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Abstract
Large language models (LLMs) are increasingly adopted by data
analysts to perform various analytical tasks within conversational
interfaces, owing to their capabilities in code generation and ana-
lytical reasoning. Conversational LLMs generate diverse artifacts
through multiple reasoning steps and summarize analytical results
into insights. Verifying such analysis remains essential yet chal-
lenging, as it requires examining both diverse artifacts and the
underlying complex reasoning logic, which is not fully addressed
by previous work. To facilitate validating LLM-generated results,
we present a claim-centered view of analytic provenance and intro-
duce Veriscope, an interactive system that supports fine-grained
verification across interconnected artifacts, on-demand tracing of
analytic provenance, and modification of analytical results. We for-
mulated our design considerations based on findings derived from
a formative study conducted with data analysts (N=6) who have
prior experience in verification. We evaluated the effectiveness
and usability of our method through a user study (N=18), which
demonstrated that Veriscope substantially improves the efficiency
of verifying analytical results produced by LLMs. The reliability of
LLM-based features was assessed through a technical evaluation.
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1 Introduction
With the rapid development of large language models (LLMs) and
their strong capabilities in reasoning over analytical contexts and
generating code, analysts have increasingly turned to conversa-
tional LLMs such as Gemini and ChatGPT across a wide range of
analytical scenarios [14, 18, 47]. When presented with datasets and
user instructions, conversational LLMs engage in multiple steps
of reasoning that interleave thinking, code generation, data pro-
cessing, and visualization, before finally synthesizing findings into
a summarized answer. This process involves a variety of objects
including data tables, code, execution results, charts, and insights,
which we collectively refer to as reasoning artifacts in this study.
While these artifacts can provide useful analytical results, their
validity can be affected by numerous factors such as misalignment
with user intents [49], misunderstanding of analytical contexts [3],
hallucinations in code generation [43, 50], and misinterpretation of
visualizations [17, 41]. These risks make it critical for end users to
verify LLM-generated outputs.

However, verifying the analytical results produced by conver-
sational LLMs remains a challenging task, as it demands not only
careful examination of diverse artifacts, but also a coherent under-
standing of the analytic provenance [25, 32] that connects them.
For instance, validating a single insight requires users to first locate
relevant artifacts, such as the charts on which the insight was based
and the code that produced it, and assess their mutual consistency.
Users may then need to trace further back through prior reason-
ing steps to verify that the underlying data transformations were
correct and that no errors were introduced earlier in the process.
In current conversational interfaces, however, these artifacts are
scattered across lengthy chat histories, forcing users to manually
scroll, search, and mentally reconstruct the reasoning chain, which
is inherently tedious and error-prone.
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Prior research has explored various approaches to help users bet-
ter navigate and understand LLM-generated content. For instance,
Graphologue [20] and Sensecape [36] convert linear LLM responses
into interactive visual structures to support exploration and sense-
making, but prioritize helping users comprehend textual outputs
over verifying analytical reasoning. In the context of LLM-assisted
data analysis, Gu et al. [14] and InsightLens [44] help analysts nav-
igate and organize analytical conversations by structuring them
into identifiable elements such as topics, analytical components,
and insights, but focus on supporting comprehension and commu-
nication rather than systematic verification. To specifically address
verification, several studies have proposed tools that surface ana-
lytical artifacts for inspection, such as code visualizations [47, 54],
editable execution plans [22], and multi-modal representations pair-
ing code with explanations, tables, and charts [15]. However, these
approaches either primarily focus on a single type of artifact or
support inspection of individual analysis steps in isolation. They do
not establish fine-grained connections across diverse artifacts, for
example, linking specific phrases in an insight to corresponding el-
ements in a chart and the code that produced it, nor do they enable
users to extract the end-to-end analytic provenance that captures
how a particular finding was derived through a chain of preceding
reasoning steps.

Motivated by these limitations, we aim to support the verifi-
cation of LLM-generated analytical results within conversational
interfaces by enabling users to navigate interconnected reason-
ing artifacts and validate the underlying reasoning process. To
achieve this, we present a claim-centered view of analytic prove-
nance, which refers to the coherent chain of diverse artifacts across
prior reasoning steps that collectively led to one particular claim, a
verifiable statement within summarized insights. To characterize
the workflows and challenges of such verification, we also con-
ducted interviews with six data analysts who were familiar with
LLM-assisted data analysis and had experience verifying the result-
ing outputs in conversational interfaces, and formulated five design
considerations based on findings from the interviews.

Guided by these considerations and the claim-centered perspec-
tive, we developed Veriscope, a prototype system that supports
systematic verification of LLM responses through tailored inter-
action workflow. Veriscope establishes fine-grained connections
across reasoning artifacts, enabling efficient navigation and intu-
itive cross-validation among insights, charts, code, and data tables.
Given one specific insight, the system can also automatically ex-
tract the analytic provenance from preceding steps and present a
step-by-step summary of reasoning logic alongside corresponding
artifacts, allowing users to trace how a particular finding within
summarized insights was derived. In addition, the system supports
both direct editing and guided re-generation to facilitate correction
of identified errors.

To evaluate the effectiveness and usability of Veriscope, we con-
ducted a user study (N=18) comparing it against a baseline system.
Results showed that our approach substantially improves verifi-
cation efficiency, reduces errors, and enhances user experience in
validating LLM-generated analytical results. We also conducted a
technical evaluation to assess the reliability of LLM-based features
including provenance extraction and keyword mapping.

Our contributions can be summarized as follows:

• We conducted a formative study (N=6) that characterized the
workflows and challenges of verifying LLM-generated analytical
results and formulated five design considerations.

• We propose a claim-centered view of analytic provenance and
interaction workflow for verifying LLM-generated analysis, real-
ized in Veriscope, a prototype system that supports provenance-
aware verification through fine-grained cross-artifact linking,
automatic provenance extraction, and error correction.

• We conducted a user study (N=18) demonstrating the effective-
ness and usability of the proposed approach, and a technical
evaluation assessing the reliability of LLM-based features.

2 Related Work
In this section, we discuss related work of our study in three aspects:
LLMs for data analysis, exploring and verifying LLM responses,
and tracing and visualizing analytic provenance.

2.1 LLMs for Data Analysis
A growing body of research works has integrated large language
models (LLMs) into data analysis workflows for various purposes,
such as data wrangling [39, 40], visualization authoring [37, 39,
40], visual analytics [51–53], and data exploration [18, 38, 44]. By
leveraging the natural language understanding and code generation
capabilities of LLMs, these integrations enable users to execute
various analytical operations.

