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Abstract

In today’s data-driven era, fully automated end-
to-end data analytics, particularly insight dis-
covery, is critical for discovering actionable
insights that assist organizations in making ef-
fective decisions. With the rapid advancement
of large language models (LLMs), LLM-driven
agents have emerged as a promising paradigm
for automating insight discovery. However, ex-
isting data insight agents remain limited in sev-
eral key aspects, often failing to deliver satis-
factory results due to: (1) insufficient utiliza-
tion of domain knowledge, (2) shallow analyti-
cal depth, and (3) error-prone code generation.
To address these issues, we propose DataSage,
a novel multi-agent framework that incorpo-
rates three innovative features including exter-
nal knowledge retrieval to enrich the analyti-
cal context, a multi-role debating mechanism
to simulate diverse analytical perspectives and
deepen analytical depth, and multi-path reason-
ing to improve the accuracy of the generated
code and insights. Extensive experiments on In-
sightBench demonstrate that DataSage consis-
tently outperforms existing data insight agents
across all difficulty levels, improving by 7.5%
and 13.9% respectively in the insight-level and
summary-level metrics. It offers an effective
solution for automated data insight discovery.

1 Introduction

Nowadays, data continues to grow in volume and
complexity across domains (L’ heureux et al., 2017;
Najafabadi et al., 2015). The importance of data
and data analysis cannot be overstated. Data serves
as the foundation for informed decision-making,
providing the raw information needed to under-
stand complex situations. Through data analy-
sis, the raw information is transformed into inter-
pretable patterns and trends (Khan, 2024; Abdul-
Azeez et al., 2024; Ibeh et al., 2024; Lu et al., 2026).
Building on this, insight discovery (Sahu et al.,
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Figure 1: Ilustration of three critical limitations in cur-
rent data insight agents: (1) insufficient utilization of
domain knowledge, (2) shallow analytical depth, and
(3) error-prone code generation.

2025) goes a step further to uncover actionable
insights that can drive innovation, guide strategic
decisions, and improve outcomes. It empowers or-
ganizations to optimize operations, tailor strategies,
and remain competitive in dynamic, high-stakes
contexts (Steiner, 2022; Colson, 2019; McAfee
et al., 2012).

Traditional data analysis and insight discovery
largely rely on manual efforts, which are extremely
time-consuming (Bean, 2022; Arora and Malik,
2015). With the advancement of large language
models (LLMs), LLM-driven agents have recently
demonstrated the capability for automated insight
discovery. Existing data insight agents (Pérez et al.,
2025; Sahu et al., 2025; LangChain, 2024) com-
monly adopt a question-driven paradigm. These
approaches typically first raise relevant analytical
questions, then answer them using SQL or Python-
based code execution, and finally summarize the
results into coherent insights.

However, existing data insight agents are far
from being as excellent as experienced data an-
alysts. As shown in Figure 1, there are at least
three critical limitations in current approaches, as
detailed in Appendix A. (1) Insufficient utilization
of domain knowledge. In real-world data analy-
sis scenarios (Sahu et al., 2025; Majumder et al.,
2025; Hu et al., 2024), datasets often originate from
diverse domains such as industry, healthcare, re-
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tail, etc., each characterized by domain-specific
constraints and knowledge. Purely data-driven ap-
proaches (Pérez et al., 2025; Sahu et al., 2025) or
models relying solely on internal knowledge of
LLM:s often fail to capture critical domain knowl-
edge that is essential for producing accurate in-
sights. (2) Shallow analytical depth. In question-
driven approaches for insight discovery, the for-
mulation of high-quality questions is as critical
as answering them. Prior methods (Pérez et al.,
2025; Sahu et al., 2025; Wu et al., 2024; Li et al.,
2025) only rely on a single LLM to generate ques-
tions, which tends to result in shallow or overly
generic questions, thereby limiting the depth and
novelty of the generated insights. (3) Error-prone
code generation. Code generation remains a chal-
lenging task for current LLMs (Huynh and Lin,
2025; Hong et al., 2024b). Relying on a single
LLM to generate executable code (Pérez et al.,
2025; Sahu et al., 2025) often leads to errors, which
can result in incorrect or misleading insights.

To alleviate above-mentioned issues, we pro-
pose DataSage, a novel multi-agent framework
that incorporates three innovative features: external
knowledge retrieval, multi-role debating, and multi-
path reasoning. DataSage is a modular multi-agent
framework composed of four key modules that
work in an iterative question-answering (QA) loop.
Dataset Description Module provides the struc-
tured description of datasets. To address domain-
specific challenges, Retrieval-Augmented Knowl-
edge Generation (RAKG) Module dynamically
retrieves and synthesizes external domain knowl-
edge when internal knowledge of LLMs is insuffi-
cient. Question Raising Module formulates high-
quality analytical questions through a divergent-
convergent multi-role debating process, ensuring
broad coverage and depth. These questions are
passed to the Insights Generation Module, which
translates questions into executable Python code
through multi-path reasoning, interprets the out-
puts, and finally generates insights. Each core mod-
ule adopts a multi-agent architecture to enhance
specialization and collaboration. During iterative
QA cycles, new questions are adaptively gener-
ated based on previous insight history, enabling
deeper exploration. Finally, the generated insights
are consolidated into a coherent summary. Ex-
tensive experiments on InsightBench (Sahu et al.,
2025) demonstrate that DataSage consistently out-
performs existing data agents across two metrics
(i.e., achieving a 7.5% and 13.9% improvement at

the insight-level and summary-level scores respec-
tively) and all difficulty levels.
Our contributions can be summarized as follows:

* We propose DataSage, a novel multi-agent
framework composed of four key modules for
automated insight discovery task.

* DataSage incorporates three innovative fea-
tures including external knowledge retrieval to
enrich the analytical context, a multi-role de-
bating mechanism to simulate diverse analyti-
cal perspectives and deepen analytical depth,
and multi-path reasoning to improve the accu-
racy of the generated code and insights.

* We conduct comprehensive experiments that
demonstrate DataSage consistently outper-
forms existing data insight agents, and is par-
ticularly well-suited for complex and high-
difficulty tasks.

2 Related Work

Data Analytics Agents. Recent years have seen
rapid progress in the development of LLM-based
agents for general-purpose data analysis. Systems
such as Code Interpreter (OpenAl, 2024a) and Pan-
das Agent (LangChain, 2024) allow users to ana-
lyze tabular data through natural language queries.
Vacareanu et al. demonstrates that LLMs can also
perform basic statistical modeling such as regres-
sion, enhancing their applicability in quantitative
tasks. Additional studies (Cheng et al., 2023; Wang
etal., 2023, 2024; Hong et al., 2025) have proposed
end-to-end LLM-based frameworks that combine
goal understanding, code generation, or visualiza-
tion to support analytical workflows.

