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Figure 1: Screenshots of Baseline and Verifiable conditions. Both conditions include citation badges (a) that open source
documents on click. Verifiable condition adds color-coded underlines (b) indicating quote matching confidence that scrolls to

exact quotes on click.

Abstract

Al-assisted knowledge workers face challenges, including over-
reliance on potentially incorrect outputs and LLM hallucinations.
Manual verification requires time and domain expertise, and is
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particularly problematic under deadline pressure. We investigated
whether visual confidence cues could serve as glanceable verifi-
cation indicators in Al-assisted climate storytelling. In a within-
subjects study (n = 26), creative professionals edited scripts with
Al assistance. We compared baseline and verifiable conditions,
both providing Al-generated inline quotes with numbered cita-
tion badges. The verifiable condition added color-coded confidence
indicators, which matched quotes to sources (green for strong, yel-
low for partial, and red for weak match). Initial results showed that
despite both conditions rating similarly for perceived verification
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ease, the verifiable condition led to higher trust ratings, citation
hovers, and source views. We contribute glanceable verification
indicator designs with empirical evidence of increased verification
engagement and perceived trust in Al-assisted storytelling, with
design implications for verifiable Al systems.
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1 Introduction

Al-assisted knowledge workers face challenges due to known prob-
lems with Large Language Models (LLMs). It is widely understood
that LLMs hallucinate, generating plausible yet factually incorrect
claims [5, 14, 21, 22]. Further, knowledge workers are known to
over-rely on Al outputs even when incorrect [4, 6-8, 24, 41, 48].
Even in the context of professional storytelling, fear of misinfor-
mation can reduce user trust in Al systems for complex narrative
tasks where strong accuracy is required in relation to background
research [40]. While Retrieval-Augmented Generation (RAG) can
mitigate hallucinations by incorporating verified external informa-
tion into the generation process [13, 19, 21, 28, 29, 36, 38, 43], RAG
systems remain vulnerable to ambiguous queries and noisy sources
[9, 16, 21], potentially generating unreliable outputs [37, 43]. These
limitations underscore the need for verification support.

Current verification approaches face challenges across both au-
tomatic and manual methods. Automatic metrics such as ROUGE
[30] show poor correlation with human judgments [12, 15, 32].
Further, LLM self-evaluation risks evaluation biases [42], and LLM-
generated citations can produce incorrect references [1, 31, 47].
Zhang et al. [47] propose simplifying verification by training models
to quote verbatim from sources, yet incomplete verbatim quotes ne-
cessitate manual checking. Manual verification, where users check
Al output correctness and decide on refinements [23], introduces
different challenges. Lee et al. [26] documented knowledge workers
manually verifying citations and cross-referencing Al-generated
content against external sources. However, the verification pro-
cess demands domain expertise to assess source credibility [26],
requires time-intensive reading across multiple sources [23, 26, 46],
and increases cognitive burden as users shift from task execution
to accuracy checking [23, 26]. Under deadline pressure or when
tasks are perceived as lower-stakes, users risk reduced critical en-
gagement and verification effort [26, 46]. This tension between
verification requirements and practical limitations suggests a need
for interaction designs that support verification while reducing
manual effort.

Recent research has integrated verification support into interac-
tive interfaces [17, 18, 25, 27], such as clickable sources that support
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users in identifying inaccuracies [24, 45]. Design for imperfection
research emphasizes strategically revealing system uncertainty to
support trust calibration [11, 44]. We build on this work to propose
glanceable verification indicators: low-attention visual cues that
prompt users to verify sources without disrupting primary task
focus.

We investigate how color-coded confidence indicators com-
bined with clickable verbatim quotes can support verification in
Al-assisted climate storytelling. We conducted a within-subjects
study (n = 26) comparing a baseline condition to a verifiable condi-
tion that added color-coded underlines to inline quotes based on
source match confidence. Despite similar perceived ease of verifica-
tion across conditions, the verifiable condition showed higher trust
ratings, more citation hovers, and more source views. Our research
contributes to the field in three ways. First, we design glanceable
verification indicators that translate confidence scores into color-
coded cues for verifying inline quotes. Second, we provide empir-
ical evidence of verification behaviors in Al-assisted storytelling
contexts with domain-specific datasets. Third, we identify design
tensions between verification support and information overload.
Our findings suggest that glanceable indicators can increase verifi-
cation engagement and perceived trust, extending current thinking
in design for imperfection research [11, 44].

