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Abstract—Exploratory data visualization tools often prioritize effciency over refective thinking, leaving users vulnerable to cognitive 
biases and superfcial analyses. This capacity for refective thinking, specifcally, the ability to monitor one’s own analytical process, is 
known as metacognitive awareness, yet it remains largely unsupported in visualization design. In this paper, we investigate two potential 
interventions for improving metacognitive awareness: Socratic prompting, which triggers refection through contextual questioning, 
and visualizing interaction traces, which surface behavioral patterns to support self-monitoring. We conducted a between-subjects 
study (N=36) comparing contextual Socratic prompts delivered via Wizard-of-Oz and a bias-aware visualization interface that surfaces 
interaction traces against a control condition. We measured metacognitive awareness before and after completing a visualization 
exploration task using an adapted Metacognitive Awareness Inventory (MAI). Contrary to our expectations, we observed a signifcant 
decrease in MAI scores for participants in the interaction trace group, while the Socratic group and control group showed no signifcant 
decline. Our fndings reveal how certain design features intended to support awareness may instead lead to cognitive overload, 
distraction, or superfcial engagement, ultimately diminishing it. This work contributes empirical support for the growing body of work on 
promoting refection with visualizations, highlighting the importance of evaluating interventions not only for their intended effects but 
also for their unintended consequences. All Supplemental Materials are available at https://osf.io/bnamf. 

Index Terms—Metacognition, Metacognitive Awareness, Visual Analytics, Socratic Questioning, Interaction Trace, Refective Thinking 

1 INTRODUCTION 

Visual analytics tools are designed to accelerate the process of data 
exploration and insight discovery [36, 57]. By offering interactive 
visualizations, these tools enable users to rapidly flter and aggregate 
to examine large datasets, transforming raw numbers into actionable 
understanding. Prevailing design philosophies prioritize effciency 
by reducing the number of clicks, minimizing cognitive load, and 
streamlining the path from question to answer [27, 62]. However, this 
emphasis on speed and ease of use may carry an often-overlooked 
cost: the erosion of refective thinking. When users interact with a tool 
that prioritizes effciency, they may fall into cognitive traps such as 
confrmation bias [38], prematurely settling on an initial interpretation 
without exploring alternatives. They may passively accept whatever 
patterns emerge rather than actively questioning the data’s provenance 
or limitations, heightening the likelihood of spurious conclusions and 
false discoveries [74]. 

Central to combating these tendencies is a cognitive capacity known 
as metacognitive awareness [18, 60], the ability to monitor, evalu-
ate, and regulate one’s own thought processes during an analytical 
task. Much of the effort in visual analytics research has focused on 
improving the tools themselves via designing better encodings [40, 42], 
smarter interactions [28], and more powerful algorithms [35]. Yet 
this tool-centric perspective implicitly treats the human as a passive 
recipient of insight rather than an active reasoning agent whose own 
cognitive processes are equally worthy of support. In the context of 
visual analytics, this capacity is consequential: because insights are 
constructed interactively through a sequence of user-driven choices 
(e.g., what to flter, what to encode, what to compare), the quality of the 
fnal analysis depends not only on the data or the tool, but on whether 
the user can critically refect on those choices as they make them. A 
user with high metacognitive awareness might pause to ask themselves: 
Am I interpreting this correlation correctly? What assumptions am 
I making? Have I considered alternative explanations? Without this 

self-monitoring, even powerful visual analytics tools may risk ampli-
fying rather than correcting analytical blind spots. This capacity for 
self-refection is widely recognized as a cornerstone of effective learn-
ing [75], problem-solving [19], and reasoning [20]. Yet, despite its 
importance, metacognitive awareness remains largely unsupported by 
the design of contemporary visual analytics interfaces. 

To address this gap, we consider ways of prompting metacognitive 
awareness. In this work, we consider simple visual cues known as 
interaction traces, visual representations of a user’s analytic behavior 
presented as real-time feedback within the interface, which have been 
shown to support self-monitoring in visual analytic systems [43, 70]. 
Lumos, for example, is a tool that captures and displays interaction 
history using both in-situ techniques (at the place of interaction) and 
ex-situ techniques (in a separate, external view), promoting refection 
upon analytic intentions and infuencing subsequent interactions [43]. 
Beyond the visualization community, we can also consider lessons 
from education. For centuries, the Socratic method – a dialectical ap-
proach to inquiry in which an instructor guides learners toward deeper 
understanding through systematic questioning rather than direct in-
struction – has served as a powerful pedagogical approach to foster 
critical thinking and self-refection [13]. Rather than lecturing or pro-
viding direct answers, a Socratic instructor poses probing questions, 
e.g., how do you know? What evidence supports your claim? These 
questions compel learners to examine the foundations of their own 
reasoning. This process of guided self-interrogation has been shown to 
cultivate deeper understanding [61], expose hidden assumptions [52], 
and promote enduring intellectual habits [55]. 

Recent work suggests that these frameworks may be promising for 
visualization systems [8]; however, to our knowledge, no work has yet 
attempted to measure the metacognitive benefts of a visual analytic 
intervention. In this paper, we explore whether these two interven-
tions, Interaction Traces and Socratic Prompting, can promote 
metacognitive awareness during visual data exploration. We con-
ducted a preregistered between-subjects study1 with N=36 participants 
across three conditions: (1) a Socratic prompting condition (SOCRATIC 

Group), where participants received contextual, Wizard-of-Oz ques-
tions designed to encourage refection; (2) a bias-aware visualization 
interface condition (INTERACTION TRACE Group), which incorporated 
visualized interaction history intended to make users conscious of po-
tential biases; and (3) a control condition (CONTROL Group), where 
participants used a standard visualization tool without any additional 

1https://aspredicted.org/688y-m289.pdf 
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interventions. We measured metacognitive awareness using an adapted 
version of the Metacognitive Awareness Inventory (MAI) [60], a vali-
dated instrument commonly used in educational research. Our fndings 
ran counter to our initial expectations. Participants in the Interaction 
Trace Group showed a signifcant decrease in MAI scores, suggesting 
that the intervention intended to heighten awareness may have inad-
vertently diminished it. Meanwhile, participants in the Socratic and 
Control groups showed no signifcant change in MAI scores. 

Through analysis of interaction logs, participant-generated insights, 
and follow-up interview responses, we found that certain design fea-
tures intended to support awareness may have instead led to unintended 
consequences such as cognitive overload, distraction, or superfcial 
engagement, paradoxically undermining the very processes they aimed 
to cultivate. These results contribute empirical support for the growing 
body of work on promoting refection with visualizations and introduce 
challenging confounds for increasing metacognitive awareness. 

2 RELATED WORK 

This section reviews literature surrounding metacognitive support dur-
ing data exploration, covering metacognitive awareness in learning 
science, awareness support in visualization, and the effcacy of Socratic 
questioning. 