In addition, as foundational models become increasingly capable
in their logical reasoning and end-to-end data analysis capabili-
ties, general-purpose conversational interfaces like ChatGPT and
Copilot are favored by analysts for the tasks of data processing,
insight discovery, and visualization. Building upon the widespread
adoption of these interfaces, several recent studies have proposed
augmented systems designed to further enhance the interactive
data analysis experience and address the limitations of purely chat-
based platforms [5, 44, 47]. For example, Weng et al. [44] developed
InsightLens, an interactive system which collectively visualizes di-
verse insights generated by LLM-assisted analysis, alongside their
analytical contexts. Chen et al. [5] introduced multimodal interac-
tions into chat interfaces, enhancing user intent communication
during visual analysis of datasets.

2.2 Exploring and Verifying LLM Responses
With LLMs’ growing capabilities in generating answers for diverse
prompts, it is increasingly necessary for end-users to explore and
verify the resulting outputs before applying them to downstream
tasks. A number of research works studied interactive approaches
to explore and evaluate multiple LLM responses from different
samples [13], models [1, 21], or user prompts [1]. Another line of
research utilized novel visualization and interaction techniques
to facilitate the exploration and sensemaking of LLM responses
in various scenarios. Graphologue [20] transformed entities and
relations within the generated text into node-link diagrams for
flexible information seeking and comprehension. Other systems
like Sensecape [36] and HIPPO [30] leveraged multi-level layouts
for users to hierarchically explore responses at different information
and reasoning granularities. More recently, Gu et al. [14] conducted
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an empirical study, investigating the process of analysts navigating
and understanding multi-turn conversations.

In addition to exploration, the verification of LLM responses is
critical to ensuring the integrity of analytical conclusions. Interac-
tive systems such as HILL [23] and RELIC [7] were developed to
help users validate the truthfulness of the generated answers and
mitigate potential hallucinations. Meanwhile, Gu et al. [15] specifi-
cally investigated patterns of verification workflow for results and
artifacts from LLM-assisted data analysis, and summarized implica-
tions for future tool design. Interactive tools have been developed
to assist the verification of LLM-assisted data analysis in different
aspects. For verifying LLM-generated code, WaitGPT [47] utilized
a side diagram to simultaneously visualize data operations during
code generation, supporting efficient verification and steering of the
analytical process. ViseGPT [54] combined unit test and interactive
Gantt chart to evaluate the correctness of data wrangling scripts
and provide visual feedback for iterative refinement. For verify-
ing and steering LLM-assisted data analysis process, Kazemitabaar
et al. [22] proposed editable interfaces for users to modify task
decomposition at phasewise and stepwise granularities.

Compared with previous research, our study targets multi-step
reasoning of LLMs, aiming to conduct validation on both various
interconnected reasoning artifacts produced during the analyti-
cal process, and the underlying analytic provenance to help users
identify potential errors and modify analytical results.

2.3 Tracing and Visualizing Analytic
Provenance

There are many studies in the community of visualization and HCI
conducted on tracing and visualizing provenance in the process
of data analysis. These studies focused on provenance in various
analytical environments or scenarios, such as visual analytics sys-
tem [26, 27, 33], computational notebooks [11, 12, 45], workflow
system [4], dashboard [35], and provenance-specific tools [28]. For
example, the most typical one is VisTrails [4], which facilitated the
efficient recovery of scientific insights by maintaining records of
both dataflows and visualizations. Sarvghad et al. [33] incorporated
the historical frequency of analyzing data dimensions into a visual
analytics system to encourage the discovery of new insights. Stitz
et al. [35] developed KnowledgePearls, which leveraged a partial
matching mechanism to retrieve previous analytical results.

Unlike existing research which records human-authored work-
flows for recall and reproducibility, Veriscope targets the reasoning
artifacts LLMs produce autonomously during analysis and helps
users verify specific claims within generated insights against them.
This raises two challenges absent from logging-based systems. First,
derivation links are implicit, because LLMs emit thoughts, code,
results, charts, and insights as an undifferentiated sequence, with-
out recording which of these support any given claim. Second,
provenance is claim-specific, since different sentences depend on
different subsets of prior steps, so its scope cannot be precomputed.
Our prototype system can systematically extract a coherent chain
of diverse artifacts leading to selected claims within insights. Differ-
ent from prior LLM tools (e.g., WaitGPT [47]), which inspect data
operations in each analytical step, Veriscope validates if a claim
stays consistent with the extracted chain that produces it.

3 Background and Problem Formulation
As the capabilities of LLMs continue to advance, LLMs have demon-
strated the ability to perform multi-step reasoning over complex
scenarios [6]. We define the key concepts and error types that arise
during LLM-assisted data analysis as follows.

Modern LLMs with multimodal capabilities like Gemini typically
follow an iterative reasoning process [24, 42]. In the context of
data analysis, given an analytical task and a dataset, the model first
plans its approach during the thinking process, then generates code
to perform data processing and construct visualizations. The code
is executed by an external runtime to produce textual execution
results and charts. The model then analyzes these outputs, draws
intermediate conclusions, and plans further analytical actions based
on its findings. This cycle repeats across multiple reasoning steps.
Once the full process concludes, the model synthesizes the interme-
diate conclusions into a final set of summarized insights. We refer
to the diverse outputs produced throughout this process as reason-
ing artifacts, which comprise six categories: the original data table,
thoughts, code, execution results, charts, and the final summarized
insights. These artifacts span the full analytical process and vary
in modality, including text, code, tabular data, and visualizations.
Based on the above process, we propose a claim-centered view of
analytic provenance. Specifically, a claim is a verifiable statement
within an insight, and analytic provenance refers to the coherent
chain of artifacts across reasoning steps that collectively leads to
one particular claim (Figure 1). A claim does not possess a fixed
granularity. It may span a single clause, encompass multiple sen-
tences, or constitute an entire paragraph of insight. Claims are not
segmented in advance. Rather, their boundaries are dynamically
determined by the user’s selection. Meanwhile, since the reasoning
process is inherently iterative and distinct findings may draw upon
different subsets of prior steps, the scope and composition of the
provenance chain naturally vary depending on the specific claim
being examined.