2 Methodology

2.1 System Design

We developed a web-based system, Story Assistant, to support
user testing of glanceable verification indicators in the context
of climate storytelling (Fig. 1). The system addresses the tension
between verification requirements and time constraints through
color-coded click-to-source verification. Story Assistant enables
creative professionals to access 162 climate storytelling research
documents curated by the University of Southern California [2],
implementing LightRAG [19] for knowledge graph construction and
dual-level retrieval. We feed retrieved entities and text excerpts to
the open-weights model GPT-OSS-120b [34], using fixed parameters
(Temperature = 0, Top_P = 1, Seed = 42) for reproducibility. To
support optional document relationship exploration, the system
also provides a 3D knowledge graph visualization [3].

We first prompt an LLM to generate responses with verbatim
quotes and citations (see Appendix A). Story Assistant operates as
a closed-domain verification system [25]: confidence scores mea-
sure consistency between generated quotes and provided source
documents, treating content absent from documents as inconsis-
tent regardless of its factual accuracy [33, 39]. This allows us to
center user verification interactions against known source materi-
als, without introducing the retrieval complexity of open-domain
fact-checking.

Our verifiable system then translates confidence scores (see Ta-
ble 1 and Appendix B) into color-coded underlines (Fig. 1b). Green
underlines (confidence > 0.8) signal strong matches, yellow (0.4-0.8)
indicate partial matches requiring verification, and red (<0.4) mark
weak matches needing manual fact-checking. Clicking underlined
quotes opens the source document and scrolls to the exact quoted
location (Fig. 1b). Numbered citation badges (D) show metadata on


https://doi.org/10.1145/3772363.3798491

Glanceable Verification Indicators for Al-Assisted Storytelling

CHI EA ’26, April 13-17, 2026, Barcelona, Spain

Table 1: Confidence score calculation attempts exact match, falls back through fuzzy to keyword, to determine color-coded

underlines.

Match Strategy Quote Matching Method Confidence
Exact match Verbatim character-level or sequential word match after formatting normalization 1.0
Fuzzy match Substantial word overlap with paraphrasing, omissions, or ellipsis-separated quotes 0.4-1.0
Keyword match ~ Only isolated keywords matched (>3), indicating substantial deviation from source <0.4

Note: Both quote and source text normalized (markdown formatting and punctuation) before matching

hover (file name, organization, document type, year) and open the
source document on click (Fig. 1a).

2.2 User Study Design

We implemented a within-subjects design with two conditions
using identical retrieval and generation settings. Both conditions
provided numbered citation badges. The Baseline condition pre-
sented quotes as plain, non-interactive text. The Verifiable condi-
tion additionally enabled three features: (1) color-coded confidence
indicators for inline quotes, (2) clickable quotes opening source doc-
uments at exact locations, and (3) 3D knowledge graph exploration.

Each 60-minute session began with an introduction, followed
by two counterbalanced tasks (one per condition), and concluded
with a 10-minute semi-structured interview. Each task consisted
of a 2-minute walkthrough, 20 minutes of script editing, and a
3-minute survey. In each task, participants used Al assistance to
develop at least two climate story suggestions based on a single-
line concept (e.g., "Europe is hit by a record-breaking heatwave
during a detective thriller") with open-ended exploration guidance
(see Appendix C). Two professional storytellers refined the task
briefs for domain relevance and clarity. This task design allowed
participants to navigate documents as needed, enabling observa-
tion of verification behaviors emerging during time-constrained
exploration. User studies were conducted remotely via Microsoft
Teams from October to November 2025 with University Research
Ethics Committee approval.