2.1 Metacognitive Awareness 
Metacognition refers to the awareness and regulation of one’s own 
cognitive processes [18, 60]. It encompasses two broad dimensions: 
knowledge about cognition (i.e., understanding one’s own thinking pat-
terns and strategies) and regulation of cognition (i.e., the ability to plan, 
monitor, and evaluate one’s approach during a task) [60]. In education 
and learning science, metacognitive awareness has been consistently 
identifed as a predictor of learning quality and problem-solving effec-
tiveness [64, 71], as learners who actively monitor their reasoning tend 
to detect errors earlier and achieve stronger outcomes [46]. 

Chen et al. likewise conceptualized visualization as a learning pro-
cess, and reviewed work on metacognition in the visualization commu-
nity [8]. Their recent systematic survey revealed that metacognition 
is rarely a focal construct in the visualization community. Most rele-
vant work addresses metacognitive concepts implicitly through related 
constructs such as bias awareness [16, 43, 70], sensemaking [56], or 
reasoning [7]. One notable exception is work by Schlieder et al., who 
presented a method for measuring metacognitive understanding in 
visualization learning with deceptive bar charts, fnding that such un-
derstanding positively infuences learning over time and subsequently 
proposed a model of metacognitive processing for visualization de-
sign [59]. 

2.2 Awareness in Visualization 
In open-ended visual data exploration, analysts must go beyond identify-
ing patterns to assess whether their approach is suffcient, whether they 
have considered alternative perspectives, and whether their conclusions 
are supported by evidence [23]. Prior research has sought to support this 
refective process through several distinct ways. First, bias detection 
and mitigation research focuses on employing computational metrics to 
monitor user behavior against statistical benchmarks [3,45,66–68], fag-
ging potentially biased interaction patterns before they lead to fawed 
conclusions [43, 70] or utilizing system-level design interventions such 
as highlighting superior alternatives to counteract decision-making bi-
ases like the attraction effect [14,15]. Additionally, systems often make 
awareness visible by externalizing users’ analytical behavior through 
embedded visual cues. For example, “scented widgets” enhance stan-
dard UI controls (e.g., sliders) with usage-based information scent to 
guide navigation [72]. Interaction traces extend this idea by recording 
the sequence of a user’s actions, such as the data points they hover, click, 
or flter, and comparing these patterns against the underlying data dis-
tribution to reveal where attention has been unevenly allocated [43, 70]. 
Lumos, for instance, logs and replays interaction histories through 
in-situ and ex-situ cues so that analysts can retrospectively inspect 
which subsets of data they over- or under-explored [43], while Wall 
et al. quantify deviations between observed and expected interaction 

coverage to surface latent attentional biases, such as toward particular 
genders or political leanings [70]. Building on these traces, subsequent 
work compares user-modeling techniques for predicting interaction 
and detecting exploration bias [25], and pairs visual feedback with 
additional modalities such as haptics [49]. Yet these traces are typically 
framed around bias and coverage. How rendering one’s own analytic 
process inspectable shapes a user’s internal metacognitive state remains 
unexamined, motivating the Interaction Trace condition in our study. 

2.3 Socratic Questions 
Socratic questioning is a method of guided inquiry with roots in philo-
sophical pedagogy [53]. Rather than providing direct answers or correc-
tive feedback, it prompts individuals to examine their own assumptions, 
articulate their reasoning, and evaluate the adequacy of their conclu-
sions [48, 50]. 

Empirical evidence supports the effectiveness of Socratic question-
ing in clinical and educational settings. In cognitive behavioral therapy, 
it is considered a cornerstone technique for guided discovery [10, 50], 
and Vittorio et al. [65] found that it mediates symptom reduction 
through cognitive change, with stronger effects among individuals 
who began with lower skill levels. In educational settings, Socratic 
questioning has been associated with improvements in critical thinking 
and metacognitive awareness [29, 73]. 

Despite this established body of work in education and clinical 
settings, Socratic questioning has received little empirical investigation 
in the context of visualization. Our study addresses this gap by adapting 
Socratic prompts to support metacognitive awareness during interactive 
visualization tasks. 

3 APPARATUS 

This section presents the materials that formed the basis of our ex-
perimental manipulation and measurement. We begin by introducing 
Lumos, the visualization platform that served as the foundation for all 
three conditions. We then describe the development of our Socratic 
questions and conclude with the instruments used to assess metacogni-
tive awareness and visualization literacy. 

3.1 Interface: Lumos 
In this study, we built upon Lumos [43], a visual data analysis tool 
originally designed to increase awareness of analytic behaviors through 
interaction traces, as a platform for comparing three experimental 
conditions. We chose Lumos because its interaction trace features 
directly operationalize the bias-aware feedback we sought to investigate; 
additionally, its base interface served as a neutral platform for the 
Socratic and Control conditions (detailed in Section 4.1), ensuring that 
any observed differences could be attributed to the interventions rather 
than interface variability. We introduce the original design of Lumos 
here and specify how the interface features differed across conditions 
in Section 4.1. 

The Lumos system employs two complementary visualization tech-
niques to provide real-time feedback about user analytic behavior: (1) 
in-situ interaction traces that appear directly at the place of interac-
tion, and (2) ex-situ interaction traces presented in external views for 
comparative analysis. All conditions share identical core visualization 
functionality including interactive scatterplot manipulation, categori-
cal and numerical fltering capabilities, encoding panel controls, and 
detail-on-demand information display, while varying exclusively in 
their awareness feature confgurations: 
Core Functionality: The interface provides standard visual data analy-
sis components including a Data Panel (Fig. 1, A ) showing the loaded 

controls for chart creation (sup-
dataset, an Attribute Panel B displaying attribute lists with data types, 
an Encoding Panel C with dropdown 
porting scatter plot, strip plot, bar chart, line chart), a Filter Panel D 
with range sliders and multiselect dropdowns, a Visualization Canvas 
F for rendering charts, and a Details View G showing additional 

information upon interaction with visualization elements. This system 
served as the interface for the CONTROL group. 
In-Situ Interaction Traces: The system tracks user interactions with 
visual representations and provides immediate feedback through color 



 

 

  
        
        

 
 

 
  

   

encoding J . Visualization elements (points, bars, strips) in the orig-
inal interface are colored on a white → blue scale based on relative 
frequency of interactions, with dark blue representing high interaction 
frequency and white indicating no interactions. Similarly, attributes 
in the Attribute Panel receive color coding based on usage frequency, 
and the Details View updates table row background colors when users 
interact with aggregate visualization elements. 
Ex-Situ Interaction Traces: Ex-situ traces are aggregated in a separate 
Distribution Panel I , which presents comparative visualizations of 
user interaction patterns against underlying data distributions through 
attributes colored on a red → green scale. Red backgrounds indicate 
signifcant deviation from target distributions while green backgrounds 
indicate similarity. Each attribute card can be expanded to reveal 
detailed visualizations that overlay user behavior (blue area) on target 
distributions (black line), enabling users to assess whether their analytic 
focus aligns with their intended analysis goals. The core system plus 
both in-situ and ex-situ interaction traces served as the interface for the 
INTERACTION TRACE condition. 