Across the iterative reasoning process, we identify four cate-
gories of errors that arise at the transitions between artifact types:
from thoughts to code, from code to execution results and charts,
from execution results and charts back to subsequent thoughts,
and from intermediate thoughts to the final summarized insights.
Among these, the transition from code to execution results and
charts is typically reliable, as code execution is delegated to an
external runtime rather than performed by the model itself. The
remaining three transitions correspond to three primary error types
supported by the literature review:

• Incorrect code generation (thoughts → code): the model’s
thinking identifies an analytical intent, but the generated code
selects incorrect data columns, applies flawed operations, or oth-
erwise misimplements the intended logic [43, 47, 50, 54].

• Misinterpretation of charts and execution results (execu-
tion results and charts→ thoughts): the model misreads visual
patterns, overlooks data details in execution outputs, or draws
incorrect conclusions when reasoning about these artifacts in
the next step [17, 29, 41, 46].

• Inaccurate summarization of insights (thoughts → insights):
when synthesizing intermediate findings across reasoning steps,
the model could introduce hallucinations, overgeneralize from
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Figure 1: LLMs implementmulti-step reasoning to synthesize
insights. The analytic provenance of one claim with the in-
sights is a coherent chain of artifacts across reasoning steps.

context-specific findings, or remove important qualifications [2,
31, 48], leading to incorrect analytical conclusions.
These three error types cover all transitions where the model ac-

tively generates or interprets content, and each can either invalidate
individual summarized insights or cascade through the reasoning
chain, motivating the need for provenance-aware verification.

Taken together, the problem addressed in this work is: given
the reasoning artifacts produced during LLM-assisted data analysis,
how can we enable analysts to efficiently verify the correctness
of summarized insights, trace the analytic provenance underlying
specific findings, and identify and correct errors that arise across
the reasoning process? To inform our approach, we first conducted
a preliminary study, detailed in the next section, to understand
how analysts currently verify LLM-generated analytical results and
what challenges they encounter in practice.

4 Formative Study
In this section, we introduce our formative study1 to characterize
the workflow and challenges of verifying LLM-assisted data analy-
sis, and then summarize our findings and design considerations.

4.1 Interviewees and Procedure
We recruited six data analysts (P1–P6, 3 female, 3 male, aged 20–30).
All participants were doctoral students working on interdisciplinary
projects involving data analysis across domains such as AI4VIS,
exploratory data analysis, sports analytics and time series analysis.
Each participant had at least two years of experience using LLMs

1The study has been approved by State Key Lab of CAD&CG, Zhejiang University.

for data analysis, with varying levels of proficiency in verifying
LLM-generated results.

During the interviews, participants first walked through their
own past analysis sessions, describing the datasets and prompts
they had provided to LLMs along with the corresponding ana-
lytical outputs. They then elaborated on their general workflows
for verifying these outputs, including the sequence of examina-
tion steps, the artifacts they prioritized, and the challenges they
encountered throughout the process. Each interview lasted approx-
imately 40 minutes and was transcribed for analysis. We analyzed
the interview data using thematic analysis [8]. Two researchers in-
dependently coded the transcripts, then discussed and consolidated
themes through iterative review.

4.2 Findings
Our interviews revealed four key findings regarding how analysts
verify LLM-generated analytical outputs, what challenges they face,
and what support they need.

F1: Verification workflows and depth varied across ana-
lysts. Participants adopted different strategies for initiating verifi-
cation. Half (3/6) began by reviewing insights, then searched for
supporting artifacts. For example, P6 appreciated the structured in-
sight summaries and bold keywords produced by LLMs, noting that
they helped her quickly grasp the key points and approach subse-
quent verification with clear focus. The other half (3/6) started from
charts to gain an overview of the analytical process. Participants
also differed in verification depth. Some, like P4, focused primarily
on surface-level errors: “I would conduct a more thorough inspection
only if the charts show obvious errors. Otherwise, I tend to trust the
LLM’s overall analytical results.” Others (3/6) rigorously verified
the consistency between textual insights and charts, ensuring the
accuracy of outputs across artifact types. P1 also mentioned that
she would sometimes trace back to data tables to examine whether
the numbers within insights were correct.

F2: Reasoning artifacts are essential for verification but
difficult to examine.During the analytical process, LLMs generate
various types of reasoning artifacts, including thoughts, code, exe-
cution results, and charts. Participants found each type useful for
verifying different aspects of the analysis. For instance, participants
used code for checking data transformation correctness and charts
for validating the insight text. In particular, most participants (5/6)
prioritized charts as the key evidence for verification, since they are
directly tied to insights and easier to interpret visually. However,
all participants (6/6) expressed frustration with the manual effort
required to cross-reference information across multiple artifacts.
P6 noted: “Before I really get down to verifying one specific insight, it
takes me much effort to identify relevant code or chart. Sometimes I
may even choose the wrong one for validation.” P5 expressed a similar
concern: “Even though I really want to have a detailed examination,
the sheer volume of text and code puts me under pressure and makes
me hesitate.” Without appropriate guidance, manual examination
left participants struggling to locate key information across artifacts
and at risk of overlooking important details.

F3: Analytic provenance is important for validating the
whole reasoning process. Although examining individual arti-
facts provides straightforward verification, analytic provenance,
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which is a series of analytical operations and artifacts that lead to a
given insight or finding, captures the broader reasoning chain that
participants (3/6) considered necessary for thorough validation. P1
noted: “Sometimes I find that even though the current insight may be
correct with corresponding visualization, it turns out to be irrelevant
and derived from an initially incorrect finding when I trace back
through previous analytical steps.” P5 echoed this concern: “Only by
reviewing all the critical artifacts along the reasoning path can I en-
sure that the LLM’s behavior is on the right track.” P5 also noted that
analytic provenance could facilitate cohesive verification across
multiple insights without laboriously checking individually.

F4: Participants required different levels of correction de-
pending on issue severity. When only minor inaccuracies ap-
peared in specific details of the insights, participants (5/6) typically
opted to directly modify the outputs. P1 pointed out: “If I ask LLMs
to regenerate a lot of content, I’m worried it might mess with the parts
I’ve already confirmed, so just directly editing it is the simplest and
most efficient way to go.” When major flaws were identified in the
analytical procedures or the overall reasoning process, participants
(6/6) would instead flag the errors to LLMs and either regenerate
incorrect parts or restart the analysis entirely.

