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Figure 1: Facilitating conversational visual analytics with Tree-of-Analysis (ToA for short). Compared to traditional CVA
interface where novices feeling lost in a fragmented analysis, ourmethod, namely ToA, structures the process into an interactive
analysis tree, guiding novices step by step. Our study reported that novices with ToA could better understand their analytical
context, trace key findings, and explore alternative analysis branches with clarity.

Abstract
Conversational visual analytics (CVA) make data exploration acces-
sible to novices but often leave users disoriented during multi-turn
conversations. Previous approaches provide data-centric recom-
mendations, but fail to help users regain orientations. To bridge
this gap, we conducted a formative study (𝑁 = 12) revealing that
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novices are insensitive to analytical cues and rely on vague queries,
leading to disorientation and task failures. In contrast, experts are
sensitive to two types of analytical cues and use seven types of
queries to organize workflows. Based on these findings, we propose
ToA, a novel approach that structures the CVA process as an interac-
tive analysis tree. Moreover, we visualize this tree, with AI outputs
as nodes (containing two cue types) and user queries as edges (cate-
gorized by seven query types), to provide novices with an overview
of their analysis journey. We evaluated ToA through user studies
(𝑁 = 12) and expert interviews (𝑁 = 3). The results suggest that
ToA eliminates task failure and increases per-turn insights (+58.3%),
despite longer per-turn thinking time (+17.7%). Expert interviews
further confirm its potential to democratize visual analytics.

https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3772318.3791690


CHI ’26, April 13–17, 2026, Barcelona, Spain Qu et al.

CCS Concepts
•Human-centered computing→Natural language interfaces;
Graphical user interfaces; Visual analytics.

Keywords
Conversational Visual Analytics, Novices, Human-AI Interaction

ACM Reference Format:
Feiyuan Qu, Tan Tang, Zeyang Fu, Yan Chen, Hanze Jia, Junming Gao,
Songela Nurdawuliet, and Yingcai Wu. 2026. Visualizing Tree-of-Analysis:
Facilitating Conversational Visual Analytics for Novices. In Proceedings of
the 2026 CHI Conference on Human Factors in Computing Systems (CHI ’26),
April 13–17, 2026, Barcelona, Spain. ACM, New York, NY, USA, 20 pages.
https://doi.org/10.1145/3772318.3791690

1 Introduction
The emergence of large language models (LLMs) has made conver-
sational visual analytics (CVA) an appealing choice for novices to
conduct visual-driven data exploration [56, 59, 75, 76, 78]. Unlike
traditional visual analytics (VA) systems that require users to mas-
ter complex tool operations [48], CVA systems enable intuitive data
exploration through natural language conversation.

While CVA reduces barriers to visual analytics, it also introduces
new difficulties to novices. Unlike traditional visual analytics tools
(e.g., Tableau) that guide users through graphic user interface, CVA’s
natural language interface lacks discoverability, leaving novices
struggling with what to do next [68]. Additionally, the linear con-
versational interface complicates maintaining analytical context
across multi-turn interactions [85]. Together, these characteristics
of CVA make novices disoriented in their analysis process, strug-
gling to understand where they are, where they have been, and
what areas remain unexplored. To help novices regain orientation
in CVA, existing work draws from two complementary research
areas. In the visual analytics domain, researchers focus on data-
centric recommendations that suggest insights based on statistical
patterns [70, 87, 88, 96]. In the natural language processing do-
main, recent work leverages conversational history to generate
contextually relevant follow-up questions [24, 52]. However, both
approaches offer isolated suggestions rather than a global perspec-
tive on the analysis journey. As a result, novices still struggle to
track their analysis progress and identify promising directions for
further investigation.

To better serve novices in CVA, it is essential to provide a global
perspective that continually situates their current position within
the broader context. Inspired by the effectiveness of tree structures
in providing hierarchical overviews for complex tasks [26, 73, 94,
95], we propose a real-time algorithm to represent the CVA process
as an analysis tree. By visualizing this tree, we enable novices to
gain an overview and easily identify next steps based on analysis
context. Constructing such trees presents the following challenges:

C1: Vast User Intent Search Space. The flexibility of natural
language creates an infinite space of user intents. Building a well-
structured tree requires distilling this diversity into a predictable
set of query types.

C2: Complex Multimodal Context. CVA context contains
analytical information distributed across text, data, and visualiza-
tions. Constructing the tree requires extracting and organizing key
analytical elements scattered across the multimodal context.

In this study, we first conducted a formative study (𝑁 = 12)
comparing experts’ and novices’ behaviors in CVA. Our goal is to
understand why novices become disoriented and identify expert
strategies for effective analysis navigation. Through observations
and interviews, we discovered that novices are insensitive to analyt-
ical cues in AI output and rely heavily on vague queries, leading to
fragmented analysis flow that results in task failures and disorienta-
tion. In contrast, experts systematically identify 2 types of analytical
cues from AI output and use 7 distinct query types to organize a
tree-like analysis flow. Based on these findings, we address C1 by
formalizing user queries into 7 distinct types. This classification en-
ables us to define a well-structured analysis tree, where user queries
serve as edges (categorized by the 7 query types) connecting nodes
defined by AI outputs (containing 2 analytical cue types). To ad-
dress C2, we developed an LLM-based tree construction algorithm.
Guided by our formative study, this algorithm extracts analytical
cues from multimodal AI output and appropriately positions them
within the analysis tree. Based on the tree, novices can receive step-
by-step guidance while preserving a global overview of the analysis.
Finally, we conducted a user study (𝑁 = 12) demonstrating that
ToA significantly improves CVA efficiency. The results show ToA
increases per-turn insights by 58.3% despite 17.7% longer per-turn
thinking time. ToA also eliminates task failures and encourages
users to engage in a deeper and more reflective exploration. Expert
interviews (𝑁 = 3) further validate its potential to democratize
visual analytics. Our main contributions are as follows:

• We present a formative study (𝑁 = 12) to explain why
novices become disoriented in CVA and distill the general
CVA workflow that includes two types of analytical cues and
seven types of queries.

• We propose a real-time tree construction algorithm for repre-
senting CVA process as an analysis tree, which incorporates
the practical guidelines derived from our formative study.

• We conducted an in-lab study (𝑁 = 12) comparing ToA with
existing CVA tools and found that ToA effectively alleviates
disorientation for novices by providing a clear overview that
encourages more proactive exploration.

2 Related Work
The following sections describe related work about conversational
visual analytics systems (Sec. 2.1), direction maintenance in visual
analytics (Sec. 2.2) and conversation systems (Sec. 2.3), and the ap-
plication of tree and graph visualization in complex tasks (Sec. 2.4).
Existing approaches cannot help users maintain holistic analysis
perspective, motivating our analysis tree visualization.

2.1 Conversational Visual Analytics
Traditional VA systems require users to master complex inter-
faces to explore data effectively [43, 48]. To reduce this barrier,
researchers integrate natural language interfaces (NLIs) into VA
systems, allowing users to communicate through natural language
commands [22, 28, 36, 66, 67, 70, 71, 74, 96]. However, even with NLI
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integration, the fundamental complexity of VA systems remains a
barrier for novices.

With the advent of LLMs, CVA has emerged as a more appealing
alternative for novices to conduct visual data exploration [25, 56,
58, 59, 75, 78]. CVA systems eliminate the complex interfaces of tra-
ditional VA systems, enabling users to explore data solely through
natural conversation. Recent research has further enhanced CVA
through multimodal interaction, preserving conversational intu-
itiveness while improving operational precision. Existing enhance-
ment methods can be divided into two approaches: pre-interaction
methods [17, 55, 80] and post-interaction methods [42, 89]. Pre-
interaction approaches improve user input clarity through multi-
modal capabilities. For example, DirectGPT and VizTA allow users
to drag visual elements into dialogue boxes [55, 80], while Inter-
chat enables users to link chart elements to prompts [17]. Post-
interaction approaches enable users to easily validate and refine
LLM-generated output. Stepwise and Phasewise allow users to
verify LLM-generated results and make corrections [42], while
WaitGPT provides on-the-fly visualization of generated code for
immediate revision [89].

However, while CVA reduces barriers to visual analytics, it also
amplifies novices’ tendency to become disoriented during their
analysis journey. Unlike traditional VA tools (e.g., Tableau) that
guide users through graphic user interface, CVA’s natural language
interface lacks discoverability, leaving novices struggling with what
to do next [68]. Additionally, the linear conversational interface
complicates analysis context management, causing users to lose
their analysis direction during multi-turn conversations [85]. Our
research addresses these difficulties by structuring CVA conversa-
tions into analysis trees that provide comprehensive support.

2.2 Maintaining Direction in Visual Analytics
Visual analytics is a complex iterative process where users eas-
ily lose track of their analysis direction during exploration [61].
To help users maintain direction in this complex process, recent
work mainly focuses on data-centric recommendations that suggest
insights based on statistical characteristics [49].

One category of work attempts to maintain users’ analysis direc-
tion by automatically detecting statistical patterns and generating
insight-rich visualizations from entire datasets [21, 37, 44, 81, 93].
These systems employ diverse technical approaches: AdaVis uses
knowledge graphs with attention mechanisms to recommend adap-
tive visualizations that guide users’ focus [93], while LLM4Vis lever-
ages ChatGPT with demonstration examples to generate appropri-
ate charts that suggest analysis paths [81]. Extending this approach,
another category of work incorporates user interaction to provide
more targeted guidance, while still relying primarily on statistical
characteristics [70, 87, 88, 96]. Voyager2 enables users to specify
partial data interests and automatically completes visualizations to
guide their next steps [88]. Snowy helps users maintain analysis di-
rection by suggesting deictic queries based on user-selected marks
on a chart [70]. LEVA supports focused exploration by generating
insights for user-selected chart regions, helping users deepen their
analysis in specific areas [96].

However, these data-centric approaches provide isolated recom-
mendations without offering users a global perspective of their

analysis journey. Without this perspective, novices struggle to con-
nect individual steps into a coherent logic, leading to repetitive or
aimless exploration. To address this limitation, we construct and
visualize an analysis tree that provides novices with a navigable
view of their analysis journey.