We recruited 26 creative professionals (Table 2) through social
media. All participants had experience with climate-related story-
telling across television, film, journalism, games, documentaries,
theatre, and interactive experiences. Notably, 17/26 participants
had over eight years of experience, and none reported color vision
deficiency.

2.3 Measures and Data Analysis

Our study employed questionnaires, interaction logs, and inter-
views. Questionnaires (see Appendix D) used 7-point Likert scales.
We measured perceived usefulness and ease of use [10], and the
Trust Scale for Explainable AI (TXAI) [20] with item 6 excluded
to avoid negatively worded items [35]. We measured verification
behaviors adapted from Kazemitabaar et al. [23], as we found no val-
idated scales for Al verification behaviors. Interaction logs captured
query and response content, citation hovers, and source document
opens and closes across both conditions. The Verifiable condition
additionally tracked color-underline hovers and knowledge graph
exploration. Semi-structured interviews explored query strategies,
trust assessment, verification behavior, system usability, and future-
adoption intentions.

Table 2: Demographics of the participants in the user study.

ID Age Gender Professional role Experience
P01 35-44 Woman Podcast Producer 4-7 years
P02 45-54 Woman Story Consultant 8+ years
P03 55-64 Woman Story Consultant 8+ years
P04  18-24 Woman Documentary Filmmaker 1-3 years
P05  35-44 Woman Screenwriter/Impact Producer 4-7 years
P06 25-34 Woman Story Consultant 4-7 years
P07  35-44 Non-binary Story Consultant 14 years
P08 45-54 Woman Journalist/Desk Editor 8+ years
P09  35-44 Woman Story Consultant 8+ years
P10 25-34 Man Journalist/Desk Editor 1-3 years
P11 35-44 Woman Game Designer/Writer 8+ years
P12 35-44 Man Documentary Filmmaker 8+ years
P13 35-44 Man Interactive Media Creator 8+ years
P14 35-44 Man Journalist/Desk Editor 8+ years
P15  25-34 Man Documentary Filmmaker 1-3 years
P16 35-44 Woman Story Consultant 8+ years
P17  25-34 Man Story Consultant 4-7 years
P18  45-54 Woman Funder/Executive Producer 8+ years
P19 35-44 Man Documentary Filmmaker 8+ years
P20  35-44 Man Film Producer 8+ years
P21 35-44 Man Funder/Innovation Partner 0-1 year
P22 55-64 Man Film production educator 17 years
P23 25-34  Non-binary = Theater Maker/Producer/Dramaturg 1-3 years
P24 35-44 Woman Documentary Filmmaker 8+ years
P25  35-44 Woman Story Consultant 8+ years
P26  35-44 Woman Game Designer/Writer 8+ years

For quantitative data, we used Wilcoxon signed-rank tests to
compare conditions using SPSS 29.0. We computed effect sizes
r= |Z|/‘/JT], where r = .10, .30, and .50 represent small, medium,
and large effects, respectively. For qualitative data, we extracted
illustrative quotes from transcripts to contextualize quantitative
findings. Detailed thematic analysis is underway for future work.

3 Initial Results
3.1 Trust, Control, and Task Experience Ratings

We compared user ratings between the Verifiable and Baseline
conditions (Table 3) using Wilcoxon signed-rank tests (n = 26). The
Verifiable condition showed significantly higher (p = .036) TXAI
trust ratings (M = 5.11, SD = 0.84) compared to Baseline (M = 4.58,
SD = 1.33). Participants reported that in the Verifiable condition,
it was significantly easier to intervene (Verifiable: M = 4.50, SD =
0.71; Baseline: M = 3.65, SD = 1.23; p = .004) and steer the Al
(Verifiable: M = 4.77, SD = 1.53; Baseline: M = 4.08, SD = 1.94;
p = .025). Task ease ratings (Verifiable: M = 5.35, SD = 1.41;
Baseline: M = 4.50, SD = 1.97; p = .025) and perceived success
(Verifiable: M = 4.69, SD = 1.62; Baseline: M = 4.00, SD = 1.79;
p = .033) both increased significantly.
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Table 3: Within-subjects comparison of quantitative results (n = 26) between Baseline and Verifiable conditions. We calculated
the Mean (M) and Standard Deviation (SD) for each measure and condition, along with the Wilcoxon signed-rank test results
and effect sizes. All measures use 7-point Likert scales. “LIB” stands for “Lower Is Better”, with best results in bold.

