly positive (M > 5.0/7 for
all tools).

Three workflow archetypes. Think-aloud protocols and interviews
indicated that users’ tool usage reflected distinct verification strategies,
instead of random switching (Fig. 2). The most common strategy was
AI-first, manual confirmation (9/22; Tab. 4). These participants initiated
their process with Auto Check or AI Chat to establish a baseline
verdict, subsequently verifying the findings through Chart Builder or

Table Explorer . As P12 explained, “AutoCheck and AIChat have the
same result. . . then I double-check with Chart Builder to make sure.”
Conversely, a second group favored manual-first, AI as supplement
(6/22; Tab. 4). P24 described this sequence that “after I see the chart,
I can have 90% to make sure I’m having the correct answer. Then I
will use AutoCheck to finish the rest 10%.” Notably, P15 never used
AI for verification, entirely relying on manual approach. A third group
engaged in parallel co-review (4/22; Tab. 4), running AI and manual
tools simultaneously. P14 clarified this strategy as treating AI as a
collaborator, “set it on, like, a sub-agent kind of mode, and then do
my own thing, and then converge to see if we come up with the same
verdict.”

Importantly, these archetypes were not fixed traits. Users adapted
their strategies based on system reliability and growing familiarity. For
instance, P13 initially relied on an AI-first approach but pivoted to

Chart Builder -dominant after Auto Check gave an incorrect ver-
dict. By contrast, P24 began with manual exploration but gradually
incorporated Auto Check as a background process as his comfort
level increased. The sequential tool flow (Fig. 3b) confirms this flu-
idity. Auto Check dominated the initial verification step (65/131
sequences) but yielded to AI Chat and Chart Builder in Step 2–3.

Table Explorer was used less frequently early on, as it provided lim-
ited support for aggregation-focused claims. Overall, tool transitions
were primarily driven by a desire for triangulation and confidence-
building rather than dissatisfaction with the initial tool. Just as P21
mentioned, “It’s not abandoning, it’s more about reinforcing the claim.”

Claim complexity drives tool selection (8/22; Tab. 4). While workflow
archetypes describe the macro-level sequencing of verification, partici-
pants actively tailored their specific tool choices to the analytical de-
mands of each claim. Simple lookups (rankings, specific values) were
typically directed to Table Explorer , while comparative claims in-

volving averages or trends naturally mapped to Chart Builder . More



Table 4: Qualitative themes from thematic analysis of think-aloud protocols and post-study interviews (N = 22). Themes are not mutually exclusive;
participants may appear in multiple themes. PIDs enable cross-referencing with Tab. 2.

RQ ID Theme n Participants

RQ1: Detection T1 AI-first detection, manual supplement 15 P01, P05, P06, P07, P08, P09, P11, P12, P16, P17, P19, P21, P22, P23, P24
T2 Manual-first detection, AI as recheck 7 P02, P04, P13, P14, P15, P18, P20

RQ2: Verification

T3 AI-first workflow, manual confirmation 9 P01, P08, P11, P12, P16, P17, P19, P21, P23
T4 Manual-first workflow, AI as supplement 6 P02, P04, P15, P18, P20, P24
T5 Parallel co-review 4 P07, P14, P19, P22
T6 Claim complexity drives tool selection 8 P02, P04, P05, P08, P13, P17, P18, P23

RQ3: Verdicts
T7 Visual evidence as stopping criterion 10 P01, P02, P05, P07, P13, P14, P19, P20, P22, P24
T8 Multi-tool convergence as confidence signal 10 P05, P08, P12, P14, P17, P19, P20, P21, P22, P24
T9 Claim decomposition and statistical reasoning 15 P02, P04, P05, P07, P09, P12, P13, P14, P17, P18, P19, P20, P22, P23, P24

RQ4: Trust
T10 Trust builds through convergence, erodes through inconsistency 12 P05, P07, P08, P12, P13, P14, P17, P19, P20, P21, P22, P24
T11 Transparency modulates trust 6 P06, P17, P20, P21, P22, P24
T12 AI initiates, human decides (dominant reliance model) 13 P01, P05, P07, P08, P09, P11, P12, P14, P17, P18, P20, P21, P22
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Fig. 2: Tool interaction timeline for each participant. Each dot represents
one tool event; diamonds mark verdict submissions. Diverse temporal
patterns emerge: some participants interleave tools throughout (P007,
P020), while others cluster tool use in distinct phases (P12, P23).

complex statistical claims (e.g., correlations) frequently led to a hybrid
approach. Users relied on AI Chat for the underlying computations,
followed by Chart Builder for visual confirmation. Claims requir-
ing external context beyond the provided dataset were either routed
to AI Chat for web searches or simply deemed unverifiable. No-
tably, Table Explorer was rated least useful by nearly half of the
participants (10/22). This was primarily due to its lack of aggrega-
tion capabilities, while “most of the claims involve aggregation” (P13).
Thus, Table Explorer limits its role to initial schema exploration and
simple lookups.