2.3 Maintaining Direction in Conversation
In the natural language processing domain, follow-up question
generation (FQG) has emerged as an effective technique for main-
taining direction in complex conversational interactions. It aims
to generate subsequent inquiries that help users maintain conver-
sational flow, deepen dialogue, explore new perspectives, or seek
more precise information [65, 82].

FQG has been applied across various domains, such as medical
consultations [29, 51, 84, 86], education [30, 52], and e-commerce [24],
demonstrating their effectiveness in maintaining the direction of
conversation. Recently, FQG has evolved from rule-based meth-
ods [57, 69], which lack diversity, to more sophisticated LLM-based
approaches that can generate more diverse questions while main-
taining contextual relevance. For example, Liu et al. fuse knowledge
graphs with LLMs, using external knowledge to generate more rel-
evant and in-depth questions that better maintain conversation
direction [52]; Winston et al. convert domain-specific content into
follow-up question examples for in-context learning to improve di-
rectional guidance [86]; Dong et al. develop a context-aware model
that mimics user behavior to generate follow-up questions for better
maintaining conversation direction [24].

However, while FQG produces contextually relevant questions,
it cannot yet provide novices with a global view of their analysis
journey. Additionally, they are designed for purely textual con-
versations rather than multimodal CVA environments. Our work
addresses both limitations by constructing an analysis tree from
multimodal conversations. This tree provides novices with a naviga-
ble view of their ananlysis journey and enables contextual guidance
based on their current position.

2.4 Graph Visualizations for Complex Tasks
Complex tasks are inherently non-linear, involving backtracking,
branching, and parallel exploration [61, 98]. To capture this com-
plexity, researchers in visualization have adopted graph structures
tomanage analysis history. For example, VisTrails [16], VisFlow [90],
and FlowSense [91] use graphs to help analysts track and revisit
their analysis steps.

Recently, the rise of LLMs has popularized conversational user
interfaces (CUIs) due to their simplicity. However, unlike the graph-
based Interfaces mentioned above, CUIs face several issues when
applied to complex tasks, such as difficulties with version con-
trol [47] and context management [85]. Researchers have attempted
to address these limitations by integrating tree and graph visual-
ization with CUIs, applying this approach across writing [46, 95],
sensemaking [40, 73], design [18, 72], coding [94] and visual an-
alytics [23, 26, 79, 85]. Specifically, VISAR uses trees to visualize
writing outlines, supporting rapid draft prototypingwith LLMs [95];
Graphologue and Sensescape use tree and graph structures to vi-
sualize textual LLM output, aiding comprehension of lengthy re-
sponses [40, 73]; CoExploreDS and Luminate use graphs to visualize
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design alternatives, supporting design ideations with LLMs [18, 72];
and NeuroSync uses graphs to visualize LLM reasoning steps, sup-
porting human-LLM alignment in coding tasks [94].

Most relevant to our work, InsightLens and Jupybara use graphs
to visualize relationships among discovered insights in LLM-assisted
VA tasks [79, 85]. However, they focus on organizing ananlysis re-
sults rather than the exploration process. Visualizing the process
is critical for novices, as they easily lose track of their previous
steps and current status during multi-turn conversations. Ding et
al. and Flowco allow users to explicitly construct graphs, either
by manually adding nodes or by commanding LLMs, to support
data analysis [23, 26]. However, this explicit construction imposes a
significant cognitive burden on novices, who may lack the expertise
to proactively structure their analysis. To better serve novices, we
represent the CVA process as a tree rather than a complex graph
and construct it automatically in real time. This approach provides
a clear global overview and reduces visual clutter, helping novices
maintain direction without the overhead of manual management.

3 Formative Study
The following sections describe our formative study 1. We begin
by describing our methodology and participant demographics (Sec.
3.1). Next, we investigate why novices experience disorientation
in CVA and how experts sustain effective analytical navigation
(Sec. 3.2). Finally, we distill a set of design goals that informed the
development of ToA (Sec. 3.3).

3.1 Study Design
3.1.1 Participants. We recruited 12 participants with varying data
analysis experience from different disciplines (5 male, 7 female;
age: 𝑀 = 27.5, 𝑆𝐷 = 3.3; see Table 1 in supplemental materials).
All participants had experience with data analysis in their work
and used ChatGPT regularly (5+ days per week). Based on the data
literacy self-efficacy scale (detailed in Sec. 3.1.3), we classified 6
participants as experts (E1-E6) and 6 as novices (N1-N6).

3.1.2 Apparatus and Tasks. We selected ChatGPT (GPT-4o) with
advanced data analysis plugin [59] as our experimental platform,
representing the state-of-the-art publicly accessible CVA system
at the time of our study. We used a job listings dataset (approxi-
mately 30,000 records, 7 dimensions) as our experimental dataset.
This dataset was selected because it requires no specialized do-
main knowledge while providing moderate analytical complexity.
Additionally, its clean structure minimizes LLM processing errors,
ensuring that observed user struggles stemmed from capability is-
sues rather than system limitations. The task required participants
to explore job characteristics and recommend a position with data-
driven explanations, mirroring the open-ended yet goal-directed
nature of visual analytics [11]. Two experts (3+ years VA experi-
ence) completed the task in 20 minutes in a pilot study, establishing
a performance baseline. The pilot also confirmed the stability of
LLM performance on this dataset.

3.1.3 Procedure. Before the study, all participants reviewed and
signed an informed consent form which explains the study purpose

1This study was approved by the Ethics Committee of the College of Biomedical
Engineering & Instrument Science, Zhejiang University (Approval No. 2025-26).

and procedures, potential risks and benefits, data handling practices,
and participants’ right to withdraw at any time. All participants
followed the designated study protocol and each of them received
$10 compensation for their participation. The study consisted of
three parts lasting 55 minutes in total:

Introduction and Tutorial (15 minutes): Participants first
completed a demographic questionnaire covering age, gender, job,
and self-rated expertise in visual analytics. We assessed partici-
pants’ visual analytics literacy using the data literacy self-efficacy
scale [45]. This scale contains 10 subscales. We selected two sub-
scales: data analysis and data visualization. These subscales were
selected because they directly relate to the core skills required in our
CVA tasks. Following the questionnaire, all participants received
a study briefing and completed a hands-on tutorial to familiarize
themselves with ChatGPT’s advanced data analysis plugin.

Task Completion (25 minutes): Participants performed the
CVA task by analyzing job listing dataset and making a job rec-
ommendation. After participants provided their final job recom-
mendations, we conducted brief post-task verification, asking them
to provide data-driven explanations for their choices. Participants
were classified as task failures under three conditions: taking too
long compared to experts’ 20-minute baseline (e.g., 2 to 3 times
longer than experts), being unable to provide explanations, or losing
confidence and giving up. Failed participants proceeded directly to
the interview phase. We collected screen recordings, observational
notes, and queries sent to ChatGPT during task completion for
subsequent analysis.

Interview (15 minutes): After completing the tasks, we inter-
viewed the participants with the following questions:

(1) How did you decide what to ask ChatGPT in each turn?
(2) What were the most challenging moments and why?
(3) How would you describe your overall analysis workflow?

3.1.4 Data Encoding. To analyze behavioral differences between
experts and novices, we coded participants’ queries. We adopted
conversational transitions model [77] as our initial framework, as it
provides well-defined categories based on visualization modifica-
tions. Unlike taxonomies classifying queries by data operations [35],
this model focuses on visualization changes, better reflecting how
users interact with charts in CVA. Two co-authors coded all queries
independently. During the process, we found the initial framework
insufficient to capture the diverse behaviors in CVA. Consequently,
we inductively expanded the taxonomy by developing new cate-
gories and subdividing original ones into more fine-grained types.
Ultimately, we identified eight query types from 205 queries (see
Table 1). Four were adapted from the initial model (elaborate, dice,
reshape, start new), while four emerged inductively (slice, clarify,
contextualize, fumble). Excluding fumble, the remaining seven types
represent clear analytical intents: five involve direct visualization
manipulation (start new, elaborate, dice, slice, reshape), and two
reflect broader conversational behaviors (contextualize, clarify).

3.2 Study Results
Fig. 2 depicts how task success varies with participant expertise
and the proportion of vague queries. The figure reveals two distinct
groups. Experts (bottom-right, Fig. 2b) had low vague query ratios
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Table 1: Eight query types identified in our formative study. Four derive from conversational transitions model [77]; four
emerged inductively. Unlike Hong and Crisan’s taxonomy [35], which classifies queries based on how they transform data, our
taxonomy classifies queries based on how they transform charts.

Query Type Definition Example from User Queries

Start New (27.8%; 57)
Derived from start new

Creating a new chart that departs from the
current chart’s analytical thread

“Now let’s look at geographic distribution of
jobs”

Fumble (19.5%; 40)
Our induction

Making vague or unclear questions without
specific analytical goals “Show me something interesting”

Elaborate (13.2%; 27)
Derived from elaborate

Augmenting a chart by introducing additional
data attributes

“Add the education level to the (existing) salary
distribution chart”

Dice (11.7%; 24)
Derived from adjust

Adding filter conditions to a chart to restrict the
displayed data subset “Show only jobs with salaries above $100,000”

Slice (9.3%; 19)
Our induction

Selecting specific attribute values from a chart as
filters for detailed analysis

“Show me the city distribution for the ‘Software
Engineer’ positions (on this chart)”

Contextualize (7.3%; 15)
Our induction

Incorporating external domain knowledge to
interpret insights of a chart

“Now I have 5 years of experience and a
master’s degree, which companies would you
recommend”

Reshape (5.9%; 12)
Derived from adjust

Modifying the visual encodings or
transformations of a chart while retaining data
attributes and filters

“Change this pie chart to a bar chart”

Clarify (5.4%; 11)
Our induction

Requesting explanations of the data or visual
elements displayed within a chart

“How many company types does each job title
have? Based on the pie chart”

Figure 2: Study results reveal two user groups based on data
literacy self-efficacy (horizontal axis: average score on self-
efficacy scale) and vague query proportion (vertical axis: fum-
ble queries / total queries): (a) novices; (b) experts.

and all succeeded. Novices (top-left, Fig. 2a) had higher vague query
ratios and most failed.

