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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 particularly problematic
under deadline pressure. We investigated whether visual confidence cues could serve as glanceable verification
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 citation badges. The verifiable condition added color-coded confidence indicators, which
matched quotes to sources (green for strong, yellow for partial, and red for weak match). Our initial results
suggested a verification paradox: despite similar perceived ease of verification across conditions, the verifiable
condition showed higher trust ratings, citation hovers, and source views. In this position paper, we contribute
to the TimelyAI workshop discussion on two topics. Regarding what signals matter, we present evidence that
source-match confidence scores can direct user attention toward uncertain content, while contextual factors,
including time pressure, task stage, and individual differences, modulated signal uptake. Regarding evaluating
intervention effects, the verification paradox suggested that self-report measures alone can miss behavioral effects
of verification interventions, and that evaluation should capture both benefits and costs simultaneously.
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1. Introduction

Al-assisted knowledge workers face challenges due to known problems with Large Language Models
(LLMs). It is widely understood that LLMs hallucinate, generating plausible yet factually incorrect claims
(1, 2, 3, 4]. Further, knowledge workers are known to over-rely on Al outputs even when incorrect
[5,6,7,8,9,10, 11]. Even in the context of professional storytelling, fear of misinformation can reduce
user trust in Al systems for complex narrative tasks where strong accuracy is required in relation to
background research [12]. While Retrieval-Augmented Generation (RAG) can mitigate hallucinations by
incorporating verified external information into the generation process [2, 13, 14, 15, 16, 17, 18, 19], RAG
systems remain vulnerable to ambiguous queries and noisy sources [2, 20, 21], potentially generating
unreliable outputs [16, 22]. These limitations underscore the need for verification support.

Current verification approaches face challenges across both automatic and manual methods. Auto-
matic metrics such as ROUGE [23] show poor correlation with human judgments [24, 25, 26]. Further,
LLM self-evaluation risks evaluation biases [27], and LLM-generated citations can produce incorrect
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references [28, 29, 30]. Zhang et al. [30] propose simplifying verification by training models to quote ver-
batim from sources, yet incomplete verbatim quotes necessitate manual checking. Manual verification,
where users check Al output correctness and decide on refinements [31], introduces different challenges.
Lee et al. [32] documented knowledge workers manually verifying citations and cross-referencing
Al-generated content against external sources. However, the verification process demands domain
expertise to assess source credibility [32], requires time-intensive reading across multiple sources
[33, 31, 32], and increases cognitive burden as users shift from task execution to accuracy checking
[31, 32]. Under deadline pressure or when tasks are perceived as lower-stakes, users risk reduced
critical engagement and verification effort [32, 33]. 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 interactive interfaces [34, 35, 36, 37], such
as clickable sources that support users in identifying inaccuracies [10, 38]. Design for imperfection
research emphasizes strategically revealing system uncertainty to support trust calibration [39, 40].
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. While prior work has examined
what verification support to provide, less attention has been paid to evaluating whether and how such
support effectively supports users during task performance. In this position paper, we draw on empirical
findings from a within-subjects study to address two questions relevant to the TimelyAI workshop
agenda: what signals effectively direct user attention to uncertain Al outputs, and how should the
effects of such verification interventions be evaluated.

We investigated how color-coded confidence indicators combined with clickable verbatim quotes can
support verification in Al-assisted climate storytelling. In a within-subjects study (n = 26), creative
professionals edited scripts with Al assistance. We compared a baseline condition to a verifiable
condition that added color-coded underlines to inline quotes based on source match confidence. Despite
similar perceived ease of verification across conditions, the verifiable condition showed higher trust
ratings, more citation hovers, and more source views. Based on these findings, we contribute to the
workshop discussion in two ways. First, we present evidence that source-match confidence scores serve
as an effective signal for directing user attention to uncertain content, while identifying contextual
factors (e.g., time pressure, task stage, individual differences) can affect signal uptake. Second, we
demonstrate a verification paradox, increased verification engagement without a corresponding decrease
in perceived verification ease rating, suggesting that evaluating verification interventions requires
behavioral measures alongside self-report to capture effects that users may not consciously recognize.