3.2 Dataset 
We generated a dataset of 1,000 fctitious U.S. voters that simulates 
real-world electoral dynamics with layered statistical fdelity. Each 
data item represents one voter, characterized by demographics (age, 
gender, race, income, location), political attributes (party affliation and 
policy positions on abortion, gun control, and immigration scaled from 
-3 [strongly oppose] to +3 [strongly support]) [70], and behavioral traits 
(turnout history). We targeted 58% Democratic urban voters and 63% 
Republican rural voters (per 2022 exit polls [11]); however, the realized 
distributions were 52.6% and 59.1% respectively after enforcing higher-
priority demographic constraints, e.g., 86.7% Democratic affliation 
among Black voters (target: 86%). Policy positions strictly adhere to 
2022 exit polls data: e.g., 90% of Republicans oppose legal abortion 
(avg. -2.2), while 76% of Democrats support stricter gun control (avg. 
+2.1). Neutral positions are capped at 10% with ±0.5 noise on political 
views to prevent oversimplifcation, representing the growing political 
polarization in the U.S., where fewer individuals maintain neutral or 
counter-partisan stances [6]. Names are sampled from the U.S. Census2 

distributions to ensure realism. 

3.3 Socratic Question Development 
Our Socratic questions are grounded in the taxonomy of Socratic ques-
tioning proposed by Paul and Elder [53], which categorizes questions 
into six dimensions of critical inquiry: clarity, precision, accuracy, rel-
evance, depth, and breadth. These question types systematically probe 
reasoning by encouraging deeper refection, from clarifying meaning 
to examining assumptions and alternative perspectives. To tailor this 
framework to visualization, we adapted generic prompts into domain-
specifc questions. For example, the original clarity question “Can you 
provide more elaboration on the topic?” was refned to “Can you 
provide more elaboration on your choice of visualization?” to better 
guide participants in refecting on their design decisions. The full set of 
questions (and their behavioral triggers) is shown in Table 1 and their 
development is detailed in Section 4.6. 

3.4 Measuring Metacognitive Awareness 
We selected the Metacognitive Awareness Inventory (MAI) [60] as our 
primary effectiveness measure. The MAI is a well-validated instru-
ment in learning science comprised of 52 self-report items that assess 
two core dimensions: knowledge about cognition and regulation of 
cognition. For this study, we used a shortened 18-item version [63] 
to reduce participant burden and minimize fatigue during the study 
session. This version has been validated as a reliable instrument for 
capturing the essential constructs of metacognitive awareness among 
student teachers [33, 34]. The 18 items were evenly split, with nine 
addressing knowledge about cognition (e.g., ‘I am a good judge of 
how well I understand something’) and nine addressing regulation of 

2https://www.census.gov/topics/population/genealogy/data/ 
2010_surnames.html 

cognition (e.g., ‘I set specifc goals before I begin a task’). Responses 
use a 5-point Likert scale, numerically scored from 1 (“I never do this”) 
to 5 (“I always do this”). 

We further adapted the MAI to better ft the visualization context 
by systematically modifying terminology related to data analysis, e.g., 
MAI-1: “goals” → “analysis goals” (I ask myself periodically if I am 
meeting my analysis goals); MAI-15: “learn” → “analyze data” (I 
learn analyze data best when I know something about the topic). The 
full adapted survey instrument can be found in Supplemental Materials. 

3.5 Measuring Visualization Literacy 

Capturing visualization literacy enables us to ensure a baseline com-
petency for participants in our study. We used a subset of the Mini-
VLAT [51], a validated 12-item short form of the Visualization Literacy 
Assessment Test (VLAT) [37]. Since our study focuses on three core 
visualization types supported by our tool: line charts, bar charts, and 
scatterplots, we selected one representative question per type (3 ques-
tions total), maintaining the original 25-second time limit per question 
to balance assessment rigor with experimental effciency. To minimize 
guessing behavior, we modifed the response options by adding an 
explicit “Omit” choice alongside the original answer alternatives [37]. 

4 STUDY DESIGN 

4.1 Experimental Conditions 

To evaluate the effectiveness of our interventions for enhancing 
metacognitive awareness in the context of visualization, we employ a 
between-subjects design (Fig. 2) with three conditions: (1) CONTROL 

group, (2) INTERACTION TRACE group, and (3) SOCRATIC group. All par-
ticipants completed the same visual data exploration task: analyzing 
a dataset to generate insights using their assigned version of the vi-
sualization tool. All conditions share identical core functionality of 
the visualization interface including the same dataset, visualization 
capabilities, and an insight input box (Fig. 1, E ) for participants to 
submit their fndings: 

CONTROL GROUP: Participants utilized the core version of the Lumos 
visualization system with all interaction trace features disabled. This 
baseline condition provides only core visualization functionalities de-
scribed in Section 3.1. The control group establishes a baseline against 
which to compare metacognitive changes in the INTERACTION TRACE and 
SOCRATIC groups. 

INTERACTION TRACE GROUP: Participants accessed the original 
Lumos interface with full interaction trace features enabled. This 
condition incorporates real-time interaction feedback through in-situ 
(Fig. 1, J ) and ex-situ (Fig. 1, I ) visualizations (Section 3.1). This 
condition tests whether existing bias-mitigation approaches adequately 
support metacognitive engagement. 

SOCRATIC GROUP: Participants in this condition used the basic Lu-
mos version (identical to the Control condition) enhanced with contex-
tual Socratic questioning delivered through a pop-up chat interface in 
the bottom left of the interface (Fig. 1, H ). To validate preliminary 
fndings about Socratic prompting, we implemented a Wizard-of-Oz 
protocol [12, 69] where a researcher (“wizard”) monitored participant 
interactions via screen sharing and delivered real-time Socratic prompts 
through the chat system based on established behavioral triggers. Ex-
ample behavioral triggers include when participants appeared stuck, 
made a signifcant insight, or exhibited surface-level engagement with 
the data. This condition isolates the effect of metacognitive questioning 
by maintaining the same basic visualization interface while adding 
only the conversational prompting mechanism. To reduce variability in 
wizard behavior, a single researcher served as the wizard for all study 
sessions, with prompt triggering determined through the pilot study 
described in Section 4.6. 