3.2.1 Three Fundamental Stages in CVA. To better analyze the root
causes of performance differences between experts and novices, we

first characterized the CVA process into three fundamental stages
based on our empirical observations:

Result Interpretation: Upon receiving AI output, participants
examine the charts and text to comprehend the results. Crucially,
they identify specific visual elements (e.g., outliers in line charts
or prominent bars in bar charts) that indicate promising directions
for further investigation. Adopting terminology from follow-up
question generation research [30], we term these cues analytical
triggers, as they stimulate the user’s intent to explore further.

Query Formulation: Based on identified triggers, participants
develop analytical intentions for further exploration, and then con-
struct queries by translating these intentions into natural language.

Context Management: As conversations progress, participants
track prior findings, understand relationships between different ana-
lytical paths, and make exploration decisions based on accumulated
knowledge, often requiring them to scroll through conversation
history to review previous content.

While result interpretation and query formulation occur itera-
tively per turn, context management persists throughout the entire
analytical session. Each stage is critical for success, yet users exhibit
significant performance differences. We next analyze how experts
and novices perform at each stage.

3.2.2 Novice Weaknesses. Most novices (4/6) failed to complete
the CVA task: one spent over 40 minutes without finishing, one
provided inadequate explanations, and two abandoned the task
(see Fig. 2a). They relied heavily on fumble (33.0%) and start new
(30.8%) queries, indicating frequent confusion and lack of analytical
continuity. In contrast, they used fewer elaborate (7.7%), dice (7.7%),
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Table 2: Two categories of analytical triggers identified from formative study, showing how experts systematically recognize
exploration opportunities in AI output.

Trigger Type Definition Observed Subtype

Presentation
Trigger

Visual elements that indicate presentation issues,
prompting restructuring requests.

Occlusion: overlapping or obstructed visual elements
impeding data reading; Overload: excessive visual elements
exceeding perceptual capacity

Observational
Trigger

Visual elements that reveal interesting data
patterns or values, prompting further investigation.

Majority, Extreme, Outlier, Difference, Trend, Turning point,
Correlation, following established fact taxonomy [50, 83]

slice (5.5%), and reshape (4.4%) queries. contextualize (6.6%) and
clarify (4.4%) queries accounted for only a small fraction of the
interactions. Through interviews and observations, we identified
core weaknesses novices face across each stage:

W1: Trigger Insensitivity in Result Interpretation. Novices
lack sensitivity to analytical triggers, frequently overlooking them
in AI output. For example, N4 noticed San Francisco had the highest
average salary but was not triggered to pursue this outlier further,
saying “I just thought there wasn’t much to explore.” This trigger
insensitivity causes novices to miss exploration opportunities and
explains why they frequently used start new (30.8%) to abandon
current analysis threads.

W2: Vague Expression in Query Formulation. Even after
recognizing analytical triggers, novices struggle to develop clear
analytical intentions and translate them into precise queries. For
example, N3, after discovering salary differences and wanting to
explore further, asked “Can you showme something interesting about
these salary differences?” rather than “What’s the salary range for
software engineer across different cities?” These vague queries lead to
poor analysis quality and incorrect output, explaining both frequent
fumble queries (33.0%) and task abandonment by two participants
who lost confidence in ChatGPT.

W3: Fragmented Analysis Flow Impairs Context Manage-
ment.Novices exhibit a fragmented analysis flow, frequently switch-
ing between analytical directions without establishing logical con-
nections. For instance, N1 repeatedly switched between salary,
education, experience, and city analyses without exploring their re-
lationships. He later admitted: “I remember analyzing lots of charts,
but can’t find logical connections. It’s hard to find why I recommend
this (job).” This fragmentation explains both why one participant
spent over 40 minutes without finishing the task and why another
provided inadequate explanations.

3.2.3 Expert Strengths. All experts (6/6) successfully completed
CVA tasks (see Fig. 2b). Compared to novices, they used fewer start
new (25.4%) and fumble (8.8%) queries, while using more elabo-
rate (17.5%), dice (14.9%), slice (12.3%), and reshape (7.0%) queries.
Usage of contextualize (7.9%) and clarify (6.1%) showed no major
differences. Experts demonstrated strengths across each stage:

S1: Trigger Sensitivity in Result Interpretation. Experts are
highly sensitive to two types of triggers (see Table 2 for completed
trigger taxonomy we summaries from interview and observation).
For example, when E2 observed densely clustered data points in
a scatter plot, this occlusion immediately caught his attention. P8
explained: “When I see these overlapping features, I know that for

better readability, it’s best to switch to a heatmap.” When E1 observed
salary patterns across different company types, this difference imme-
diately caught his attention. E1 explained: “Technology companies
seem to pay significantly more than other company types, so I want
to explore technology vs. traditional industry salary differences.” This
trigger sensitivity enables experts to conduct deeper analysis and
explains why they used more follow-up queries (elaborate, dice,
slice, reshape: 51. 7% combined) than novices.

S2: Purposeful Expression in Query Formulation. After
recognizing analytical triggers, experts develop clear analytical
intentions and precisely translate them into seven types of queries.
E5’s queries exemplify this: “Break down salary by company type
(elaborate)”, “Focus on technology companies only (slice)”, “Show
software engineer positions in technology companies across different
cities (dice)”. This precision improves the quality of AI output.

S3: Tree-like Analysis Flow Enhances Context Manage-
ment. Experts implicitly organize the linear conversation into a
tree-like workflow. For example, E6 first analyzed the relationship
between salary and experience, discovering large salary ranges
for senior positions. He then drilled down into this finding, sys-
tematically exploring the experience requirements and education
backgrounds specifically for these high-salary senior roles. Only
after exhausting this analytical thread did he backtrack to explore
a different dimension: how salaries vary across cities. This tree-
like workflow enables experts to maintain a clear awareness of
their exploration boundaries and rapidly locate key insights within
the conversation history, consistent with strategies observed in
traditional VA systems [11, 87, 88].

3.3 Design Goals
Informed by the weaknesses of the novices and the strengths of
the experts, we derive the following design goals (DGs) to facilitate
CVA for novices (see Table 3).
DG1 Extract Analytical Triggers to Guide Further Explo-

ration (derived fromW1 and S1). To address novices’ trig-
ger insensitivity, we automatically detect and classify the two
types of analytical triggers (presentation, observational) that
experts systematically identify from AI output. By explicitly
surfacing these hidden cues, we reveal exploration opportu-
nities that novices miss and guide them toward promising
analytical directions.

DG2 Categorize User Queries to Guide Query Formulation
(derived fromW2 and S2). To address novices’ vague query
construction, we classify user queries into the seven distinct
types identified in our formative study. By systematically
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Table 3: This table summarizes key contrasts observed in our formative study across three stages, highlighting novices
weaknesses (W1-W3) and expert strengths (S1-S3) that inform our design goals (DG1-DG3).

CVA Stage Novice Weakness Expert Strength Design Goal

Result Inter-
pretation

W1: Trigger Insensitivity.
Overlook analytical triggers in AI
output

S1: Trigger Sensitivity.
Identify 2 types of analytical
triggers from AI output

DG1: Extract Triggers.
Extract analytical triggers from AI output to
guide further exploration

Query
Formulation

W2: Vague Queries.
Resort to fumble when unable to
formulate specific questions

S2: Purposeful Queries.
Use 7 distinct query types for
targeted exploration

DG2: Categorize Queries.
Systematically categorize user queries to
guide targeted formulation

Context
Management

W3: Fragmented Analysis
Flows.
Jump between different directions
without logical connections

S3: Tree-like Analysis Flows.
Implicitly adopt a tree-like
workflow to maintain analysis
context

DG3: Construct Trees.
Construct and visualize analysis trees to
enable navigation and prevent fragmented
analysis flow

categorizing user queries, we can provide specific query
suggestions and help novices formulate targeted questions
instead of vague fumble queries.

DG3 Construct and Visualize an Analysis Tree for Navi-
gation (derived from W3 and S3). To address novices’
fragmented analysis flow, we restructure and visualize their
analysis into an analysis tree that mirrors experts’ tree-like
workflows. By organizing the CVA process into such a tree
with AI outputs as nodes and user queries as edges, we pro-
vide navigation support that prevents user disorientation.

4 Algorithm Design
The following sections describe the algorithm design.We first define
the data structure for the analysis tree that captures CVA context
(Sec. 4.1, DG3). Then we present our method for automatically
constructing the tree and identifying question triggers from con-
versation content (Sec. 4.2, DG1). Finally, we demonstrate how
we generate contextual-aware recommendations by leveraging the
analysis tree and identified triggers (Sec. 4.3, DG2).

4.1 Analysis Tree Definition
We define an analysis tree (see Fig. 3) as the data structure that
encodes the complete CVA context. Given a tabular dataset 𝐷 and a
sequence of n query-answer pairs {(𝑄1, 𝐴1), (𝑄2, 𝐴2), ..., (𝑄𝑛, 𝐴𝑛)}
in a CVA session, where each 𝑄𝑖 represents the user’s natural lan-
guage query over 𝐷 and 𝐴𝑖 represents the AI output including text
and chart, an analysis tree T is constructed as follows:

𝑇 := {𝑟, 𝑁 , 𝐸}
where 𝑁 = {𝑎𝑛𝑠𝑤𝑒𝑟1, 𝑎𝑛𝑠𝑤𝑒𝑟2, ..., 𝑎𝑛𝑠𝑤𝑒𝑟𝑛} contains 𝑛 nodes corre-
sponding to {𝐴1, 𝐴2, ..., 𝐴𝑛}; 𝐸 = {𝑞𝑢𝑒𝑟𝑦1, 𝑞𝑢𝑒𝑟𝑦2, ..., 𝑞𝑢𝑒𝑟𝑦𝑛} con-
tains 𝑛 edges corresponding to {𝑄1, 𝑄2, ..., 𝑄𝑛}, with each 𝑞𝑢𝑒𝑟𝑦𝑖
transforming 𝑎𝑛𝑠𝑤𝑒𝑟 𝑗 to 𝑎𝑛𝑠𝑤𝑒𝑟𝑖 , where 𝑗 < 𝑖; and 𝑟 = 𝑎𝑛𝑠𝑤𝑒𝑟0
represents the root node (initial CVA state).

