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Abstract

Real-world analysis often requires combining
directly queryable structured sources (e.g., SQL
and CSV) with evidence preserved only in
visual documents, such as scanned reports,
invoices, and dashboards. Current analytics
agents still focus primarily on structured and
textual inputs, leaving this cross-modal setting
underexplored. We introduce DataCross, a
benchmark and agent framework for hetero-
geneous, insight-driven data analysis. Dat-
aCrossBench1 contains 200 end-to-end tasks
across six fine-grained categories: Fund Anal-
ysis, FinTech, Internet Development, Inter-
net Firms, Short-form Drama, and AI Health-
care, grouped into four macro sectors and mix-
ing SQL/CSV/JSON/TXT sources with image-
based evidence. The benchmark is built with
a human-in-the-loop reverse-synthesis pipeline
to preserve cross-source dependency while
keeping the target insights verifiable. We
further propose DataCrossAgent, which co-
ordinates source-specialized agents through
intra-source exploration, source prioritization,
cross-source pollination, and Reasoning ReAct
(reReAct)-based executable verification. Ex-
periments show that DataCrossBench reveals a
difficulty gap for most baselines, especially on
image-dependent Hard tasks. DataCrossAgent
improves average factuality over direct GPT-
4o prompting from 0.3291 to 0.4270 (+29.7%)
and offers a competitive quality–cost profile in
the profiled agent baselines. These results po-
sition DataCrossBench as a controlled, practi-
cal testbed for cross-modal heterogeneous data
analysis.

1 Introduction

Large Language Models (LLMs) and multimodal
foundation models have enabled data analysis

*Equal contribution.
†Corresponding author.
1Benchmark. Our dataset and code is available at https:

//anonymous.4open.science/r/DataCrossBench/.

agents that can plan, write code, query data, and
synthesize analytical narratives (Guo et al., 2025;
OpenAI, 2025; Yang et al., 2025). Yet real analyt-
ical evidence is rarely contained in a single clean
table. It is often fragmented across structured sys-
tems such as SQL/CSV/JSON files and visual-only
artifacts such as scanned reports, invoice images,
dashboards, and legacy screenshots (Wasserman
et al., 2025; Chia et al., 2025). We refer to this
operationally relevant but non-queryable visual ev-
idence as zombie data.

Existing agents and benchmarks do not fully
capture this setting. Many data-analysis bench-
marks assume preprocessed structured inputs (Lai
et al., 2023; Zhang et al., 2024; Li et al., 2023;
Zhang et al., 2023; Majumder et al., 2025); multi-
modal QA and RAG benchmarks often emphasize
document retrieval rather than executable, insight-
driven analysis (Foroutan et al., 2025; Peng et al.,
2025; Wasserman et al., 2025; Singh et al., 2025);
and current protocols rarely test whether an agent
can extract visual tables, align noisy entities or
units with structured records, and produce verifi-
able cross-source conclusions (Sahu et al., 2025;
Egg et al., 2025; Weng et al., 2026). This leaves
a gap between benchmarked capabilities and the
heterogeneous workflows encountered in practice.

We introduce DataCrossBench, a benchmark
for unified, insight-driven analysis across hetero-
geneous sources. It contains 200 end-to-end tasks
over six fine-grained categories, including Fund
Analysis, FinTech, Internet Development, Inter-
net Firms, Short-form Drama, and AI Health-
care. These categories are further grouped into
four macro sectors. Tasks require evidence gath-
ering across SQL/CSV/JSON/TXT files and, for
the Hard split, visual documents containing charts
or image-based tables. To keep the benchmark
verifiable, we build it with a human-in-the-loop
reverse-synthesis pipeline: expert-validated goals
and target insights are used to synthesize the un-
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derlying data artifacts, so that conclusions can be
checked by execution.

On this benchmark, representative LMMs, spe-
cialized insight agents, and general-purpose CLI
agents all face clear difficulty on vision-dependent
Hard tasks, indicating that DataCrossBench fills
an evaluation gap left by structured-data, data-
discovery, and document-retrieval benchmarks
(Majumder et al., 2025; Peng et al., 2025).

To further improve performance in this setting,
we propose DataCrossAgent, a corresponding
multi-agent framework for this benchmark. Dat-
aCrossAgent profiles each source, prioritizes high-
value evidence, explores sources through Reason-
ing ReAct (reReAct), cross-pollinates hypotheses
across sources, and verifies candidate findings with
executable analysis before report generation. Its
contribution is a task-specific, executable protocol
that composes established agentic primitives; it is
not intended as a new general-purpose reasoning
primitive.

In a nutshell, our contributions are twofold:
• We introduce DataCrossBench, a 200-task bench-

mark that turns seed-report-grounded industrial
scenarios into verifiable heterogeneous analytics
tasks. It explicitly tests whether agents can re-
cover evidence chains across SQL, CSV, JSON,
text, and visual documents rather than solving
isolated table or retrieval questions.

• We introduce DataCrossAgent, a source-
specialized multi-agent framework that combines
priority-guided routing, Reasoning ReAct-based
executable exploration, cross-source hypothesis
pollination, and final verification. Experiments
show that this design improves factuality over
vanilla GPT-4o and remains competitive with
strong agentic baselines.

2 Related Work

Multimodal Document Reasoning. Multimodal
document benchmarks study reasoning over ta-
bles, charts, PDFs, and medical reports. WikiM-
ixQA and UniDoc-Bench focus on multimodal QA
or RAG over long documents and PDF corpora
(Foroutan et al., 2025; Peng et al., 2025), while
MedInsightBench and Chart-RVR explore domain-
specific insight discovery and verifiable chart rea-
soning (Zhu et al., 2025; Sinha et al., 2025; Nguyen
and Okatani, 2026). These benchmarks demon-
strate the importance of visual evidence extraction,
but they generally emphasize retrieval or question

answering rather than executable, cross-source an-
alytical workflows.
Data Analysis Benchmarks. Data-analysis bench-
marks have progressed from semantic parsing
and table QA to executable analysis over tabular
datasets. DS-1000 and related evaluations empha-
size Python/SQL tool use, debugging, and multi-
step reasoning over structured data (Lai et al., 2023;
Zhang et al., 2024; He et al., 2024; Hu et al.,
2024). More recent insight-oriented benchmarks,
such as InsightBench, AgentPoirot, DABStep, and
UniDataBench, move beyond factoid answers to-
ward higher-level analytical narratives (Sahu et al.,
2025; Egg et al., 2025; Weng et al., 2026).

However, most of these settings still assume
structured inputs or exclude visual documents, so
they under-test analytics that must connect evi-
dence across files and between structured and vi-
sual sources. To bridge this gap, we introduce our
benchmark to specifically evaluate analytics that
must seamlessly connect evidence across files and
between structured and visual sources.
Agentic Data Analysis Systems. Data analysis
agents combine LLM reasoning with tools for
cleaning, exploration, modeling, visualization, and
multimodal reasoning (Shen et al., 2025; Manatkar
et al., 2025; Guo et al., 2024; Lu et al., 2026; Ku-
mar et al., 2024; Sun et al., 2025). Yet existing
agents often process sources sequentially or rely
on shallow schema concatenation, creating a “silo
effect” that weakens cross-system analysis over het-
erogeneous formats and granular logs (Just et al.,
2024). DataCrossAgent targets this gap through
source-specialized profiling, priority-guided rout-
ing, contextual cross-pollination, and executable
verification over structured, textual, and visual evi-
dence.

3 DataCrossBench: A Multi-Source
Heterogeneous Benchmark

3.1 Design Philosophy and Comparison

Despite rapid progress in data analysis agents, ex-
isting benchmarks remain constrained by ideal-
ized assumptions about input format and modality.
Classic datasets such as Spider focus primarily on
Text-to-SQL, while DS-1000 extends evaluation
to code generation but still relies on preprocessed
files. These settings do not fully capture analytical
workflows in which evidence is distributed across
structured tables, semi-structured JSON/logs, and
visual documents such as scanned reports or screen-
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Figure 1: DataCrossBench overview. (A) Fine-grained category counts grouped by macro sector. (B) Frequent
modality combinations across SQL/CSV/JSON/TXT/Image inputs. (C) Balanced Easy/Hard split, where Hard tasks
require image-dependent evidence integration.

shots. In practice, useful conclusions often require
aligning entities and units across files, integrating
visual evidence with queryable records, and main-
taining a consistent evidence chain under noise and
redundancy. To address this gap, DataCrossBench
evaluates end-to-end analysis in controlled, seed-
report-grounded settings with executable verifica-
tion. As shown in Table 1, it provides a multimodal,
noisy, cross-file environment for testing whether
agents can extract, align, and reason over heteroge-
neous evidence.