4.3 Design Considerations
Based on the above findings, we formulated five design considera-
tions to inform the design of our prototype system.

DC1: Highlight verifiable elements and associate them
with corresponding artifacts (F1, F2). To help users comprehend
LLM-generated insights and identify what can be validated, the
system should identify and highlight verifiable elements within
analytical insights that correspond to specific data fields or visual
elements. Furthermore, the system should establish explicit asso-
ciations between insights and their corresponding artifacts, such
as charts, enabling users to quickly locate relevant evidence and
initiate the verification process.

DC2: Visualize diverse reasoning artifacts with summa-
rized overviews (F1, F2). The system should present a structured
visualization of various reasoning artifacts generated during the
LLM analytical process, including intermediate thoughts, code, ex-
ecution results, and charts. The visualization should support both
overview comprehension and detailed inspection. Beyond present-
ing the detailed content of each artifact, the system should distill
key findings and procedures into concise summaries, enabling users
to rapidly comprehend the overall reasoning process without being
overwhelmed by dense text and code.

DC3: Enable interactive cross-validation across associated
artifacts (F2). Leveraging associations between insights and ar-
tifacts, the system should support fine-grained, in-place cross-
validation among correlated artifacts without requiring users to
manually locate corresponding content. For instance, the system
should allow users to verify whether specific keywords within in-
sights accurately align with visual elements in associated charts,
trace which code snippets produce a given chart, and query data
tables to validate statistics referenced in insights.

DC4: Support on-demand tracing of analytic provenance
(F3). Upon selection of a specific claim within insights, the system
should identify and extract relevant artifacts from prior reasoning

steps. The extracted artifacts should be organized as a coherent
reasoning chain, accompanied by a step-by-step summary of the
underlying reasoning logic to facilitate comprehension. The system
should also allow users to filter provenance by artifact type, aligning
with established provenance taxonomies [32], and to navigate to
specific artifacts for detailed examination.

DC5: Enable modification and correction of analytical re-
sults (F4). The system should support two levels of correction to
address issues of varying severity. For minor inaccuracies, users
should be able to directly edit insight text or code and re-execute
to obtain updated results. For major flaws in the reasoning process,
users should be able to reference specific artifacts and describe iden-
tified issues to instruct the LLM to revise the relevant analytical
steps accordingly. Throughout both processes, the system should
maintain editing history, ensuring all modifications are traceable.

5 Veriscope
Based on the design considerations, we designed and developed
Veriscope, a prototype system that facilitates provenance-aware
verification of LLM-assisted data analysis. Our system comprises
two views: the chat view (Figure 2a), where users enter prompts
and review analytical insights summarized from the reasoning
process, and the analysis view (Figure 2c), which visualizes the
diverse artifacts generated during the LLM analytical process.

In this section, we first illustrate the basic workflow of Veriscope
through a usage scenario, and then explain Veriscope’s core features,
namely, enhancing LLM responses, visualizing diverse reasoning
artifacts, cross-validating artifacts, extracting and tracing analytic
provenance, and correcting analytical results.

5.1 Usage Scenario
Alex is a senior business analyst at a retail company, tasked with
analyzing historical sales data in order to optimize operational
strategies. To ensure the accuracy and reliability of his analysis, he
chose to use Veriscope for data analysis and further verification.
He uploaded the dataset and entered his prompts. Then Veriscope
generated a series of artifacts during the thinking process in the
analysis view (DC2) (Figure 2c), and presented summarized insights
in the chat view (Figure 2a).

Alex began by examining the first insight. He first opened up
the correlated chart (DC1), and hovered over underlined keywords
to highlight associated data points in the visualization (DC3), find-
ing that between sales and profit, only the monthly trend of sales
aligned with the insight’s description. He therefore planned to
remove “profit” from the description.

Afterwards, Alex wanted to verify insights related to Profit, Cat-
egory, and Sub-Category, so he clicked on the corresponding field
names at the top of the insights and located the second and third
insights (DC1). Starting from the second one (Figure 2b), he contin-
ued to leverage underlined keywords to validate observations from
the chart (DC3). Alex soon discovered that the chart did not display
the feature described in the last sentence, as Office Supplies did not
show a noticeable loss (Figure 2e). So he brushed over this sentence
to extract relevant artifacts in the reasoning process that led to this
conclusion (DC4). Veriscope subsequently presented extracted arti-
facts and offered a step-by-step summary of the underlying logic in
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Figure 2: The user interface of Veriscope. (a) The chat view presents the summarized insights. (b) Each insight is enhanced with
underlined keywords and associated with relevant artifacts. (c) The analysis view visualizes artifacts generated during the
analytical process. (d) The extraction of analytic provenance and its step-by-step summary. (e-f) Bidirectional highlighting
between keywords and visual elements. (g) Tracing code snippets via chart encoding. (h) Keyword-driven table queries.

the analysis view (DC4). After reviewing the summary (Figure 2d),
Alex made a preliminary judgment that this finding was drawn
from analyzing two of the most underperforming states, Texas and
Illinois, rather than reflecting the overall situation. He then pro-
ceeded to filter out thoughts and navigate to specific artifacts for
more detailed examination (DC4). During the review process, Alex
found that most of the artifacts were generated in the context of
analyzing Texas and Illinois, and several charts were related to the
third insight (DC1). He hovered over these charts (Figure 2f) to
check whether the key patterns and statistics were mentioned in the
insight (DC3), and also clicked on the chart encodings (Figure 2g) to
verify corresponding operations in the code (DC3). Ultimately, Alex
confirmed his initial assessment and decided to move the identified
sentence to the third insight.

Having gained a deeper understanding of the overall process,
Alex continued validating the remaining insights. Notably, one
chart showed that the discount for Appliances in California and
New York was zero. Alex was skeptical of this, so he clicked on the
filter icons next to the associated keywords to filter the data table
(DC3), and found that the sum of the discount values was indeed
zero (Figure 2h), which confirmed this conclusion. Finally, Alex
clicked on the edit icon to launch the Markdown editor, revising
insights based on previously identified errors, optimizing certain
phrasing, and exporting the final results (DC5).