2. Methodology

2.1. System Design

We developed Story Assistant, a web-based system for evaluating 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 [41], a publicly available collection covering topics such as audience
demand, industry insights, and the impact of climate narratives. The system employed LightRAG [19]
for knowledge graph construction and dual-level retrieval. Retrieved entities and text excerpts are posed
to the open-weights model GPT-OSS-120b [42] with fixed parameters (Temperature = 0, Top_P = 1,
Seed = 42) to ensure reproducibility. To support optional exploration of document relationships, the
system also provides a 3D knowledge graph visualization [43].

We first prompt an LLM to generate responses with verbatim quotes and citations (see Appendix B).
Story Assistant operates as a closed-domain verification system [34]: confidence scores measure
consistency between generated quotes and provided source documents, treating content absent from
documents as inconsistent regardless of its factual accuracy [44, 45]. This allows us to center user
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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.

verification interactions against known source materials, without introducing the retrieval complexity
of open-domain fact-checking.

Our verifiable system then translates confidence scores (see Table 1 and Appendix C) 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.
This design builds on prior evidence that color-coded confidence cues can support decision-making
when AI outputs contain errors [46]. Clicking underlined quotes opens the corresponding source
document and scrolls to the exact quoted location (Fig. 1b), enabling users to verify quotes directly
against source materials [10, 38]. Numbered citation badges (1) show metadata on hover (file name,
organization, document type, year) and open the source document on click (Fig. 1a). The system
proactively displays confidence signals for all generated quotes, rather than requiring users to initiate
verification.

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 that displayed metadata on hover and
opened source documents on click. The Baseline condition presented inline quotes as plain text,
while the Verifiable condition rendered inline quotes with color-coded confidence underlines. In the
Verifiable condition, clicking an underlined quote opened the source document at the exact quoted
location (Fig. 1b), with an optional 3D knowledge graph also available for exploration. User studies were
conducted remotely via Microsoft Teams from October to November 2025 with University Research
Ethics Committee approval.

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 of the assigned condition, 20 minutes of script editing, and a 3-minute post-task
survey. In each task, participants used Al assistance to develop at least two climate story suggestions
based on a single-line concept. Two concepts were counterbalanced across conditions: “Europe is hit
by a record-breaking heatwave during a detective thriller” and “A near-future story where Europe
becomes the dominant climate solution leader” Task briefs provided possible exploration directions
but allowed participants to pursue whatever direction they found most valuable (see Appendix D).
Two professional storytellers from the research team refined the task briefs for domain relevance and
clarity. This task design allowed participants to navigate documents as needed, enabling observation of
verification during time-constrained exploration.

We recruited 26 creative professionals (Table 2) through social media. All participants had experience
with climate-related storytelling across television, film, journalism, games, documentaries, theatre,



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 nor- 1.0
malization

Fuzzy match Substantial word overlap with paraphrasing, omissions, or ellipsis- 0.4-1.0
separated quotes

Keyword match  Only isolated keywords matched (>3), indicating substantial deviation <04

from source

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

and interactive experiences. Notably, 17/26 participants had over eight years of experience, and none
reported color vision deficiency. Participants received a 30 GBP Amazon gift card as compensation.

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
Po6  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

2.3. Measures and Data Analysis

Our study employed questionnaires, interaction logs, and interviews. Questionnaires (see Appendix E)
used 7-point Likert scales. For perceived trust, we used the Trust Scale for Explainable AT (TXAI) [47]
with item 6 excluded to avoid negatively worded items [48]. For task experience, we measured perceived
usefulness and ease of use [49]. For verification behaviors, we adapted measures from Kazemitabaar et al.
[31], as we found no validated scales for Al verification behaviors. Interaction logs captured query and
response content, citation hovers, and source document opens and closes across both conditions. Source
view duration was computed as the interval between the source document’s open and close events.
We further categorized views as short (<30s) or long (>30s) to distinguish between quick reference



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) V4 p r
Verification Behavior

Citation Hovers 3.46 (4.22) 21.35(13.45) —4.28 <.001"** .84
Source Views 1.77 (2.54) 258 (2.93) -114 256 .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 Al 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) —225  .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) —224  .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

checks and sustained reading. 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 (see Appendix F).