3.2 Data Construction

We employ a human-in-the-loop reverse-synthesis
pipeline to ensure the data is both realistic and
challenging. First, we curate authoritative re-
ports (PDFs and industry write-ups) from six fine-
grained topical categories: Fund Analysis, FinTech,
Internet Development, Internet Firms, Short-form
Drama, and AI Healthcare. These categories are
grouped into four macro sectors: finance, inter-
net/technology, content/media, and AI healthcare.
We then utilize an LLM to extract high-level ana-
lytical goals and ground-truth insights, which are
rigorously verified by human experts. Next, guided
by these validated insights, we collaborate with
a Code LLM to programmatically synthesize the
underlying raw data files (e.g., SQLite databases,
CSV tables, JSON metadata) required to derive the
target conclusions. During this phase, we enforce
complexity constraints on file count, modality mix,
and fact-table scale, while still allowing smaller
auxiliary dimensions and metadata files when cross-
source alignment requires them. To prevent target
leakage, this synthesis step excludes explicit an-
swer strings, conclusion-like field names, and di-
rect restatements of the ground-truth insights from

generated source files. Finally, the pipeline un-
dergoes an iterative validation process: human an-
notators perform execution checks to identify and
repair any consistency errors or crashes, followed
by a definitive quality assurance review to guaran-
tee that the synthesized multi-source data logically
and accurately supports the ground-truth insights.
After all structured data artifacts are completed, we
produce auxiliary unstructured and multimodal re-
sources as additional heterogeneous data sources,
including accompanying .txt files and visualiza-
tion charts. Although the released benchmark ar-
tifacts are synthesized for verifiability, the task
objectives are not generated from unconstrained
prompts. Instead, they are anchored in authorita-
tive seed reports that expose quantitative evidence,
domain context, and visually embedded tables or
charts. We retain only source documents that sat-
isfy four construction constraints: (i) domain rel-
evance, so the task reflects a realistic analytical
objective; (ii) quantifiable insight, so the target
conclusion can be operationalized into executable
checks; (iii) cross-source recoverability, so no
single file trivially determines the answer; and (iv)
visual evidence availability, so at least part of the
evidence chain can be instantiated as image-based
“zombie data.” Appendix Table 6 summarizes the
report archetypes used during task design.

3.3 Dataset Statistics and Diversity

DataCrossBench comprises a total of 200 tasks,
each designed as an end-to-end, multi-step data
analysis problem requiring cross-source evidence
gathering and reasoning. Based on the released
benchmark metadata, the tasks span six fine-
grained topical categories: Fund Analysis, FinTech,
Internet Development, Internet Firms, Short-form
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Table 1: Comparison of DataCrossBench with other benchmarks. We additionally highlight whether a benchmark
involves visual documents (vision modality) that must be jointly analyzed with structured sources.

Dataset Analysis Source Multi-source Multi-modal (Vision) Task Size File Size Rows/File

Specific Data Analysis (Specific answer for a given question; e.g., “What is the average sales in Q3?”)

DS-1000 (Lai et al., 2023) StackOverflow ✗ (data.frame) ✗ 1000 – –
DSEval (Zhang et al., 2024) LLM Gen. & Human ✗ (csv) ✗ 825 44 23,630
Text2Analysis (He et al., 2024) LLM Gen. & Human ✗ (csv) ✗ 2249 347 –
DABench (Hu et al., 2024) LLM Gen. & Human ✗ (csv) ✗ 257 52 2,024
DABStep (Egg et al., 2025) Real-world Data ✓ (3 types) ✗ 450 7 3,121

Multimodal QA / RAG (Specific answer over visual documents; e.g., “According to this chart/PDF, what is the answer?”)

WikiMixQA (Foroutan et al., 2025) Wikipedia pages (tables & charts) ✓ (multi-page doc) ✓ 1000 4000 –
UniDoc-Bench (Peng et al., 2025) PDF corpus (page-level retrieval) ✓ (multi-doc/pages) ✓ 1600 70000 –

High-level Data Analysis (Insights extracted for open-ended goals; e.g., “What latent causal mechanisms and non-obvious drivers underpin Q1 market expansion?”)

InsightBench (Sahu et al., 2025) LLM & Human ✗ (csv) ✗ 100 112 545
UniDataBench (Weng et al., 2026) Real-world Data ✓ (Multi-type) ✗ 100 223 17,945
MedInsightBench (Zhu et al., 2025) Medical cases (multimodal) ✗ (single case) ✓ 332 – –
DataCrossBench (Ours) LLM & Human ✓ (4+ types) ✓ 200 963 8,585

Drama, and AI Healthcare. We group them into
four macro sectors: finance (Fund Analysis and
FinTech; 82 tasks), internet/technology (Internet
Development and Internet Firms; 80), content/me-
dia (Short-form Drama; 23), and AI healthcare (AI
Healthcare; 15). The released inputs contain 963
declared files in total: 171 CSV files, 200 SQLite
databases, 202 JSON files, 196 TXT briefs, and
194 images. Each task uses 4.82 input files on
average (median 4, p90 8) and 4.09 modalities
on average; 30 tasks exercise all five modalities.
Following the benchmark protocol, we split the
tasks evenly into Easy and Hard subsets accord-
ing to whether image-based evidence is required:
Easy tasks (100) involve only structured or textual
sources (e.g., CSV/SQLite/JSON/TXT) and focus
on cross-file reasoning without any image inputs;
Hard tasks (100) are image-dependent: the target
evidence chain requires parsing and integrating vi-
sual documents, introducing 194 images in total
(1.94 per Hard task on average) and demanding
chart/table interpretation, normalization, and cross-
modal alignment with structured sources. Image
presence alone does not define the split. Appendix
Table 7 reports the full characterization summary
used in this analysis.

3.4 Representative Task Patterns

To make the benchmark composition more con-
crete, Appendix Figure 6 visualizes a representative
real task from the released benchmark. It illustrates
the kinds of input sources, multimodal evidence,
reasoning steps, and analytical outputs the bench-
mark requires while remaining concise enough to
fit within the paper.

3.5 Quality Control and Human Verification

To ensure the robustness and accuracy of Dat-
aCrossBench, we implemented a rigorous two-
stage quality control framework comprising auto-
mated sanity checks and expert human verification.
Initially, an automated pipeline verifies the exe-
cutability of all reference SQL and Python code and
checks for data file corruption. Subsequently, we
engaged annotators with professional backgrounds
in data science to perform a double-blind review of
the tasks. This manual verification process adheres
to three strict criteria: (1) Cross-source Necessity,
confirming that questions strictly require evidence
gathering across multiple sources and cannot be an-
swered by relying on a single file; (2) Logic Chain
Validation, ensuring the reasoning path constitutes
a unique and reasonable evidence chain; and (3)
Answer Consistency, checking that the ground truth
is consistent with manual calculations. To facilitate
this workflow, we developed a dedicated human
verification interface. Further details regarding the
specific protocols and annotation guidelines are
provided in supplementary material.

3.6 Evaluation Metrics

DataCrossBench tasks demand open-ended ana-
lytical reports and complex cross-source reason-
ing, which pose significant challenges for stan-
dard evaluation. While prior research has validated
the feasibility of utilizing Large Language Models
(LLMs) as evaluators for free-form analytical out-
puts, pure LLM-based scoring often suffers from
central tendency bias, where the model leans to-
ward assigning median scores and fails to capture
nuanced quality differences. To mitigate this, we
propose a comprehensive multi-dimensional scor-
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ing framework that integrates deterministic heuris-
tic metrics with LLM-based semantic assessment.
This hybrid approach ensures a balanced evalua-
tion across four key dimensions: Factuality, Com-
pleteness, Logic, and Insightfulness, thereby pro-
viding both the rigor of hard data verification and
the depth of semantic understanding. The final
score Stotal is a weighted average of four key di-
mensions: Factuality (wf = 0.30), Completeness
(wc = 0.25), Logic (wl = 0.20), and Insightful-
ness (wi = 0.25), where wf is set a bit higher
to emphasize numerical accuracy. In all result ta-
bles, Overall denotes Stotal throughout the paper.
This weighting intentionally prioritizes numerical
correctness over stylistic fluency: a report with
appealing language but incorrect figures is unus-
able in analytical practice. To quantify the stabil-
ity of judge-dependent dimensions, we addition-
ally report cross-judge consistency across GPT-4o,
Gemini-2.5-Flash, and Qwen3-VL-32B-Instruct in
Appendix H.

Stotal = wf · Sfact + wc · Scomp

+ wl · Slogic + wi · Sins
(1)

Factuality (Sfact). Factuality measures the align-
ment of numerical data and entity descriptions be-
tween the predicted insights (Ipred) and the ground
truth (Igt). We combine a deterministic numerical-
consistency component with an LLM-based seman-
tic factuality component. For numerical consis-
tency, we extract all numerical values and units
from the prediction and reference, and compute

Sfact,num =
|Npred ∩Ngt|

|Ngt|
, (2)

where N denotes the set of extracted numerical
entities. For semantic factuality, Sfact,llm is ob-
tained from a customized LLM-judge prompt that
assesses whether key entities, temporal trends, and
directional claims are correct on a 1–10 scale. The
final factuality score is Sfact = 0.5 · Sfact,num +
0.5 · (Sfact,llm/10).
Completeness (Scomp). Completeness assesses the
information coverage. We employ an embedding-
based approach to measure the semantic overlap.
For each ground-truth insight g ∈ Igt, we find
its maximum cosine similarity across all predicted
insights p ∈ Ipred:

Scomp =
1

|Igt|
∑

gi∈Igt
max

pj∈Ipred
cos(egi , epj ) (3)

where e represents the semantic embedding vector.
Logic (Slogic). The logic dimension evaluates the
internal coherence and reasoning quality. The LLM
assesses: Attribution: validity of causal relation-
ships; Trend Inference: evidence-based extrapo-
lation; Comparison: objectivity of analysis. The
score L ∈ [1, 10] is normalized as Slogic = L/10.
Insightfulness (Sins). Insightfulness measures the
value-add of the generated content. The LLM eval-
uates non-triviality, actionability, and novelty. To
ensure stability, we adopt a G-Eval style approach,
calculating a weighted average of the top-5 log-
probabilities of the output tokens.

4 DataCrossAgent: A Corresponding
Agent Framework

Formal problem. Given a realistic, task-specific
heterogeneous source collection S = {si}ni=1 and
a natural-language analysis goal g, the system must
generate an analytical report y that synthesizes find-
ings across structured, semi-structured, textual, and
visual evidence. Each report is evaluated against a
verified reference insight set y∗ using the weighted
four-dimensional score Stotal(y, y

∗,S) defined in
Section 3.6. The objective is to maximize Stotal

while ensuring that each non-trivial claim can be
grounded in evidence from the provided sources.
Appendix A gives the complete task formulation,
including source types, output schema, and cross-
source alignment constraints.