5.2 Enhancing LLM Responses
Veriscope presents user prompts and summarized insights in the
chat view (Figure 2a). To help users understand and efficiently lo-
cate information relevant to data patterns within analytical insights,
Veriscope first extracts critical keywords for visual enhancement.
The system first re-executes the LLM-generated code to retrieve the
schema of each chart’s intermediate table, including field names and
their associated values or value ranges, alongside the visual encod-
ing channels used to render each field. Given the chart information
and corresponding table schemas, the system then leverages LLMs
to extract keywords that can be explicitly or implicitly mapped to
specific fields of one particular table schema, based on the context
of the corresponding sentences (Figure 3a). These keywords are
subsequently transformed internally into values that conform to
the required field formats (Figure 3b). After keyword extraction,
each keyword is underlined in the interface and associated with
one chart within the LLM reasoning process. Users can click these
keywords to open the corresponding charts right next to them.

To provide users with analytical context and direct evidence for
validation, Veriscope builds direct connections among critical arti-
facts. The system leverages LLMs to tag each insight with relevant
data fields, enabling users to select field names to locate specific
insights. The system also identifies all charts associated with the
keywords present in each insight, and displays them as icons at the
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Figure 3: (a) Veriscope extracts keywords mappable to the intermediate table schema of one chart. (b) Extracted keywords are
transformed to values that conform to the schema. (c) Bidirectional highlighting is supported with keyword mappings.

end of insights. Users can hover over these icons for quick preview
or click to navigate directly to their corresponding positions in the
analysis view (Figure 2c). Conversely, hovering over charts in the
analysis view highlights the associated insights in the chat view.

5.3 Visualizing Diverse Reasoning Artifacts
Veriscope visualizes diverse reasoning artifacts generated through-
out the analytical process in the analysis view (Figure 2c), including
thought, code, execution result, and chart. Users can also click the
table icon to inspect the original data table. To assist users in un-
derstanding artifacts with dense textual content, Veriscope distills
key findings or procedures from each artifact, and displays the sum-
mary alongside detailed information. For chart, Veriscope leverages
its encoding information extracted from code to present its basic
attributes. To facilitate examination of artifacts, the system allows
users to click on one specific key point to jump directly to the
corresponding content. The navigation sidebar also visualizes the
distribution of diverse artifacts along the reasoning process. Each
item on the sidebar supports artifact preview and quick navigation
to the relevant location. Additionally, the system leverages LLMs
to transform generated Python code into Vega-Lite [34] specifica-
tions, and renders them as interactive visualizations, where users
can hover over visual elements to inspect specific data values and
retrieve information valuable to verification (Figure 2f).

5.4 Cross-Validating Artifacts
Building upon the connections among critical artifacts, Veriscope
further enhances the user experience by providing three intuitive
interactions for fine-grained verification.

Bidirectional highlighting between keywords and visual
elements. As demonstrated in the usage scenario (Section 5.1), this
interaction effectively facilitates detailed validation of the consis-
tency between keywords in the insights and visual elements within
the charts. On the one hand, when users hover over keywords, the
system automatically utilizes their internally transformed values
to modify the corresponding Vega-Lite specification via alignment
of visual encodings, emphasizing associated visual elements while
de-emphasizing the remaining ones through reduced opacity (Fig-
ure 2e). On the other hand, users can also hover over visual elements,
which in turn highlights keywords in the insights with matched
values (Figure 2f).

Tracing code snippets via chart encoding. To facilitate more
granular verification of the code responsible for one specific chart,
the system allows users to click on the visual encoding information
shown in the chart summary, leveraging keyword search to locate
directly related code snippets (Figure 2g), enabling users to inspect
and validate if appropriate data operations, field names, and param-
eters are used for transforming data and creating visualizations.

Keyword-driven table queries. Querying over data tables is
themost direct approach to validate analytical insights and statistics
shown in the charts. Therefore, our system specifically annotates
underlined categorical keywords whose texts or transformed values
appear in the data tables, and enables users to perform automatic
filtering on the original data tables by clicking the icons beside
specific text (Figure 2h). Users can further perform aggregation
over specific fields in the table to extract key numeric values for
comparison against charts and insights. Meanwhile, we expect
future work to integrate more advanced features to support flexible
queries over both original and intermediate tables.

5.5 Extracting and Tracing Analytic Provenance
To enable users to efficiently extract analytic provenance and trace
corresponding reasoning process, our system integrates LLMs to
first coherently retrieve the contents of relevant artifacts, and pro-
vide a systematic summary of the underlying reasoning logic.

To start with, users can brush over insight text in the chat view.
The system then instructs the LLM to review artifacts from prior
analytical procedures and extract a reasoning chain comprising
a series of intermediate findings, essential data transformations,
critical execution results and visualizations that collectively lead
to the selected content. After the extraction, sub-contents of rele-
vant artifacts are further highlighted while irrelevant artifacts are
folded (Figure 2c). Users can also filter the selected contents by the
type of artifacts, exploring different categories of analytic prove-
nance mentioned in the taxonomy proposed by Ragan et al. [32].
Meanwhile, users may still find it challenging to interpret the ex-
tracted provenance if it involves a large number of reasoning steps.
To address this issue, Veriscope further leverages LLMs to decom-
pose and summarize the reasoning logic in a step-by-step manner,
with underlined keywords within the selected content additionally
highlighted for users to locate critical steps. Each step is also ac-
companied by referenced artifacts as supporting evidence. For each
artifact, users can hover over an associated indicator for preview or
click to navigate to its location for detailed examination (Figure 2d).
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Rather than pre-computing provenance for all summarized in-
sights, Veriscope adopts an on-demand strategy. Extracting analytic
lineage is computationally expensive, consuming substantial tokens
and introducing latency that would degrade conversational respon-
siveness. Moreover, the granularity at which an analyst wishes
to verify an insight cannot be determined in advance: one may
want to trace an entire paragraph-level summary, while another
may question several sentences or a claim within one sentence.
On-demand tracing addresses both issues by deferring extraction
until the analyst selects the claim to verify, reducing unnecessary
computation while adapting to the chosen level of detail.

5.6 Correcting Analytical Results
Veriscope provides two primary ways for users to make corrections.
First, users can click on the edit button in the chat view to launch
a Markdown editor, where they can directly modify the LLM an-
swer. The system also supports directly editing the incorrect code
snippets and re-execution to obtain updated results. Second, our sys-
tem supports guided regeneration of analytical results. Specifically,
users can describe the identified issue in the input field, referencing
specific artifacts with at-sign commands or brushing interactions,
and specify either partial or full regeneration. The system will then
re-invoke the LLM to revise and regenerate the relevant artifacts
accordingly. The system also maintains a complete editing history,
helping users keep track of modifications.