Insight Discovery Approaches. Insight discov-
ery extends beyond basic data analysis by aiming
to uncover meaningful, actionable insights from
data. Early systems such as QuickInsights (Ding
etal., 2019) and the template-based method by Law
et al. focus on extracting insights using predefined
logic and simple heuristics. These approaches are
often limited to clean datasets with well-labeled
columns. With the advent of LLMs, newer sys-
tems such as InsightPilot (Ma et al., 2023), Ope-
nAl Data Analysis (OpenAl, 2024b), Langchain’s
Pandas Agent (LangChain, 2024), and HLI (Pérez
et al., 2025) have emerged, which can generate
code to present descriptive insights. These meth-
ods often specialize in narrow and single-step in-
sight discovery tasks based on very concrete user
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Figure 2: An illustration of DataSage, a multi-agent framework for insights discovery tasks.

The framework

consists of four key modules that work in an iterative QA loop. Dataset Description Module provides the structured
description of datasets. RAKG Module retrieves and synthesizes external knowledge. Question Raising Module
raises high-quality analytical questions through a divergent-convergent process. Finally, Insights Generation Module

transforms questions into the final insights.

instructions. AgentPoirot (Sahu et al., 2025) ex-
tends this line of work toward multi-step insight
generation, which achieves state-of-the-art perfor-
mance on the InsightBench benchmark (Sahu et al.,
2025). However, there are some persistent lim-
itations in existing systems, such as insufficient
utilization of domain knowledge, limited analyt-
ical depth, and error-prone code generation. We
introduce DataSage, a multi-agent framework fea-
turing external knowledge retrieval, multi-role de-
bating, and multi-path reasoning, pushing beyond
the boundaries of current LLM-based systems.

3 The DataSage Framework

3.1 Framework Overview

As illustrated in Figure 2, our framework adopts
a question-driven paradigm to systematically gen-
erate insights from datasets. The framework con-
sists of four key modules that work in an itera-
tive QA loop with Ny, iterations. Dataset De-
scription Module provides the structured descrip-

tion of datasets that serves as foundational context
for downstream modules. Retrieval-Augmented
Knowledge Generation (RAKG) Module dynam-
ically retrieves and synthesizes external knowl-
edge when internal knowledge of LLMs is insuffi-
cient. Question Raising Module formulates high-
quality analytical questions through a divergent-
convergent process, ensuring broad coverage and
depth. Insights Generation Module transforms
questions into executable Python code, rigorously
validates the code, runs the code in the sandbox,
interprets the output of the code, and finally pro-
duces insights. Each core module (except Dataset
Description) employs a multi-agent architecture to
enhance specialization. During iterative QA cy-
cles, subsequent questions are dynamically raised
based on prior question-insight history. Finally, all
insights are consolidated into a coherent summary.
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3.2 Dataset Description Module

To support rapid understanding of the datasets, we
design a unified dataset description module, which
can automatically extract essential metadata and de-
tect potential issues in the datasets. Given the raw
dataset D, the module first collects basic file meta-
data including the filename, file size, and file type.
Then, it computes comprehensive dataset statis-
tics, including dimensionality (number of rows and
columns), column-wise data types, and per-column
missing value counts. If the dataset contains nu-
meric columns, it further computes standard de-
scriptive statistics such as mean, standard deviation,
min/max, and quantiles. A representative sample of
the first few rows is also extracted. The module also
includes lightweight heuristic diagnostics, such as
flagging missing values or duplicated rows. All
the aforementioned information is organized into a
structured JSON format, serving as the comprehen-
sive dataset description D. This abstraction sim-
plifies dataset onboarding, facilitates downstream
understanding of the dataset, and enables consis-
tent preprocessing pipelines across heterogeneous
data sources.

3.3 Retrieval Augmented Knowledge
Generation (RAKG) Module

To address domain-specific challenges, we equip
our framework with an on-demand external re-
trieval mechanism to detect, retrieve, and synthe-
size external domain knowledge to support the
whole analysis pipeline. Our RAKG module con-
sists of the following four main stages.

Search Necessity Judgment. Given dataset de-
scription D and analysis goal (G, a judge agent
determines whether the analysis can be completed
using only internal knowledge and the provided
datasets.

Judge(D, G) — {yes,no} (1)

If the judge determines external retrieval is un-

necessary, the module defaults to a vanilla knowl-
edge generator, leveraging only the internal knowl-
edge of LLMs. Otherwise, it proceeds to the next
stage.
Search Query Generation. For cases where ex-
ternal retrieval is needed, a data-aware query gen-
erator formulates N, high-quality, Google-ready
search queries Q. These queries are crafted to tar-
get vertical knowledge gaps identified in the judg-
ment stage, with diversity maximized and redun-
dancy minimized through prompt optimization.

Q = QueryGenerator(D, G) 2)

Search Execution. The module then performs
real-time web retrieval using Google Search !. To
ensure reproducibility, we impose a maximum date
constraint on the search.

R = U GoogleSearch(gs) 3)
qs€9Q

Knowledge Generation. A specialized knowledge
generator processes the search results R and pro-
duces structured, domain-relevant knowledge items
K. These knowledge items are then made available
to downstream modules, such as Question Raising
and Question Rewriting.

K = KnowledgeGenerator(R, D, G) (4)

3.4 Question Raising Module

Inspired by cognitive theories of diver-
gent—convergent thinking (Lu et al., 2024),
we propose a structured Question Raising Module
that adopts a multi-agent, role-driven framework
to simulate diverse analytical perspectives and
deepen analytical depth. The design of the module
embraces a divergent-convergent paradigm: agents
first explore broadly from distinct perspectives (di-
vergent phase) and then select the most promising
questions (convergent phase). The following are
the three key stages in the module.

Data-Derived Role Generation. Given dataset
description D, analysis goal G and knowledge K,
we prompt a system-level role designer agent to
generate Ny diverse and well-specified analytical
roles. Each role is defined by attributes such as its
background (e.g., behavioral analyst, anomaly de-
tector), domain focus, personality traits (e.g., skep-
tical, risk-seeking), and analytical capabilities. The
role designer ensures that the roles align with the
datasets and analysis goal, and aims to maximize
coverage over the question space.