DataCrossAgent addresses the fragmentation
of cross-format data analysis through source-
specialized agents coordinated by an explicit evi-
dence hierarchy. As shown in Figure 2, the work-
flow first converts each source into a compact pro-
file containing modality, schema or visual descrip-

Algorithm 1 Priority-guided DataCrossAgent
Workflow
Require: Task goal g and heterogeneous sources S =

{si}ni=1

Ensure: Grounded analytical report y
1: for all source si ∈ S do
2: Build source profile pi with modality, schema, entities,

and candidate evidence.
3: Estimate Sobj(si), Ssem(si, g), and SLLM (si, g).
4: Compute Spriority(si) = 0.4Sobj(si) +

0.3Ssem(si, g) + 0.3SLLM (si, g).
5: end for
6: Rank sources by Spriority and select top-ranked primary

sources.
7: Run reReAct on primary sources and cross-pollinate hy-

potheses to auxiliary sources.
8: Verify joins or comparisons with executable code and

synthesize y with supporting evidence.
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Figure 2: The overall architecture of the DataCrossAgent framework. A multi-agent orchestration to integrate
heterogeneous data sources. The workflow first profiles each structured, textual, or visual source, then ranks sources
through priority scoring before cross-source hypothesis exchange. Candidate insights are finally checked through
executable analysis and evidence grounding before the report is generated.
tion, candidate entities, and potential evidence an-
chors. The coordinator then estimates objective
quality, semantic relevance, and coordinator utility
for each source, aggregates them into Spriority, and
ranks sources before cross-source reasoning; full
formulas are provided in Appendix G.

Algorithm 1 summarizes the execution path used
throughout our experiments. The key design choice
is to make source selection explicit before cross-
source exploration: DataCrossAgent first profiles
and ranks all sources, then applies reReAct to the
selected primary sources, propagates hypotheses to
auxiliary sources, and verifies candidate findings
with executable code before final synthesis.

4.1 Source Profiling and Prioritization

DataCrossAgent normalizes heterogeneous inputs
into source profiles rather than forcing all evidence
into a single table. Structured files expose schemas
and executable fields; textual files contribute com-
pressed summaries and named entities; visual in-
puts are converted into table-like records or chart
descriptions depending on asset type. This profiling
stage gives the coordinator a comparable view over
SQL/CSV/JSON/TXT/image sources, after which
high-priority sources are selected as primary pivots
and lower-ranked sources are retained as auxiliary
evidence.

4.2 reReAct and Cross-Pollination

Each selected source is explored through a Rea-
soning ReAct (reReAct) loop that separates strate-
gic decomposition from local executable debug-
ging. Once source-level findings are obtained, Dat-
aCrossAgent performs cross-pollination: hypothe-
ses from primary sources are projected onto aux-
iliary sources to search for shared entities, time
windows, metrics, or contradictory evidence. This
design keeps exploration focused while still allow-
ing heterogeneous sources to challenge or support
one another. In practice, the reReAct loop main-
tains a lightweight state for each source, including
attempted queries, intermediate errors, extracted
entities, and candidate findings. This prevents the
coordinator from repeatedly issuing equivalent op-
erations after a failed query or visual extraction
step. Cross-pollination is then applied as hypoth-
esis transfer rather than unrestricted conversation
among agents: a finding from one source is con-
verted into a compact query target and checked
against other sources that share compatible entities,
dates, or numerical fields. If an auxiliary source
contradicts the hypothesis, the finding is revised or
withheld.

4.3 Executable Verification and Synthesis

Before a cross-source hypothesis is promoted to the
final report, DataCrossAgent resolves naming or
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unit mismatches and verifies joins, comparisons, or
aggregates with executable Python code. The final
synthesis step then merges verified numerical out-
puts, source summaries, and visual evidence into a
grounded analytical report. This execution-backed
synthesis is intended to reduce numerical halluci-
nation while preserving an auditable evidence trail
for the generated insights.

5 Experiments

5.1 Experimental Setup

Baselines. We compare DataCrossAgent with three
groups of baselines. i) Large Multimodal Models
(LMMs). We directly use several LMMs to gen-
erate insights, including GPT-4o (OpenAI, 2024),
Qwen3-vl (Bai et al., 2025), and Gemini-2.5-flash
(Google, 2025). ii) Specialized Agent Frame-
works. Given a dataset and an objective, these
frameworks (AgentPoirot (Sahu et al., 2025) and
ReActInsight (Weng et al., 2026)) perform end-to-
end insight mining through continuous question-
ing. In our experiments, we organize heteroge-
neous inputs into usable tabular formats and al-
low each agent to iteratively generate answers. iii)
General-Purpose CLI Agent Systems. We ad-
ditionally evaluate Codex CLI and Claude CLI as
strong off-the-shelf agentic baselines. These sys-
tems support iterative planning, tool use, code exe-
cution, and external-file inspection in a command-
line loop, making them practically relevant base-
lines for multi-step heterogeneous analysis even
though they are not customized for our benchmark.
The Table 2 comparison uses one shared final-
report interface for every system: a five-field JSON
schema (flag_id, goal, used_files, insights,
and summary) and the generic operators trend, com-
parison, extreme, and attribution. These fields spec-
ify report structure rather than instance answers,
and the same instruction was supplied to all base-
lines.
Agent deployment details. In each agent frame-
work, we use GPT-4o as the backbone LMM.
All LMMs are configured with temperature 0 to
ensure deterministic outputs. During operation,
agents are set to explore questions for 2 iterative
rounds, generating 2 new questions per round to
ensure comprehensiveness. The Table 2 run used
codex-cli 0.121.0 and Claude Code 2.1.107; all
200 tasks for each CLI baseline used one con-
sistent version. Both CLI baselines resolved to
gpt-4o-2024-11-20. For Claude Code, the API-

translation proxy mapped claude-sonnet-4-6 to
GPT-4o through modelOverrides without rewrit-
ing prompts, adding tools, or expanding file access.
Evaluation setup. We compute the weighted score
Stotal across all test cases using the metrics in
Section 3.6. GPT-4o is the primary evaluator for
Sfact,llm, Slogic, and Sins, creating potential eval-
uator dependence because it also participates in
goal extraction and serves as the DataCrossAgent
backbone. We mitigate, but do not eliminate, this
risk through deterministic checks, a blind 50-task
human audit, and cross-judge agreement.
Scoring consistency. The human audit yields
Spearman correlations of 0.72, 0.69, and 0.61 for
Completeness, Logic, and Insightfulness. Across
GPT-4o, Gemini-2.5-Flash, and Qwen3-VL-32B-
Instruct, averaged scores achieve ICC(2,k) =
0.8159 (95% CI [0.6174, 1.0000]; F (199, 398) =
21.85, p < 0.001), with small pairwise Bland–
Altman biases (+0.0536, +0.0611, and +0.0075).
This supports stable aggregate comparisons without
implying full judge interchangeability; complete
analyses are in Appendix H and Appendix D.

5.2 Main Results
Table 2 evaluates DataCrossAgent against various
baselines. DataCrossAgent achieves competitive
overall performance among strong agentic base-
lines while showing clear gains over vanilla LMMs,
especially on completeness and hard-task robust-
ness.
Benchmark Discriminative Power. DataCross-
Bench exhibits strong discriminative power
through its stratified Easy/Hard task design. Most
evaluated systems show an Easy-to-Hard perfor-
mance decay (∆), although the magnitude varies
by model. For example, Qwen3-vl drops by 16.52
percentage points in Overall, Codex CLI drops
by 10.68 percentage points, and GPT-4o shows
a smaller 3.98 percentage-point drop. This pat-
tern suggests that the Hard set introduces reasoning
challenges beyond simple pattern matching, while
avoiding the unsupported claim that every model
degrades uniformly.
Competitive Agent Performance. Dat-
aCrossAgent remains competitive under a
substantially stronger baseline set, reaching an
Overall score of 0.5172. The comparison now
includes two general-purpose CLI agent systems,
Codex CLI and Claude CLI, which perform
iterative planning, file inspection, code execution,
and tool-assisted analysis over heterogeneous
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Table 2: Four-dim Insight Score. Blue badges highlight per-column best scores and the average profile of
DataCrossAgent for faster visual scanning. The Four-dim Insight Score is normalized to [0, 1], where higher values
represent better performance. “Easy” refers to tasks involving only structured or textual data, while “Hard” denotes
challenges requiring the parsing and integration of visual document images (e.g., scanned tables and charts).

Model / Framework
Four-dim Insight Score

Factuality Completeness Logic Insightfulness Overall
Easy Hard Avg. Easy Hard Avg. Easy Hard Avg. Easy Hard Avg. Easy Hard Avg.

General LLMs (Closed-Source & Open-Source)
GPT-4o 0.3313 0.3269 0.3291 0.4689 0.4160 0.4425 0.4376 0.3815 0.4096 0.3835 0.3272 0.3554 0.4000 0.3602 0.3801
Gemini-2.5-flash 0.2957 0.3198 0.3078 0.3672 0.3517 0.3594 0.4063 0.3902 0.3982 0.3930 0.3892 0.3911 0.3600 0.3592 0.3596
Qwen3-vl 0.3074 0.1825 0.2473 0.4112 0.2328 0.3220 0.4337 0.2436 0.3398 0.4486 0.2680 0.3562 0.3939 0.2287 0.3117

Specialized Agent Frameworks
AgentPoirot (GPT-4o) 0.3069 0.2391 0.2730 0.4409 0.3851 0.4130 0.5652 0.5683 0.5668 0.5517 0.5445 0.5481 0.4533 0.4178 0.4356
ReActInsight (GPT-4o) 0.3563 0.3212 0.3388 0.6011 0.5851 0.5932 0.4040 0.4211 0.4125 0.6976 0.6975 0.6975 0.5124 0.5012 0.5068

General-Purpose CLI Agent Systems
Codex CLI (GPT-4o) 0.4776 0.3347 0.4062 0.5545 0.4515 0.5030 0.6880 0.6068 0.6474 0.6200 0.5322 0.5761 0.5745 0.4677 0.5211
Claude CLI (GPT-4o) 0.3933 0.4674 0.4303 0.4390 0.5400 0.4895 0.4698 0.5854 0.5276 0.4646 0.5725 0.5186 0.4378 0.5354 0.4866

Proposed Framework
DataCrossAgent
(GPT-4o)

0.4508 0.4031 0.4270 0.5720 0.5368 0.5544 0.5912 0.5645 0.5779 0.5462 0.5326 0.5394 0.5331 0.5012 0.5172

Table 3: Ablation Study Results on Four-dimension Insight Score. “w/o” indicates “without”; the Four-dim Insight
Score ranges from 0 to 1, and higher values indicate better performance.