For quantitative data, we used Wilcoxon signed-rank tests to compare conditions using SPSS 29.0.
This non-parametric approach was chosen given our sample size (n = 26), ordinal Likert-scale data, and
count-based interaction logs. We computed effect sizes r = |Z|/+/N, 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

We compared user ratings between the Verifiable and Baseline conditions (Table 3) using Wilcoxon
signed-rank tests (n = 26). Interaction logs (Fig. 2) captured citation engagement, source document
views, and knowledge graph exploration. Query submission remained stable across conditions (Baseline:
M = 9.46, SD = 4.57; Verifiable: M = 8.31, SD = 3.80; Z = —1.15, p = .251), suggesting the observed
differences reflect verification feature effects rather than changes in query behavior. Knowledge graph
engagement was limited: only 6/26 participants clicked graph nodes (28 total clicks).

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
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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 Duration, (d-e)
Short and Long Views. Each box plot shows median (line), mean (x), interquartile range (box), and
outliers (points).

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 AI (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.

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 = 2.15, SD = 1.67; p = .066), while
frustration marginally decreased approaching significance (Verifiable: M = 2.62, SD = 1.39; Baseline:
M =331,8D = 1.91, p = .058).

Our preliminary qualitative analysis revealed how trust developed through interaction with veri-
fication features. Eight participants reported that trust increased through actively checking sources,
with P22 noting that trust developed gradually: “after a while [...] I then became aware that the reference
system was clear and of a high standard” P20 reported that high confidence scores made them trust
“the references more” However, P15 reported “I felt very confident [...] whatever it’s giving me is quite
verified” and “didn’t walk through it very thoroughly,” raising the possibility that confidence scores may
reduce verification depth for some users.

3.2. Color-Coded Underline Engagement

The Verifiable condition showed a substantial increase in verification 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 condition, color-coded underlines account for 94.6% of citation hovers (525/555) rather than
citation badges. Among participants who hovered on both types (n = 18), low-confidence underlines
received significantly more (Z = —2.72, p = .006, r = .64) hovers per underline (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 manually 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.

Interview data revealed how participants experienced color-coded underlines during verification.
Half of the participants (13/26) reported that color-underlines saved time on source verification, and
6/26 noted that color-coding made confidence levels easy to see. The contrast with Baseline was notable:
in the Baseline condition, 5/26 participants reported skipping verification entirely, with P25 noting
that verification “was going to take me a lot of work” In the Verifiable condition, the same participant
P25 noted that color cues made it “so easy off the bat of what things were red flagging for me,” and P9
described color-underlines as an “easy traffic light system, which I'm slightly obsessed with now.”



Beyond reducing verification effort, color-underlines shaped how participants directed their verifica-
tion behavior. Six participants reported using color cues to guide selective source filtering: assessing
source robustness (P3, P4, P5), deprioritizing low-confidence content (P9, P25), and balancing source
reliability against content relevance (P26). P9 found that color-underlines helped determine “what the
next question was going to be and what path I was going to follow” Additionally, two participants (P5, P8)
reported that color-underlines served as reminders to fact-check Al outputs. P5 described color-coding
as “a really important cognitive move to remind me that I am reading Al information, I'm not just reading
definite facts”

When participants proceeded to verify source content, they described features that reduced the
attentional cost of navigation as particularly useful. Nine participants found click-through access to
sources helpful, and 10/26 valued direct links to exact source locations. P13 valued accessing sources
“without closing my first window [...] side-by-side information I found really useful” P1 reported that “direct
linkage and highlighting of the actual phrase or sentence in the source material” increased verification
confidence.

3.3. Source Document Engagement

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).

Interview data provided context for these source verification patterns. Given the 20-minute task
duration, 11/26 participants reported skipping or deferring verification due to time pressure. P23
described feeling “a bit rushed [...] if I just had more time, I would have been able to verify it properly,
while P7 reported prioritizing the storytelling task over verification, being “more focused on how to tell
the story instead of verifying the information” When sources were checked, 7/26 participants reported
scanning rather than reading fully, with P22 noting scanning sources “looking for keywords” given
limited time. Verification depth also varied by intended use (7/26). P18 noted that fictional brainstorming
was “not looking at factual accuracy at this point, while P8 noted that production-level work “would
actually go to the original source”

3.4. Usability and Dataset Limitations

Our preliminary qualitative analysis documented two main usability concerns that participants reported.
First, 12/26 participants found response density visually overwhelming, with P23 describing quotes
as “a big wall of text” Second, 14/26 participants found the system insufficiently conversational for
creative collaboration, with P13 describing the system as “more an index than an LLM that I can use to
discuss ideas”

Dataset constraints emerged across coverage, recency, and accuracy. 14/26 participants noted that spe-
cific queries exceeded dataset coverage, with geographic underrepresentation concern were mentioned
by 7/26 participants. P20 termed “not enough information” responses as “hard stops,” expecting partial
answers rather than complete refusals since typical Al systems “don’t stop unless ... too confidential
or private” Content quality raised concerns, including factually misleading content (P13, P18, P24)
and outdated sources (P8, P14). P18 flagged hydrogen-related content as “misleading and not factually
correct;” noting that source reports themselves may be inaccurate.