Measure Baseline (SD) Verifiable (SD) Z P r
Verification Behavior
Citation Hovers 3.46 (4.22) 21.35 (13.45) —4.28 <.001"* .84
Source Views 1.77 (2.54) 2.58(2.93)  -1.14 256 .22
Source View Duration (s) 105.22 (197.40) 192.31(267.01) -1.35 177 .26
Source Short Views (<30s) 0.35 (0.98) 1.31 (2.13) -2.05  .040* 40
Source Long Views (>30s) 0.62 (1.10) 1.31(1.87) -1.82 069 36
Usability and Trust
Trust Scale for Explainable AI 4.58 (1.33) 5.11 (0.84) -2.10 .036" 41
Perceived Usefulness 4.83 (2.00) 5.32 (1.35) —1.45 .148 .28
Perceived Ease of Use 5.36 (1.11) 5.47 (0.89) —-0.41 .680 .08
Task Ease 4.50 (1.97) 5.35 (1.41) —2.25 .025% 44
Verification Ease 5.19 (1.44) 5.38 (1.20) —0.42 .673 .08
Perceived Success 4.00 (1.79) 4.69 (1.62) -2.13  .033* 42
Controllability
Intervention Ease 3.65 (1.23) 4.50 (0.71) —2.84  .004™ .56
Steering Ease 4.08 (1.94) 4.77 (1.53) —2.24 .025% 44
Perceived Control 3.88 (1.45) 4.50 (1.39) —1.82 .069 .36
Trade-offs
Frustration (LIB) 3.31 (1.91) 2.62(1.39)  -1.90 058 .37
Information Overload (LIB) 2.15 (1.67) 2.88 (1.82) —1.84 .066 .36
*p <.05,*p < .01, *p < .001
60 p<.001"** 1 p=.256 800 p=.177 0 p=.040" o p=.069
w0 i 700 | T 8 ° 7 °
- 600 7 6
40 8 500 6 ° s
L4 5
30 6 400 4 °
4 o
2 | x . 300 N . 3 o —‘7
% 200 X 2 2
0 0 0 0 X 0
Baseline  Verifiable Baseline  Verifiable Baseline Verifiable Baseline Verifiable Baseline Verifiable

(a) Citation Hovers (b) Source Views

(c) Source View Duration (s)

(d) Source Short Views (<30s) (e) Source Long Views (230s)

Figure 2: Per-user verification behavior counts from interaction logs (n = 26) comparing Baseline and Verifiable conditions: (a)

Citation Hovers and Source documents: (b) Views, (c) View Dur
(line), mean (x), interquartile range (box), and outliers (points)

However, perceived ease of verification did not reach significance
(Verifiable: M = 5.38, SD = 1.20; Baseline: M = 5.19, SD = 1.44;
p = .673). Examining potential trade-offs, information overload
marginally increased (Verifiable: M = 2.88, SD = 1.82; Baseline:
M = 215, SD = 1.67; p = .066), while frustration marginally
decreased approaching significance (Verifiable: M = 2.62, SD =
1.39; Baseline: M = 3.31, SD = 1.91, p = .058).

3.2 Citation and Source Engagement

Interaction logs (Fig. 2) captured citation engagement, source docu-
ment views, and knowledge graph exploration. Query submission
remained stable across conditions (Baseline: M = 9.46, SD = 4.57;

ation, (d-e) Short and Long Views. Each box plot shows median

Verifiable: M = 8.31, SD = 3.80; Z = —1.15, p = .251), suggesting
isolating verification feature effects. Meanwhile, only 6/26 partici-
pants clicked graph nodes (28 total clicks), indicating limited 3D
knowledge graph engagement.