Four-dim Insight Score
Factuality Completeness Logic Insightfulness Overall

Full DataCrossAgent 0.4268 ± 0.1493 0.5543 ± 0.0849 0.5778 ± 0.1085 0.5394 ± 0.0837 0.5170 ± 0.0655

Ablation Experiments
w/o reReAct 0.3407 ± 0.1597 0.5017 ± 0.0862 0.4886 ± 0.0916 0.4652 ± 0.0858 0.4417 ± 0.0719
w/o Key-identification 0.3917 ± 0.1543 0.5385 ± 0.0835 0.5378 ± 0.1235 0.4956 ± 0.0936 0.4836 ± 0.0699
w/o Cross-pollination 0.3908 ± 0.1563 0.5320 ± 0.0904 0.5357 ± 0.1100 0.4840 ± 0.0785 0.4784 ± 0.0691
w/o Key & Cross 0.3283 ± 0.1576 0.4691 ± 0.0943 0.4959 ± 0.0831 0.4354 ± 0.0806 0.4238 ± 0.0721
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Figure 3: Ablation impact relative to the full Dat-
aCrossAgent. Bars report absolute score drops, in per-
centage points, across the five evaluation dimensions.

local inputs. While these off-the-shelf agentic
baselines attain higher peaks in several aggregate
columns, DataCrossAgent still delivers a clear
Factuality gain over vanilla GPT-4o: its average
factuality rises from 0.3291 to 0.4270, a relative
improvement of 29.7%. This indicates that the
framework remains effective at suppressing numer-
ical hallucinations while preserving a balanced
profile across the four evaluation dimensions.
Robustness and Stability. Beyond peak scores,

DataCrossAgent demonstrates comparatively sta-
ble behavior across varying task complexities. Sev-
eral baselines exhibit marked difficulty sensitiv-
ity, such as Qwen3-vl with a 16.52 percentage-
point absolute drop in Overall and Codex CLI
with a 10.68 percentage-point drop, whereas Dat-
aCrossAgent maintains a comparatively low decay
rate (∆ = −0.0319). This pattern suggests that the
framework can retain a balanced profile as source
heterogeneity increases, but it does not establish
robustness to uncontrolled production noise.

Cost–Quality Profile. We ran a fresh 200-task
companion profile with the same visible evidence,
output schema, and scoring implementation across
systems. DataCrossAgent reaches Overall 0.5193
at an estimated USD 0.1061 per task, compared
with 0.5188 at USD 0.1630 for Claude Code and
0.5037 at USD 0.3184 for ReActInsight. Its mean
runtime is 64.99 seconds per task, versus 75.00
and 141.20 seconds, respectively. These results
position DataCrossAgent as a competitive-quality,
lower-cost reference framework; because Codex
CLI was not included in this companion profile, we
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do not claim a global Pareto optimum.

Table 4: Compact cost–quality profile used in the com-
panion analysis.

System Overall Runtime (s) Cost/task

GPT-4o direct 0.4008 9.59 USD 0.0173
ReActInsight 0.5037 141.20 USD 0.3184
DataCrossAgent 0.5193 64.99 USD 0.1061
Claude Code 0.5188 75.00 USD 0.1630

External Transfer Check. On the independent
100-case UniDataBench suite, DataCrossAgent ob-
tains average Insight 0.4816 and Summary 0.6366,
versus 0.4750 and 0.5792 for the reported ReActIn-
sight baseline. It is slightly lower on Medium In-
sight (0.4687 vs. 0.4704) but higher on Easy/Hard
Insight and every Summary split. This is prelim-
inary evidence of transfer beyond the DataCross-
Bench construction pipeline, not evidence of ex-
haustive enterprise-domain generalization.
Visual-Dependence Diagnostic. On the same 100
Hard tasks, removing all images lowers Claude
CLI’s Overall from 0.5354 to 0.4119, an absolute
drop of 0.1235 (23.07% relative); Factuality drops
from 0.4674 to 0.3710 and Completeness from
0.5400 to 0.4280. The result supports the inter-
pretation of Hard as image-dependent, while the
full protocol and table are reported in Appendix F.

5.3 Ablation Experiments

To quantify the contribution of each module, we
conducted an ablation study as shown in Table 3.
Effect of reReAct. Removing the reReAct mech-
anism (w/o reReAct) results in the most dramatic
performance decline, with the Overall score drop-
ping from 0.5170 to 0.4417. Most notably, Logic
and Factuality show relative decreases of 15.4%
and 20.1% respectively. This result indicates that
reasoning stability depends on the dual-loop struc-
ture, which separates strategic decomposition from
tactical code debugging. Without this separation,
the system is prone to cascading errors where a sin-
gle syntax failure or misinterpreted data row derails
the entire analysis.
Effect of Key Source Identification and Cross-
Pollination. The exclusion of Key-identification
and Cross-pollination (w/o Key & Cross) reduces
the agent’s performance to a level near vanilla GPT-
4o (0.4238 vs 0.3801), reflecting two complemen-
tary failures: (i) Key-identification acts as a pre-
cision filter, and removing it fragments the agent’s

attention across less relevant sources, leading to
lower Completeness; (ii) Cross-pollination con-
tributes to Insightfulness, and removing it makes
the agent more likely to generate localized single-
source insights rather than non-trivial patterns that
emerge from synthesizing disparate sources, such
as visual dashboard trends and structured sales
logs.

Cross-checks and error profile. The compan-
ion diagnostics provide a complementary view of
where the framework succeeds and fails. Removing
images from the Hard split lowers Claude CLI’s
Overall from 0.5354 to 0.4119, confirming that the
split measures visual evidence integration rather
than image presence alone. On the independent
UniDataBench suite, DataCrossAgent improves
Summary from 0.5792 to 0.6366 over the reported
ReActInsight baseline, while the smaller Insight
gain (0.4750 to 0.4816) indicates that transfer is
positive but not uniform across metrics. The cost
profile further shows that DataCrossAgent’s qual-
ity is achieved without the highest runtime or esti-
mated cost.

These results suggest three recurring failure
modes: visual extraction and OCR errors when
evidence is image-dependent, incomplete cross-
source alignment when entities or units differ, and
cascading tool failures when exploratory code is
not verified. The ablations and judge-consistency
checks indicate that reReAct, source prioritization,
cross-pollination, and executable verification ad-
dress different parts of this error profile; no single
component eliminates all failure cases.

6 Conclusion

We present DataCross, a controlled and repro-
ducible benchmark-and-agent framework for het-
erogeneous analytics over structured sources and
visual zombie data. DataCrossBench provides ver-
ifiable cross-source tasks, while DataCrossAgent
combines source profiling, Reasoning ReAct (reRe-
Act), cross-source pollination, and executable veri-
fication. Experiments show that DataCrossAgent
improves factuality over direct GPT-4o prompt-
ing, provides a competitive quality–cost profile in
the profiled systems, and transfers preliminarily
to an external benchmark. These results support
cross-modal heterogeneous analysis as a practical
research direction, while not constituting a com-
plete evaluation of production enterprise analytics.
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Limitations

DataCrossBench is a controlled and reproducible
testbed for cross-source and cross-modal evidence
integration, rather than a complete simulation of
production analytics. Although its seeds are cu-
rated from industry reports, the released CSV,
SQLite, JSON, TXT, and image artifacts are gen-
erated by executable Python and SQL programs
and filtered through automated and human verifica-
tion. This improves auditability and executability,
but does not systematically model OCR corrup-
tion, missing documents, schema drift, open-ended
contradictory records, or multilingual reports.

The benchmark contains 200 end-to-end tasks
and prioritizes task complexity and verification
quality over raw scale. Its domain distribution
is uneven, including 15 AI Healthcare tasks and
23 Short-form Drama tasks. These subsets are
representative vertical probes, not sufficient evi-
dence for standalone domain-level generalization
claims. Future releases should expand these under-
represented domains and include additional report
genres and corruption settings.

Several evaluation limitations remain. GPT-4o
is used in goal extraction, as the DataCrossAgent
backbone, and as one component of semantic scor-
ing. Human alignment audits and cross-model
agreement reduce, but do not eliminate, evalua-
tor dependence. DataCrossAgent is also a task-
specific composition of established agentic mech-
anisms and does not dominate every baseline on
every metric. Its results should therefore be inter-
preted as evidence of competitive quality and cost
efficiency in this setting, rather than as evidence of
a universally superior reasoning method.

The current benchmark is file-based and does
not evaluate authentication, access control, live
database or API connections, query latency, query
cost, or data governance. DataCrossAgent main-
tains task-local state only; it has no persistent mem-
ory across tasks and does not learn from previous
failures. Future work should extend the benchmark
with live-source integration, permission failures,
large-schema discovery, latency and cost budgets,
governance requirements, persistent-memory pro-
tocols, abstention behavior, and explicit handling
of corrupted or contradictory evidence.