{Roley,...,Rolen, } = RoleDesigner(D, G, K)

)
Multi-Role Question Raising. Each generated
role then independently explores the data and poses
a set of questions aligned with its unique perspec-
tive. Roles may specialize in temporal dynamics,
user behavior, value distribution, or rare event de-

tection, among others. This results in a pool of

ISerper API: https://serper.dev/ .
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questions Q; (in the j-th iteration) that span a wide
variety of analytical angles, ranging from descrip-
tive to causal, comparative to behavioral.

Q= |J Role(D,G K H), (6)
1<i<Npg

where H represents the history of previous
question-insight pairs.

Question Convergence. The convergent phase is
introduced to select the most promising questions
in the question pool Q;. A global judge agent se-
lects a subset of high-quality questions Q} based
on the following criteria: (1) Potential to yield
non-trivial or surprising insights; (2) Alignment
with datasets and analysis goal; (3) Diversity across
question types and dimensions; (4) Complementar-
ity with already answered questions. Each selected
question is annotated with its source role and a
justification for selection, making the reasoning
process transparent and interpretable.

3.5 Insights Generation Module

Once a question ¢ € Q7 is proposed by the Ques-
tion Raising Module, the Insights Generation Mod-
ule takes over to generate the corresponding insight.
Naively answering natural language questions with
code generation often leads to failures due to ambi-
guity (Zhou et al., 2023), schema mismatch (Wang
and Liu, 2025), or unvalidated code logic (Cen
et al., 2025). To ensure the quality of the gener-
ated insight, we decompose the insight generation
into a structured pipeline that includes Question
Clarification, Multi-path Code Generation and Re-
finement, Multimodal Insight Interpretation, and
Final Decision.

Question Clarification. To reduce ambiguity in
questions and enhance code generation accuracy,
we first employ a schema-aware question rewriter.
The rewriter identifies missing table and column
references, unclear aggregation goals, temporal di-
mensions, or ambiguous variable names, and re-
solves these issues by replacing ambiguous entities
with concrete schema fields, thereby reformulating
the question into a fully grounded, self-contained
analytical question ¢*.

¢* = QuestionRewriter(q, D,G,K) (8)

Multi-path Code Generation. To increase the
likelihood of generating correct code, we adopt a

multi-path code generation strategy. Inspired by
the success of Chain-of-Thought (CoT) prompt-
ing (Wei et al., 2022) in improving the reasoning
capabilities of large language models (LLMs), we
adopt three complementary CoT reasoning strate-
gies tailored for code generation: Divide-and-
Conquer, Query Plan, and Negative Reasoning.

The Divide-and-Conquer Reasoning decom-
poses a complex problem into smaller sub-
problems, solves each sub-problem independently,
and then combines the individual solutions to ob-
tain the final code cp,c.

The Query Plan Reasoning first produces a query
execution plan in natural language (detailing filters,
joins, aggregations, and intermediate outputs) be-
fore translating the plan into executable code cgp.

The Negative Reasoning anticipates potential
mistakes before generating code (e.g., double
counting, incorrect joins, handling of NULLSs), ex-
plains how to avoid them, and only then generates
code cy R designed to mitigate those risks.

By leveraging these three reasoning paths, we
generate a diverse pool of candidate code. Among
the candidates, a code selector is employed to eval-
uate and select the most correct one as the initial
code ¢y based on the execution results of the code.

co = CodeSelector(¢*, D, G, cpac,cQr, CNR)
©)
Code Refinement. To ensure correctness, the ini-
tial code cg is passed through a code reviewer. The
code reviewer analyzes the code along four dimen-
sions involves requirement alignment, schema com-
pliance, operational risk, and data integrity.

re; = CodeReviewer(¢*, D, G, ¢;) (10)

The generated code cg is also executed to pro-
duce a plot that visualizes the results of data anal-
ysis. However, the initial plot pg is often of low
quality and difficult to interpret, due to issues such
as overlapping text or poor layout. To improve the
interpretability of these plots, both for human and
downstream interpreter model, we introduce a plot
reviewer that evaluates the generated plots.

rp, = PlotReviewer(¢*, D, G, p;) (11)

If issues are found (either by the code reviewer
or the plot reviewer), the code fixer takes the orig-
inal code ¢y and the reviewers’ feedback rg =
{rey,Tp, } to produce a revised version c;. This
process may iterate several times, particularly for
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complex or error-prone questions until no more
mistakes are found or a predefined maximum num-
ber of iterations (/Ngy) is reached.

¢; = CodeFixer(¢*, D, G, ¢i—1,7i-1),

: 12)
V1 <1i< Ngy, FAIL € r;_4.

Multimodal Insight Interpretation and Final De-
cision. Once a code version ¢; is obtained, it is ex-
ecuted in the sandbox. Then, the interpreter agent
parses the generated visual/textual artifacts and gen-
erates the insight /;. Previous methods (Pérez et al.,
2025; Sahu et al., 2025) rely solely on textual infor-
mation to generate insights. However, textual in-
formation alone is often insufficient for accurately
explaining analytical results. In contrast, since we
explicitly review and refine the generated plot in
the preceding step, the resulting visualization is
more interpretable. To this end, we are the first to
use Multimodal Large Language Models (MLLMs)
as the interpreter that jointly leverages textual and
visual information when generating insights.

To avoid the possible introduction of new errors
during the code refinement process, all interme-
diate versions of the code ¢; and corresponding
insights I; are stored and passed to a final judge,
which selects the most complete, valid, and inter-
pretable insight I according to the history of code
refinement. Finally, the ¢ — I pair is added to the
history H.

0; = SandboxExecute(c;),

I; = Interpreter(q, D, 0;),

I = FinalJudge(q, D, G,{(¢c;, I;)}),
H=HU{(q,I)}.

(13)

4 Experiments

4.1 Experiment Setup

Dataset. We utilize the InsightBench (Sahu et al.,
2025), a widely used benchmark for evaluating
insight discovery in data analytics. It consists of
100 tabular datasets representing diverse business
use cases, spanning three difficulty levels: easy,
medium, and hard. Unlike other datasets that focus
on more specific QA style data analysis tasks (Hu
et al., 2024; Majumder et al., 2025), InsightBench
evaluates agents on their ability to perform end-to-
end data analytics, encompassing question formula-
tion, answer interpretation, and insight generation.
Baselines. We compare our framework against
baselines of three categories: 1) LLM-only. GPT-
40 only is a direct prompting baseline where the