4.1.1 Node. We define each node as a 3-tuple representing the AI
output 𝐴𝑖 , where "?" indicates optional elements:

𝑎𝑛𝑠𝑤𝑒𝑟𝑖 := {𝑐ℎ𝑎𝑟𝑡𝑖?, 𝑎𝑛𝑠𝑤𝑒𝑟𝑇𝑒𝑥𝑡𝑖 , 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑠𝑖 }
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Figure 3: Structuring linear CVA conversations (left) into
analysis tree (right). AI outputs (𝐴𝑖 ) become nodes (𝑎𝑛𝑠𝑤𝑒𝑟𝑖 )
containing charts, triggers, and text. User queries (𝑄𝑖 )
become edges (𝑞𝑢𝑒𝑟𝑦𝑖 ) that connect nodes and capture query
types and original text.

𝑐ℎ𝑎𝑟𝑡𝑖 is a 2-tuple representing the chart in AI output 𝐴𝑖 :

𝑐ℎ𝑎𝑟𝑡𝑖 := {𝑎𝑡𝑡𝑟𝑠𝑖 , 𝑓 𝑖𝑙𝑡𝑒𝑟𝑠𝑖?}
where 𝑎𝑡𝑡𝑟𝑠𝑖 is data attributes from dataset 𝐷 displayed in the
chart, 𝑓 𝑖𝑙𝑡𝑒𝑟𝑖 is a filter applied to dataset 𝐷 . We use only these two
components to represent charts because {𝑎𝑡𝑡𝑟𝑠𝑖 , 𝑓 𝑖𝑙𝑡𝑒𝑟𝑠𝑖 } precisely
captures what data users are currently viewing [49], which is essen-
tial for understanding how users move between analysis steps. For
example, if a bar chart shows job titles and salaries, 𝑎𝑡𝑡𝑟𝑠𝑖 could be
job title and salary columns, 𝑓 𝑖𝑙𝑡𝑒𝑟𝑖 could be a selected experience
range or specific company types, 𝑐ℎ𝑎𝑟𝑡𝑖 is null for text-only output.

𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑠𝑖 is an array representing analytical triggers detected in
the AI output 𝐴𝑖 , where each element is defined as:

𝑡𝑟𝑖𝑔𝑔𝑒𝑟 := {𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑇𝑦𝑝𝑒, 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝐶𝑜𝑛𝑡𝑒𝑛𝑡}
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with 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑇𝑦𝑝𝑒 represents two trigger categories identified from
our formative study: presentation, observational, and 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝐶𝑜𝑛𝑡𝑒𝑛𝑡
containing a textual description of each trigger.

4.1.2 Edge. We define each edge as a 4-tuple representing user
query 𝑄𝑖 :

𝑞𝑢𝑒𝑟𝑦𝑖 := {𝑎𝑛𝑠𝑤𝑒𝑟 𝑗 , 𝑎𝑛𝑠𝑤𝑒𝑟𝑖 , 𝑞𝑢𝑒𝑟𝑦𝑇𝑦𝑝𝑒𝑖 , 𝑞𝑢𝑒𝑟𝑦𝑇𝑒𝑥𝑡𝑖 }

where 𝑎𝑛𝑠𝑤𝑒𝑟 𝑗 represents the source node that is transformed
to 𝑎𝑛𝑠𝑤𝑒𝑟𝑖 (the target node) through user query 𝑄𝑖 , with 𝑗 < 𝑖 ,
𝑞𝑢𝑒𝑟𝑦𝑇𝑦𝑝𝑒𝑖 represents seven candidate query types identified from
our formative study: six types (elaborate, dice, reshape, slice, clarify,
contextualize) that connect to any previous node, and one special
type (start new) that exclusively connects to the root node 𝑟 , and
𝑞𝑢𝑒𝑟𝑦𝑇𝑒𝑥𝑡𝑖 contains the original text of user query 𝑄𝑖 .

4.2 Tree Construction
Given an existing tree 𝑇 and a new query-answer pair (𝑄𝑖 , 𝐴𝑖 ),
the algorithm determines the appropriate parent node while ex-
tracting analytical triggers (see Alg. 1 in supplemental materials).
We decompose the tree construction process into two stages: node
generation (see Fig. 4a) and insertion (see Fig. 4b).

4.2.1 Node Generation. Given new query-answer pair (𝑄𝑖 , 𝐴𝑖 ), we
construct node 𝑎𝑛𝑠𝑤𝑒𝑟𝑖 as follows. First, we extract 𝑎𝑛𝑠𝑤𝑒𝑟𝑇𝑒𝑥𝑡𝑖
from the AI output 𝐴𝑖 . Then, if 𝐴𝑖 contains a chart, we extract
𝑎𝑡𝑡𝑟𝑠𝑖 and 𝑓 𝑖𝑙𝑡𝑒𝑟𝑖 from the chart specifications. Next, we identify
triggers in 𝐴𝑖 using multi-modal question answering capability of
LLMs [38]. We provide LLMs with our trigger definitions and few-
shot examples [20]. The LLM performs multiple choice selection to
determine which triggers are present in the chart, then generates
corresponding textual descriptions for the identified triggers. We
then store these triggers in 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑠𝑖 . Finally, we construct the node
as: 𝑎𝑛𝑠𝑤𝑒𝑟𝑖 := {𝑐ℎ𝑎𝑟𝑡𝑖?, 𝑎𝑛𝑠𝑤𝑒𝑟𝑇𝑒𝑥𝑡𝑖 , 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑠𝑖 }.

4.2.2 Node Insertion. Given a new node 𝑎𝑛𝑠𝑤𝑒𝑟𝑖 , we find its parent
node using the connection rules fromTable 4. For each existing node
𝑎𝑛𝑠𝑤𝑒𝑟 𝑗 in the tree, we test whether it satisfies any of the six con-
nection rules. If multiple nodes satisfy the rules, we select the most
recent one and connect 𝑎𝑛𝑠𝑤𝑒𝑟𝑖 to it with the corresponding query
type. If no existing node satisfies any rule, we connect 𝑎𝑛𝑠𝑤𝑒𝑟𝑖 to
the root with query type start new. We complete the process by
creating an edge 𝑞𝑢𝑒𝑟𝑦𝑖 := {𝑎𝑛𝑠𝑤𝑒𝑟 𝑗 , 𝑎𝑛𝑠𝑤𝑒𝑟𝑖 , 𝑞𝑢𝑒𝑟𝑦𝑇𝑦𝑝𝑒,𝑄𝑖 } and
updating the tree: 𝑇 ′ =𝑇 ∪ {𝑎𝑛𝑠𝑤𝑒𝑟𝑖 , 𝑞𝑢𝑒𝑟𝑦𝑖 }.

4.3 Query Recommendation
Given an analysis tree 𝑇 , a tabular dataset 𝐷 , and the current node
𝑎𝑛𝑠𝑤𝑒𝑟𝑖 , the algorithm generates a set of three recommended edges
{𝑒𝑑𝑔𝑒𝑟𝑒𝑐1, 𝑒𝑑𝑔𝑒𝑟𝑒𝑐2, 𝑒𝑑𝑔𝑒𝑟𝑒𝑐3} that help novices identify promising
next steps (see Alg. 2 in supplemental materials). We decompose the
query recommendation process into two stages: trigger selection
(see Fig. 4c) and query generation (see Fig. 4d).

4.3.1 Trigger Selection. Given the current node’s triggers 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑠𝑖
and the analysis context of ancestor nodes, this stage outputs a
candidate trigger set {𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑟𝑒𝑐1, 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑟𝑒𝑐2, 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑟𝑒𝑐3}. We first
collect analysis context by extracting data attributes and filters from
all ancestor nodes along the path from root to current node.We then

prompt the LLM with the exploration context and a multiple-choice
question over 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑠𝑖 , asking it to select the three triggers most
likely to lead to new discoveries. Finally, we identify three recom-
mended triggers: 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑠𝑟𝑒𝑐 := {𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑟𝑒𝑐1, 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑟𝑒𝑐2, 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑟𝑒𝑐3}.

4.3.2 Query Generation. Given a selected trigger 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑟𝑒𝑐 , the
current node 𝑎𝑛𝑠𝑤𝑒𝑟𝑖 , and tabular dataset 𝐷 , this stage outputs a
recommended edge 𝑒𝑑𝑔𝑒𝑟𝑒𝑐 := {𝑎𝑛𝑠𝑤𝑒𝑟𝑖 , 𝑎𝑛𝑠𝑤𝑒𝑟𝑟𝑒𝑐 , 𝑞𝑢𝑒𝑟𝑦𝑇𝑦𝑝𝑒𝑟𝑒𝑐 ,
𝑞𝑢𝑒𝑟𝑦𝑇𝑒𝑥𝑡𝑟𝑒𝑐 }. First, we provide the LLMwith 𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑟𝑒𝑐 and dataset
𝐷 , asking it to select the most appropriate query type from six iden-
tified types (excluding start new) and generate the corresponding
target node 𝑎𝑛𝑠𝑤𝑒𝑟𝑟𝑒𝑐 = {𝑐ℎ𝑎𝑟𝑡𝑟𝑒𝑐?, ∅, ∅}, where 𝑐ℎ𝑎𝑟𝑡𝑟𝑒𝑐 contains
the predicted data attributes and filters. Second, the LLM gener-
ates 𝑞𝑢𝑒𝑟𝑦𝑇𝑒𝑥𝑡𝑟𝑒𝑐 based on the selected query type and the pre-
dicted chart content. Finally, we construct the recommended edge:
𝑒𝑑𝑔𝑒𝑟𝑒𝑐 := {𝑎𝑛𝑠𝑤𝑒𝑟𝑖 , 𝑎𝑛𝑠𝑤𝑒𝑟𝑟𝑒𝑐 , 𝑞𝑢𝑒𝑟𝑦𝑇𝑦𝑝𝑒𝑟𝑒𝑐 , 𝑞𝑢𝑒𝑟𝑦𝑇𝑒𝑥𝑡𝑟𝑒𝑐 }.

5 Interface Design
To achieve DG3, we designed an interface that visualizes the anal-
ysis tree to provide structured navigation support. It consists of
two main parts: an interactive tree panel for managing the CVA
context (Sec. 5.1) and an enhanced conversation panel integrating
tree-based query recommendations (Sec. 5.2) We then describe our
implementation details (Sec. 5.3).