Ethical Considerations

The released benchmark artifacts are synthesized
and contain no personally identifying informa-

tion or offensive content. Human raters evaluated
anonymized model outputs, and the benchmark is
intended for research evaluation rather than unre-
stricted deployment.
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A Problem Formulation

Setting. We study data analysis in organizations
where relevant information is distributed across het-
erogeneous sources: some are directly queryable
(e.g., SQL tables), while others are only avail-
able as visual documents (e.g., scanned reports or
screenshots containing tables). Existing analytics
agents often perform well when the answer resides
in a single structured source, but struggle to jointly
reason over structured data and table content em-
bedded in images.
Data sources. Let M =
{SQL, CSV, JSON, TXT, IMG} denote the modal-
ity set, and let S = {si}ni=1 denote the concrete
source instances available to a task. Each source
has a modality m(si) ∈ M: SQL sources are
relational databases, CSV sources are delimited
files, JSON sources are semi-structured stores,
TXT sources are unstructured text, and IMG
sources are images or scanned PDFs containing
tables and other visually formatted records. We
emphasize that sources with m(si) = IMG cannot
be reliably queried without extracting table
structure (rows/columns/headers) and cell values
from pixels.
Input. The input to the system is:

X = ⟨S, G⟩, (4)

where G is a natural-language analysis goal (a ques-
tion or a higher-level objective), e.g., “Summarize
the key cost drivers in 2023 and explain discrepan-
cies between the finance database and the scanned
invoices.”
Output. The system produces a response:

Y = ⟨Summary, Insights, Evidence⟩. (5)

Summary is a concise natural-language overview of
the findings. Insights is a list of specific, action-
able findings (e.g., anomalies, trends, mismatches,

root-cause hypotheses). Evidence provides trace-
able support for each insight by pointing to the
originating sources, such as SQL rows/fields, CSV
row indices, JSON paths, text spans, or image re-
gions / extracted table cells.
Task objective (Unified Analysis). Given X =
⟨S, G⟩, the goal is to generate Y such that:

• Cross-source retrieval: the system can ac-
cess and use information from any subset of
S required by G;

• Cross-modal alignment: data and column
names mentioned or shown in sources with
m(si) = IMG can be matched to records
in structured sources (e.g., SQL/CSV/JSON)
when they refer to the same real-world item;

• Joint reasoning for insights: insights may
require combining evidence from both struc-
tured data and visual tables;

• Evidence grounding: each reported insight
is supported by explicit evidence links in
Evidence, enabling verification.

Why this is non-trivial. The main difficulty is that
IMG sources are not directly queryable: answering
G may require (i) perception and table extraction
from images, (ii) normalization of extracted val-
ues (units, formats, OCR noise), and (iii) reliable
alignment/join operations between extracted visual
records and structured tables. Our benchmark and
agent are designed to evaluate and enable this end-
to-end capability.

B Human-in-the-Loop Construction and
Verification

To ensure DATACROSSBENCH captures key prop-
erties of real-world industrial scenarios while main-
taining strict ground-truth accuracy, we imple-
mented a two-stage Human-in-the-Loop (HITL)
pipeline. This process separates data construction
(via AI-assisted synthesis) from quality assurance
(via double-blind human verification).

B.1 Stage 1: AI-Assisted Reverse-Synthesis

Constructing heterogeneous datasets where struc-
tured files (SQL/CSV) perfectly correlate with un-
structured visual documents (PDF/Images) is chal-
lenging. We developed a Data Generator Plat-
form (Figure 4) to streamline this via a “Reverse-
Synthesis" workflow:
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• Insight-Driven Generation (Fig. 4a): The
workflow begins with a seed financial report.
An LLM (GPT-4o) first extracts high-level in-
sights and industry trends. Human experts
then inject specific constraints (e.g., “Gener-
ate a non-trivial sales fact table and auxiliary
dimensions that contradict the PDF summary
by 5%").

• Code-Based Artifact Creation (Fig. 4b): In-
stead of asking the LLM to output raw data
directly (which causes hallucinations), the
platform generates executable Python/SQL
scripts. These scripts synthesize the raw files
and render the corresponding visual charts/ta-
bles, ensuring mathematical consistency be-
tween the “zombie data" (images) and struc-
tured sources.

B.2 Stage 2: Double-Blind Quality
Verification

All synthesized tasks undergo a rigorous review
using the DataCrossBench Verification Platform
(Figure 5). This stage ensures that the generated
“zombie data" is legible and that the cross-source
logic is sound.

• Unified Heterogeneous View (Fig. 5a): The
interface provides a “God’s eye view" of the
task. The left panel displays the ground-truth
metadata and reasoning chains. The center
and right panels allow annotators to inspect
structured data (SQL/CSV previews) along-
side the generated visual documents (chart-
s/scanned tables) to verify cross-modal align-
ment.

• Granular Scoring System (Fig. 5b): Annota-
tors evaluate each task on a 0-10 scale across
three dimensions: Overall Score, Data Qual-
ity (schema correctness), and Image Quality
(OCR legibility). The “Save Review" module
enforces a feedback loop; tasks scoring below
8.0 are flagged with specific comments (e.g.,
“Image resolution too low for OCR") and re-
turned to the synthesis stage for regeneration.

C Illustrative Output Example

To make the expected deliverable concrete, List-
ing 1 shows a shortened illustrative output excerpt
that follows the schema used in our benchmark eval-
uation. The example is anonymized and truncated

for space, but preserves the structure of summary,
grounded insights, and cross-dataset discoveries.

Listing 1: Illustrative generated report excerpt
{

"summary": "A discrepancy emerges between the SQL expense
↪→ ledger and a scanned

invoice table for Q3 warehousing costs. The structured
↪→ records show a stable

monthly baseline, but the visual invoice evidence reveals a
↪→ repeated surcharge

applied to the same vendor cluster.",
"insights": [

"Vendor group A accounts for the majority of the
↪→ discrepancy after unit

normalization.",
"The anomaly appears only after aligning invoice dates

↪→ with the fiscal
calendar used in the SQL ledger."

],
"cross_dataset_discoveries": [

"The dashboard-level trend spike is not explained by
↪→ higher sales volume;

it is driven by a reporting mismatch between two source
↪→ systems."

],
"limitations": [

"One image-based table contains OCR ambiguity in a low-
↪→ resolution cell."

],
"next_steps": [

"Reconcile the vendor mapping table and re-run the
↪→ executable verification

script on the flagged records."
]

}

D Execution Trajectory and Human
Alignment Audit

This appendix presents a representative successful
execution trajectory to illustrate the cross-source
grounding process in detail. Furthermore, it details
the human-LLM alignment audit conducted to vali-
date the reliability of our judge-dependent scoring
dimensions.

D.1 Representative Trajectory: Grounded
Cross-Source Market Analysis

This case demonstrates an effective cross-source
grounding trajectory: the agent profiles heteroge-
neous data sources, elevates source-level observa-
tions into executable cross-source checks, and syn-
thesizes a final market conclusion directly backed
by retained artifacts. The complete execution chain
is mapped in Figure 6. Notably, the generated
order-amount visualization used in the platform-
comparison branch (Figure 6c), alongside the pre-
served analysis script and stat.json file, pro-
vides a transparent audit trail. This transparency
allows users to mathematically verify intermedi-
ate claims—such as average order amounts and
retention rates—before accepting the broader syn-
thesized market narrative.
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(a) Insight-Driven Generation (b) Code-Based Artifact Creation

Figure 4: The AI-Assisted Data Generator Platform. This interface facilitates the “Reverse-Synthesis" pipeline,
allowing experts to produce large-scale, heterogeneous datasets that adhere to specific logical constraints.

(a) Unified Heterogeneous View (b) Granular Scoring System

Figure 5: The DataCrossBench Verification Platform. This tool is used for the final quality audit, ensuring that
the synthesized heterogeneous data supports the intended analysis goals without logical flaws or artifacts.

D.2 Human and LLM Alignment Audit

To directly test whether the LLM-judge scores align
with human assessment, we randomly sampled 50
tasks from DataCrossBench while preserving the
Easy/Hard balance. For each sampled task, three
human raters independently evaluated anonymized
model outputs under a blind protocol: model iden-
tities, LLM-judge scores, and Stotal rankings were
hidden from the raters. We then computed rank
correlations between the average human score and
the corresponding LLM-judge score for each di-
mension, together with inter-rater reliability and
preference agreement with the Stotal ranking.

E Additional Benchmark Documentation

E.1 Source Report Transparency

This subsection explains how seed reports were
selected before synthetic artifacts were generated.
The goal is to make the benchmark origin auditable
without exposing proprietary report contents. Ta-
ble 6 summarizes the report archetypes, the visual

evidence they typically contain, and the construc-
tion role each archetype plays.

E.2 Task Characterization Statistics

This subsection provides the basic scale and com-
position statistics behind the benchmark. Table 7
gives a compact summary of the task count, modal-
ity coverage, and Easy/Hard split. Table 8 then
reports the annotation-derived statistics used to ver-
ify that tasks require multi-source and cross-modal
evidence rather than single-file lookup.

E.3 Representative Task Patterns

The final documentation block complements the ag-
gregate statistics with concrete task-level evidence.
Figure 7 visualizes the construction audit, while
Figure 6 shows a representative task layout with
structured files, textual context, visual evidence,
and the expected reasoning path.
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Task and Source Grounding

Case. Flag-140 asks: analyze the drivers of Meituan’s
18% revenue growth in 2024.

Loaded evidence. The run creates four usable agents
from dimension_data.db and fact_orders.csv:
PerformanceMetrics, AttributionFactors,
MetricFactorMapping, and fact_orders.