4. Discussion

4.1. What Signals Direct Verification Attention

Our results showed that source-match confidence scores served as an effective signal for directing user
attention toward uncertain Al outputs. Interaction logs indicated that color-coded underlines accounted
for 94.6% of citation hovers in the Verifiable condition, rather than citation badges, suggesting that color-
underlines were the primary driver of verification engagement. Moreover, low-confidence underlines
received significantly more hovers per underline than high-confidence ones, indicating that color-
coding actively directed user attention toward uncertain content rather than simply adding clickable
elements. Post-hoc validation confirmed that 94.0% of medium- and low-confidence quotes were indeed
incorrect, suggesting that text matching provides a meaningful signal for source provenance, warranting
user attention. Beyond directing attention, two participants reported that color-underlines served as
reminders to fact-check AI outputs: P5 described color-coding as sustaining awareness that they were
“reading Al information” rather than “definite facts” These results suggest that confidence-based signals
served two roles in our study: guiding verification effort toward uncertain content, and maintaining
critical engagement with AI outputs. These observations extend design for imperfection research
[39, 40, 10] and contribute to ongoing work on addressing over-reliance concerns [6, 7, 8, 9, 5, 10, 11].

Beyond directing attention within individual responses, our results suggest that confidence signals
influenced how some participants navigated the system more broadly. Participants reported using color
cues to filter sources within responses and deprioritize low-confidence content. For some participants,
this filtering extended to subsequent query strategies: P9 reported that color-underlines helped deter-
mine “what the next question was going to be and what path I was going to follow” When participants did
proceed to verify sources under time constraints, click-through access supported rapid source inspection.
Prior research documents that knowledge workers manually cross-reference Al-generated content
against multiple external sources, consuming considerable time [32]. In our study, 9/26 participants
found click-through access to sources helpful, and 10/26 valued direct links to exact source locations.
P13 described side-by-side source presentation as reducing attention breaks, which occur when opening
separate browser tabs for external source checking. These observations are consistent with prior
findings that clickable sources can reduce over-reliance and help users identify inaccuracies [10, 38].
The significant increase in brief source inspections under 30 seconds in the Verifiable condition further
suggests that glanceable cues triggered verification, and click-to-exact-location then supported source
inspection without requiring users to leave their primary task.

However, user responses to confidence signals varied across individuals, task contexts, and time
constraints, suggesting that the effectiveness of a single always-on signal design depends on contextual
factors. At the individual level, while color-coded underlines converted some participants into active
verifiers (e.g., P25 shifted from skipping verification in Baseline to actively using color cues), nine
participants never opened a source document even when click-through access was available. This pattern
may reflect what Vasconcelos et al. [6] characterize as a strategic decision, where users weigh perceived
verification effort against potential accuracy gains. Time pressure further affects signal uptake: 11/26
participants reported skipping or deferring verification due to the 20-minute task duration, consistent
with documented barriers in which users reduce verification effort under time constraints [31, 32, 33].
At the task level, participants reported less concern for factual accuracy during brainstorming than for
production-level work, aligning with prior work documenting that creative professionals report greater
concern about Al accuracy for tasks requiring factual consistency than for early-stage ideation [12].

These patterns have implications for the workshop question of what signals matter for GenAl
intervention. Our system displays confidence signals for all generated quotes regardless of user state,
operating as an always-on intervention rather than adapting to user needs. User-side signals observed
in our study, including time pressure, task stage, and individual verification tendencies, suggest that
future systems could move beyond always-on designs by using these contextual signals to modulate
intervention strategy. For example, systems might increase signal salience when behavioral indicators
suggest reduced verification engagement under time pressure, or reduce signal density during early-



stage brainstorming, where participants reported lower accuracy demands. However, our study was
not designed to test adaptive intervention, and these directions remain speculative. Future work should
examine how combining system-side confidence signals with user-side behavioral and contextual signals
could support more timely verification interventions.