The Verifiable condition showed a substantial increase in veri-
fication engagement. Hovers on citations significantly increased
(p < .001) from Baseline (M = 3.46, SD = 4.22, 21/26 users) to
Verifiable (M = 21.35, SD = 13.45, 25/26 users), a six-fold increase
with a large effect size (r = .84). Notably, in the Verifiable condi-
tion, color-coded underlines account for 94.6% of citation hovers
(525/555) rather than citation badges. Among participants who hov-
ered on both types (n = 18), low-confidence underlines received
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significantly more (Z = —2.72, p = .006, r = .64) hovers per under-
line (n = 40, M = 3.24, SD = 4.78) than high-confidence underlines
(n = 486, M = 0.86, SD = 0.49), indicating repeated verification of
uncertain quotes. To validate confidence score accuracy, we manu-
ally post-hoc reviewed all 84 medium- and low-confidence quotes,
representing 6.3% of the 1,340 total generated quotes. Of the 84
quotes reviewed, 79 (94.0%) were confirmed incorrect: 37 fabricated,
36 misattributed, 6 paraphrases, with 5 false positives.

Source views increased from Baseline (M = 1.77, SD = 2.54,
11/26 users) to Verifiable (M = 2.58, SD = 2.93, 17/26 users; p =
.256), with increased source view duration (Baseline: M = 105.22s,
SD = 197.40; Verifiable: M = 192.31s, SD = 267.01; p = .177).
Participants made significantly more brief inspections under 30
seconds in the Verifiable condition (p = .040) compared to the
Baseline condition (Baseline: M = 0.35, SD = 0.98; Verifiable: M =
1.31, SD = 2.13).

Participants’ qualitative feedback reflected engagement with
confidence underlines. P9 described color-underline as an “easy
traffic light system, which I'm slightly obsessed with now,” while P25
noted “humans are so adapted to seeing the red, yellow, green...so
easy off the bat of what things were red flagging for me” P20 found
confidence scores increased trust “when I see 100%...confidence score.”

3.3 Usability and Dataset Limitations

Our preliminary qualitative analysis documented limitations par-
ticipants encountered. P23 noted visual density issues, describing
quotes as “a big wall of text”, requiring less overwhelming presen-
tation. Time constraints limited further verification (P4, P15, P21,
P23). Given more time, participants would read source documents
(P4, P23), Google cross-checking (P4, P15), and manually verify
specific facts (P23). Moreover, participants identified dataset cover-
age gaps. P16 noted missing Global South content despite climate
storytelling being “a global issue” P17 could not get a response to
region-specific data. P20 termed “not enough information” responses
as “hard stops, expecting partial answers rather than complete re-
fusals since typical Al systems “don’t stop unless ... too confidential
or private” P18 flagged hydrogen-related responses as “misleading
and not factually correct] and P23 noted “outdated sources”

4 Discussion
4.1 The Verification Paradox

Our initial findings suggest a verification paradox: participants
reported similar ease of verification across conditions, yet inter-
action logs showed significantly more verification engagement in
the Verifiable condition. These results suggest that color-underline
functioned as glanceable verification indicators, prompting source
checking that participants did not consciously recognize as verifi-
cation. This reflects the core aim of glanceable design: supporting
verification without disrupting primary task focus. As P9 suggested,
the traffic light color scheme leveraged culturally familiar visual
conventions, allowing reliability assessments through quick visual
scanning.

This design directly addresses documented barriers: users reduce
verification effort under time pressure [23, 26, 46]. By integrating
glanceable indicators into the reading flow, the design enables quick
assessments despite time constraints that participants report can
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limit deeper verification. This paradox suggests a rich design space
for future research: exploring a broader vocabulary of glanceable
cues (e.g., color, shape, and position) that support verification en-
gagement without increasing perceived burden.