(a) Task context and loaded multi-source
evidence

Executed Cross-Source Checks

City-tier demand: low-tier cities combine salient
GTV-growth evidence with 271.37 RMB average order
amount.
Platform comparison: in middle-tier cities, Meituan
exceeds Douyin in order amount (354.88 vs. 247.36
RMB) and retention (8% vs. 3%).
Attribution: young users’ immediacy demand
corresponds to 8% growth in low-tier cities, while
middle-tier cities show higher order value (394.62 RMB).

(b) Retained metrics from executable crossover
checks

Average Order Amount by Platform and Year
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Shaded band: run artifact variability

(c) Generated visual artifact supporting
numerical claims

Task-Specific Evidence Chain

1. Profile / rank sources.
The execution log initializes by loading the task goal, a short background.txt, three
SQLite tables, and the 60-row fact_orders.csv; the malformed
user_profiles.json is dropped without blocking the run. Hybrid profiling then
evaluates objective richness and LLM relevance. Formal labeling prioritizes
PerformanceMetrics and fact_orders as Primary, with AttributionFactors and
MetricFactorMapping as Secondary. This focuses the crossover analysis on KPI
growth and order facts, while secondary tables provide causal links.

2. Explore / source-level insight.json.
• PerformanceMetrics: high-tier cities show the highest avg growth (122.50),
followed by low-tier (107.85) and middle-tier (59.78); low-tier GTV growth is the
strongest single metric.
• fact_orders: avg order amount peaks in 2024 (353.38 RMB); Meituan (382.62
RMB) measurably exceeds Douyin (338.76 RMB). Middle-tier orders are highest on
average and most dispersed (std 143.82).
• AttributionFactors: retains three unique operational descriptors: core high-value,
young immediacy-demand, and local-life deepening.
• MetricFactorMapping: eight discrete metric–factor links establish a semantic bridge
from numeric KPI rows to business drivers.

3. Cross / executable questions and findings.
• Q1 city-tier GTV vs. order: the generated script validates columns, filters GTV
growth, aggregates orders by city tier, and joins the target tiers. The retained statistic
successfully links low-tier GTV growth (122.50) with 271.37 RMB average order
amount.
• Q2 platform advantage: the code isolates middle-tier orders and groups by platform,
exporting stat.json and a plot. The artifact records Meituan at 354.88 RMB (8
retained orders) vs. Douyin at 247.36 RMB (3 retained orders), making the platform
comparison strictly inspectable.
• Q3 young-immediacy: the code maps MetricFactorMapping to AttributionFactors,
filters the “young immediacy” factor, merges back to KPI records, and profiles
young-user orders: low-tier 8 orders / 272.75 RMB against middle-tier 4 orders /
394.62 RMB.

4. Synthesize / auditable conclusion.
The final log records 16 single-source insights and 3 crossover findings before writing
flag-140_result.json with status=success. Consequently, the synthesis goes
beyond restating the prompt: it explicitly traces high-line resilience, low-tier growth
potential, Meituan’s middle-tier advantage, and the young-immediacy narrative back
to the preserved code.py, stat.json, insight.json, and plot artifacts.

(d) Auditable cross-source execution chain

Grounded takeaway. Cross-source grounding transforms a generic market narrative into an auditable evidence chain: sources are systematically profiled,
source-level observations are preserved, executable joins yield reproducible numeric evidence, and the synthesis states a market implication with visible
support. The grounded conclusion reveals that high-line cities remain resilient, low-tier cities demonstrate significant growth potential, and Meituan holds a
measurable middle-tier advantage over Douyin.

Figure 6: Representative trajectory for a grounded cross-source market analysis. Evidence is drawn from task
flag-140 evaluated by gpt-4o: the agent instantiated four source-specific data profiles and completed three
executable cross-source verification steps to produce an auditable conclusion.

F Baseline Details

This appendix clarifies the agent baselines used in
Table 2. The goal is not to reproduce each sys-
tem’s original benchmark protocol, but to define
how each baseline is interpreted under the same
DataCrossBench task interface.
AgentPoirot. AgentPoirot is treated as a spe-
cialized insight-mining agent baseline following
InsightBench-style analytical report generation
(Sahu et al., 2025). For DataCrossBench, hetero-
geneous inputs are organized into a form that the
agent can inspect, and the agent is prompted with
the same task objective used by other systems. This
baseline represents an insight-oriented agent de-

signed for iterative analytical discovery, but it does
not use DataCrossAgent’s source-prioritization or
cross-source pollination modules.
ReActInsight. ReActInsight is treated as another
specialized agent baseline for iterative question-
driven insight generation (Weng et al., 2026). It
receives the benchmark task objective and the
available task inputs after lightweight organization
into accessible files. This setting tests whether a
generic ReAct-style insight workflow can recover
cross-source findings without DataCrossAgent’s
explicit source profiling, priority routing, or final
executable verification loop.
Codex CLI. Codex CLI is used as a general-
purpose command-line agent baseline. Official

26021



Table 5: Human and LLM alignment audit over 50 Easy/Hard stratified tasks. We report rank correlation between
human average scores and LLM-judge scores for each scoring dimension, plus inter-rater reliability and preference
agreement with the Stotal ranking.

Dimension Slice n Raters Spearman Kendall Reliability Agreement/notes

Completeness Easy/Hard strat. 50 3 0.72 0.55 ICC=0.78 Aligns with LLM judge
Logic Easy/Hard strat. 50 3 0.69 0.51 ICC=0.75 Higher on executable tasks
Insightfulness Easy/Hard strat. 50 3 0.61 0.44 ICC=0.68 More subjective dimension
Overall preference Easy/Hard strat. 50 3 – – Kripp. α = 0.71 76% agrees with Stotal ranking

Table 6: Source-report archetypes and selection criteria used in DataCrossBench construction. The table summarizes
the document patterns used to anchor task design; it does not expose proprietary reports.

Domain Seed report archetype Typical visual evidence Why retained for benchmark
construction

Finance Periodic statement-style PDFs and
audit-like summaries

Scanned tables, invoice-style
records, budget charts

Supports discrepancy analysis,
temporal aggregation, and
cross-source reconciliation
between ledgers and visual records

AI Healthcare Healthcare AI adoption briefs and
service-usage summaries

Utilization charts, provider
comparisons, summary tables

Encourages alignment between
structured metrics, provider
metadata, and visually embedded
operational evidence

Internet / Tech-
nology

Platform/company research notes
and internet-development
summaries

User segmentation charts, KPI
dashboards, growth trend plots

Provides mixed chart/structured
evidence for platform-level trend
analysis and attribution

Content / Me-
dia

Micro-drama industry reports and
market analyses

Audience distribution charts,
policy/innovation comparisons,
market-size plots

Supports cross-source reasoning
over users, content performance,
and visually summarized market
signals

Table 7: High-level task characterization of DataCross-
Bench.

Statistic Value

Tasks 200 end-to-end analysis tasks
Fine-grained cate-
gories

6 topical categories

Macro sectors Finance 82; internet / technology
80; content / media 23; AI
healthcare 15

Supported modalities CSV, SQLite DB, JSON, TXT,
Image

Declared input files 963 total files
Structured sources 573 total (171 CSV / 200 SQLite /

202 JSON)
Visual documents 194 images across 100 Hard tasks
Text briefs 196 TXT files
Average files per task 4.82 (median 4; p90 8)
Average modalities
per task

4.09; 30 tasks use all 5 modalities

Average structured
sources per task

2.87

Easy / Hard split 100 / 100 by image requirement

documentation describes Codex CLI as a local ter-
minal coding agent that can read files, modify code,
and run commands within the selected working
directory (OpenAI, 2026). In our benchmark, it
represents a strong off-the-shelf agentic workflow
for local file inspection, planning, code execution,
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Figure 7: Benchmark characterization audit. The fig-
ure summarizes task-level construction statistics used to
audit DataCrossBench, including source composition,
modality coverage, cross-source links, visual evidence
types, and reasoning targets. These statistics comple-
ment the aggregate benchmark table by showing how
heterogeneous evidence and analytical operators are dis-
tributed across released tasks.

and report synthesis over heterogeneous task files.
It is not customized with DataCrossAgent-specific
modules.

Claude CLI. Claude CLI refers to the Claude Code
command-line interface. Its official CLI docu-
mentation describes interactive and non-interactive
sessions, file processing, tool configuration, and
command-line execution modes (Anthropic, 2026).
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Table 8: Detailed DataCrossBench characterization from benchmark construction annotations. Cross-source links
count source pairs connected by annotated schema/entity anchors; cross-modal links are the subset spanning different
modalities. Evidence-chain length counts evidence-bearing input sources per task.

Statistic Total Mean Median p90 Interpretation

Input files 963 4.82 4 8 Evidence-bearing sources; used as evidence-chain length
Modalities per task – 4.09 4 5 Breadth over CSV, SQLite, JSON, TXT, and image inputs
Structured sources 573 2.87 3 3 CSV, SQLite, and JSON files used as queryable evidence
Visual documents 194 0.97 0.5 4 Image-based evidence concentrated in the 100 Hard tasks
Visual tables 74 0.37 0 1 Table-like images requiring visual extraction before analysis
Visual charts 120 0.60 0 4 Chart-like images requiring perceptual trend or comparison

reading
Cross-source link pairs 1,078 5.39 3 10 Annotated schema/entity anchors connecting distinct input

sources
Cross-modal link pairs 669 3.35 3 7.1 Cross-source anchors spanning different input modalities
Target insights 783 3.92 4 4 Ground-truth analytical findings attached to the task goals
Reasoning operators 783 3.92 4 4 Trend, comparison, extreme-value, and attribution reasoning

targets

We include it as a second general-purpose CLI
agent baseline to compare DataCrossAgent against
a different off-the-shelf agentic system with local
inspection and tool-use capabilities. As with Codex
CLI, it is evaluated as a generic CLI agent rather
than a benchmark-specific method.