5.4 RQ3: How Do Users Reach Verdicts?
Participants reported consistently high confidence across all verdict
types (M = 6.31/7, SD = 1.20), spending an average of 33.6 seconds
(SD = 15.2) for each verdict. As shown in Fig. 3a, confidence was
comparably high for verified (M = 6.6) and misleading (M = 6.3)
claims, but notably lower for unverifiable ones (M = 4.8, SD = 1.78),
reflecting the inherent uncertainty of that judgment. Thematic analysis
identified three mechanisms driving participants’ final determinations.

Visual evidence as stopping criterion (10/22; Tab. 4). Visual clar-

ity from Chart Builder frequently served as the ultimate verification
endpoint, with participants finding self-constructed charts inherently
more convincing than AI-generated outputs. In 55 instances, users
deliberately launched Chart Builder after Auto Check completed,
using charts to audit AI conclusions. P02 noted, “If the chart already
supported, or dismiss the claim, then I can confidently say that I’ve al-
ready verified it.” However, this created a usability–confidence paradox.
Participants with lower visualization literacy (e.g., P17, who found
charting "too much of a mental task", avoided Chart Builder entirely)
were forced to rely entirely on AI tools they trusted less.

Multi-tool convergence (10/22; Tab. 4). Alternatively, participants
ceased investigation when multiple tools aligned. P19 illustrated this
layered confidence as “If both these agents give me correct answer, I’m
mostly sure it is correct. If additionally I’m able to plot it on the chart
by myself, then it is 100% correct.”

Claim decomposition and statistical reasoning (15/22; Tab. 4).
Reaching a verdict required substantive analytical reasoning beyond
tool operation. Participants actively decomposed complex sentences
into testable sub-claims (P17: "there are two claims within the claim")
and debated statistical nuances like correlation versus causation or
mean versus median. Furthermore, they successfully recognized when
claims required external context beyond the provided dataset, correctly
labeling them as "unverifiable."

5.5 RQ4: How Do Users Calibrate Trust Between AI and
Manual Tools?

Across the 88 claims where Auto Check produced a suggestion and
the participant also submitted a verdict, the AI suggested 70 verified, 17
misleading, and 1 unverifiable. Participants’ final verdicts on the same
claims were broadly aligned (63 verified, 20 misleading, 5 unverifiable;
Fig. 3a), suggesting that Auto Check ’s framing influenced decisions.
However, participants overrode the AI toward unverifiable in 5 cases
where it suggested only 1, indicating selective override when evidence
was insufficient. Thematic analysis revealed three trust-related themes.

Convergence builds trust, inconsistency erodes it (12/22; Tab. 4).
Trust calibrated dynamically with experience. Alignment between AI
and manual tools boosted confidence, while numerical inconsisten-
cies, even with directional agreement, quickly eroded it. For exam-
ple, P17 found different Pearson correlations from Auto Check and

AI Chat : “why are the numbers not consistent?” Moreover, first im-
pressions proved critical. P13 permanently abandoned Auto Check

after an initial incorrect verdict. Interestingly, participants evaluated dif-
ferent output modalities independently, often trusting Auto Check ’s
textual conclusions while disregarding its frequently generated broken
or incorrectly scaled charts.

Transparency modulates trust (6/22; Tab. 4). Participants trusted
AI more when its reasoning process was visible. P20 preferred

Auto Check because “it shows the steps. . . so it feels more con-
trollable,” while P22 deeply inspected AI Chat ’s Python code to
verify its underlying logic. With the exposition of intermediate opera-
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Fig. 3: AI agreement and sequential tool transitions. (a) Comparison of Auto Check ’s suggested verdicts with participants’ final verdicts on the
same 88 claims where both exist. Close alignment for verified and misleading suggests anchoring; divergence in unverifiable indicates selective
override. (b) Sankey diagram of sequential tool usage across 131 claim-investigation sequences. Auto Check dominates Step 1; AI Chat and

Chart Builder rise from Step 2 onward; most sequences conclude by Step 5–6.

tions, the process visibility could empower users to calibrate their trust
based on comprehensible evidence rather than blind faith.