dataset description D and analysis goal G are pro-
vided to GPT-40 without intermediate reasoning
or tool use. The model is asked to directly gen-
erate the final set of insights. GPT-40 domain
is a domain-aware GPT-40 baseline implemented
by Zhang and Elhamod (2025) that first infers the
dataset’s domain, generates relevant domain knowl-
edge, and then leverages this knowledge to produce
the final insights. 2) Single-agent Models. Code-
Gen (Majumder et al., 2025) generates the entire
code at one go to solve the task, where a demonstra-
tion of a solution code is provided in the context.
Based on the execution result, it generates the in-
sights and summarizes the workflow. ReAct (Yao
et al., 2023) solves the task by generating thought
and subsequent codes in a multi-turn fashion. 3)
Multi-agent Models. Data-to-Dashboard (Zhang
and Elhamod, 2025) is a modular multi-agent LLM
system that automates end-to-end dashboard gen-
eration from tabular data. It integrates domain-
aware reasoning with iterative self-reflection to
produce insightful visualizations. We take its in-
termediate insight outputs as the results. Pandas
Agent (LangChain, 2024) is a LangChain-based
data science agent optimized for question answer-
ing. Given a data frame and a question, it gener-
ates and executes Python code to produce answers.
AgentPoirot (Sahu et al., 2025) is the best baseline
data analysis agent that adopts a question-driven
paradigm in InsightBench.

Metrics. We follow the InsightBench (Sahu et al.,
2025) evaluation protocol, which computes perfor-
mance at two levels: (1) Summary-level, measur-
ing the G-Eval (Liu et al., 2023) score between
the generated and ground-truth summaries; and (2)
Insight-level, matching each ground-truth insight
with the most similar prediction and averaging their
G-Eval scores. We discard ROUGE-1 due to its
well-known limitations in capturing semantic simi-
larity (Chen et al., 2024). We report the average of
the summary-level and insight-level scores across
datasets of different difficulty levels.
Implementation Details. To ensure a fair com-
parison across models, we use GPT-40 2 as the
base model (due to its popularity and stability) and
the temperature is fixed to O for all baselines. We
set the hyperparameters as follows: N, = 3 (num-
ber of search queries in RAKG Module), N = 3
(number of diverse analytical roles), Njx = 5 (max-
imum number of code-fix iterations), and Njir = 6

2Version gpt-40-2024-08-06
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Model Insight-level Scores (G-Eval) Summary-level Scores (G-Eval)
Easy Medium Hard Avg Easy = Medium  Hard Avg

LLM-only

GPT-40 only 0.3157 0.2572 0.2702 0.2789 | 0.3622 0.3141 0.2923 0.3215

GPT-40 domain 0.3195 0.2608 0.2663 0.2802 | 0.3649 0.3144 0.3164 0.3302

Single-agent Models

CodeGen 0.3268 0.2766 0.2563 0.2852 | 0.3424 0.3023 0.2773  0.3063

ReAct 0.3355 0.2953 0.2672 0.2984 | 0.3618 0.3239 0.2714 0.3185

Multi-agent Models

Data-to-Dashboard | 0.2191 0.2148 0.2368 0.2231 | 0.2463 0.2514 0.2615 0.2531

Pandas Agent 0.3479 0.2796 0.3180 0.3124 | 0.3589  0.3298 0.2998  0.3289

AgentPoirot 0.3768 0.3044 0.3117 0.3284 | 0.3819 0.3595 0.3292  0.3565

DataSage (Ours) 0.4063 0.3211 0.3407 0.3530* | 0.4448 0.4047 0.3710 0.4059*
£ +78% +55% +93% +7.5% |+16.5% +12.6% +12.7% +13.9%

Table 1: Performance of different models on the InsightBench with GPT-40 as the base model. All baseline results
reported are reproduced by us. The best and runner-up are in bold and underlined. Our framework consistently
outperforms the best baseline across both metrics and all three difficulty levels. Improvements are calculated
between the best to the runner-up. “*” indicates statistically significantly better than the corresponding strongest

baseline with Paired t-test p < 0.05.

(number of Q-A loop iterations, consistent with
the baseline AgentPoirot for fair comparison). The
prompts and implementation details for each agent
are provided in the Appendix D.

4.2 Main Results

We compare our framework with three types of
baselines and present the results in Table 1. The
key findings from the table are as follows: (1)
Consistent performance improvement with our
framework. Our framework consistently out-
performs the best baseline across both metrics
and all three difficulty levels. On Insight-level
Scores, DataSage achieves an average improve-
ment of 7.5%, while on Summary-level Scores the
gain is even larger at 13.9%. (2) Larger improve-
ments on harder datasets. The performance im-
provement is more pronounced on more challeng-
ing tasks. On Insight-level Scores, our framework
improves over the best baseline by 7.8%, 5.5%,
and 9.3% for Easy, Medium, and Hard datasets,
respectively. This demonstrates that our frame-
work is particularly well-suited for complex, high-
difficulty tasks, while still providing improvements
on simpler datasets. (3) More substantial gains
on Summary-level Scores. The improvement
of DataSage on Summary-level Scores is notably
larger than that on Insight-level Scores, despite
no explicit optimization for summary generation.

This suggests that producing more accurate in-
sights enables the model to focus on the correct
information during summarization, thereby improv-
ing summary quality. (4) Advantages of multi-
agent models. Across the three baseline categories,
multi-agent models achieve the best performance
(except Data-to-Dashboard, which does not fully
address the insight discovery task), followed by
single-agent models, with LLM-only approaches
performing the worst. This aligns with intuition
and highlights the inherent strengths of multi-agent
designs. Our carefully designed DataSage further
amplifies these advantages, achieving the highest
performance. (5) Effectiveness of domain-aware
prompting. GPT-4o domain slightly outperforms
GPT-40 only, indicating that even a simple domain-
aware design can enhance performance. This un-
derscores the importance of domain-specific knowl-
edge for this task and further validates the rationale
behind the RAKG module in our framework. More
experimental results for additional base models and
benchmarks are provided in Appendix B.

4.3 Quality of Plots

Beyond producing superior insights, DataSage can
also generate plots with higher quality. To demon-
strate this, we compare DataSage against the best
baseline AgentPoirot, as well as two ablated vari-
ants that remove either the Code Refinement or
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The plotting quality of different models

Clarity DataSage (Ours)

—— w/o Multi-path Reasoning
w/o Code Refinement
AgentPoirot

9.0
8.5

Annotation Relevance

Interpretability

Figure 3: Comparison of the plot quality across differ-
ent models. DataSage can generate noticeably higher-
quality plots than the baseline AgentPoirot, attributing
to our design of the Insights Generation Module.