4.2 Towards Trust Calibration Through
Glanceable Indicators

The dual increase in trust ratings and verification engagement sug-
gests glanceable verification indicators may support trust calibra-
tion. Interaction logs show that low-confidence underlines received
significantly more hovers than high-confidence ones, suggesting
that color-coding actively directed attention to uncertain content
rather than simply adding clickable elements. These findings extend
design for imperfection research [11, 24, 44] and contribute to ongo-
ing work on addressing over-reliance concerns [4, 6-8, 24, 41, 48].
Given the potential of glanceable verification indicators, future
research can extend glanceable verification indicators to other Al-
assisted contexts, such as legal and medical, where accuracy is
critical yet time for verification is limited. Future studies should
explore how varied visual cue designs drive verification across
different expertise levels and task constraints.

However, the marginal increase in perceived information over-
load suggests that maintaining verification support without task
disruption requires careful design balance. As participants indi-
cated, while color-underlines support rapid reliability scanning,
inline verbatim quotes increase visual density, risk reintroducing
the verification burden glanceability aims to reduce. Future work
should balance glanceability against visual density. One possible ap-
proach might involve applying color codes only to citation badges
(e.g., @ 2) (3) while showing verbatim quotes only upon hover.

4.3 Dataset Boundaries and User Expectation
Calibration

Dataset limitations emerged across coverage, scale, recency, and
accuracy dimensions. Participants noted a lack of Global South per-
spectives, frequent empty responses from the 162-document dataset
for out-of-scope queries, and concerns about outdated or inaccu-
rate information. These limitations reflect known RAG challenges
of insufficient retrieved documents [9, 13, 16] and noisy sources
[9, 21]. Our strict prompt design, requiring refusal for out-of-scope
queries, amplified user frustration. Participants encountered “hard
stops” conflicting with expectations shaped by general-purpose Al
systems, even after reading task introductions specifying dataset
scope. This suggests domain-specific datasets with curated sources
address retrieval quality [37, 43] but simultaneously constrain re-
sponse scope, creating friction when systems prioritize accuracy
over responsiveness.

To foster appropriate reliance [8, 24], future work could em-
pirically examine whether users prefer plausible responses over
explicit refusals, and how user tolerance for uncertainty varies
across task contexts. Based on our preliminary results, we suggest
two approaches. First, expand dataset coverage through expert re-
view panels to ensure controlled diversity and quality. Alternatively,
augment the internal dataset with tiered web search, prioritizing
whitelisted reputable sources over general web results. Second,
calibrate user expectations by explicitly acknowledging system
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limitations without frustrating users. This includes providing par-
tial responses with explicit knowledge gap acknowledgments or
suggesting query refinements aligned with system scope. Future
domain-specific tools should balance dataset coverage constraints
with communication strategies that calibrate user expectations.

4.4 Limitations

Three limitations should be noted. First, our Verifiable condition
combined color-coded indicators, clickable quotes, and a 3D knowl-
edge graph, making it difficult to isolate individual feature effects.
However, given the limited engagement with the knowledge graph
(6/26 participants; 28 total clicks), the observed effects are more
likely associated with the color-coded quotes. Future studies should
isolate each feature to clarify individual effects. Second, our 20-
minute task reflected real-world time constraints but may have
limited verification depth. Longer-term studies are needed to ob-
serve how verification behaviors evolve. Third, while post-hoc
analysis revealed hallucinated citations in the AI output, we did
not measure participant error detection. This limits our claims: we
demonstrate increased verification engagement, but cannot confirm
improved verification accuracy. To understand whether increased
verification engagement translates to successful error detection,
future studies should evaluate how varying glanceable indicator
designs affect user verification accuracy against different levels of
system hallucination.

5 Conclusion

We contribute a glanceable verification indicator design that di-
rects attention to uncertain content within Al-assisted climate sto-
rytelling. In a within-subjects study (n = 26), color-underlines
showed increased trust ratings, citation hovers, and source views.
These initial findings suggest that revealing system uncertainty
through familiar visual conventions can support increased verifi-
cation behaviors and perceived trust. Future work should explore
more glanceable verification indicator strategies to support ap-
propriate trust calibration and extend the design for imperfection
research.
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