6 Implementation
We implemented Veriscope as a web-based prototype system con-
sisting of a frontend interface and a backend server. The frontend
is built with Vue.js and Vuex, while the backend is developed with
Flask and Python, communicating with the frontend via RESTful
API. Veriscope leverages gemini-3-flash-preview API for the
design features described in Section 5, owing to its low latency and
multimodal understanding capabilities.

7 User Study
We conducted a user study2 with 18 participants to evaluate the
effectiveness and usability of Veriscope.

7.1 Study Setup
7.1.1 Participants. We recruited 18 participants (P1–P18, 11 males,
7 females, age 19–28) from diverse backgrounds, including computer
science, mechanical engineering, business administration, etc. All
participants had prior experience in using conversational LLMs for
data analysis and were familiar with the artifacts produced in this
process. Participants received RMB 60 per hour as compensation.

7.1.2 Baseline. We adopted a baseline systemwith the same layout
and visual styling as Veriscope, presenting summarized insights
in the left panel and displaying artifacts produced during the rea-
soning process in the right panel. Meanwhile, it omitted design
features for direct artifact association, fine-grained verification, an-
alytic provenance extraction, and error correction, while retaining
basic support for artifact-type filtering and output regeneration.
Both systems were evaluated under identical hardware conditions.
2The study has been approved by State Key Lab of CAD&CG, Zhejiang University.

This isolated the contribution of mechanisms without confounding
factors including interface layout, artifact availability, and model
behavior. Commercial tools such as ChatGPT and Claude were not
selected as baselines, as they address a complementary question,
real-world utility, and cannot attribute gains to specific mechanisms
without a controlled environment.

7.1.3 Tasks. We designed four tasks (Tasks 1–4) to evaluate both
Veriscope and the baseline system, each grounded in LLM-generated
outputs derived from analyzing four distinct datasets, including
Car Sales Report3, Disney+ Movies and TV Shows4, JHU CSSE
COVID-19 Data5 [10], and Superstore Dataset6. For the first, third,
and fourth datasets, we used a subset of the data for this evalu-
ation. In Task 1, participants were asked to extract the analytic
provenance of an assigned insight and articulate the underlying
reasoning process of LLMs. In Tasks 2–4, without being informed
of the error types in advance, participants were asked to identify
a distinct category of errors related to assigned insights within
each output (summarized in Section 3) and modify the generated re-
sults accordingly. Participants were required to use either Veriscope
or the baseline system to complete each task. Tasks were defined
around verification outcomes, including understanding provenance
and detecting the three error types in Section 3, rather than specific
Veriscope interactions.

7.1.4 Procedure. We adopted a counterbalanced procedure similar
to that of ViseGPT [54], which divided 18 participants into 6 groups.
Each group consisted of 3 participants who worked on 4 tasks (Task
1–4) in one distinct sequence of using Veriscope and the baseline
system. The assignment of systems to tasks was rotated across
groups following a modified balanced Latin square scheme [9],
ensuring that each system was used for each task by an equal
number of 9 participants.

During the study process, we first introduced the general back-
ground and the design features of Veriscope to participants. After
the tutorial, participants were allowed to freely practice the func-
tionalities of Veriscope for about 5 minutes. Prior to each task,
participants received a brief overview of the associated dataset,
including its background, data attributes, and the specific meaning
of each column. Participants were then asked to complete each task
following their pre-assigned system sequence, with a time limit of
10 minutes per task. Completion time excludes the system’s prepro-
cessing of reasoning artifacts and is later analyzed for successful
completion. Upon the completion or failure of one task, participants
were required to fill in a modified NASA-TLX questionnaire [16]
with a 7-point Likert scale. Lastly, we conducted semi-structured
interviews with participants to collect their feedback. The entire
process lasted about 60–90 minutes and was recorded for analysis.

7.2 Quantitative Results
7.2.1 Success rates and completion time. Table 1 and Figure 4 show
that Veriscope performs better than the baseline system in success
rates and completion time across Task 1–4. To complete Task 1 and
Task 4, participants have to extract the corresponding reasoning
3https://www.kaggle.com/datasets/missionjee/car-sales-report
4https://www.kaggle.com/datasets/shivamb/disney-movies-and-tv-shows
5https://github.com/CSSEGISandData/COVID-19
6https://www.kaggle.com/datasets/vivek468/superstore-dataset-final

https://www.kaggle.com/datasets/missionjee/car-sales-report
https://www.kaggle.com/datasets/shivamb/disney-movies-and-tv-shows
https://github.com/CSSEGISandData/COVID-19
https://www.kaggle.com/datasets/vivek468/superstore-dataset-final
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Table 1: Task success rates (%) of Veriscope and Baseline. The
purposes were not revealed to the participants.

Task Purpose
Success (%)

Veriscope Baseline
1 understand analytic provenance 100 66.67
2 identify errors in chart interpretation 77.78 44.44
3 identify errors in code generation 77.78 55.56
4 identify errors in insight summary 88.89 55.56

Figure 4: The task completion time (mean ± SD) for the base-
line system and Veriscope.

chain of LLMs. This process is found to be more effective and much
more efficient with Veriscope compared to the baseline system. In
Task 4, P7 and P13 either spent considerably more time or failed
the task. In fact, they successfully extracted the reasoning chains
earlier during the task, but they misread or skipped certain steps in
the step-by-step summary, which led to their poorer performance.
In Task 2, participants achieved high efficiency and steady per-
formance through bidirectional highlighting between underlined
keywords and associated visual elements in Veriscope. Several par-
ticipants failed the task because they only skimmed through the
highlighted patterns or had difficulty interpreting certain terms
for describing data attributes. The gap between Veriscope and the
baseline system is relatively smaller in Task 3. With Veriscope, par-
ticipants presented a high variance of completion time. Participants
were generally able to locate relevant charts and code snippets
quickly. However, those less familiar with tabular datasets and data
wrangling still found it challenging to identify incorrect data oper-
ations within the code. This highlights an opportunity for future
improvement to help users better understand code operations.

7.2.2 Ratings. Based on the result of non-parametric Wilcoxon
signed-rank tests, the ratings of Veriscope are significantly better
than the baseline system across all of the measured dimensions
in the NASA-TLX questionnaire (p<.001). The result suggests that
Veriscope substantially improves the user experience of verifying
LLM-assisted data analysis by greatly lowering both cognitive and
physical burden, and increasing satisfaction level during the verifi-
cation process (Figure 5).