Multi-path Reasoning component. To enable large-
scale and consistent evaluation, we employ GPT-
40 as a judge to score the generated plot for each
raised question along four dimensions: (1) Rele-
vance: whether the plot accurately addresses the
raised question; (2) Clarity: whether the visual-
ization is clean, legible, and free of unnecessary
clutter; (3) Annotation: whether axis labels, titles,
legends, and color usage are correct, informative,
distinct, and accessible; and (4) Interpretability:
whether a viewer can readily identify and articulate
the key takeaway of the plot. Each criterion is rated
on a 0-10 scale. If the model fails to generate a
plot, it is assigned a score of 0.

As shown in Figure 3, DataSage consistently
outperforms the baseline by a substantial margin
across all four dimensions. The ablation results
confirm that both Code Refinement and Multi-path
Reasoning contribute to this improvement, with
Code Refinement having a more pronounced ef-
fect. It demonstrates that the design of our Insights
Generation Module can not only enhance the cor-
rectness of generated code but also improve the
quality of the resulting plots. A more detailed case
study can be found in Appendix C.2. DataSage can
produce higher-quality plots that not only enable
downstream interpreter agent to generate insights
more accurately but also facilitate human compre-
hension. It enhances both the utility and the trust-
worthiness of our framework, empowering users to
make informed decisions more effectively.

G-Eval
Model Insight-level Summary-level
DataSage 0.3530 0.4059
w/o QR 0.3475 0.4019
w/o MR 0.3417 0.3948
w/o RAKG 0.3316 0.3982

Table 2: Ablation study on the three key components
of our framework: Retrieval-Augmented Knowledge
Generation (RAKG), Question Raising (QR), and Multi-
path Reasoning (MR). The best results are in bold. Re-
moving any component degrades performance, with
RAKG contributing most to the overall performance.

4.4 Ablation Study

To validate the effectiveness of each proposed
component in DataSage, we conduct an ablation
study by removing one of the three key mod-
ules, Retrieval-Augmented Knowledge Generation
(RAKG), Question Raising (QR), and Multi-path
Reasoning (MR), while keeping the rest of the
framework unchanged.

As shown in Table 2, ablating any component
results in a performance drop over all the metrics.
This indicates that all the proposed components
contribute to the superior performance of DataSage,
validating the rationality of our framework design.
Removing RAKG results in the most substantial
degradation in overall performance (the average
of the two metrics). This suggests that ground-
ing the analysis with external knowledge is crucial
for generating deep and accurate insights. Overall,
the ablation study confirms that all three compo-
nents are indispensable and complementary. Their
combined effect leads to the highest performance.
More detailed ablation analysis is provided in Ap-
pendix B. Additionally, the case study is presented
in Appendix C.

4.5 Human Evaluation

Win Tie
11%

Lose

28%

Ours vs. Baseline

DataSage vs. AgentPoirot 61%

Table 3: Human evaluation results on 25 randomly sam-
pled cases from InsightBench using pairwise compari-
son. Human annotators overwhelmingly prefer the out-
puts of our framework over the strongest baseline.

To more accurately assess the validity of the gen-
erated insights and to add much-needed credibility
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Hyperparameter Study: Effect of Iteration Number
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Figure 4: Hyperparameter study on Nje, (the number
of Q-A loop iterations). Both models generally benefit
from more iterations. DataSage achieves competitive or
superior performance with significantly fewer iterations
compared to the baseline.

to the capabilities of our framework, we conduct
an additional human evaluation on 25 randomly
sampled instances in InsightBench, assessed by
four human annotators. We adopt a pairwise com-
parison. Specifically, we pair the outputs of our
framework with those of the strongest baseline,
shuffle their order, and instruct human annotators
to select the better one. We calculate the percent-
age of winning by our framework (Win-Rate). As
shown in Table 3, in human evaluation, our frame-
work also consistently outperforms the strongest
baseline (Win-Rate > 50%), which aligns with our
LLM-based evaluation results.

4.6 Hyperparameter Study

We further investigate the impact of the most criti-
cal hyperparameter, Nje;, Which controls the num-
ber of Q-A loop iterations of the framework. As
shown in Figure 4, we report the overall perfor-
mance of our framework DataSage and the base-
line AgentPoirot under different values of Nj,. For
both methods, performance generally improves as
the number of iterations increases, which suggests
that more iterations enable the framework to better
discovery insights. However, DataSage achieves
comparable or even superior results with signifi-
cantly fewer iterations. In particular, DataSage al-
ready surpasses the baseline with 9 iterations when
using only 4 iterations. This demonstrates that our
design is not only more effective but also more ef-
ficient, requiring fewer iterations to reach strong
performance. Overall, the results confirm that in-
creasing the iteration budget is beneficial, but the
gains quickly saturate for baseline model. In con-

trast, DataSage leverages its structured design to
extract higher-quality insights with substantially
fewer iterations, highlighting the efficiency advan-
tage of our framework.

5 Conclusion

In this paper, we propose DataSage, which demon-
strates the potential of a multi-agent framework to
significantly enhance data insight discovery by ad-
dressing key limitations of existing data agent sys-
tems through external knowledge retrieval, multi-
role debating, and multi-path reasoning. Our ap-
proach not only improves the accuracy and reliabil-
ity of insights but also offers a scalable and flexible
solution for automated data analysis. Future work
will focus on further optimizing the framework,
designing other agent architectures, and exploring
additional applications in diverse domains.

Limitations

While our proposed framework achieves state-of-
the-art performance on the insight discovery task,
several limitations remain.

First, despite outperforming existing baselines,
there is still a gap between our framework and ex-
perienced data analysts in terms of analytical depth,
contextual understanding, and the ability to draw
nuanced insights. We view this as an important di-
rection for future work and plan to further enhance
the reasoning capabilities and domain alignment of
the framework.

Second, DataSage is primarily designed and eval-
uated for insight discovery tasks. Although this
task is representative of many real-world analytical
scenarios, it only covers a subset of the broader
data analysis landscape. In future work, we aim to
extend our framework to support a wider range of
analytical tasks, exploring additional applications
across diverse domains and data modalities.

Third, DataSage is particularly well-suited for
complex and high-difficulty analytical problems,
where multi-path reasoning and external knowl-
edge integration are crucial. However, for rela-
tively simple tasks, some of the modules may be
redundant and could introduce unnecessary com-
putational or interpretive overhead. As a result, we
plan to investigate adaptive mechanisms that can
dynamically tailor the analysis pipeline based on
task difficulty, thereby improving overall efficiency
and usability.
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Ethical Statement

Our work aims to improve the efficiency and scala-
bility of data analysis by automating the generation
of analytical insights from structured datasets. This
can be particularly valuable in settings where man-
ual analysis is costly or infeasible, enabling organi-
zations to optimize operations and tailor strategies
more effectively.