4.2 Hypotheses 

Based on our experimental design, we formulate the following three 
hypotheses regarding participant outcomes: 

https://www.census.gov/topics/population/genealogy/data/2010_surnames.html
https://www.census.gov/topics/population/genealogy/data/2010_surnames.html
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Figure 1: The three interface conditions varied in features. The control group (top) used a basic version of Lumos with all bias-awareness features 
disabled. The Socratic group (middle) used an interface identical to the control condition but enhanced with Socratic questioning. The Interaction 
Trace group (bottom) accessed the original Lumos tool with in-situ and ex-situ interaction trace features. 

Figure 2: Study procedure: Participants completed a visualization literacy assessment frst. Eligible participants were then randomized into one of 
three groups for an exploratory visual analytic task and completed pre- and post-surveys. 



 

  

 

    

 
    

 
  

   
 

   
 

 

• H1: Participants in the SOCRATIC group and the INTERACTION TRACE 

group will show a greater MAI improvement compared to those 
in the CONTROL group. 

• H2: Participants in the SOCRATIC group and the INTERACTION TRACE 

group will generate, on average, higher-quality insights than those 
in the CONTROL group. 

• H3: Participants in the SOCRATIC group and the INTERACTION TRACE 

group will have different interaction patterns, compared to those in 
the CONTROL group, specifcally in terms of interaction sequences 
of analytic behaviors. 

4.3 Task 
Participants across all conditions completed the same task – analyzing 
a standardized dataset (Section 3.2) to generate insights using their 
assigned version of the visualization tool. Particularly, participants 
were required to submit at least fve insights via the insight input box 
in the interface (Fig. 1, E ) before proceeding to the post-survey. This 
threshold was set to ensure suffcient participant engagement with the 
dataset and to provide an adequate volume of insights for meaningful 
analysis across participants. Following prior work in visual analytics 
advocating for open-ended insight elicitation to avoid constraining 
analytic behavior [44], we intentionally did not defne ‘insight’ in the 
task instructions to avoid anchoring participants’ exploration. 

4.4 Participants 
We ultimately recruited N = 36 participants (12 per condition), deter-
mined by: (1) common practice in HCI for detecting medium effect 
sizes in controlled comparisons [5], and (2) feasibility constraints of 
conducting 1-on-1 sessions. Participants were recruited via Prolifc 
and received $12/hour. They ranged in age from 19-55 years old 
(M = 35.75, SD = 9.09). Fifteen participants identifed as female and 
21 identifed as male. The majority of participants (27) hold a college 
degree (Bachelor’s, Master’s, or Doctorate), while 5 have some col-
lege or Associate’s degree, and 4 have a High School diploma. Their 
professional backgrounds were diverse, spanning felds such as com-
puter science, psychology, construction, sales, and social work, among 
others. 

4.5 Procedure 
Our experiment was approved by our university’s IRB (No. 00007476). 
Informed consent was obtained from all participants at the start of the 
session. All participants across the three groups followed the same 
procedure (Fig. 2). The study began with a visualization literacy as-
sessment consisting of 3 timed questions (25 seconds per question) 
adapted from the Mini-VLAT [51]. Each correct answer earned 1 point 
(no penalty for incorrect responses), and participants scoring ≤ 1 were 
excluded from further participation. Eligible participants then com-
pleted the Metacognitive Awareness Inventory (MAI) based on their 
general experience to establish baseline metacognitive competence, 
along with two attention check questions. Participants who failed both 
attention checks (indicating inattentive responses [54]) were disquali-
fed from further participation. Following MAI completion, participants 
were randomly assigned to one of the three groups to perform an ex-
ploratory visual analytic task while documenting their insights. Upon 
task completion, they flled out a post-survey featuring: (1) a repeating 
MAI targeting task-specifc metacognitive awareness with two new 
attention check questions (failure on both excluded participants from 
analysis), (2) the 10-item System Usability Scale (SUS) [4] to quantify 
tool usability (scored 0–100 using the standard weighting method), and 
(3) demographic questions covering age, gender, education level, and 
occupation. 

4.6 Pilot Study: Establishing a Wizard-of-Oz Protocol 
Prior to the full-scale study, we conducted two iterative pilot rounds 
(a total of N=8) to optimize study parameters. The pilots simultane-
ously developed and evaluated a Socratic prompting protocol (Table 1) 
to provide reproducible triggering logic specifcally for the SOCRATIC 

group. The protocol operationalizes when and what Socratic prompts 
to present based on user interactions. 

During initial pilot studies, we employed a think-aloud protocol 
where participants verbalized their thought processes while analyzing 
the dataset without predefned prompts, to capture as many natural 
prompt triggers as possible. A primary behavior we observed was 
“aimless exploration,” where participants repeatedly cycled through 
different data attributes without making clear analytical progress. Our 
think-aloud protocol revealed two distinct reasons for this single be-
havior. Some participants admitted they lacked a clear analytical goal, 
which inspired a Clarity Prompt to help them establish one: “What 
specifc question are you trying to answer with this dataset?” However, 
other participants exhibiting the same behavior had a clear goal but 
were stuck looking for the right data attribute or visualization to address 
it. This led to a Breadth Prompt focused on alternative approaches: 
“Have you considered alternative data attributes or visualizations that 
can help you solve the problem?” Consequently, we designed a two-
stage protocol. When “aimless exploration” is detected, we frst ask the 
Clarity Prompt. If the user confrms they have a goal, we then follow 
up with the Breadth Prompt to help them fnd a new approach. For full 
pilot study details, see Supplemental Materials. 

5 FINDINGS 

Participants took an average of about 40 minutes (SD = 10.23) to com-
plete the full task, which included two surveys, with the visualization 
task itself averaging 23.24 minutes (SD = 5.75). On the visualization 
literacy measure, eligible participants scored an average of 2.56 out of 
3 (SD = 0.50). Next, we describe the three primary measures used in 
our analysis: metacognitive awareness, insight quality, and interactive 
behaviors. 

5.1 MAI Score 
For each participant, we calculated a total metacognitive awareness 
score by summing the scores from all 18 items. Each item was rated on 
a 5-point Likert scale from 1 (“I never do this”) to 5 (“I always do this”), 
giving possible total scores ranging from 18 to 90. Consequently, a 
higher total score indicates a greater level of self-reported metacognitive 
awareness. Participants completed the same questionnaire before (in 
reference to their general analytic habits) and after the intervention (in 
reference to the specifc task), and the change in pre- and post-task 
served as our primary measure of metacognitive effectiveness across 
conditions. Across all conditions, the average general MAI score was 
M = 68.86 (SD = 9.87) pre-task and M = 66.94 (SD = 9.08) post-task. 