7.3 Qualitative Results
In this section, we report the qualitative findings derived from par-
ticipant behavior observed during task execution and the feedback
we received from semi-structured interviews.

7.3.1 Feedback on interactive features. Most participants (16/18)
praised the direct connection between insights and charts, through
which they immediately locate themost relevant evidence alongside
its context, allowing for further verification. Meanwhile, partici-
pants were impressed with the bidirectional highlighting between
keywords and visual elements, describing it as magical and intu-
itive. P4 commented: “Those underlined keywords help me quickly
pull out the key information and the highlighting also let me jump
straight to the relevant part of the charts, instantly grasping the visual
pattern. The whole process is simply effortless.” P6 also appreciated
the interaction of using the chart encoding to highlight associated
code snippets, noting: “This feature is pretty useful for me to locate
critical data operations, especially when the volume of code gets big.”

7.3.2 Feedback on extracting analytic provenance. 14 participants
out of 18 complimented the extraction of analytic provenance and
acknowledged that it played a critical role in the verification process.
P15 pointed out: “The extracted reasoning chain can help me con-
struct a verification framework, enabling me to subsequently conduct
structured exploration.” P16 also mentioned that extracted prove-
nance gave her a “global perspective”, whereas she could be stuck
in localized analysis steps while overlooking other parts with the
baseline system. Participants also found the step-by-step summary
of analytic provenance useful. P14 particularly liked the feature of
presenting referenced artifacts within each reasoning step, allow-
ing her to quickly navigate to the corresponding analytical context
for targeted verification. Meanwhile, P14 suggested integrating
more graphical representations to help users better understand
the underlying reasoning logic. P7 recognized the effectiveness of
step-by-step summary of the provenance, but also proposed: “It
would be even better if the system can directly tell me whether the
selected answer is aligned with the reasoning process.”

7.3.3 Verification workflow with Veriscope. While using the base-
line system, participants generally did not opt to first comprehend
the reasoning logic of LLMs. They instead directed their efforts
from the start toward identifying the artifacts directly relevant to
the assigned insights. With Veriscope, we found that several par-
ticipants would, at early stages of the verification process, brush
over insights to extract the corresponding analytic provenance,
and subsequently conduct a more fine-grained verification during
or after this extraction process. When examining the consistency
between insights and charts, participants using the baseline system
would typically read through an insight to understand its mean-
ing, locate the relevant chart, and then revisit the entire insight
again to build connections. In Veriscope, by contrast, participants
directly clicked and hovered on underlined keywords to highlight
the corresponding visual patterns in the chart, leveraging these
linked visual cues to cross-reference the insights without repeated
back-and-forth examination.

7.3.4 Feedback on verification automation. When asked about their
preference between interactive systems like Veriscope and fully
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Figure 5: Comparison of the baseline system and Veriscope on subjective ratings.

automated tools driven by LLMs for the verification task, a substan-
tial portion of participants (14/18) favored Veriscope. A number
of participants expressed concerns over model hallucinations. P6
stated: “If the model already makes errors in its analytical insights,
how can I trust it to correctly verify its own outputs?” P18 also em-
phasized that the results of data analysis could have great impacts
on decision-making, mentioning: “The stake is too high to rely solely
on the model.” Moreover, P17 highlighted that such a human-in-the-
loop approach not only improves the accuracy of analytical results,
but also enhances users’ understanding of data patterns. Although
P14 preferred more automated alternatives, she acknowledged that
she would probably still use our system to iteratively verify and
refine the model’s initial results.

8 Technical Evaluation
Veriscope uses LLMs for several features, including artifact sum-
mary, insight tagging, and Vega-Lite transformation, with prove-
nance extraction and keyword mapping being the most critical.
Other features, like bidirectional highlighting, code tracing, and
table queries, rely on deterministic rules or executable artifacts.
We conducted an evaluation of the two core LLM-based features’
reliability and discussed failure cases and mitigation strategies.

8.1 Evaluation Setup
To systematically evaluate feature reliability across datasets and
prompts, we used gemini-3-flash-preview to generate 13 ana-
lytical results from 5 datasets, with 2–4 user prompts applied to
each dataset. These datasets include the Car Sales Report, JHU
CSSE COVID-19 Data, and Superstore datasets from the user study,
along with two additional datasets: Boston Crimes7 and Online
Shopping8. We used a subset of each dataset for this evaluation.

8.2 Empirical Findings
8.2.1 Provenance extraction. We assessed 81 extractions of analytic
provenance based on selected claims within generated insights. 80%
(65/81) correctly summarized the reasoning steps without omitting
critical steps or introducing irrelevant ones. Only 1/81 omitted
a critical step. The remaining 15 failures preserved the critical
reasoning chain but added 1–2 irrelevant steps. For the majority of
summarized steps, Veriscope retrieved at least one critical artifact,
such as code, chart, or execution result. In the first summarized step,

7https://www.kaggle.com/datasets/ankkur13/boston-crime-data
8https://www.kaggle.com/datasets/jacksondivakarr/online-shopping-dataset

the model could sometimes fail to cite the first extracted Thought
artifact. We employed a post-processing check to address this issue.

8.2.2 Keyword mapping. With Veriscope, each extracted keyword
is associated with a specific chart and transformed into values
that conform to the corresponding table schema. Across these two
stages, keyword-to-chart association reached an accuracy of 99%
(293/295) and keyword-value transformation reached an accuracy
of 92% (271/293). Transformation failures mainly involved imprecise
numeric descriptions such as “over 80%”. When the exact statistic
is not explicitly represented in the chart schema, Veriscope may
return the original numeric text or an estimated range. Meanwhile,
if terms like “highest” exist in the sentence, imprecise values could
be automatically resolved into max or min values.

8.3 Error Mitigation
Irrelevant steps in the provenance summary do not significantly
impact users’ understanding of overall reasoning logic, since they
introduce no contradictory information and users can discard those
parts and their associated artifacts during detailed examination. To
further reduce the number of irrelevant steps, our system could
scope extraction by the last linked chart position and filter artifacts
by data fields. For the less frequent case of missing critical steps, ex-
traction typically captures the step most directly related to a claim
while omitting earlier findings it depends on. In this case, users
may suspect an omission and our system allows them to unfold pre-
ceding reasoning artifacts to recover the earlier analytical process.
If relevant artifacts are missing from a summarized step’s reference,
the same mechanism can be used to unfold them after users navi-
gate to the corresponding context. However, users currently need
to proactively inspect the reasoning context to notice missing steps
or artifacts. Future work could integrate additional LLMs to flag
potential omissions and support users in reviewing and refining
the extracted provenance. For imprecise numeric mappings, users
can fall back on categorical keywords in the same sentence and
verify exact values via Vega-Lite tooltips or table queries.