4.2. Evaluating the Effects of Verification Intervention

Our findings suggest a verification paradox that carries implications for how verification interventions
are evaluated. Participants reported similar ease of verification across the two conditions, yet interaction
logs showed significantly more verification engagement in the Verifiable condition, including a six-fold
increase in citation hovers. This is paradoxical because we anticipated that increased verification
engagement would correspond to higher perceived ease of verification, yet participants reported no
significant difference. Interview data further show this disconnect: half of the participants (13/26)
reported that color-underlines saved time on verification, with 6/26 noting that color-coding made
confidence levels easy to see. As P9 noted, the traffic light color scheme leveraged culturally familiar
visual conventions, allowing reliability assessments through quick visual scanning. Together, these
results suggest that color-underlines prompted source checking that participants may not consciously
recognize as verification, reflecting the core aim of glanceable design: supporting verification without
disrupting primary task focus. This pattern aligns with prior work showing that color-coded highlighting
can prompt users to seek additional information on flagged content, improving decision accuracy without
affecting perceived reliability or experience ratings [46], and differs from cognitive forcing interventions
that require independent judgment at the cost of less favorable subjective ratings [5]. For the workshop
question of how to evaluate intervention timing, this paradox demonstrates that self-report measures
alone can miss the behavioral effects of verification interventions, and future studies should incorporate
behavioral measures alongside subjective ratings.

Evaluating verification interventions also requires capturing both benefits and costs simultaneously.
In our study, the Verifiable condition showed higher trust ratings with increased verification engagement.
However, information overload marginally increased (p = .066), and 12/26 participants found response
density visually overwhelming. While color-underlines supported rapid reliability scanning, inline
verbatim quotes can increase visual density, risking reintroduction of the verification burden that
glanceability aims to reduce. Prior meta-analysis work also underscores that added Al transparency can
increase cognitive load and complicate decision-making [50]. These trade-offs suggest that evaluation
of verification interventions should not focus solely on effectiveness metrics (e.g., engagement, trust)
but should also assess intervention costs (e.g., information overload, task disruption). For future design
iterations, following the “design for imperfection” principle [39], verification support should make
uncertainty visible to caution users about potential flaws, while providing on-demand access for source
provenance evaluation, rather than presenting all verification information by default. One direction
worth investigating involves applying color codes only to citation badges (e.g., (D (2) (3)) while revealing
verbatim quotes only upon hover, reducing default visual complexity while preserving verification
access.

A further evaluation nuance concerns whether verification interventions may inadvertently reduce
verification depth. Eight participants reported that their trust in the system developed through actively
checking sources, with P22 noting that repeated source verification progressively built confidence in the
system’s reference quality. However, P15 reported treating confidence scores as sufficient validation: “I
felt very confident [...] whatever it’s giving me is quite verified” and “didn’t walk through it very thoroughly”
While this observation comes from a single participant and should be interpreted cautiously, it aligns
with a broader pattern documented in prior work: Bo et al. [11] observed that users can paradoxically
increase their confidence following incorrect reliance choices, and Kim et al. [10] found that explanations
can increase user reliance on both correct and incorrect responses. This suggests that evaluation for
future verification interventions should assess not only whether users engage with signals, but also
whether interventions may substitute for rather than prompt deeper checking



4.3. Limitations and Future Directions

Three limitations should be noted. First, our Verifiable condition combined color-coded click-to-source
indicators with a 3D knowledge graph, making it difficult to isolate individual feature effects. However,
engagement with the knowledge graph was limited (6/26 participants; 28 total clicks), as it was provided
as an optional exploration feature without specific task guidance. Meanwhile, color-coded underlines
accounted for 94.6% of citation hovers in the Verifiable condition, suggesting that the observed effects
are more likely associated with the color-coded underlines. Future studies should isolate each feature
to clarify individual contributions. Second, our 20-minute task reflected real-world time constraints but
may have limited verification depth. The 2-minute walkthrough may also have been insufficient for
participants to fully learn the verification features. Longer-term studies are needed to observe how
verification behaviors evolve with sustained use. Third, while post-hoc analysis revealed hallucinated
citations in the Al output, we did not measure participant error detection. This limits our claims: we
demonstrate increased verification engagement, but cannot confirm improved verification accuracy.