F.1 Efficiency, Transfer, and
Visual-Dependence Diagnostics

This subsection records the companion analyses
used to clarify cost efficiency, visual dependence,
and transfer beyond the DataCrossBench construc-
tion pipeline. All systems in the cost profile used
the same 200 tasks, visible evidence, five-field out-
put schema, and scoring implementation.

The frozen run configuration, per-case logs, ver-
sion records, file whitelist, and baseline prompt
bundle will be released alongside the benchmark
artifact so that the shared protocol can be inspected
end-to-end.

G Details of Hybrid Priority Scoring

This appendix provides the granular mathemati-
cal definitions for the components of the Hybrid
Priority Scoring mechanism described in Section
4.
Objective Richness (Sobj). This score measures
the intrinsic information density of the dataset. Let
D be a dataset with rows R and columns C. The
objective score is defined as:

Sobj = wq·Squality+wr·Srichness+wt·Stemp (6)

where Squality = 10 · (1 − missing_rate), and
Srichness is a composite of column count |C|, log-
arithmic row scaling log10(|R|), and the average

unique value ratio ρ̄unique across all dimensions.
Stemp is a binary indicator (0 or 10) based on
the presence of temporal keywords, prioritizing
datasets that allow for longitudinal analysis.
Semantic Relevance (Ssem). To ensure the agent
focuses on data pertinent to the user’s goal, we cal-
culate the overlap between the goal’s keyword set
Kgoal and the data schema’s keyword set Kschema,
where λ is a scaling factor:

Ssem = min

(
λ · |Kgoal ∩Kschema|

|Kgoal|
, 10

)
(7)

Subjective Utility (SLLM ). SLLM is derived from
the Coordinator Agent’s high-level reasoning. The
agent evaluates the data source description against
the global task context, providing a score that cap-
tures implicit utility that structural metrics might
overlook.
Total Priority Score. The final importance rank
Spriority is a weighted aggregation:

Spriority = 0.4·Sobj+0.3·Ssem+0.3·SLLM (8)

During execution, the coordinator estimates
Sobj , Ssem, and SLLM for each source, com-
putes Spriority, and ranks sources by descending
Spriority before cross-pollination.

H Scoring Consistency Analysis

To validate the reliability and interchangeability of
the scoring results across multiple Large Language
Models (GPT-4o, Gemini-2.5-Flash, and Qwen3-
VL-32B-Instruct), we conducted a quantitative con-
sistency analysis using the Intraclass Correlation
Coefficient (ICC) and Bland-Altman plot analy-
sis.
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Table 9: Cost-efficiency companion profile over the full 200-task benchmark. Estimated cost uses fixed GPT-4o
rates of USD 2.50 per million input tokens and USD 10.00 per million output tokens.

System Task set Overall Runtime/task (s) API calls/task Input tokens/task Output tokens/task Est. cost/task Parse success

GPT-4o direct prompting Full (200) 0.4008 9.59 1.00 5,810.98 276.64 USD 0.0173 100.0%

ReActInsight Full (200) 0.5037 141.20 28.32 88,446.14 9,731.51 USD 0.3184 100.0%

DataCrossAgent Full (200) 0.5193 64.99 15.52 24,733.84 4,430.05 USD 0.1061 100.0%

Claude Code 2.1.107 Full (200) 0.5188 75.00 7.36 61,969.25 806.24 USD 0.1630 98.0%

Table 10: No-image diagnostic on the same 100 Hard
tasks.

Setting Visible inputs Tasks Factuality Completeness Overall

Full-input Hard SQL/CSV/JSON/TXT + images 100 0.4674 0.5400 0.5354

No-image Hard SQL/CSV/JSON/TXT only 100 0.3710 0.4280 0.4119

Overall drop: 0.1235 absolute (23.07% relative).

H.1 Inter-Rater Reliability: ICC(2,k)

We employed the ICC(2,k) model (two-way ran-
dom effects, absolute agreement, averaged mea-
sures) to assess the reliability of scores averaged
across k = 3 judge models over n = 200 tasks.
This model treats both the subjects and the raters
as random effects, accounting for both systematic
biases and random errors.

The statistical analysis yielded an ICC(2,k) es-
timate of 0.8159, with a 95% confidence interval
ranging from 0.6174 to 1.0000. The associated
F-test confirmed the significance of these results
(F (199, 398) = 21.8505, p < 0.001). Under the
conventional interpretation of ICC, this range indi-
cates good reliability, suggesting that the judge-
dependent dimensions used in our benchmark are
stable across model families.

H.2 Bland–Altman Consistency Analysis

To further investigate potential systematic bias and
the limits of agreement (LoA) between judge pairs,
we performed a Bland–Altman analysis. This
method visualizes the difference between two raters
against their mean, identifying the 95% limits of
agreement as Mean Diff ± 1.96× SD. The visual-
ization and statistical summaries are presented in
Fig. 8 and Table 12.

Figure 8: Bland–Altman plots illustrating the agreement
between GPT-4o, Gemini-2.5-Flash, and Qwen3-VL.
The dashed lines represent the 95% limits of agreement.

Table 12: Summary of Bland–Altman analysis statistics

Model comparison pair Bias 95% LoA n

GPT-4o vs. Gemini-2.5-Flash +0.0536 [−0.0773, 0.1844] 200
GPT-4o vs. Qwen3-VL-32B +0.0611 [−0.0397, 0.1619] 200
Gemini-2.5-Flash vs. Qwen3-VL-32B +0.0075 [−0.1242, 0.1393] 200

I Multi-Agent System Prompt Templates

This appendix presents the full set of prompt tem-
plates used in the DATACROSSAGENT workflow,
organized by execution stage.

I.1 Stage 1: Initial Data Profiling

Listing 2: PRELIMINARY_EVAL_PROMPT
Role: Data Strategy Consultant
Global Goal: {global_goal}
Current Dataset Metadata (Schema & Stats):
{data_profile}

Task:
Based ONLY on the schema and statistics provided, evaluate the
potential relevance of this dataset to the Global Goal.

Identify if this data contains core KPIs, key dimensions, or
is likely just background noise.

Output Format:
Please wrap your evaluation in the following tags:
<relevance>1-10</relevance>
<reasoning>A brief explanation</reasoning>
<priority>High/Medium/Low</priority>
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Table 11: Transfer check on the independent 100-case UniDataBench suite.

Agent Insight Easy Insight Med. Insight Hard Insight Avg. Summary Easy Summary Med. Summary Hard Summary Avg.

ReActInsight (reported) 0.5030 0.4704 0.4517 0.4750 0.5984 0.5789 0.5605 0.5792

DataCrossAgent (ours) 0.5081 0.4687 0.4679 0.4816 0.6680 0.6224 0.6192 0.6366

Improvement (%) +1.01 -0.36 +3.59 +1.39 +11.63 +7.51 +10.47 +9.91

I.2 Stage 2: Heuristic Exploration

Listing 3: GET_QUESTIONS_TEMPLATE
### Instruction:
GET_QUESTIONS_TEMPLATE = """
### Instruction:
Given the following context:
<context>{context}</context>
Given the following goal:
<goal>{goal}</goal>
Given the following schema:
<schema>{schema}</schema>

Instructions:
* Write a list of questions to be solved by the data
scientists in your team to explore my data and reach my goal.
* Explore diverse aspects of the data, and ask questions that
are relevant to my goal.
* You must ask the right questions to surface anything
interesting (trends, anomalies, etc.)
* Make sure these can realistically be answered based on the
data schema.
* The insights that your team will extract will be used to
generate a report.
* Each question should only have one part, that is a single
'?' at the end which only require a single answer.
* Do not number the questions.
* You can produce at most {max_questions} questions. Stop
generation after that.
* Most importantly, each question must be enclosed within <
question></question> tags. Refer to the example response below:

Example response:
<question>What is the average age of the customers?</question>
<question>What is the distribution of the customers based on
their age?</question>

### Response:
"""

Listing 4: GENERATE_CODE_SINGLE_TEMPLATE
GENERATE_CODE_SINGLE_TEMPLATE = """
**Goal:** {goal}
**Question:** "{question}"
**Dataset Schema:**
{schema}

**File Path:**
The dataset is located at `{database_path}`.

Instruction block begins.
**CRITICAL INSTRUCTIONS FOR WRITING PYTHON CODE:**

1. **File Reading**:
Requirement: You MUST load the file at `{database_path}`

using the appropriate pandas function **based on its file
extension** (e.g., `pd.read_csv()`, `pd.read_json()`).

Requirement: **If reading a CSV file**: You MUST handle
encoding errors. Use a `try-except` block. First, try `
encoding='utf-8'`. If it fails, try `encoding='gbk'` or `
encoding='latin1'`.

Example for robust CSV reading:
```python
import pandas as pd
file_path = '{database_path}' # This is the path
try:

df = pd.read_csv(file_path, encoding='utf-8')
except UnicodeDecodeError:

df = pd.read_csv(file_path, encoding='gbk')

```

2. **CRITICAL: Column Names Must Match the Schema Exactly**:
Requirement: **ALWAYS** use ONLY the exact column names

shown in the schema above.
Requirement: **DO NOT** assume nested column names like '

column_subfield'. The schema shows the actual column names.
Requirement: **BEFORE** accessing any column, verify it

exists: `if 'column_name' in df.columns:`
Requirement: If you need data from a nested structure (e.g

., dict/JSON in a column), use `.apply()`:
```python
# Example: extracting from a nested column
if 'stats' in df.columns and isinstance(df['stats'].iloc

[0], dict):
df['total_amount'] = df['stats'].apply(lambda x: x.

get('total_transaction_amount', 0) if isinstance(x, dict) else
0)

```
Example pattern for safe column access:
```python
# List actual columns from schema
print("Available columns:", df.columns.tolist())
# Then access only those that exist
if 'column_name' in df.columns:

value = df['column_name']
else:

print(f"Warning: 'column_name' not found. Available:
{{df.columns.tolist()}}")

```

3. **CRITICAL: Date/Time Columns**:
Requirement: After loading the data, inspect the schema.