5.1 Tree-Based Navigation Panel
The tree navigation panel (Fig. 5a) addresses exploration fragmen-
tation by visualizing the CVA process as an interactive analysis
tree. Nodes, rendered as rectangles, represent AI outputs (𝑎𝑛𝑠𝑤𝑒𝑟𝑖 )
and display the corresponding data attributes (𝑎𝑡𝑡𝑟𝑖 ) and filters
(𝑓 𝑖𝑙𝑡𝑒𝑟𝑠𝑖 ). Edges connect these nodes to represent user queries, la-
beled with types (e.g., “Start new”, “Elaborate” ) to depict analytical
transitions. The toolbar (Fig. 5c) supports two primary interactions:
the filter tool, which allows users to select multiple nodes to isolate
specific conversation threads, and the selection tool, which enables
direct navigation to any previous analysis step. Additionally, hov-
ering over a node (Fig. 5b) reveals a floating window with available
triggers (𝑡𝑟𝑖𝑔𝑔𝑒𝑟𝑠𝑖 ). Clicking the “REC.” button next to a trigger
generates targeted query recommendations, which simultaneously
appear as interactive cards in the conversation panel and dotted
candidate nodes in the analysis tree.

5.2 Enhanced Conversation with
Recommendations

The enhanced conversation panel (Fig. 5d) augments standard CVA
interfaces by integrating tree-based query recommendations. When
the LLM returns a response with charts and textual descriptions,
the system also provides three recommended follow-up queries. Ad-
ditionally, users can manually generate targeted recommendations
by hovering over nodes in the tree panel and clicking the “REC.”
button next to specific triggers. These recommendations appear as
interactive cards (Fig. 5e) and are simultaneously rendered as dotted
nodes (𝑎𝑛𝑠𝑤𝑒𝑟𝑟𝑒𝑐 ) and edges (𝑒𝑑𝑔𝑒𝑟𝑒𝑐 ) in the tree panel (Fig. 5f) to
indicate future exploration directions. Each card features a question
mark icon that reveals the reasoning behind the recommendation.
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Figure 4: Overview of the analysis tree construction and query recommendation process. When a new QA pair arrives, (a) our
algorithm first extracts information from the QA pair and generates a new node, (b) then inserts this node into the existing
tree, completing the tree construction. For query recommendations, (c) the algorithm first selects three promising triggers
from the current node, using ancestor nodes as context, (d) then combines these triggers with the dataset to generate six types
of recommendations (the figure shows elaborate, slice, and slice as examples).

Table 4: Connection rules for inserting new nodes into a analysis tree. When adding a new node, we test each existing node to
see if it satisfies any of the six connection rules. Each rule corresponds to a specific query type. The first four rules compare
data attributes and filters using rule-based logic, while the last two assess text-chart relationships using LLMs’ multiple choice
capability. When both slice and dice conditions are satisfied simultaneously, slice takes precedence. If no rule is satisfied, the
node connects to the root as a new branch.

Query Type Rule

Elaborate 𝑐ℎ𝑖𝑙𝑑.𝑐ℎ𝑎𝑟𝑡 ≠ 𝑛𝑢𝑙𝑙 AND 𝑝𝑎𝑟𝑒𝑛𝑡 .𝑎𝑡𝑡𝑟𝑠 ⊂ 𝑐ℎ𝑖𝑙𝑑.𝑎𝑡𝑡𝑟𝑠 AND 𝑝𝑎𝑟𝑒𝑛𝑡 .𝑓 𝑖𝑙𝑡𝑒𝑟 = 𝑐ℎ𝑖𝑙𝑑.𝑓 𝑖𝑙𝑡𝑒𝑟

Dice 𝑐ℎ𝑖𝑙𝑑.𝑐ℎ𝑎𝑟𝑡 ≠ 𝑛𝑢𝑙𝑙 AND 𝑝𝑎𝑟𝑒𝑛𝑡 .𝑎𝑡𝑡𝑟𝑠 = 𝑐ℎ𝑖𝑙𝑑.𝑎𝑡𝑡𝑟𝑠 AND 𝑝𝑎𝑟𝑒𝑛𝑡 .𝑓 𝑖𝑙𝑡𝑒𝑟 ⊂ 𝑐ℎ𝑖𝑙𝑑.𝑓 𝑖𝑙𝑡𝑒𝑟

Reshape 𝑐ℎ𝑖𝑙𝑑.𝑐ℎ𝑎𝑟𝑡 ≠ 𝑛𝑢𝑙𝑙 AND 𝑝𝑎𝑟𝑒𝑛𝑡 .𝑎𝑡𝑡𝑟𝑠 = 𝑐ℎ𝑖𝑙𝑑.𝑎𝑡𝑡𝑟𝑠 AND 𝑝𝑎𝑟𝑒𝑛𝑡 .𝑓 𝑖𝑙𝑡𝑒𝑟 = 𝑐ℎ𝑖𝑙𝑑.𝑓 𝑖𝑙𝑡𝑒𝑟

Slice 𝑐ℎ𝑖𝑙𝑑.𝑐ℎ𝑎𝑟𝑡 ≠ 𝑛𝑢𝑙𝑙 AND 𝑐ℎ𝑖𝑙𝑑.𝑓 𝑖𝑙𝑡𝑒𝑟 derived from 𝑝𝑎𝑟𝑒𝑛𝑡 .𝑎𝑡𝑡𝑟𝑠

Clarify 𝑐ℎ𝑖𝑙𝑑.𝑐ℎ𝑎𝑟𝑡 = 𝑛𝑢𝑙𝑙 AND 𝑐ℎ𝑖𝑙𝑑.𝑎𝑛𝑠𝑤𝑒𝑟𝑇𝑒𝑥𝑡 explains 𝑝𝑎𝑟𝑒𝑛𝑡 .𝑐ℎ𝑎𝑟𝑡
Contextualize 𝑐ℎ𝑖𝑙𝑑.𝑐ℎ𝑎𝑟𝑡 = 𝑛𝑢𝑙𝑙 AND 𝑐ℎ𝑖𝑙𝑑.𝑎𝑛𝑠𝑤𝑒𝑟𝑇𝑒𝑥𝑡 connects 𝑝𝑎𝑟𝑒𝑛𝑡 .𝑐ℎ𝑎𝑟𝑡 to domain knowledge

Start New No existing node satisfies any rule above→ connect 𝑐ℎ𝑖𝑙𝑑 to 𝑟

This transparency promotes interpretability, helping novices un-
derstand expert exploration strategies and gradually cultivate their
own analytical thinking.

5.3 Implementation
We implemented ToA using a modern web technology stack with a
decoupled frontend-backend architecture. The frontend employs
Vue3 [8] with TypeScript and Vite. For visualization, we use Vega-
Lite [7] for statistical charts and G6 [4] for interactive conversation
trees. The backend consists of a Django-based RESTful API ser-
vice [1]. We selected Google Gemini 2.5 Flash (June 2025) [32] for
its rapid reasoning and leading performance across most chart un-
derstanding tasks [39]. We employed LangChain [5] to orchestrate
structured LLM interactions through carefully designed prompt
engineering, enabling chained processing for chart generation, oper-
ation type classification, and recommendation tasks. ToA leverages
pandas [6] for data processing and analysis.

6 Usage Scenario
Raj, a new Flipkart seller with no data analysis background, wants
to understand mobile phone market trends before deciding his in-
ventory strategy but doesn’t know where to start. He uploads the
mobile phone sales dataset into ToA, relieved to see a simple inter-
face rather than complex statistical tools he’s struggled with before.
The tree panel shows a root node, ready to guide his exploration.

Unsure how to phrase analytical questions, Raj types a simple
prompt: “Show me phone sales.” ToA understands his intent and
generates a bar chart showing sales distribution across brands. As
the output appears, a new node branches from the root, connected
by an edge labeled “Start new.” Below the output, three recom-
mendation cards immediately appear. Raj is grateful not having
to formulate follow-up questions himself. One recommendation
catches his eye: “Add price to compare premium (Apple, Samsung)
vs budget (Realme, Poco, Xiaomi) brand sales (Elaborate)”. Curious
about the reasons, Raj clicks the question mark icon on the card.
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Figure 5: User interface of ToA: (a) Tree navigation panel for exploration overview; (d) Conversation panel with contextual
recommendations. Upon query submission, new outputs appear in the conversation with recommendation cards (e), which are
simultaneously previewed as dotted nodes (f) in the tree.

A tooltip explains: “Majority: Budget brands dominate with 72%
market share. It indicates significant market segmentation worth
investigating.” This explanation helps Raj understand why this
direction warrants investigation (see Fig. 5e).

As Raj continues exploring through recommendations, accepting
one after another, the tree grows with multiple branches. After
several steps, he examines a scatter plot showing phone prices
versus battery capacity. The recommendation cards below this chart
do not interest him. Wanting to see what other opportunities this
node offers, he hovers over this node to expand all triggers. Among
several triggers, he spots an intriguingCorrelation: “Battery capacity
shows negative correlation with price” Raj clicks “REC.” next to this
trigger, and a new recommendation immediately appears: “Explain
why premium phones have smaller batteries (Contextualize).” He
accepts this recommendation, and ToA generates a text explanation
about how premium phones prioritize design thinness over battery
capacity (see Fig. 6a).

Raj continues using the selection tool to jump between nodes
and the “REC.” button to generate further recommendations. The
tree rapidly expands with branches spreading in multiple directions,
over seven nodes now populate the tree. Raj feels overwhelmed
by the fragmented information scattered across different analytical
threads. Staring at the tree, Raj clicks through various nodes re-
viewing his previous explorations. One bar chart suddenly catches
his attention. It shows sales-to-price ratios across brands, and Xi-
aomi stands out with a remarkably high value. Despite being po-
sitioned in the low-price segment, Xiaomi achieves strong sales
performance far exceeding other brands. This counterintuitive find-
ing could significantly impact his inventory strategy. However,

his Xiaomi-related discoveries are now buried within the lengthy
conversational history alongside analyses of other brands and fea-
tures. Wanting to focus specifically on Xiaomi without interference
from other analytical threads, he activates the filter tool and selects
the three Xiaomi-related nodes (see Fig. 6b1 b2 b3). The conver-
sation reorganizes to show only these three Xiaomi analyses in
sequence, helping him see exactly what aspects of Xiaomi he has
already. With this focused view, Raj enters the query: “Analyze Xi-
aomi’s processor choices by model.” ToA processes the query with
the three filtered nodes as context. This generates a grouped bar
chart revealing that the top-selling Xiaomi models predominantly
use Qualcomm processors. Building on this insight, Raj continues
using the filter to explore multiple related dimensions of Xiaomi.
Through this focused exploration, he ultimately discovers that Xi-
aomi’s best-selling models combine Qualcomm processors with
3GB RAM, priced around $8,500 (see Fig. 6b).