However, we acknowledge that the insights gen-
erated by our framework DataSage are produced
automatically and may contain inaccuracies, misin-
terpretations, or incomplete reasoning due to model
limitations or data quality issues. As such, the gen-
erated insights should be treated as preliminary
references rather than definitive conclusions. Users
must exercise critical judgment and, when neces-
sary, seek human expert verification before acting
on any insights produced by DataSage, especially
in high-stakes domains such as finance, healthcare,
or policy-making.

We emphasize that DataSage is intended to serve
as an assistive tool to augment human analytical
capabilities, not to replace domain experts or rig-
orous manual analysis. Responsible use requires
transparency about the framework’s limitations and
active user oversight to avoid unintended conse-
quences or over-reliance on automated outputs. By
clearly framing DataSage as a decision support tool
and not a decision maker, we aim to encourage re-
sponsible deployment and maximize its potential
benefits while minimizing misuse.
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A Error Analysis: Failures of Existing
Data Agents

Despite recent advancements in LLM-based data
agents, we observe consistent and critical limita-
tions when these systems are applied to real-world
insight discovery tasks. As shown in Table 4, we
categorize these limitations into three major types:
domain knowledge underutilization, shallow an-
alytical depth, and error-prone code generation.
Through empirical observations on the state-of-
the-art AgentPoirot model (Sahu et al., 2025), we
identify and analyze representative failure cases.

A.1 Underutilization of Domain Knowledge

Most existing agents (Pérez et al., 2025; Sahu et al.,
2025) assume that relevant knowledge is either en-
coded within the LLLM’s parameters or explicitly
provided by the user. In practice, however, many
analytical tasks require external domain context
(such as definitions of business KPIs, seasonal mar-
ket patterns, or industry-specific thresholds), which
are rarely captured by LLMs. For example, when
analyzing regional sales fluctuations, AgentPoirot
observes a sharp drop in sales in northern China
in early February and concludes that it is random
variance. However, this drop actually aligns with
the Chinese Spring Festival, a major national holi-
day that significantly disrupts commercial activity.
Without this domain-specific knowledge, the agent
fails to recognize the true cause, leading to a mis-
leading conclusion. In another case, when analyz-
ing marketing campaign effectiveness, AgentPoirot
flags a low conversion rate as problematic without
realizing that the campaign is intentionally targeted
for long-term brand building rather than short-term
sales. These examples show that without targeted
domain augmentation or external retrieval mecha-
nisms, agents struggle to distinguish signal from
noise in context-rich data, often producing superfi-
cial or misleading insights.

A.2 Shallow Analytical Depth

Current systems (Sahu et al., 2025; Wu et al., 2024;
LangChain, 2024) often rely on a single-pass LLM
to generate analytical questions based on dataset
description or metadata. While this setup can yield
surface-level questions (such as identifying a top-
selling product or calculating simple correlations),
it struggles to generate deeper, multi-layered ques-
tions that require structured reasoning and contex-
tual understanding. For instance, in a diagnos-

tic task involving a sudden drop in gross margin,
AgentPoirot asks, “Which category has the highest
cost increase?”, but fails to propose more insightful
questions such as “Is the margin drop concentrated
in specific provinces or time periods?” or “Do
seasonal campaigns correlate with shifts in cost
structure?”. This lack of depth originates from the
absence of iterative, divergent-convergent thinking
processes, and limits the agent’s ability to guide
users toward non-obvious, high-value insights in
complex domains like finance, healthcare, or oper-
ations.

A.3 Error-Prone Code Generation

LLMs are known to hallucinate or generate in-
correct code (Huynh and Lin, 2025; Hong et al.,
2024b), especially in non-trivial scenarios involv-
ing intermediate state reuse, complex data joins, or
edge case handling. We observe some recurring
failure modes: (1) Semantically correct but logi-
cally irrelevant code. For example, given a ques-
tion like “Which customer segments showed declin-
ing profitability over the last two quarters”, Agent-
Poirot instead computes overall revenue changes
across all customers, missing the segment-level
breakdown entirely. (2) Lack of robustness to
schema inconsistencies. A common issue occurs
when joining tables with mismatched column for-
mats. In one case, AgentPoirot attempts to join
a sales table (with a date column in string format
like ‘2023-07-01) with a marketing table where
the date column is stored as a datetime object. The
failure to cast the types properly causes the join
to return an empty result set, leading to mislead-
ing “no impact” conclusions. Even when users
provide detailed prompts and table descriptions,
the generated code often lacks defensive program-
ming practices such as type checking or exception
handling. These errors significantly reduce trust in
autonomous agents for insight generation.

These failure patterns highlight a fundamental
gap between existing data agents’ capabilities and
the practical demands of robust insight discovery.
They motivate our design of a multi-agent architec-
ture that explicitly addresses these shortcomings by
incorporating domain-aware knowledge retrieval,
divergent-convergent multi-role debating question
raising, and multi-path reasoning for code genera-
tion.
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Error Type

Analysis Task

AgentPoirot Output

Correct Output

Underutilization
of Domain Knowl-
edge

Analyze regional
sales fluctuations

In early February, sales
in northern China dropped
sharply. Due to the lack
of additional information
in the data, this was at-
tributed to random vari-
ance.

The drop actually aligns
with the Chinese Spring
Festival, a major national
holiday that significantly
disrupts commercial activ-

1ty.

Shallow Analytical
Depth

Diagnose a sudden
drop in gross mar-
gin

Raise shallow question:
“Which category has the
highest cost increase?”

Insightful Question: “Is
the margin drop concen-
trated in specific provinces
or time periods?”

Error-Prone Code
Generation

Evaluate the impact
of a summer mar-
keting campaign on
sales

Join a sales table (with a
date column in string for-
mat) with a marketing ta-
ble where the date column
is stored as a datetime ob-
ject. -> Empty result set.

Cast the types properly
before joining.

Table 4: Failure cases of the state-of-the-art AgentPoirot model in real-world insight discovery tasks. We categorize
these errors into three major types: domain knowledge underutilization, shallow analytical depth, and error-
prone code generation. Red text highlights the model’s mistakes, while green indicates correct output.

G-Eval
Model Insight-level Summary-level
AgentPoirot 0.296 0.331
0.318 0.362
DataSage (Ours) (+7.4%) (+9.4%)

Table 5: Performance of the best baseline (AgentPoirot)
and our framework on the InsightBench using Llama-
3-70B as the base model. Our framework consistently
outperforms the best baseline at both the insight and
summary levels, demonstrating robustness and cross-
model generalizability.