AI initiates, human decides (13/22; Tab. 4). The dominant reliance
model positioned AI as an initial assessor, with human retaining final
decision-making authority. For instance, P18 said “I prefer AI doing the
initial. But not the end result.” However, the strictness of this human-in-
the-loop behavior varied significantly with reliance, which was heavily
influenced by participants’ professional backgrounds. Individuals with
high data literacy, such as AI/data professionals (P04, P12, P15) actively
minimized their use of AI to maintain strict analytical control. In
contrast, participants with lower data literacy (e.g., P16, P23) were far
more willing to surrender this control, leaning toward full AI delegation
rather than independent verification.

6 DISCUSSION

Our findings suggest that navigating the detection–verification–
determination pipeline is a highly dynamic process when multiple
modalities are simultaneously available. We discuss what these behav-
iors reveal about multi-tool orchestration, human-AI complementarity,
and trust dynamics, and distill these observations into design implica-
tions for future mixed-initiative fact-checking systems.

6.1 The Pipeline in Practice
FYI was designed around a linear detection–verification–determination
pipeline (DG1–DG3), yet participants rarely followed this strict se-
quence. In practice, the boundaries between detection and verification
largely dissolved. Participants frequently discovered additional check-
worthy claims during verification phase, making them return to the
text and manually highlight new statements. Verification itself proved
deeply iterative. Participants actively decomposed complex claims,
switched tools to test alternative interpretations, and occasionally re-
vised earlier verdicts upon encountering contradictory evidence. This
cyclical behavior aligns with sensemaking theory [47], demonstrating
that in-situ fact-checking relies on fluid alternation between information
foraging and synthesis rather than a rigid forward progression.

The design probe methodology was essential for capturing this com-
plexity. Because FYI embedded all tools within the reading context
(DG1), we could observe transitions that would be invisible in systems
offering only a single verification modality. The interaction logs (DG3)
enable us to observe that users actively resist prescribed procedural
orders, while they construct distinct workflows dynamically shaped

by the inherent complexity of the claim and their evolving trust in the
system.

6.2 Human-AI Complementarity and Visual Auditing
A central insight from our study is that participants did not treat AI
and manual tools as substitutes, but as complements serving distinct
epistemic roles. The emergence of diverse workflow archetypes—AI-
first with manual confirmation , manual-first with AI supplement , and
parallel co-review, reflects different strategies for distributing cognitive
labor across the human-AI spectrum.

This multi-strategy behavior extends findings from interactive fact-
checking systems such as WebSeek [24] and DataDive [33], where
users combined extraction, tabular inspection, and chart construction.
By introducing generative AI into the toolkit, FYI created a richer space
for strategy composition. Notably, no single workflow dominated and
strategies fluidly shifted within individual sessions. This heterogene-
ity strongly argues that verification systems should support flexible
composition rather than prescribing a fixed optimal process.

Crucially, visualization emerged as a distinct verification modal-
ity, not merely an auxiliary feature. Participants frequently launched

Chart Builder after Auto Check completed, using self-built charts
to audit AI conclusions. This pattern extends the emphasis-checking
paradigm [31] by revealing a deeper cognitive preference. Users ac-
tively utilized visualization tools as an instrument of oversight. They
explicitly valued the agency of constructing their own evidence over
passively consuming AI-produced summaries.

6.3 Trust Dynamics and the Usability-Confidence Paradox
Our results reveal trust as a dynamic process that shifts with accumu-
lated experience rather than a stable individual trait [60]. Trust built
through cross-tool convergence, but easily eroded when outputs were
numerically inconsistent even if directionally correct, and in extreme
cases collapsed permanently after a single AI error. These dynamics
extend prior work on trust calibration by showing that in multi-tool
environments, users evaluate output modalities independently, often
accepting AI’s textual conclusions while dismissing its flawed visual
charts.

While high overall confidence and close alignment with AI sug-
gestions (Fig. 3a) raise valid concerns regarding automation bias and
anchoring effects, the AI initiates, human decides reliance model shows
users actively attempting to maintain final authority. However, this



resistance is gated by data literacy, resulting in a critical usability-
confidence paradox. Participants who found chart construction too
cognitively demanding were forced to rely on automated AI tools that
they inherently trusted less. This highlights a significant vulnerability
that a lack of visualization literacy directly compromises a user’s ability
to safely audit algorithmic outputs. Furthermore, we found that process
visibility such as inspecting generated code acted as a powerful trust
modulator, enabling more selective and appropriate override behaviors.