By the session’s end, Raj can visually see his entire exploration
journey through the analysis tree. With this global perspective, he
identified his most valuable finding: Xiaomi models with Qualcomm
processors and 3GB RAM at $8,500 represent the optimal inventory
choice for his business. Raj successfully decides to focus on these
specific configurations, achieving actionable insights despite never
writing complex queries or understanding statistical concepts.

7 Algorithm Evaluation
ToA’s effectiveness depends on two critical tasks: trigger detection
for identifying analytical opportunities, and tree construction for
maintaining analysis context. Trigger detection requires LLMs to
comprehend and extract data features from a chart. Previous studies
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Figure 6: Raj’s usage scenario: (a) Clicking “REC” next to a trigger generates a targeted recommendation. (b) Selecting multiple
nodes filters the conversation panel to show only those analyses, helping Raj focus on related findings.

demonstrate that LLMs outperform human baselines on such tasks
(e.g., 50.17/53 vs. 28.82/53 on VLAT [20]). Given that LLM perfor-
mance is already well-established, re-evaluating it offers limited
theoretical contribution. Therefore, our evaluation focuses on tree
construction. Tree construction uses six connection rules (Table 4)
to determine parent nodes. The first four rules (elaborate, dice, re-
shape, slice) compare data attributes and filters deterministically,
achieving theoretical error-free performance. The challenge lies in
the last two rules, clarify and contextualize, which require aligning
a text description with a specific parent chart. This becomes par-
ticularly difficult in CVA, where users iteratively refine analyses
and generate sequences of highly similar charts (e.g., bar charts
differing only in filters). The LLM2 must distinguish among similar
2We evaluated Google Gemini 2.5 Flash, which is used in our system implementation.

candidates based on subtle semantic cues. Existing datasets (e.g.,
[9]) contain diverse but distinct charts and cannot support this
task. We therefore constructed a CVA-specific dataset (Sec. 7.1) and
evaluated the last two rules (Sec. 7.2).

7.1 Dataset and Ground Truth
We extracted complete analysis logs from the two participants who
generated the most charts (19 and 20 respectively), providing a
stress test for high-load scenarios. The dataset comprises 39 charts:
25 bar charts, 4 line charts, 2 scatter plots, 3 boxplots, 3 heatmaps,
and 2 pie charts. To establish ground truth, two authors with rich
research experiences (> 2 years) in VAwrote text descriptions based
on Lundgard et al.’s visualization semantic model, a description
taxonomy published in IEEE TVCG [54]. Each author handled one
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Table 5: Tree construction evaluation results. Task 1 (parent identification) achieved 71.37% accuracy across four semantic
levels. Task 2 (type classification) achieved 99.10% accuracy. System overall achieved 70.73% accuracy.

Task 1: Parent Identification L1: Elemental L2: Statistical L3: Perceptual L4: Contextual Overall Acc.
Matching Accuracy 84.62% (99/117) 71.79% (84/117) 64.96% (76/117) 64.10% (75/117) 71.37% (334/468)

Task 2: Type Classification Clarify Contextualize Overall Acc.
Metric Results (P / R) 99.23% (258/260) / 99.61% (258/259) 98.64% (73/74) / 97.33% (73/75) 99.10% (331/334)

System Overall End-to-End Accuracy: 70.73% (331/468)

participant’s data and cross-reviewed the other’s work to reach a
consensus. This model defines four description levels: L1 describing
elemental features like chart type, L2 describing statistical patterns
like outliers, L3 describing perceptual observations like trends, and
L4 describing contextual domain knowledge. Accordingly, the first
three levels (L1–L3) map to clarify as they describe intrinsic visual
facts, while the last level (L4) maps to contextualize as it describes
external knowledge. Following this model, two authors created four
levels of descriptions for each chart (156 text-chart pairs total).

7.2 Tasks and Results
We evaluated tree construction using 156 text-chart pairs. To sim-
ulate real-world CVA scenarios, we restricted the search space to
charts generated prior to the current step, with candidates presented
in a randomized order. For example, when processing participant
A’s text for the 5th chart, the search space was limited to A’s first
five charts. Evaluation comprised two sequential tasks: (1) parent
identification: matching the text to the target chart; (2) type classi-
fication: classifying the connection type (clarify or contextualize).
For robustness, we repeated the experiment three times. We report
the matching accuracy for Task 1, and the classification precision,
recall and accuracy for Task 2.

Table 5 shows tree construction performance. Parent identifica-
tion achieved 71.37% accuracy overall. Accuracy decreased from
L1 to L4 descriptions, indicating that matching is more reliable
for elemental descriptions but becomes challenging for contextual
descriptions. Qualitative analysis of 134 failures revealed three er-
ror types. Context similarity interference (58 cases, 42.34%) was
the primary and CVA-specific errors. In these instances, the model
incorrectly selected a high-similarity distractor, struggling to re-
solve the visual ambiguity between fine-grained chart variants. In
contrast, the remaining failures occurred when the model failed to
identify any match, attributed to fundamental chart misinterpreta-
tion (39 cases, 29.10%) or text misinterpretation (37 cases, 27.61%)
where obvious features or descriptions were not recognized. Type
classification achieved 99.10% accuracy (two contextualize misclas-
sified as clarify; one clarify misclassified as contextualize). This
indicates the primary challenge is identifying the correct parent
node rather than distinguishing between clarify and contextualize.
Although overall accuracy was 70.73%, real-world performance
should be higher. In practice, the algorithm prioritizes recent charts
rather than searching randomly, which aligns with users’ tendency
to explore based on latest results and reduces interference from sim-
ilar historical charts. Future improvements could enhance accuracy
through fine-tuning the model on CVA-specific datasets to better

capture the nuances of distinguishing similar charts in iterative
analysis contexts [60].

8 User Study
The following sections describe our user study 3. To evaluate how
effectively our analysis tree prevents novices from getting lost dur-
ing CVA, we conducted a user study. We assessed this effectiveness
through three key indicators: analysis performance improvements,
user perception changes, and behavioral pattern shifts during CVA.
The following sections describe our experimental setup andmethod-
ology (Sec. 8.1), present both objective performance results and
subjective perception findings (Sec. 8.2)

8.1 Study Design
8.1.1 Participants. We recruited 12 novices (6 male, 6 female; age:
𝑀 = 23.1, 𝑆𝐷 = 2.7, see Table 2 in supplemental materials) from
diverse backgrounds, such as cultural heritage restoration and in-
dustrial design. Our screening criteria included: (1) average scores
below 3.0 on the data analysis and visualization subscales of the
data literacy self-efficacy scale [45]; (2) no background in data sci-
ence or statistics; (3) using conversational AI 5+ days per week; (4)
no participation in our formative study.

8.1.2 Baseline and Apparatus. We created the baseline system by
removing the analysis tree from ToA (see Fig. 7). Without analysis
tree, the baseline generates recommendations based on conversa-
tion history and dataset features. Meanwhile, the baseline shares
the same appearance and AI capability as ToA, ensuring that ob-
served differences can be attributed solely to the analysis tree. All
participants completed tasks in a standardized environment. They
used identically configured desktop computers with two monitors.

8.1.3 Tasks. We designed two CVA tasks using distinct datasets:
Task A utilized a flight price dataset [2], while Task B employed
the mobile phone market dataset described in Sec. 6 [3]. Each task
comprised two stages:

Exploration: Participants conducted open-ended exploration
using the system to discover valuable insights. Task A focused on
key factors affecting flight pricing, while Task B examined con-
sumer purchasing behaviors. Participants had access to all system
functionalities during this phase.

Summarization: Participants organized insights from their ex-
ploration and documented findings in a structured report with

3This study was approved by the Ethics Committee of the College of Biomedical
Engineering & Instrument Science, Zhejiang University (Approval No. 2025-26).
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Figure 7: A comparison between the baseline system (left) and ToA (right). Both systems support conversational visual analytics
and follow-up recommendations. The baseline differs only by removing the analysis tree.

data-driven evidence. Following established categorization frame-
works in visual analysis [34, 53], participants were informed that
insights can be observations, hypotheses, and generalizations. Par-
ticipants could use all system functions but submitting new queries
during this phase.

This two-stage task simulates common real-world VA scenarios,
where users typically conduct in-depth data analysis first, and sub-
sequently report findings to colleagues for further discussion [92].

8.1.4 Procedure. We employed a counterbalanced within-subjects
design, with 12 participants randomly assigned to two groups (6
participants each). Group I used the baseline system for Task A,
followed by ToA for Task B; Group II used ToA for Task A, followed
by the baseline system for Task B. Before the study began, all par-
ticipants reviewed and signed an informed consent form and were
informed that they could withdraw at any time. The experimen-
tal procedure was as follows: participants first received a system
introduction and demonstration (5 minutes), then completed the
exploration phase (25 minutes) and summarization phase (10 min-
utes), followed by questionnaires (5 minutes). After a 10-minute
break, they repeated the same sequence for the second analysis
task. Finally, participants engaged in a semi-structured interview
(15 minutes). Researchers conducted one-on-one observations, tak-
ing detailed behavioral notes and providing necessary technical
support. All task processes were captured through screen record-
ing, interview content was audio recorded, and observational notes
were documented. Each participant received $15 compensation for
their participation.

8.1.5 Measures. We assessed task performance using objective
metrics: task outcomes, total conversation turns, and per-turn think-
ing time (interval between system response and next query). We
measured user perceptions using two instruments: the NASA-TLX
for workload, and a custom 7-point Likert scale for system useful-
ness (Q1–Q5) and logic alignment (Q6; ToA only). We also analyzed
screen recordings to examine behavioral changes in exploration and
navigation. Semi-structured interviews complemented these quan-
titative measures, offering qualitative insights into participants’
ratings and tree usage patterns.