The results revealed distinct patterns between conditions, as shown 
in Fig. 3. As expected, the CONTROL condition exhibited no change 
in metacognitive awareness scores from pre- to post-task (M = 65.5, 
SD = 7.8 pre; M = 65.2, SD = 7.5 post; p = .911), with a negligible 
effect size (d = −0.03). In contrast, the INTERACTION TRACE condition 
showed a signifcant decline from pre- (M = 73.2, SD = 7.6) to post-
intervention (M = 68.4, SD = 6.4; p = .041), representing a medium 
effect size (d = −0.67). The SOCRATIC condition also declined, though 
non-signifcantly, from 70.2 (SD = 10.7) to 67.2 (SD = 11.7; p = .237), 
with a small effect size (d = −0.36). Contrary to our hypothesis, partici-
pants in the intervention conditions did not show a greater improvement 
in metacognitive awareness compared to the CONTROL condition. Thus, 
we fnd no support for H1. We explore possible explanations for these 
unexpected fndings and their implications in Section 6. 

5.2 Insights 
We analyzed insights generated by participants during the task, allow-
ing us to compare participants’ self-reported changes in metacogni-
tive awareness with a more objective measure of what they actually 
produced. In this analysis, we defned an insight as “an individual 
observation about the data by a participant, a unit of discovery” [1, 58]. 
Because the task instructions asked participants to submit at least fve 
insights, we treated each submission as one insight unit. In total, we 
collected 236 insights from the study. After removing three insights 
that were duplicates due to copy-paste errors, we retained 233 insights 
(M = 6.47 per participant) for subsequent analysis. 



 

  
     

  

  
      

 

Table 1: Behavior-Triggered Socratic Prompting Protocol 

Behavioral Trigger 
Vague insights 

Exploration impasses 

Mechanical attribute 
combinations 

Question Type 
Precision 

Breadth 

Relevance 

Objective 
These questions prompt participants to be specifc and detailed 
in their analysis. 
These questions prompt participants to consider alternative 
perspectives, contexts, or broader implications of their fnd-
ings. 
These questions help participants focus on the most pertinent 
aspects of the dataset and avoid tangential or irrelevant infor-
mation. 

Example Prompt 
“Can you be more specifc about the trend you’re seeing?” 

“Have you considered alternative data attributes/visualizations 
that can help you to solve the problem?” 

“What story does this combination of attributes reveal?” 

Aimless exploration Clarity These questions help participants ensure their understanding 
of the dataset, visualizations, and insights is clear and well-
defned. 

“What specifc question are you trying to answer with this 
dataset?” 

Shallow insights 

Factual error in insights 

Underutilization of tool 
features 

Depth 

Accuracy 

Breadth 

These questions encourage participants to explore the under-
lying complexities and implications of the dataset and their 
insights. 
These questions encourage participants to verify the correct-
ness of their interpretations and conclusions. 
These questions prompt participants to consider alternative 
perspectives, contexts, or broader implications of their fnd-
ings. 

“What might be the reason behind this pattern?” 

“Is there any piece of evidence that might contradict or com-
plicate that conclusion?” 
“Have you tried fltering the data to uncover more insights?” 
or “You haven’t used a [bar chart] yet; have you considered 
other visualization types?” 

Figure 3: Mean pre- vs post-MAI scores Distribution 

Previous work has proposed various ways to categorize insights [1, 
9, 22, 39]. For example, Guo et al. [24] classifed insights into facts, 
hypotheses, and generalizations, which we initially preregistered. How-
ever, when applied, we found that most insights fell into the general-
ization category, making the schema uninformative for our analysis. 
Instead, we adopted the framework proposed by Saraiya et al. [58]. 
This framework goes beyond simply categorizing insights into fxed 
types – it analyzes insights from multiple dimensional perspectives. 
Specifcally, Saraiya et al. characterized insights along four dimensions: 
directness vs. unexpectedness, correctness, breadth vs. depth, and 
domain value. 

Two authors of this paper frst collaboratively developed detailed 
grading criteria, adapted from He et al.’s work [26], and then graded 
each insight on the four dimensions using a 1-to-5 scale. The full grad-
ing rubric can be found in the Supplemental Materials. For directness 
vs. unexpectedness, breadth vs. depth, and domain value, both authors 
graded independently to obtain an unbiased measure of inter-coder 
reliability. For correctness, the two authors split the insights and graded 
them independently to improve effciency, as this dimension relied on 
objective verifcation through reproducing visualizations in the tool or 
reviewing screen recordings rather than subjective interpretation. 

Directness vs. unexpectedness represents a spectrum where a 
score of 1 indicates a direct and expected insight that confrms well-
known patterns, while a score of 5 indicates an unexpected insight 
that reveals non-obvious patterns. Correctness refects whether the 
insight can be verifed against the actual data in the visualization, with 

scores ranging from 1 (contradicts the data) to 5 (accurately refects 
numerical patterns). Breadth vs. depth captures the scope of the 
insight: broad insights (lower scores) refer to high-level categorical 
patterns across attributes, whereas deep insights (higher scores) involve 
nuanced relationships such as interactions between specifc subgroups. 
Domain value captures the complexity and signifcance of an insight. 
Low-value insights include simple observations like basic counts or 
single-variable patterns. High-value insights involve pattern recognition 
across multiple variables, connections to political context, or generation 
of testable hypotheses. Detailed examples for each dimension are 
provided in the Supplemental Materials. 

Following the approach of He et al., we assessed inter-rater reli-
ability by calculating Kendall’s tau-b correlation coeffcients for the 
three dimensions that were independently graded by both coders. All 
correlations were statistically signifcant (p < 0.01). The τb values 
were 0.49 for directness vs. unexpectedness, 0.70 for breadth vs. depth, 
and 0.65 for domain value, indicating substantial agreement between 
two coders for the three dimensions. When the two coders assigned 
scores that differed by more than one point, they met to discuss the 
discrepancy and decided whether to revise the score or keep the orig-
inal ratings. The fnal score for each of these three dimensions was 
obtained by averaging the two coders’ ratings. For correctness, because 
the two coders divided the insights between them to grade separately, 
we did not compute inter-rater reliability for this dimension. Instead, 
each coder’s assigned scores were used directly. Fig. 4 presents the 
distribution of fnal scores across all four dimensions by condition. 

The INTERACTION TRACE condition generated the highest average 
number of insights per user (M = 7.1,SD = 3.9), followed by the CON-
TROL condition (M = 6.3, SD = 2.4) then SOCRATIC (M = 6.0,SD = 1.7). 
Mann-Whitney U tests [41] with Bonferroni correction [17] for multi-
ple comparisons (adjusted α = 0.0042) revealed one robust signifcant 
fnding: the SOCRATIC condition produced signifcantly higher Breadth 
vs. Depth scores (M = 2.38,SD = 0.56) compared to the INTERACTION 

TRACE condition (M = 2.01, SD = 0.40) (U = 3789.50, p = 0.0037). 
This indicates that insights generated through the SOCRATIC condition 
achieved greater depth, specifcity, and nuanced analysis (e.g., identi-
fying interactions between demographics), whereas the INTERACTION 

TRACE condition produced more broad, categorical insights (e.g., simple 
group comparisons). The difference between CONTROL and SOCRATIC 

conditions approached signifcance (p = 0.0405) but did not remain 
signifcant after correction for multiple comparisons. No signifcant dif-
ferences were found for Domain Value, Directness vs. Unexpectedness, 
or Correctness. 