If you see any columns that represent dates or times (e.g., '
date', 'timestamp'), you **MUST** convert them to datetime
objects using `pd.to_datetime(df['column_name'], errors='
coerce')`.

Requirement: **DO NOT** attempt to use string methods like
`.strftime()` on a column before converting it to datetime.

All date operations **MUST** use the `.dt` accessor *after*
this conversion.

Requirement: Use `insight.tools.safe_datetime_parse()` for
robust date parsing if standard methods fail.

4. **Code Quality & Data Types**:
Requirement: When creating a `pd.DataFrame` from a

dictionary, ensure all arrays/lists have the same length to
avoid `ValueError`.

Requirement: Be mindful of data types. Do not assign
string values to numeric columns or vice-versa, to avoid `
FutureWarning`.

Requirement: Use `insight.tools.safe_numeric_convert()`
for converting mixed-type columns to numeric.

5. **CRITICAL: Empty DataFrame Checks**:
Requirement: After loading data, ALWAYS check if the

DataFrame is empty: `if df.empty: print("Warning: Empty
DataFrame")`

Requirement: After filtering operations, check if the
result is empty before proceeding.

Requirement: Before aggregations (mean, sum, etc.), verify
there is data to aggregate.

Example pattern:
```python
filtered_df = df[df['column'] > threshold]
if filtered_df.empty:

print("No data matches the filter criteria")
# Provide sensible defaults or skip the operation

else:
result = filtered_df['value'].mean()

```
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6. **Error Handling**:
Requirement: Wrap critical operations in try-except blocks.

Requirement: For column access, verify the column exists
first: `if 'column_name' in df.columns:`

Requirement: Handle KeyError, ValueError, and TypeError
gracefully.

7. **Output Generation**:
Requirement: You **MUST** use the predefined functions

from the `insight.tools` module to save all outputs.
Requirement: **CRITICAL: Chinese Font Setup**: Before

creating any plot, you MUST call `setup()` from `insight.tools
` to ensure Chinese characters display correctly in plots. Add
this line before any plotting code: `setup()`.

Requirement: Generate one simple plot and save it as a `.
jpg` file.

Requirement: For the plot, save a statistics summary to `
stat.json`.

Requirement: Save the X and Y axis data (max 50 points) to
`x_axis.json` and `y_axis.json` respectively.

Requirement: Each JSON file must have "name", "description
", and "value" fields. Ensure content is less than 4500
characters.

Requirement: Call `insight.tools.fix_fnames()` at the very
end of the script.

8. **Code Structure**:
Requirement: Start your code block with ```python and end

it with ```.
Requirement: Do not produce any text outside of this

single Python code block.

**Available Tools:**
{function_docs}

Instruction block ends.
Now, write the Python code to answer the question.

```python
"""

Listing 5: RETRY_TEMPLATE
RETRY_TEMPLATE = """You failed.

Instructions:
=============
{initial_prompt}
=============

Completion:
=============
{prev_output}
=============

Above, the Completion did not satisfy the constraints given in
the Instructions.

Error:
=============
{error}
=============

Please try again. Do not apologize. Please only respond with
an answer that satisfies the constraints laid out in the
Instructions:

"""

Listing 6: FOLLOW_UP_TEMPLATE
FOLLOW_UP_TEMPLATE = """
Hi, I require the services of your team to help me reach my
goal.

<context>{context}</context>

<goal>{goal}</goal>

<schema>{schema}</schema>

<question>{question}</question>

<answer>{answer}</answer>

Instructions:
* Produce a list of follow up questions explore my data and

reach my goal.
* Note that we have already answered <question> and have the
answer at <answer>, do not include a question similar to the
one above.
* Explore diverse aspects of the data, and ask questions that
are relevant to my goal.
* You must ask the right questions to surface anything
interesting (trends, anomalies, etc.)
* Make sure these can realistically be answered based on the
data schema.
* The insights that your team will extract will be used to
generate a report.
* Each question that you produce must be enclosed in <question
>content</question> tags.
* Each question should only have one part, that is a single
'?' at the end which only require a single answer.
* Do not number the questions.
* You can produce at most {max_questions} questions.

"""

Listing 7: SELECT_A_QUESTION_TEMPLATE
SELECT_A_QUESTION_TEMPLATE = """
Hi, I require the services of your team to help me reach my
goal.

<context>{context}</context>

<goal>{goal}</goal>

<prev_questions>{prev_questions_formatted}</prev_questions>

<followup_questions>{followup_questions_formatted}</
followup_questions>

Instructions:
* Given a context and a goal, select one follow up question
from the above list to explore after prev_question that will
help me reach my goal.
* Do not select a question similar to the prev_questions above.

* Output only the index of the question in your response
inside <question_id></question_id> tag.
* The output questions id must be 0-indexed.
"""

I.3 Stage 3: Key Source Identification

Listing 8: FORMAL_ANNOTATION_PROMPT
FORMAL_ANNOTATION_PROMPT = """
Role: Chief Data Scientist
Global Goal: {global_goal}
Given the following schema:
<schema>{schema}</schema>
Exploration Summary from the Agent's Deep-Dive:
{exploration_summary}

Task:
Perform a final assessment of this data's importance to the
global objective.
Metrics:
- Objective Richness S_obj (1-10): How deep, complete, and
high-quality is this source?
- Semantic Relevance S_sem (1-10): How directly does this
source support the Global Goal?
- Coordinator Utility S_LLM (1-10): How useful is this source
for downstream reasoning?
- Total Priority S_priority = 0.4*S_obj + 0.3*S_sem + 0.3*
S_LLM.

Decision Criteria:
- "Primary": Contains core metrics; can drive the main
analysis.
- "Secondary": Provides context, auxiliary dimensions, or
validation.
- Across all assessed sources, rank sources by descending
S_priority.
- Use the ranked Primary sources first before cross-
pollination.

Output Format:
<s_obj>1-10</s_obj>
<s_sem>1-10</s_sem>
<s_llm>1-10</s_llm>
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<s_priority>weighted score</s_priority>
<rank>rank after sorting by S_priority</rank>
<label>Primary/Secondary</label>
<justification>Detailed reason</justification>
"""

I.4 Stage 4: Cross-Source Pollination

Listing 9: CROSS_QUESTION_PROMPT
CROSS_QUESTION_PROMPT = """
Role: Cross-domain Analyst
Dataset A (Your Data) Summary: {my_summary}
Dataset B (Target Data) Summary: {other_summary}
Your Label: {my_label}

Task:
Generate analytical questions that require JOINING or
COMPARING both datasets to find hidden patterns.
Constraint:
- If your label is "Primary", generate 3 deep questions.
- If your label is "Secondary", generate 1 focused question.

Output Format:
Generate your questions, each enclosed in <question> tags.
Example: <question>Your question text (Rationale: ...)</
question>
"""

Listing 10: ANNOTATION_PROMPT_TEMPLATE
ANNOTATION_PROMPT_TEMPLATE = """
Role: Domain Expert & Critical Reviewer

You are: {annotator_name}
Your Domain Knowledge: {annotator_knowledge}
Your Data Schema: {annotator_schema}

You are reviewing analysis results from another agent.
Target Agent: {target_agent_name}
Target Agent's Analysis Insights: {target_insight}
Target Agent's Analysis Summary: {target_summary}

Task:
Provide critical comments or cross-domain insights based on
your expertise.
Focus on:
1. Missing perspectives that your data might provide
2. Potential data quality issues
3. Alternative interpretations
4. Connections to broader business context

If you have no meaningful comments, respond with "no comment".
Otherwise, provide concise but insightful feedback.

Output Format:
<comment>Your critical feedback here</comment>
"""

I.5 Stage 5: Final Summarization

Listing 11: FINAL_PROMPT_TEMPLATE
FINAL_PROMPT_TEMPLATE = """
Role: Senior Business Intelligence Analyst

Context from Complete Multi-Agent Analysis:
{full_context}

Task:
Synthesize all analyses, cross-dataset findings, and agent
annotations into a comprehensive final report.

Your output should include:
1. Executive Summary (2-3 paragraphs)
2. Key Insights (bullet points, prioritized by importance)
3. Cross-dataset Discoveries
4. Limitations and Data Quality Notes
5. Recommended Next Steps

Format your response as a JSON object with the following
structure:
{{

"summary": "executive summary text here",
"insights": ["insight 1", "insight 2", ...],

"cross_dataset_discoveries": ["discovery 1", ...],
"limitations": ["limitation 1", ...],
"next_steps": ["recommendation 1", ...]

}}
"""

J Cost–Quality Summary

For quick reference, Table 13 condenses the main
efficiency comparison; the full token and pars-
ing statistics remain in Table 9. Direct GPT-4o
prompting minimizes latency and cost but obtains
the lowest Overall score. ReActInsight reaches a
higher score at substantially greater runtime and
cost, whereas DataCrossAgent is close to Claude
Code in quality while using about 34.9% lower es-
timated cost per task and 13.3% lower runtime in
this profile. These estimates use the same visible
evidence and scoring protocol across systems; they
are intended as a reproducible reference profile
rather than a claim of universal cost optimality.

Table 13: Compact cost–quality summary from the 200-
task companion profile.

System Overall Runtime (s) Cost/task

GPT-4o direct 0.4008 9.59 USD 0.0173
ReActInsight 0.5037 141.20 USD 0.3184
DataCrossAgent 0.5193 64.99 USD 0.1061
Claude Code 0.5188 75.00 USD 0.1630
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