8.1.6 Data Analysis. We employed insight-based evaluations to
analyze participants’ task outcomes [63, 64]. To process multiple

insights reported in a single statement, two researchers indepen-
dently segmented all task outcomes into individual insight units
and classified them according to the three predefined types, with
disagreements resolved through discussion. We then calculated
total insight counts for each participant. For continuous measures,
we used paired t-tests to analyze differences between the two sys-
tems. For discrete measures, we employed Wilcoxon signed-rank
tests. Finally, thematic analysis [14] was applied to interview tran-
scripts and observational notes to further uncover insights into
user behavior and interaction patterns.

8.2 Study Results
Both systems demonstrated improvement compared to our forma-
tive study. This improvement may be attributed to recommendation
systems enhancing the discoverability of CVA, enabling users to
identify potential next steps more easily. This finding aligns with
previous research [22, 68]. However, ToA showed further advan-
tages: all 12 participants successfully completed both tasks when us-
ing ToA, while one participant (P6) abandoned the baseline system
task midway. During the semi-structured interview, P6 explained:
“After exploring price patterns, departure time trends, and arrival
times for about 15 turns, when I asked follow-up questions, the system
seemed confused and failed to correctly understand my intent. The
incorrect output further amplified my confusion, so I lost confidence
in the system and abandoned the task.” In contrast, P6 successfully
completed the task using ToA. The filter tool of ToA allowed him to
selectively focus on specific nodes for deeper analysis, maintaining
a clear analysis context. This highlights the importance of filter
tool in maintaining analytical focus.

8.2.1 Task Completion. Fig. 8 shows the performance differences
between baseline system and ToA. Participants using ToA gener-
ated more insights overall, averaging 16.750 insights per person
(𝑆𝐷 = 6.166) compared to 14.333 insights (𝑆𝐷 = 8.520) with base-
line system. More importantly, ToA significantly improved per-turn
insight productivity: participants generated 1.167 insights per turn
(𝑆𝐷 = 0.353) versus 0.737 insights per turn (𝑆𝐷 = 0.404) with base-
line system (𝑝 = 0.002, 𝑡 = 4.056, 𝑑 = 1.171). This represents a 58.3%
improvement. However, this improved productivity came with a
trade-off in interaction speed. Participants spent significantly longer
per turn when using ToA, averaging 71.311 seconds (𝑆𝐷 = 22.243)
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Figure 8: A comparison of task completion efficiency between baseline system and ToA over three utility metrics. Each scatter
point in the graph represents one individual record from one participant. The black dots and black lines indicate the mean and
95% confidence interval for each metric.

compared to 60.587 seconds (𝑆𝐷 = 19.329) with baseline system
(𝑝 = 0.033, 𝑡 = 2.444, 𝑑 = 0.706). This represents a 17.7% increase
in per-turn thinking time. Consequently, participants completed
significantly fewer conversation turns with ToA, averaging 14.417
turns (𝑆𝐷 = 3.579) compared to 18.750 turns (𝑆𝐷 = 5.910) with
baseline system (𝑝 = 0.003, 𝑍 = −2.938, 𝑟 = −0.600). Notably, one
participant (P11) engaged in 33 turns with the baseline versus 22
with ToA, yet generated fewer insights per turn with the baseline
(0.73 vs 1.05). This suggests that the additional turns in the base-
line system reflected exploration inefficiency rather than deeper
analysis. Behavioral observations and Interviews revealed distinct
interaction patterns that may explain these performance differences,
which we discuss in Sec. 8.2.3.

8.2.2 User Perception. NASA-TLX results (see Fig. 9) revealed sig-
nificant workload improvements with ToA compared to baseline
system. Participants reported significantly lower mental demand
(𝑝 = 0.021, 𝑍 = −2.291, 𝑟 = −0.468), effort (𝑝 = 0.039, 𝑍 = −2.057,
𝑟 = −0.420), and improved performance (𝑝 = 0.021, 𝑍 = −2.242,
𝑟 = −0.458) when using ToA. We found no significant effects on
physical demand, frustration, and temporal demand. However, vi-
sual analysis revealed that ToA showed lower physical demand
(𝑀 = 5.917 vs.𝑀 = 7.167) and frustration (𝑀 = 6.500 vs.𝑀 = 9.333)
compared to baseline system, while temporal demand remained
identical (𝑀 = 10.083 vs.𝑀 = 10.083).

The usefulness scale (see Fig. 10) revealed significant improve-
ments in gaining orientation and buildingmentalmaps. ToA achieved
significantly higher ratings for overview tracking (Q1: 𝑝 = 0.021,
𝑍 = −2.308, 𝑟 = −0.471), interested insights tracing (Q2: 𝑝 = 0.005,
𝑍 = −2.810, 𝑟 = −0.574), interstep relation grasping (Q3: 𝑝 = 0.017,
𝑍 = −2.382, 𝑟 = −0.486), and alternative perspectives spotting (Q4:
𝑝 = 0.007, 𝑍 = −2.716, 𝑟 = −0.554). ToA also showed improvement
in directions identifying (Q5: 𝑝 = 0.092, 𝑍 = −1.683, 𝑟 = −0.344),
though this difference was not statistically significant. Regarding
tree-user alignment, most participants (9/12) rated the analysis tree
above the neutral point (Q6:𝑀 = 5.167, 𝑆𝐷 = 1.115), indicating gen-
eral alignment with their analysis processes. Interviews revealed
several perceived misalignments, which we discuss in Sec. 8.2.4.

8.2.3 User Behavior. Analysis of screen recordings, observational
notes, and interview typescripts revealed distinct behavioral pat-
terns when participants used ToA.

ToAPromotesMore ProactiveAnalysis during Exploration.
Interviews revealed how ToA transformed participants’ interactions

with system recommendations. Without the tree, many participants
(6/12) described a “click-first, reflect-later” approach to avoid mental
effort. P12 explained, “The suggestions looked fine, but I couldn’t tell
how they related to my current analysis. I kept clicking anyway just
to move forward.” This strategy often increased confusion instead
of aiding analysis. P12 added, “It sometimes made me more confused.”
With the tree, however, only one participant (1/12) continued this
click-first pattern.We believe this behavior changed for two reasons.
First, ToA enabled participants to see how recommendations con-
nected to their current steps, making it easier to evaluate relevance
before acting. As P7 noted, “I could see the path I was on and where
the recommendation would take me, so I only clicked if it was actually
related.” Second, ToA enabled the system to provide more relevant
suggestions based on the user’s current context. P5 mentioned, “the
recommendations seemed to match my current focus more”. Together,
these factors encouraged users to make more proactive decisions,
which may explain the increased thinking time.

ToA Encourages Retrospective Browsing during Explo-
ration. Observations revealed how ToA changed participants’ en-
gagement with analysis history.Without the tree, many participants
(8/12) never reviewed previous steps because scrolling through the
linear conversation history was cumbersome. As P4 noted, “I some-
times forgot what I had asked before, and it was hard to review this.
I ended up not thinking about it anymore.” With the tree, this pat-
tern shifted. Only a few participants (2/12) did not review their
analysis history, while others engaged with previous analysis steps
during exploration. P4 explained, “With the tree, I could quickly
see what I had explored before without having to scroll through ev-
erything. It made me more willing to look for things I might have
missed earlier.” Notably, a subset of participants (3/12) transitioned
to using the analysis tree as their primary workspace instead of the
conversation interface. Rather than manually inputting queries or
scrolling through conversation history, these users continuously
navigated to specific nodes to examine analytical triggers. They
then leveraged these triggers to generate follow-up questions. As
P9 explained, “I was always worried I might miss something, so I
kept searching through the tree to make sure I hadn’t overlooked any
important insights.” This approach encouraged users to actively
review previous steps, which may explain both the longer thinking
time and higher insight productivity.
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(1-very low) to blue (21-very high). The black dot and the black line indicate the mean and 95% confidence interval of each
metric. Lower scores indicate better outcomes for all dimensions.
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Figure 10: User usefulness ratings on the baseline system and ToA, with numbers indicating participant counts for each rating
level. Q6 evaluates the alignment between the tree structure and users’ analysis processes (ToA condition only).

ToA Facilitates Comparative Analysis during Summariza-
tion. Observations revealed how ToA supported comparative anal-
ysis during the summarization phase. Without the tree, some partic-
ipants (5/12) followed a linear summarization approach, reviewing
their analysis sequentially from beginning to end. As P11 who
asked 33 questions noted, “I had asked many questions before, and
I originally wanted to look back at the previous charts (during sum-
marization), but I didn’t know exactly where to find them so I gave
up.” With the tree, only one participant (1/12) continued this lin-
ear browsing; the rest used the tree’s quick navigation to compare
findings across different steps. As P11 explained, “When I saw Vis-
tara’s high prices, I recalled something about their market volume but
wasn’t sure. I used the tree to confirm and found that Vistara had the
lowest presence, explaining their premium strategy. Without the tree,
I probably wouldn’t have reached this conclusion.” This approach
encouraged users to perform cross-reference comparisons, which
may explain the higher per-turn insight productivity.

8.2.4 Interview Feedback. Semi-structure interviews provided valu-
able user suggestions for further improvement.

Participants Perceived Misalignments between Analysis
Logic and ToA. Some participants (4/12) found that nodes con-
nected through reshape queries introduced unnecessary complexity.
Since these queries modify visual encodings without altering the
underlying data, participants questioned whether they warranted
separate tree branches. As P3 explained, “Since the right side already
shows the time sequence, the left tree doesn’t need to represent timing
again. When I see reshaped connections, it feels more like the tree is
showing a sequence rather than conveying logic. It would be better to
simply update the original node.”

A few participants (3/12) reported that some nodes should have
multiple parents. For example, P10 noted, “I had analyzed phone
brands earlier to see which were most popular, and separately looked
at battery sizes to understand power specifications. When I wanted to
explore how battery capacity varies across different brands, I felt like
this analysis should connect to both those previous nodes since I was
combining brands and battery data together. But the tree only showed
it connecting to my most recent query, making it look like a simple
follow-up instead of a synthesis of two different analysis threads.”
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One participant (P8) noted that ToA could not effectively repre-
sent his associative thinking. P8 felt that departure times, arrival
times, and flight duration were conceptually connected, but “the
system treated them as separate analyses of three distinct data dimen-
sions, failing to recognize the conceptual link between them.”