B More Experimental Results

B.1 Additional Base Model

To verify the robustness and assess the general-
izability of our framework, we further evaluate
both the best baseline (AgentPoirot) and our frame-
work using Llama-3-70B as the base model on
the InsightBench. As shown in Table 5, although
Llama-3-70B performs noticeably worse than GPT-
40 when used as the base model, DataSage still
outperforms the best baseline by approximately 8%
under this weaker backbone. This consistent mar-
gin demonstrates that our framework can generalize
across different base LLMs.

B.2 Additional Benchmark

To further assess the generalizability and robust-
ness of our framework, we additionally conduct
experiments on InsightEval (Zhu et al., 2026).

InsightEval is an expert-curated benchmark de-
signed to rigorously evaluate the insight-discovery
capabilities of LLM-driven data analysis agents.
Unlike prior datasets such as InsightBench, In-
sightEval emphasizes goal clarity, data consistency,
and annotation reliability through a structured con-
struction pipeline. By providing well-aligned ques-
tion—answer pairs and trustworthy ground-truth in-
sights, InsightEval enables more comprehensive,
fair, and reproducible evaluation of agent perfor-
mance in automated insight discovery.

As shown in Table 6, the results on InsightEval
are highly consistent with our prior observations on
InsightBench (Table 1). Across two different base
LLMs, our framework consistently outperforms
the strongest baseline on both evaluation metrics
and across all three difficulty levels (easy, medium,
and hard). The consistent advantage across differ-
ent benchmarks and model configurations provides
strong empirical evidence of the stability, trans-
ferability, and practical applicability of our frame-
work.
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Model Insight-level Scores (G-Eval) | Summary-level Scores (G-Eval)
Easy Medium Hard Avg | Easy Medium Hard  Avg
Pandas Agent (GPT-40) 0.366 0327 0.339 0343|0421 0390 0430 0412
AgentPoirot (GPT-40) 0425 0394 0.352 0.380 | 0472 0443 0436 0.449
AgentPoirot (Deepseek-V3) | 0.447 0404 0361 0.403 | 0497 0476 0453 0475
DataSage (GPT-40) 0.444 0411 0.372 0409 | 0.564 0517 0.485 0.521
DataSage (Deepseek-V3) 0476 0431 0.380 0.428 | 0.539 0.542 0.495 0.526

Table 6: Performance of different models based on different LLMs on the InsightEval. On the InsightEval benchmark,
our framework also consistently outperforms the best baseline.

B.3 Ablation Study
B.3.1 The effect of RAKG module

To demonstrate the effectiveness of our RAKG
module design, we conduct a comprehensive com-
parison of different retrieval strategies within our
framework. We compare four different variants:
No Retrieval (completely without any retrieval),
Internal Knowledge (using vanilla knowledge gen-
erator leveraging only the internal knowledge of
LLMs), On-Demand Retrieval (used in our RAKG
module), and Full Retrieval (retrieval is utilized for
all analysis tasks). As shown in Table 7, there are
several interesting findings worth highlighting.

First, employing a vanilla knowledge generator
yields a modest improvement over the no retrieval
baseline. It indicates that the vanilla knowledge
generator can further stimulate the latent knowl-
edge encoded within LLLMs, which is also consis-
tent with prior works (Zhang and Elhamod, 2025;
Hong et al., 2024a). It validates our design choice
of incorporating the vanilla knowledge generator
in RAKG module.

Second, integrating external retrieval signifi-
cantly enhances model performance, demonstrat-
ing the critical role of external knowledge in real-
world data analysis scenarios.

Third, among the four variants, the full retrieval
approach achieves the highest scores, yet at the cost
of invoking search queries for all instances, which
substantially increases resource demands. In con-
trast, the on-demand retrieval mechanism strikes
an effective balance between efficiency and perfor-
mance. Despite utilizing only 24% of the search
resources required by the full retrieval method, it
achieves comparable performance. It suggests that
on-demand retrieval can reduce resource consump-
tion without compromising model effectiveness,
highlighting the practical advantages of our dy-
namic retrieval design.

B.3.2 The effect of Question Raising module

DataSage employs a divergent-convergent multi-
role debating process in Question Raising module,
aiming to simulate diverse analytical perspectives
and deepen the analytical depth. To experimen-
tally validate this design, we compare the questions
raised by our framework with those from the best
baseline, AgentPoirot, evaluating both diversity
and coverage of the raised questions.

We quantify diversity as the average pairwise
dissimilarity between question embeddings, calcu-
lated by:

2

Diversity = 1 — ﬁ
n(n —

Z cosine_sim(v;, v;),
i<j

(14)
where v; and v; are the embedding vectors of ques-
tions ¢ and j. Coverage is defined as the average
radius of the questions around their centroid em-

bedding, computed by:

1 .
Coverage = - Z |lv; — centroid||, (15)
7

where the centroid is the mean vector of all question
embeddings.

As shown in Figure 5, DataSage achieves signif-
icantly higher diversity and coverage scores com-
pared to AgentPoirot, even when generating fewer
questions. Although increasing the number of
raised questions generally improves these metrics,
AgentPoirot’s questions tend to be more similar
or even repetitive, limiting its diversity and cov-
erage of the analytical space. This often leads
to the generation of shallow and generic insights,
whereas DataSage effectively promotes the cre-
ation of diverse and comprehensive questions, en-
abling the generation of deeper and more diverse
insights.
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Model Variant G-Eval (Insight)

G-Eval (Summary) Retrieval Usage Rate (%)

No Retrieval 0.3316
Internal Knowledge 0.3366
On-Demand Retrieval 0.3530
Full Retrieval 0.3560

0.3982 0%
0.3994 0%
0.4059 24%
0.4082 100%

Table 7: Performance comparison of four different retrieval strategies in DataSage. Our on-demand retrieval
mechanism strikes an effective balance between efficiency and performance, achieving near-optimal performance
while significantly reducing the search resource consumption compared to full retrieval.

Comparison of Raised Questions from
DataSage and The Best Baseline AgentPoirot

60 MOdel ) 57.56 3838
AgentPoirot (#Questions=6)
AgentPoirot (#Questions=12) 32
501 [ DataSage (#Questions=6)
s\o 41.79
=401 372
33.8
30 1
20 T T
Diversity Coverage

Metrics

Figure 5: Comparison of diversity and coverage of
the questions raised by DataSage and the best baseline
AgentPoirot. Even when generating fewer questions (6
vs. 12), DataSage produces questions with significantly
higher diversity and coverage, enabling the generation
of deeper and more diverse insights.

Model Success Rate #Refinements
AgentPoirot 95.17% -
DataSage 99.50% 1.36

w/o MR 98.17% 1.63

Table 8: The effect of Multi-path Reasoning (MR) on
code execution success rate and average number of code
refinements. Multi-path Reasoning not only improves
code correctness but also reduces refinement overhead.