In addition to the insight-level analysis, we also examined the dis-
tribution of insight scores by computing the average insight score per 
participant per condition. No signifcant differences between conditions 



 
  

   
   

  
  

  
  

  

 
 

Figure 4: Insight Quality Score Distribution by Condition 

were observed across the four dimensions. Full results can be found in 
the Supplemental Materials. Thus, we fnd mixed support for H2. 

5.3 Interactions 
To characterize exploratory behaviors across conditions, we examined 
the sequence of participants’ interactions. 

5.3.1 Descriptive Statistics 
We classifed all logged events into three types: confgure actions 
(e.g., encoding changes, flter operations, and insight submissions), 
passive actions (e.g., hovering, clicking data points, and toggling data 
previews), and condition-specifc actions (e.g., awareness panel toggles 
for INTERACTION TRACE; prompt responses for SOCRATIC). All three 
groups saved a similar number of insights (range: 6.0 − 7.1). The 
INTERACTION TRACE group spent the most time on task (M = 26.7,SD = 
12.2 min), followed by the SOCRATIC group (M = 23.9, SD = 9.2 min) 
and the CONTROL group (M = 19.1, SD = 8.8 min). In terms of total 
actions, the SOCRATIC group was highest (M = 186.1,SD = 115.6), 
followed by INTERACTION TRACE (M = 153.3,SD = 84.9) and CONTROL 

(M = 114.8,SD = 54.4). The SOCRATIC group performed the most 
confgure actions (M = 144.4,SD = 90.5), while the INTERACTION TRACE 

group performed the fewest (M = 78.8,SD = 50.9), suggesting a larger 
proportion of their activity consisted of passive and condition-specifc 
actions. Full action breakdown provided in Supplemental Materials. 

5.3.2 Interaction Sequences 
To provide a complementary view of how participants engaged with 
the system across conditions, for each participant, we visualized their 
chronologically-ordered interaction logs. 
Action Categorization. All interaction events were grouped into six 
high-level categories: Encoding Actions (e.g., axis changes, chart type 
changes, aggregations), Awareness Panel Actions (Interaction Trace 
group only), Filter Actions (adding, changing, or removing flters), In-
sight Actions (saving or editing insights), Prompts Received (answering 
prompted questions only accessible to the SOCRATIC group), and Passive 
Actions (data points hovers/clicks, data preview toggles). These cate-
gories were assigned distinct color families to support visual pattern 
recognition. 
Normalization. To enable meaningful comparison across users with 
different numbers of total interactions, we normalize each user’s inter-
action sequence to a standardized 0-100% session progress scale. The 
frst interaction in a user’s session is mapped to 0% (session start), the 
fnal interaction to 100% (session end), and all intermediate interactions 
are linearly scaled according to their position within the sequence. This 
normalization ensures that all users share the same horizontal space 

Figure 5: Interaction Sequence. Normalized behavioral timelines (0-
100% session progress) with action categories color-coded. Prompts 
received appear only in the SOCRATIC group; awareness panel actions 
appear only in the INTERACTION TRACE group. 

regardless of whether they performed 50 or 500 interactions, allow-
ing direct visual comparison of behavioral patterns relative to session 
progress. 
Observations. The interaction sequences revealed different behavioral 
patterns across the three conditions. Most notably, participants in 
the INTERACTION TRACE condition exhibited longer periods of passive 
actions (hover and click events, shown in gray) compared to the other 
groups. These extended passive sequences suggest that participants in 
this condition spent more time simply observing the visualization by 
clicking/hovering over data points or previewing the dataset, without 
actively manipulating encodings or applying flters. This pattern is 
consistent with interview reports (see Section 6) in which participants 
described feeling distracted and spending time on chasing feedback 
provided by the awareness panel. 

A key structural difference between conditions is that the awareness 
panel (shown in purple) was only accessible to participants in the INTER-
ACTION TRACE condition, as this intervention was designed to provide 
real-time visual feedback on interaction history. Accordingly, purple 
squares appear exclusively in the INTERACTION TRACE rows, serving as 
a visual marker of when participants engaged with this feature. The 
pattern of frequent purple squares in some participants’ sequences (e.g., 
row of PI 10 ) suggests active toggling of the awareness panel, while 
extended gray sequences in others (e.g., row of PI 9 ) indicate longer 
periods of passive review. Interestingly, these two behaviors were not 
typically interwoven within the same participant’s sequence; rather, 
individuals tended to adopt one dominant pattern or the other. In some 
cases, participants engaged in extended passive review immediately 
after using the awareness panel (e.g., row of PI 11 ), suggesting they may 
have consulted the feedback and then stepped back to refect on what 
they had seen before proceeding. 

Similarly, the SOCRATIC condition was the only group that received 
periodic prompts (shown in red), which were delivered by a Wizard-
of-Oz protocol to stimulate refective thinking. These prompt events 
appear exclusively in the Socratic group rows (M = 2.91 prompts per 
participant, SD = 1.3 prompts) and are often followed by increased 
exploratory activity such as flter actions (green; e.g., row of 
encoding changes (blue; e.g., row of 

PS4 ) and 
PS2 ), likely suggesting that the 

prompts encouraged broader exploration. 
In contrast, the CONTROL group, which received no intervention, 

showed more balanced use of encoding (blue), flter (green), and in-
sight actions (yellow), with shorter and less frequent passive sequences 



  

 

 

 

 

      

(e.g., row of PC7 ). The reduced prevalence of extended gray sequences, 
in both duration and frequency, may suggest that CONTROL participants 
spent less time in passive observation and instead maintained a more 
consistent rhythm of active interaction. Some participants’ shorter 
passive pauses appear interspersed naturally between periods of active 
work (e.g., row of PC4 ), rather than accumulating into lengthy review 
phases. This pattern of balanced and varied activity, coupled with brief 
but regular pauses, may suggest more self-directed and purposeful inter-
action, consistent with its role as a baseline for healthy metacognitive 
functioning. Thus, we fnd observational support for H3. 

6 FOLLOW-UP INTERVIEWS 

To complement our quantitative fndings and better understand un-
derlying cognitive and experiential factors affecting MAI scores, we 
conducted follow-up interviews with a subset of participants. We aimed 
to invite all participants to take part in the follow-up interview, but 
ultimately three from each intervention condition and two from the 
CONTROL condition agreed to participate (a total of N=8). Follow-up 
interviews were conducted three weeks after the formal study session. 
Each interview lasted approximately 30 minutes and participants were 
compensated at $12/hour. Of the 8 interviewees, 3 were female and 5 
were male, with ages ranging from 24 to 48 (M = 31.88,SD = 7.70). 
Educational backgrounds included one participant with a high school 
diploma, fve with bachelor’s degrees, and two with master’s degrees. 
Participants came from diverse professional backgrounds including 
engineering, political science, IT, business, data analysis, software 
architecture, and information security. 