These limitations point to future directions relevant to the broader workshop agenda. Regarding how
to combine signals into a timing judgement, our system uses a single system-side signal (confidence scores)
displayed uniformly. Future work could explore combining confidence signals with user behavioral
indicators (e.g., hover frequency, source view duration, query patterns) to determine when and how
intensively to surface verification cues. Regarding intervention timing, our always-on design does not
adapt to user or task state. The contextual factors identified in our study, including time pressure
reducing verification engagement, task stage shifting accuracy demands, and individual differences in
verification tendencies, suggest that adaptive timing of verification interventions could improve their
effectiveness. However, these directions are speculative based on our current evidence, and require
future empirical investigation to determine whether adaptive approaches outperform always-on designs
in practice.

5. Conclusion

We investigated how glanceable verification indicators can support user verification in Al-assisted
climate storytelling. In a within-subjects study (n = 26) with creative professionals, we compared a
baseline condition to a verifiable condition that added color-coded confidence underlines. Our findings
reveal a verification paradox: despite similar perceived ease of verification across conditions, the
verifiable condition showed higher perceived trust ratings and a six-fold increase in citation hovers,
suggesting that color-coded underlines prompted verification behaviors that participants may not
consciously recognize as verification.

We contribute to the TimelyAI workshop discussion in two ways. First, regarding what signals matter,
source-match confidence scores effectively directed user attention toward uncertain content, while
user-side factors including time pressure, task stage, and individual verification tendencies affect signal
uptake. These patterns suggest that future systems could move beyond always-on designs by combining
system-side confidence signals with user behavioral and contextual signals to support more adaptive
verification interventions. Second, regarding evaluating intervention effects, the verification paradox
suggests that self-report measures alone may miss behavioral effects of verification interventions, and
future evaluations should capture both benefits and costs.

However, our results are limited to a single domain with a 20-minute task, and we demonstrate
increased verification engagement without confirming improved verification accuracy. Future work
should isolate individual indicator effects, examine how verification behaviors evolve with sustained
use, and explore whether adaptive intervention timing outperforms always-on designs in practice.
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APPENDIX

A. Formative Interview Questions

Opening Script: Thank you for joining us today. This interview will explore how you currently use
research literature in your script editing process and gather your thoughts on how Al might help this process.
Your insights will directly inform the design of our system.

A.1. Background Questions

« How many years have you been a script editor?
« How many years have you worked on climate storytelling projects?

A.2. Current Workflows and Literature Use

« What does your current process for script editing on climate elements in TV scripts look like?
+ Do you currently use research literature in your script editing work? If so, how do you use it?
« Do you already use any tools to help you navigate research literature?

« What are the most common issues you encounter when using research literature in script editing
on climate elements?

« How frequently do these issues arise—for example, how many times did they occur during your
last experience on using research literature in script editing on climate elements?

« What is the impact of these issues—in terms of additional time or costs for you or your team?

A.3. Future Thinking of Scenarios

Note: At this point, participants were shown a reference slide introducing a research database [41], covering
topics such as Business Rewards, Business Risks, Audience Insights, Industry Insights, and Effects/Impact on
Audiences.
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A.3.1. System Vision & Use Cases

Imagine an Al system designed to help you navigate climate storytelling research literature. How might
such a system support your script editing process?

+ Data Sources: What kind of research literature would you want to access through such a system
(e.g., academic articles, news articles, reports, blog posts)? What data sources are important to
you?

« Usage Scenarios: How would you envision using this tool (e.g., what questions or prompts
might you ask)?

+ Workflow Integration: Would such an Al tool beneficially fit into your workflows? If so, how?

« Other Beneficiaries: Who else might benefit from this tool, and why?

« Evaluate: How would you evaluate the quality of an Al-generated response (e.g., helpfulness,
relevance, accuracy, depth, and level of detail)?

« Concerns: What barriers or concerns would you have around trusting such Al tools?

A.3.2. Trust & Transparency

What would make such an Al tool trustworthy/understandable for you?
+ System Understanding: What would you want to know about how the system works overall?
+ Source Selection: Why does the Al system select specific research literature sources over others?

+ Reliability: How important is knowing the system’s accuracy, reliability, or typical mistakes?
« Key Questions: What questions does the tool need to answer to be trustworthy?

A.3.3. Interaction & Output

« What would you expect the output or feedback from such a system to look like?
« Similar to ChatGPT, or is there another tool you like?

A.3.4. Bigger Picture Al Discussion

« Current Al Integration: Where / how are you already using Generative Al in your everyday
work?