Participants Preferred Editable ToA. Half of the participants
(6/12) felt that allowing manual tree modifications would be a valu-
able improvement. They wanted to manually adjust node positions,
modify connections, or remove unnecessary nodes to ensure ToA
accurately reflected their analysis. P10 suggested, “It would be great
if I could drag nodes around or change the connections when the
tree doesn’t match how I’m thinking about my analysis. I wish I
could manually reorganize nodes or remove dead-end explorations
that didn’t lead anywhere useful.” This highlights a design trade off:
while automatic generation minimizes user effort, it increases the
risk of misalignment between ToA and users’ actual logic.

9 Expert Interview
To further evaluate ToA’s potential for democratizing visual analyt-
ics, we conducted semi-structured interviews with three experts
from visualization and HCI.4 E7 is a senior visualization researcher
who has published extensively in information visualization and
visual analytics for over 8 years. He evaluated its suitability for
representing CVA processes. E8 is a UX researcher at a university
with 4 years of experience designing intuitive and user-friendly in-
terfaces. He assessed the readability of the visual encodings and the
learnability of the interactions within the analysis tree. E9 is a visu-
alization educator who teaches introductory visualization courses
at a university. He evaluated the pedagogical value and practical ap-
plicability of the analysis tree for learning data visualization skills.
Each interview included a 10-min system demonstration followed
by a 20-min focused discussion. Each expert signed an informed
consent form before participation and received $25 compensation.

E7 primarily focused on ToA’s expressiveness in capturing CVA
processes. He appreciated that “the tree metaphor naturally captures
the branching nature of data exploration" and found the representa-
tion of AI outputs as nodes and user queries as edges to be “intuitive
for understanding analysis flow." However, he raised concerns about
visual scalability, noting that “complex analysis sessions might result
in overly dense trees that could overwhelm users rather than provide
clarity.” He suggested implementing interactive mechanisms such
as filtering and pruning to manage tree complexity. In our user
study, the largest tree contained 22 nodes. During semi-structured
interviews, no participants spontaneously mentioned difficulties in
reading or navigating the tree structure, suggesting that complex-
ity remained manageable within our 25-minute sessions. However,
we acknowledge E7’s concerns that overlong trees may introduce
readability challenges in extended analyses. We discuss potential
solutions in Sec. 10.3.

E8 focused on the user experience for novice analysts. He com-
mented that “the tree structure is intuitive for novices to understand,
and the interactions are easy to learn. Users can quickly grasp how to
navigate their analysis history.” He suggested enhancing the tree

4This study was approved by the Ethics Committee of the College of Biomedical
Engineering & Instrument Science, Zhejiang University (Approval No. 2025-26).

nodes with visual previews of the charts to provide richer contex-
tual information. We believe that word scale visualizations may be
a potential approach that can be integrated to enhance the intu-
itiveness of the tree [12, 31, 99]. Additionally, he noted that visual
encodings should remain consistent across thumbnail previews. For
example, if sales data is represented by blue bars in one node, it
should also be represented by blue bars in other nodes, ensuring
users can quickly understand what each visual element means with-
out confusion. We believe this is indeed a promising direction for
future exploration.

E9 evaluated the educational value of ToA. He was particularly
enthusiastic about the pedagogical potential, stating that “the tree
makes the analysis process visible and teachable in a way that tra-
ditional CVA systems don’t.” He noted that the categorization of
queries could help novices “learn different ways to approach data
exploration.” However, he pointed out that “for users who simply
want to use the system without investing time in learning, there are
still some comprehension barriers.” He also identified a promising
educational application: highlighting what changes between each
step in the analysis tree. This would show learners how to adjust
chart specifications to deepen their data exploration.

10 Discussion
The following sections discuss the design implications of ToA for
VA systems, acknowledge limitations of our approach, and outline
promising future research directions.

10.1 Design Implications
Democratizing Visual Analytics with Mental Maps. While CVA

promises accessibility for novices, our findings reveal that users
frequently become disoriented and experience task failure during
exploration. ToA addresses this by providing a visual navigation
map that organizes conversational history into a clear hierarchical
structure, effectively externalizing the cognitive map that experts
implicitly form. This approach draws inspiration from the psycho-
logical concept of mental maps [10, 62]. By explicitly displaying an-
alytical triggers and exploration branches, the tree enables novices
to establish global awareness: understanding where they are, where
they have been, and where they can go next. This promotes ac-
tive analytical decision-making, empowering users to move from
reactive responses to proactive exploration planning. Future VA
systems could integrate similar navigation mechanisms to better
support novices.

Nonlinear Expressiveness versus Linear Intuitiveness. Conversa-
tional interfaces are inherently linear, conflicting with the nonlin-
ear nature of analytical thinking [61]. However, fully representing
nonlinear analytical processes would create overwhelming com-
plexity [40, 73, 91]. This creates a fundamental design trade-off. ToA
resolves this design tension by providing a structured overview
of the analytical journey. Users can leverage the intuitive bene-
fits of natural language conversation while performing nonlinear
navigation and exploration. Future CVA systems should not make
binary choices between linear and nonlinear, but rather support
both interaction modalities simultaneously. The key lies in finding
an appropriate balance between intuitiveness and expressiveness.
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10.2 Limitation
Complexity of User Analysis Logic. ToA simplifies the inherent

complexity of human reasoning. Human analysis often involves
complex, network-like associations between multiple intercon-
nected hypotheses, rather than a strictly hierarchical structure [18].
However, attempting to explicitly visualize every cross-branch de-
pendency or non-linear association risks creating visual clutter that
could overwhelm novices, who already struggle with disorientation.
Therefore, we explicitly prioritized structural clarity over expres-
sive completeness. By simplifying the non-linear thought process
into a navigable tree, we aim to provide novices with a clear mental
map, even though this implies losing some nuanced relationships
between distant analysis threads.

Boundaries of Rule-Based Heuristics. Our rule-based tree construc-
tion method comprises six connection rules (see Table 4). The first
four rules (elaborate, dice, reshape, slice) deterministically connect
chart nodes by comparing data attributes and filters. The last two
rules (clarify, contextualize) require LLMs to judge semantic rela-
tionships between text descriptions and charts. While this approach
performs well in most cases, each rule type has its limitations. For
the first four rules, our algorithm assumes users typically continue
from their most recent analysis step. the algorithmworks well when
this assumption holds. However, when users continue from earlier
analysis steps, the system may incorrectly connect new nodes to
the most recent matching node rather than the intended parent
node. For the last two rules, the core challenge is context similar-
ity interference. In CVA, users frequently generate highly similar
charts, such as bar charts differing only in filters. When judging
which chart a text description corresponds to, LLMs struggle to
distinguish between these similar candidates using textual cues
alone. This was confirmed in our technical evaluation: context sim-
ilarity interference accounted for 42.34% of all errors. Following
participants’ suggestions, future work could introduce human-AI
collaboration that enables users to manually correct connections.

Generalizability of Evaluation. Our evaluation involved 15 partic-
ipants (12 novices and 3 experts). While this sample size is relatively
small, it is sufficient for several reasons. First, this scale reaches
saturation for qualitative data [13, 33]. Guest et al. found that new
themes emerge infrequently after analyzing 12 interviews [33]. Sec-
ond, our sample size aligns with CHI standards [15] and established
CVA research. For example, Xie et al. used 12 participants to evalu-
ate code visualization in CVA [89], while Chen et al. employed 10
participants to study multimodal interaction [17]. Third, 12 partici-
pants provide appropriate statistical precision, as gains diminish
beyond this threshold [41]. Crucially, the large effect size in task
performance (per-turn insights, 𝑑 > 1.0) confirms the statistical
robustness of our results. However, our evaluation still has lim-
itations. Participants may not represent all novice demographics
across cultures, ages, or technical backgrounds. We evaluated only
two datasets over short-term sessions, leaving questions about long-
term behavior patterns. Future work should include larger, more
diverse samples, varied datasets, and extended usage studies.

10.3 Future Works
Managing Complexity of ToA. While no participants sponta-

neously mentioned difficulties in reading the analysis trees in our
study, E7 raised concerns about potential readability challenges as
trees grow larger in extended analyses. As the number of nodes
increases, deeply nested branches and numerous nodes may re-
duce visual clarity and increase navigation difficulty. Following
E7’s advice, future work could introduce interactive pruning into
ToA. Additionally, layout optimizations such as integrating fisheye
and focus+context visualization techniques [19, 27] represent an-
other promising direction, as they optimize display density without
altering the underlying tree structure.

ToA for Storytelling and Presentation. Data storytelling repre-
sents a promising application area for ToA. The tree structure nat-
urally documents the analytical journey, preserving every critical
step from initial exploration to final insights. Unlike existing tools
that can only generate stories from users’ linear exploration se-
quences [50, 97], ToA captures the branching and iterative nature
of analytical reasoning. This provides rich material for automated
story generation. Future work could enhance ToA by developing
algorithms that identify valuable exploration paths and extract
key narrative nodes and logical flows. This would help analysts
transform complex exploration histories into coherent storylines
highlighting critical discoveries.

11 Conclusion
This study proposes a novel analysis approach, namely ToA, to
democratic conversational visual analytic for novices. We first con-
ducted a formative study to compare experts’ and novices’ behav-
iors, revealing that experts relied on a general CVA workflow while
novices suffered from cue insensitivity and relied on vague ques-
tions. To ease difficulty, we propose ToA that organizes CVA con-
versations into an analysis tree where AI outputs serve as nodes
containing analytical cues and categorized queries function as edges.
Moreover, we develop an LLM-based tree construction algorithm
that processes multi-modal content to recommend next-step ac-
tion for novice users. Finally, we validate the effectiveness of ToA
through an in-lab user study (𝑁 = 12) and an expert interview
(𝑁 = 3). The results show that ToA completely eliminated task
failure and increased per-turn insights by 58. 3%, despite longer
per-turn thinking time. In the future, we plan to expand ToA to
support more analytical tasks.
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