9 Discussion
Support for varied verification workflows. When validating
outputs with Veriscope, users can adopt different strategies accord-
ing to their individual preferences. One approach is to leverage
underlined keywords to perform rapid cross-validation, reserving
provenance tracing for cases where particular claims remain un-
certain or require closer inspection. Alternatively, users may first
extract the analytic provenance to obtain a high-level overview of

https://www.kaggle.com/datasets/ankkur13/boston-crime-data
https://www.kaggle.com/datasets/jacksondivakarr/online-shopping-dataset
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the reasoning chain, and then drill down into referenced artifacts
based on the generated summary to examine finer-grained details.
Regarding the prioritization of artifacts, users can either begin
from a specific insight and navigate to its associated artifacts, or
leverage the bidirectional highlighting mechanism to start from an
intermediate chart and verify whether the key information within
the visualization is adequately reflected in the insights. Together,
these interaction options highlight the importance of supporting
flexible verification workflows that accommodate varied granu-
larity, ranging from high-level summaries to fine-grained artifact
details, as well as varying directionality, enabling users to initiate
the validation process from either insights or intermediate artifacts.

Interactive verification vs automatic error detection. Our
system combines LLM assistance and intuitive interactions to sup-
port the verification of LLM-generated results. Through LLM inte-
gration, Veriscope substantially improves the efficiency of locating
critical information, establishing connections among key artifacts,
and extracting coherent reasoning chains. Meanwhile, intuitive
interactions and step-by-step summaries of analytic provenance
enable users to engage in the verification process with greater ease
and fluency. Our human-AI collaborative method preserves ver-
ification efficiency while improving accuracy and user trust. In
contrast, fully automated error detection, though maximally reduc-
ing human effort, introduces considerable risks. For instance, the
verification results may misalign with user intent, or inaccurate er-
ror localization could mislead users’ understanding of the analytical
results [19], compromising downstream tasks.

Extension to open-ended verification. The analytical results
generated by LLMs contain a mix of correct and incorrect answers.
Instead of directly declaring errors, Veriscope leverages various
design features to surface verification evidence, such as chart values,
code, table queries, and analytic provenance, for users to confirm
correct insights and identify incorrect ones. In our user study, we
primarily evaluated how effectively the system supported users in
identifying errors. Future studies could explore more open-ended
verification, where user behaviors include correctly accepting valid
outputs as well as making false edits to correct results.

System performance. Before users begin their verification pro-
cess with Veriscope, our system takes approximately 30 to 50 sec-
onds to process LLM responses and diverse reasoning artifacts, in-
cluding the keyword extraction and mapping, transforming Python
code to Vega-Lite specification, tagging insights with data fields,
and summarizing various artifacts. To reduce the time spent on
preprocessing, we have adopted three main strategies to optimize
our processing pipeline. First, for tasks with no dependencies, we
issue parallel requests to the Gemini API. In addition, since sum-
marizing a large number of reasoning artifacts generated from the
analytical process can be time-consuming, we partition these arti-
facts into smaller segments and process them concurrently. Second,
we consolidate logically related tasks into a single API call. Third,
for simpler tasks, we adjust the model’s thinking level to lower
processing overhead. These optimizations collectively keep the
preprocessing phase within an acceptable time range.

Scalability to longer and multi-turn analytical conversa-
tions. In this study, we primarily focus on analytical process con-
ducted in single-turn conversations, where LLMs perform multi-
step reasoning. For more complex analytical scenarios, including

longer traces with a greater number of reasoning artifacts, and
multi-turn analytical conversations [14] in which analysts itera-
tively refine their analytical goals through follow-up prompts, our
existing parallel processing strategy is already designed to scale
with larger numbers of artifacts, and remains effective as trace
length grows. Cross-artifact connections also allow users to quickly
navigate relevant artifacts across long traces. Our system adopts
an on-demand approach for the extraction of analytic provenance
based on selected claims within insights, avoiding precomputation
across all insights. For multi-turn settings, we can bound cost by
conditioning on relevant turns rather than the full chat history and
scope the session to the last linked artifact, preserving cross-turn
continuity while limiting context size. Meanwhile, to improve the
effectiveness and user experience of our system in the future, we
think it can be useful to support incremental examination of LLM re-
sponses through progressive disclosure of reasoning artifacts in the
interface [47] and introduce multi-scale representations to enable
both overview and detailed exploration of the analytical process.
Multi-turn contexts also open up new opportunities for leveraging
provenance to steer the reasoning process of LLMs [22, 30].

Accessibility for non-analyst users.While our system is de-
signed to streamline the verification of LLM-generated analytical
results, it still presents a non-trivial barrier for users with limited
data analysis experience. Such users may lack the contextual famil-
iarity needed to critically assess the analytical outcomes generated
by LLMs. This limitation could constrain the accessibility of our
system to a broader audience. Therefore, future work could explore
how LLMs can be leveraged to lower this barrier by helping non-
analyst users develop a basic understanding of dataset features
and domain semantics. For instance, LLMs could proactively gener-
ate natural language summaries of key dataset properties, or offer
contextual explanations tailored to the user’s level of familiarity.

10 Conclusion
In this study, we present a claim-centered view of analytic prove-
nance and developed Veriscope, an interactive system that sup-
ports provenance-aware verification of LLM-generated analyti-
cal results. Based on design considerations derived from a for-
mative study, Veriscope establishes fine-grained connections be-
tween insights, charts, code, and data tables, enabling intuitive
cross-validation including bidirectional highlighting, code snippet
tracing, and keyword-driven table queries. Besides, the system sup-
ports on-demand extraction of analytic provenance, presenting
the underlying reasoning logic as a navigable, step-by-step sum-
mary. Users can further correct identified errors through direct
editing or guided regeneration. A user study (N=18) confirmed that
Veriscope improves verification efficiency and accuracy while re-
ducing cognitive load compared to a baseline system. The reliability
of LLM-based features was assessed through a technical evaluation.
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