« Al Concerns: What are your concerns about the use of Generative AI?

B. Story Assistant System Prompt

Modified from LightRAG’s official prompt template [19]. We restricted citations to Document Chunks
only and enforced blockquote (>) formatting to enable automated quote extraction and text matching
for confidence score calculation.

---Role---

You are a helpful assistant providing detailed, comprehensive responses. Use ONLY the "content" field from

----Document Chunks(DC)----- for quotes and citations. NEVER quote from "description" fields in
---Entities(KG)----- . Ignore Knowledge Graph for citation purposes.
---Goal---

Generate a comprehensive response based on the provided Document Chunks. Each bullet point MUST contain
2-4 sentences of detailed explanation before the supporting quote. Do not invent information not present
in the Document Chunks.

---Conversation History---
{history}



---Knowledge Graph and Document Chunks---
{context_data}

---RESPONSE GUIDELINES---

*%1. Content & Adherence:**

- Provide comprehensive responses with 2-4 sentences of explanation per bullet point. Include context,
implications, and connections from the Document Chunks.

- CRITICAL: Quote ONLY from "content" text in ----Document Chunks(DC)----- . NEVER quote from "description"
in ---Entities(KG)----- .

- Use ONLY Document Chunks for quotations and citations. Do NOT cite Knowledge Graph entries.

- If you ONLY partially relevant or indirect information in the Document Chunks that could contribute to
an answer, use it to provide the most helpful response possible. Then acknowledge the limitation while
still being informative.

- ONLY when there is absolutely NO relevant or related information in the Document Chunks that could
contribute to an answer, state "Sorry, the dataset does not have enough information to answer this
question". Then explain why the dataset are insufficient for the user's query.

*#%2. Formatting & Language:**
- Structure: Use markdown headings (### Section Title) followed by bullet points (-).
- Each bullet point TWO-LINE format:
- *%*Line 1*+%: 2-4 explanation sentences providing context, significance, and connections.
- *%Line 2+%%: MUST start with ONE > blockquote symbol, followed by verbatim quoted text in double quotes
(""), ending with citation number ONLY in format [n].

Example:
### Section Title
- Your detailed explanation (2-4 sentences) explaining the concept, providing context, and highlighting
significance or connections to broader themes.
> "exact quoted text from document" [1]

- CRITICAL: Every quote MUST begin with > symbol. Copy quotes exactly without edits. Use sequential
citations [1], [2], [3].
- Write in the same language as the user's question.

---CRITICAL SOURCE MATCHING RULE---

When you quote text from a Document Chunk, you MUST:

1. Locate the exact "content" field containing that verbatim text

2. Find the "file_path" metadata associated with that specific Document Chunk

3. Use that exact file_path for the citation reference

Each quote [n] MUST link to the file_path of the Document Chunk where that quote actually appears.

*%3. Citations / References:**
- CRITICAL: For each quote [n], trace back to the specific Document Chunk containing that exact text, then
use its file_path.
- VERIFICATION STEP: Before finalizing, confirm each quoted text appears in the Document Chunk whose
file path you are citing.
- End with a "References" section listing all cited sources:

- [1] 001_2022_filename.md

- [2] 102_2023_filename.md

- [3] 243_2020_filename.md
- Copy file_path character-by-character from the Document Chunk containing the quote (ID_YEAR TITLE
format).

---USER CONTEXT---
- Additional user prompt: {user_prompt}

Response:

C. Confidence Score Calculation

The system computes confidence scores through cascading text matching (Algorithm 1).



Algorithm 1 Confidence Score Calculation

Require: quote Q, source document S

: Normalize both texts (remove markdown, standardize whitespace)
2: Exact match: if Q found verbatim in S — return 1.0

3: Fuzzy match: tokenize into words, compute overlap ratio

4:  confidence « |matched words|/|quote words|

5. if confidence > 0.4 — return confidence
6
7
8

—_

: Keyword match: count keywords (>4 chars) found in S
if >3 keywords match — return ratio (typically <0.4)
: return 0.0 (no match)

D. User Study Task Briefs

D.1. Brief A: Extreme Heat in Europe

Background: You are developing a climate story with the starting concept: “Europe is hit by a
record-breaking heatwave during a detective thriller.”

You have [Interface A/B] to assist you in developing this concept further. [Interface A/B] is an Al
storytelling editor assistant that accesses over 150 pieces of climate communications research.