6.1 Method 
Cross-Condition Questions. All participants were asked to refect on 
their general tendencies versus task-specifc performance. Specifcally, 
they were asked to refect on what experiences came to mind when 
completing the pre-task questionnaire (e.g., reading charts at work, 
creating graphs in school, using spreadsheets) and whether they noticed 
any discrepancies between their self-rated refective thinking and their 
actual performance during the task. We also probed participants’ prior 
experience with creating visualizations (none, a little, moderate, exten-
sive) and whether they drew on strategies that had worked for them in 
the past. Finally, participants were asked about perceived task diffculty, 
and those who found the task diffcult were asked to refect on where 
they believed that diffculty primarily originated. 
Condition-specifc Questions. Participants in the CONTROL group were 
asked whether there were moments when they wished the tool had 
provided more feedback or guidance, and if so, what kind of support 
they would have found helpful. For the INTERACTION TRACE group, 
participants were asked about their experience with the awareness panel. 
Participants in the SOCRATIC group were asked how the periodic prompts 
affected their experience, whether the questions felt helpful, intrusive, 
neutral, or something else and why. For both intervention groups, we 
queried participants about their observed change in MAI scores, asking 
what they believed contributed to the increase or decrease, and invited 
feedback on features to keep or improve with the tool. 

6.2 Observations 
All interviews were transcribed and analyzed using thematic analysis 
to identify recurring patterns within conditions. 

6.2.1 Control Group: The Stability of Self-Directed Exploration. 
The CONTROL group’s stable MAI scores establish an important base-
line: the visual data exploration task itself, when performed without 
intervention, neither enhances nor diminishes metacognitive awareness. 
Both CONTROL participants we interviewed drew extensively on their 
professional backgrounds with data, and entered the task with clear 
goals. P1Control (∆MAI = +4) had a hypothesis to test (“I have a tar-
get in mind”), while P2Control (∆MAI = −1) sought “meaningful data.” 
They both gravitated toward familiar chart types (e.g., bar charts, line 
charts), with P2Control explicitly stating he “tried not to deviate from 
what [he] knew and what worked well for [him] in the past.” 

When they encountered uncertainty, both adapted through trial and 
error without losing direction. P1Control described “going back and 
forth between attributes,” while P2Control noted “just trying stuff... and 
when it wasn’t working, [he]’d try something different.” This pattern of 
goal-directed, self-regulated exploration is consistent with their stable 
MAI scores. 

6.2.2 Socratic Group: The Double-Edged Sword of Prompts. 
The SOCRATIC group’s non-signifcant MAI decline refects a tradeoff: 
the prompts successfully stimulated broader exploration but at a cost to 
effciency and metacognitive confdence for some users. 

All three participants reported that the prompts stimulated new think-
ing and broadened their exploration. P2Socratic (∆MAI =+1) explicitly 
stated the prompts made him “think broader,” and supported refection: 
“The questions were also awesome... I also re-summarized everything 
I just thought about... and it made everything smoother.” P3Socratic 
(∆MAI = −18) noted they “gave me ideas on new things to think about 
that I didn’t think about before.” P1Socratic (∆MAI = +6) found spe-
cifc prompts “really helpful” and described “I was checking on the 
questions” throughout the task. 

However, the prompts also introduced costs and elicited mixed emo-
tional responses. P2Socratic described them as “intrusively neutral” and 
admitted they “made me a little panicky” by triggering self-doubt. 
P3Socratic noted they caused “momentary distraction” when they ap-
peared during analysis, though the disruption was brief. In contrast, 
P1Socratic reported no disruption, suggesting individual differences per-
haps in cognitive style or tolerance for interruption, may moderate the 
intervention’s effectiveness. 

The non-signifcant decline in the SOCRATIC group’s collective MAI 
scores is thus interpreted as a tradeoff. The prompts broadened their 
thinking and sustained high activity, yet introduced cognitive costs, 
e.g., anxiety, distraction, and ineffciency, that likely contributed to the 
non-signifcant decline in metacognitive awareness. 

6.2.3 Interaction Traces: Goal Displacement. 
The most prominent theme across all three INTERACTION TRACE partici-
pants was a shift in focus from their own analytical goals to satisfying 
the tool’s feedback. One participant described this displacement di-
rectly: “to get the red to go to green, rather than focusing on what I 
was trying to get out of the information. . . I had a clear question in 
my head. . . and then it wasn’t the question I was looking to answer” 
(P2Trace, ∆MAI = −7), noting that the feedback felt like a correctness 
signal that eroded their confdence: “I went from going into it feeling 
quite confdent. . . to saying, well, actually, this isn’t in my skill set.” 
P1Trace (∆MAI = −1) experienced a milder version, noting the tool 
“tries to prompt you in the direction that it wants you to go.” 

All three participants also described the awareness panel as adding 
mental burden. P3Trace (∆MAI =+2) found features “very distracting,” 
and P2Trace distinguished between visual and mental distraction: “not 
visually... but mentally it was,” describing it as “another step that I 
wasn’t sure was necessary.” 

In sum, the INTERACTION TRACE condition shifts focus from internal 
refection to external validation, creating goal displacement and mental 
burden, and thus a signifcant decline in metacognitive awareness. 

7 DISCUSSION 

7.1 When Feedback Undermines Refection 
Our fndings reveal a potential tension in the design of metacognitive 
supports: feedback intended to support refection can paradoxically 
undermine it. We observed goal displacement as a key mechanism 
through which persistent feedback may disrupt metacognition. In the 
INTERACTION TRACE condition, users abandoned their own analytical 
questions to chase the tool’s feedback, such as prioritizing the red/-
green indicator showing the data vs. interaction distribution (Fig. 1, 
I ). As one participant noted: “It’s red, so I must be doing some-

thing wrong.” We conducted an exploratory MAI subscale analysis 
(knowledge vs. regulation) to further examine this: the INTERACTION 

TRACE group’s decline was driven primarily by the knowledge subscale 
(t = −3.176, p = .009) rather than regulation (t = −1.172, p = .266), 



suggesting that the feedback potentially overwhelmed rather than sup-
ported users’ metacognitive knowledge – they lost their sense of under-
standing of their own thinking, rather than their ability to regulate it. 
This fnding aligns with Jivet et al.’s observation that dashboards can 
produce unintended consequences when learners lack the metacognitive 
skills to interpret the feedback they receive [32]. 