6.4 Design Implications
Based on these empirical insights, we propose four implications for
future mixed-initiative fact-checking systems.

DI1: Design AI as an initial guide, not a definitive authority. The
dominant AI initiates, human decides pattern suggests that AI is most
effective when providing an investigative starting point. Systems should
present AI outputs as provisional hypotheses that actively invite hu-
man verification, instead of definitive verdicts that require significant
cognitive effort to override.

DI2: Elevate visualization as a core auditing modality. Given its crit-
ical role in post-AI verification, user-constructed visualization provides
a unique agency and interpretive confidence that AI-generated evidence
cannot substitute. Fact-checking systems should integrate visualization
authoring as a primary capability, and consider AI-assisted chart sug-
gestion to lower the entry barrier for users with limited visualization
literacy.

DI3: Support flexible, cross-modal workflow composition. The
fluidity of the observed three workflow archetypes argues against rigid,
step-by-step verification wizards. Systems should provide independent,
composable tools that users can freely arrange and interleave according
to the specific complexity of the claim and personal expertise.

DI4: Make AI reasoning and uncertainty visible. Because process
transparency directly modulated trust calibration, future systems must
move beyond opaque final outputs. Exposing intermediate reasoning,
data queries, and underlying computation steps, alongside confidence
scores, to support informed calibration over blind acceptance or algo-
rithmic aversion.

7 LIMITATIONS AND FUTURE WORK

While our design probe provides rich behavioral insights, several factors
constrain the scope of our findings.

Domain and sample. The study used a single article in the movie
domain with one accompanying dataset. Verification strategies may
differ substantially in domains such as finance or public health, where
claims involve multi-table joins, real-time data, or specialized domain
knowledge. Our university-affiliated participants reported high visual-
ization literacy (M = 5.68/7) and AI familiarity (M = 6.18/7), which
may not represent casual readers or populations with lower data liter-
acy. The observed workflow diversity may therefore underestimate the
challenges faced by less experienced users.

Accuracy and ground truth. We embedded claims of known veracity
in the article, but 75 additional user-detected claims were drawn from
factually accurate content and were not designed to include errors. The
71.4% verified rate and high confidence (M = 6.31/7) could reflect
genuine accuracy or systematic overconfidence—possibly amplified by
anchoring on Auto Check ’s suggestions (Fig. 3a). Without ground-
truth labels for all investigated claims, we cannot disentangle these
possibilities. Future studies should embed claims with known ground
truth at controlled difficulty levels.

System and model dependence. All AI-powered components rely
on GPT-4.1, whose outputs vary with model version, prompt design,
and stochastic sampling. Known limitations in LLM numerical reason-
ing [61] and hallucination [45] affected participants’ trust dynamics
(e.g., Auto Check producing broken charts). The multi-tool design
partially mitigates this by providing non-AI verification paths through

Table Explorer and Chart Builder , but findings may not generalize
to other model families or future model versions.

8 CONCLUSION

We presented FYI, an in-situ browser extension, spanning the human-
AI spectrum from fully automated verification ( Auto Check ) through
user-directed AI assistance ( AI Chat ) to unmediated data exploration
( Table Explorer , Chart Builder ). Using FYI as a design probe, we
conducted exploratory study (N = 22) that revealed that fact-checking
is not a linear pipeline but an iterative sensemaking process. Instead of
passively accepting AI verdicts, participants constructed heterogeneous
workflows, including AI-first with manual confirmation, manual-first
with AI supplement, and parallel co-review. Visualization proved as
a primary auditing mechanism, with users actively building charts to
verify AI conclusions. Trust calibrated dynamically based on cross-
tool convergence and process transparency. These findings indicate
that future fact-checking environments should avoid rigid, single-tool
designs. By treating AI as an initial guide, prioritizing visual authoring,
and supporting adaptable workflows, systems can effectively balance
automated efficiency with the depth of human judgment. We contribute
FYI as open-source at https://github.com/DataVisards/FYI.

https://github.com/DataVisards/FYI


SUPPLEMENTAL MATERIALS

FYI is available as open-source software at https://github.com/
DataVisards/FYI. Supplemental material is available in PCS (the
IEEE Xplore digital repository) and includes (1) a video demonstration
of FYI outlining its claim detection, multi-tool verification, and verdict
submission workflows, (2) the study article and movie dataset used in
the evaluation, (3) all LLM prompts for claim detection, Auto Check ,
and AI Chat , (4) the interview protocol and questionnaire, and (5)
the interaction log analysis scripts and figure generation code.
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