Your task (20 minutes): Use the Al tool as a resource to explore how you could develop this story
concept further. How you use the tool is up to you. Some possible directions you might consider:

+ You could explore creative ideas and story lines to see how they align with research on effective
climate narratives.

+ See what research and case studies there are

« Ask more general questions around industry approaches to handling environmental issues

+ Explore how climate themes have been successfully integrated into existing entertainment content

« Learn how audiences’ perceptions and behaviours change when they encounter climate story-
telling in media and entertainment

Feel free to take the exploration in whatever direction seems most valuable to you.
Deliverable: Explore and play with [Interface A/B]. Then provide 2 or more story suggestions on
how you could develop this story further based on what you have learned from [Interface A/B].

D.2. Brief B: Europe Leads Climate Solutions

Identical to Brief A, with the alternative starting concept: “A near-future story where Europe
becomes the dominant climate solution leader.”

E. Post-Task Questionnaire

Participants completed the following questionnaire after using each interface condition (Interface A
and Interface B). All items used Likert scales as specified below. Before presenting the questionnaire
items, participants received the following instructions:

Considering your recent experience with [Interface A/B], please respond to the following items.

E.1. Perceived Usefulness and Ease of Use

Response scale: 1 (Unlikely) to 7 (Likely).
Perceived Usefulness:

+ Using [Interface A/B] in my work-related task would enable me to accomplish tasks more
quickly.



+ Using [Interface A/B] would improve my work-related task performance.

« Using [Interface A/B] in my work-related task would increase my productivity.
+ Using [Interface A/B] would enhance my effectiveness on the work-related task.
« Using [Interface A/B] would make it easier to do my work-related task.

« I would find [Interface A/B] useful in my work-related tasks.

Perceived Ease of Use:

+ Learning to operate [Interface A/B] would be easy for me.

+ I'would find it easy to get [Interface A/B] to do what I want it to do.

« My interaction with [Interface A/B] would be clear and understandable.
+ I would find [Interface A/B] to be flexible to interact with.

« It would be easy for me to become skillful at using [Interface A/B].

« I would find [Interface A/B] easy to use.

E.2. Trust Scale for Explainable Al
Response scale: 1 (Strongly Disagree) to 7 (Strongly Agree).

+ Tam confident in the tool. I feel that it works well.

« The outputs of the tool are very predictable.

« The tool is very reliable. I can count on it to be correct all the time.
« I feel safe that when I rely on the tool, I will get the right answers.
« The tool is efficient in that it works very quickly.

+ The tool can perform the task better than a novice human user.

« Ilike using the system for decision making.

E.3. Verification and Control

Response scale: 1 (Very Difficult) to 7 (Very Easy).

« How easy was the Al tool for solving the tasks?

« How easy was it to verify and validate the AI’'s responses?

« How easy was it to intervene and fix the Al whenever it was doing something wrong?
« How easy was it to steer the Al towards your desired solution?

Response scale: 1 (Not at All) to 7 (Extremely).

+ To what extent did you feel in control of the AI's analysis process?

« How successful do you feel you were in achieving accurate and satisfactory results using the AI?

« When working on the tasks, how frustrated did you feel?

+ To what extent did you feel overwhelmed by the amount of information displayed in the Ul
and options that you had?

F. User Study Interview Questions

Opening Script: Thank you for joining us today. This interview will gather your thoughts on your
experience with [Interface A/B] during the task. Your insights will directly inform the design of our system.
F.1. Opening

+ Could you walk me through how you used [Interface A/B] during the task?
« What were you hoping to accomplish when you started?



F.2. System Usage and Workflow

« How did you decide what questions to ask [Interface A/B]?
+ Can you describe how you used the AI's responses in your work?
« Which features did you find yourself using most? What drew you to those?

F.3. Verification and Trust

« When you saw information from [Interface A/B], how did you decide whether to trust it?
« Could you walk me through what you actually did when checking sources?
« How confident did you feel about verifying [Interface A/B]’s answers? What influenced that

feeling?
F.4. System Experience

« What aspects worked well for you?
« What felt frustrating or unclear?
« If you could improve one thing, what would make the biggest difference?

F.5. Closing

+ Can you see yourself using [Interface A/B] in the future? What would make you more or less
likely to?

Participants were then asked if they had any additional comments before the interview concluded.
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