7.2 When Persistence Paralyzes Focus 
Beyond the nature of feedback, our fndings likewise highlight the 
importance of intervention persistence as a design dimension. Unlike 
the episodic Socratic prompts, which allowed users to recover focus 
between interruptions [31], the always-on interaction traces may have 
trapped users in a continuous cycle of self-monitoring. By permanently 
embedding the feedback within the visual interface, the interaction 
traces may have forced users to constantly divide their attention be-
tween the primary analytical task and the secondary task of evaluating 
their own behavior, creating an unsustainable “metacognitive over-
head” [76]. This phenomenon can be understood through the lens 
of explicit monitoring theory [2], which posits that heightened self-
awareness causes individuals to consciously monitor the step-by-step 
execution of processes that are otherwise fuid. This tension is empiri-
cally supported by prior work investigating similar interaction traces, 
which found that participants prefer summative visualization feedback 
shown after a task over real-time and in-situ representations [70], fur-
ther supporting the case for episodic over persistent feedback. 

7.3 When Interaction Traces Succeed vs. Backfre 
The contrast between our fndings and the original Lumos evalua-
tion [43] points to an important boundary condition: task structure. In 
the original Lumos evaluation, the tool was shown to increase users’ 
awareness of their analytic behaviors in a task focused on “recommend-
ing the characteristics of movies that a movie production company 
should make next,” a task with a clear and concrete output (a recom-
mendation) [43]. Participants in that study reported that the interaction 
traces helped them “keep track of their exploration” and “remove the 
user’s internal bias.” However, in our study, the same interaction trace 
feature produced a signifcant decline in metacognitive awareness dur-
ing open-ended exploration. We argue that in structured tasks with 
clear deliverables, real-time feedback may serve as useful guidance 
toward that goal. However, in open-ended exploration, such feedback 
may have introduced a competing “performance” goal (e.g., “making it 
green”), ultimately displacing the user’s analytical questions. Notably, 
the original Lumos study hints at this tension, observing that some 
participants “didn’t know exactly what to do about the [red-green] 
cards” – a signal that the feedback lacked actionable scaffolding even 
in a more structured context. 

This divergence also highlights a key distinction in how visualization 
tools are evaluated: a tool that users fnd useful or usable does not 
necessarily equate to enhanced metacognitive awareness. The original 
Lumos study evaluated the system primarily through self-reported 
usefulness scores (e.g., 1-to-5 Likert scales) and qualitative interviews, 
fnding that users generally appreciated the system’s novel capabilities. 
In contrast, our MAI-based pre-post measure revealed metacognitive 
harm that satisfaction ratings alone would not have detected. 

More broadly, these fndings suggest that providing bias awareness, 
e.g., surfacing what users have or have not explored, does not itself 
constitute metacognitive regulation. Awareness without actionable scaf-
folding leaves users informed of their behavioral patterns but without 
the means to interpret or act on them, a distinction critical for future 
intervention design. 

7.4 The Disruption-Correction Gap 
Despite perceived disruption from both interventions, no signifcant 
differences in insight correctness were found across conditions. This 
may point to a distinction between process disruption and analytical 
outcome: while our interventions introduced moments of disruption 
to users’ cognitive fow, they failed to provide the corrective scaf-
folding needed to improve reasoning quality. A pause only supports 
metacognitive regulation if it facilitates targeted mental work, such as 

reconsidering assumptions or questioning initial hypotheses. This sug-
gests that simply introducing friction is insuffcient; effective metacog-
nitive support needs to move beyond disruption to offer guidance 
that actively addresses the cognitive biases inherent in data explo-
ration [14, 38, 67]. This pattern resonates with recent work by Ojewale 
et al. [47], who found that combining visual and verbal uncertainty cues 
in LLM-assisted decision making improved users’ subjective sensitiv-
ity to accuracy yet simultaneously amplifed overreliance on incorrect 
outputs, revealing a dissociation between subjective and behavioral 
calibration. Our fndings suggest an analogous dissociation: interven-
tions designed to support metacognitive awareness did not translate 
into improved analytical outcomes, reinforcing the broader principle 
that adding more supportive signals is insuffcient without ensuring 
they produce behavior-relevant change. 

7.5 Design Implications 

Taken together, our fndings point to two actionable principles for 
metacognitive support tools in visual analytics. First, designers should 
scaffold actionability over status: rather than displaying a static indi-
cator (e.g., a red/green balance score), systems should pair awareness 
cues with non-prescriptive prompts that invite exploration (e.g., “You 
have deeply explored Attribute X; would you like to overlay Attribute 
Y for comparison?”). This ensures users are offered a pathway forward 
rather than merely feeling evaluated [32]. Second, systems should sup-
port, rather than replace, users’ goals: feedback should be presented 
as an adaptable resource rather than an imposed standard. Allowing 
users to toggle feedback, adjust sensitivity, or declare their analytical 
intent (e.g., broad exploration vs. deep drill-down) would enable the 
system to support diverse sensemaking strategies rather than penalizing 
them. 

7.6 Limitations and Future Work 

Several limitations should be considered when interpreting our fndings. 
First, the sample size for interviews was small (three participants per 
intervention condition and two for the CONTROL condition), limiting the 
generalizability of qualitative insights. While the themes we identifed 
were generally consistent across participants within each group, we can-
not rule out that additional interviews could reveal other mechanisms 
or individual differences. 

Second, the Socratic prompts were delivered at moments determined 
by the experimenter’s observational judgment. Participants believed 
the prompts were system-generated, but they had no control over when 
prompts appeared. This raises a potential confound: the observed 
effects may depend on when prompts appear [21, 30], not just what 
they ask. Future research should systematically compare different 
timing strategies, for instance, (i) prompts triggered by user actions 
(e.g., prolonged inactivity, repeated flters), (ii) prompts that appear at 
predefned intervals, or (iii) prompts that users can request on demand. 

Additionally, the prompting strategy was fxed across all participants 
and sessions. Future work could investigate how an adaptive system 
could learn from user behaviors over time, tailoring interventions to 
individual needs and preferences, adapting if users are fnding prompts 
helpful vs. distracting. To design these types of personalized interven-
tions, future work should examine the relationship between personality 
traits, prior experiences, etc., and intervention effcacy and receptivity. 

8 CONCLUSION 

We investigated whether contextual Socratic questioning and visual-
ized interaction traces could enhance metacognitive awareness during 
visual data exploration. Through a between-subjects study, we found 
that neither intervention supported regulation as expected; instead, we 
observed a gradient of disruption, suggesting that more intrusive inter-
ventions may inadvertently undermine metacognitive awareness. Our 
fndings highlight that fostering metacognitive awareness requires care-
ful consideration of cognitive load, user agency, and how design choices 
shape users’ relationships with both the tool and the task. We hope our 
unexpected fndings and insights gained from our analysis help inform 
future efforts to support deeper, more refective data exploration. 
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