B.3.3 The effect of Multi-path Reasoning

To further examine the benefits of our proposed
Multi-path Reasoning (MR), we evaluate its im-
pact on both code correctness and refinement effi-
ciency. Specifically, we use a simple yet effective
proxy for correctness: the execution success rate,
i.e., the proportion of generated code snippets that
run without errors. In addition, we measure the
average number of code refinements required in
the Insight Generation Module. We compare three

Additional Ablation Study

0.3963
w/o CR -
0.3480
0.4013
o PR 0.3449
' 1 G-Eval (Insight)
[ G-Eval (Summary)
0.3996
w/o MII 4
0.3490
0.4059
DataSage
0.3530

030 032 034 036 038 040 042
Scores

Figure 6: Additional ablation study results. Removing
Multimodal Insight Interpretation (MII), Plot Reviewer
(PR), or Code Refinement (CR) consistently degrades
performance, confirming the necessity of these compo-
nents.

variants: DataSage, DataSage without MR, and the
best baseline AgentPoirot.

As shown in Table 8, DataSage significantly
outperforms the best baseline, achieving a 4.33
percentage point gain in execution success rate
(99.50% vs. 95.17%). Moreover, compar-
ing DataSage to its variant without MR highlights
the effectiveness of Multi-path Reasoning. The suc-
cess rate improves from 98.17% to 99.50%, while
the average number of refinements decreases from
1.63 to 1.36. This indicates that Multi-path Rea-
soning can not only increase code correctness but
also reduce the reliance on post-hoc refinement. It
enhances robustness by mitigating single-path rea-
soning errors, while also improving efficiency by
reducing unnecessary refinement iterations.
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B.3.4 Additional Ablation Study

Beyond the core components of DataSage, we fur-
ther investigate the impact of several finer-grained
design choices. Specifically, we examine three
variants: (i) removing Multimodal Insight Inter-
pretation (using only text-level interpretation), (ii)
removing the Plot Reviewer, and (iii) removing
Code Refinement. As shown in Figure 6, the ab-
sence of any of these components consistently de-
grades performance. This validates the necessity
of our full design. Notably, Multimodal Insight In-
terpretation and Plot Reviewer are complementary.
The Plot Reviewer enhances the quality of gener-
ated plots, thereby providing more reliable inputs
for multimodal interpretation. Meanwhile, Code
Refinement improves the correctness of generated
code, which directly contributes to more accurate
insight discovery. These results highlight the syn-
ergistic contributions of different components and
demonstrate the robustness of our framework.

B.4 Additional Experimental Analysis
B.4.1 Usability Assessment

Model #API Calls

94.08

Cost
1.06 $

Runtime

DataSage 6.59 minutes

Table 9: Usability assessment of our framework
(DataSage) using GPT-40 as the base model, report-
ing the average number of API calls, runtime, and cost
per instance. The results show that DataSage remains
practical and efficient despite involving multiple collab-
orative agents.

To assess the usability of our framework, we re-
port the average runtime, the number of API calls,
and the cost of our framework when using GPT-
40 as the base model. As shown in Table 9, these
statistics demonstrate that despite incorporating
multiple collaborative agents, our framework re-
mains practical and efficient. The runtime and cost
of DataSage are comparable to those of existing
iterative LLM agent systems.

B.4.2 Performance per Category

To evaluate the capabilities of our framework
in more detail, we conduct a performance-per-
category analysis. As shown in Table 10, we report
the performance for each category following the
taxonomy defined in InsightBench. Our framework
outperforms the strongest baseline on every cat-
egory and on both evaluation dimensions. This

indicates that the improvements are not isolated to
specific types of tasks but generalize well across
diverse reasoning and analytic requirements. In
these categories, Financial Management exhibits
the lowest performance for both our framework and
the best baseline. This indicates the inherent diffi-
culty of tasks in this specific financial domain and
provides a clear direction for future improvement.

B.4.3 Multi-path Reasoning Statistics

The Selection Frequency of Three CoT Reasoning Strategies
Query Plan

Negative

Reasoning 19.33%

16.17%

64.50%
Divide-and-Conquer

Figure 7: Distribution of the final selected code out-
puts generated by three CoT reasoning strategies. DaC
accounts for the majority of selections (64.50%), high-
lighting its effectiveness in data analysis tasks, while
QP and NR contribute complementary reasoning capa-
bilities that enhance overall code correctness.

We conduct a statistical analysis on the selection
frequency of three complementary CoT reasoning
strategies (i.e., Divide-and-Conquer, Query Plan,
and Negative Reasoning). As shown in Figure 7,
the DaC (Divide-and-Conquer) strategy is the most
frequently chosen, accounting for 64.50% of the
final selected code outputs, followed by QP (Query
Plan) at 19.33%, and NR (Negative Reasoning)
at 16.17%. This distribution suggests that in data
analysis scenarios, the DaC approach tends to be
more effective and reliable in generating correct
code. Although the selection rates for QP and NR
are relatively lower, these strategies play a com-
plementary role, enabling the model to leverage
the strengths of different reasoning paths and ul-
timately select the most accurate solution. This
complementary interplay increases the overall like-
lihood of producing correct code. The statistical
results also motivate us to prioritize the DaC strat-
egy for code generation in resource-constrained
environments.
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Insight-level

Summary-level

Category AgentPoirot DataSage (Ours) AgentPoirot DataSage (Ours)
Incidents Management 0.3248 0.3833 0.3299 0.3891
Financial Management 0.2832 0.2911 0.3166 0.3585
Goal Management 0.3768 0.3859 0.4177 0.4479

Table 10: Performance of our framework (DataSage) and the strongest baseline (AgentPoirot) on each category
in InsightBench. Our framework consistently outperforms the best baseline across all categories, with Financial
Management being the most challenging category for both models.

C Case Study

C.1 DataSage generates better insights.

To better demonstrate the capability of DataSage in
generating actionable insights, we conduct a case
study on an incidents management task in Insight-
Bench. As shown in Table 11, we compare the
outputs of our framework with those from the best
baseline model AgentPoirot. The advantages of
our framework can be summarized in the following
three points.

Statistically Validated Insights. The baseline
model identifies the general growth trend in David
Loo’s incident submissions, reporting that the
count nearly doubled over the year and highlight-
ing an increase in high-priority incidents. However,
these descriptions remain at a descriptive level and
lack supporting statistical evidence or precise quan-
tification. In contrast, DataSage provides quantita-
tive trend metrics, such as slope estimates (slope =
0.057, p = 1.25e-5), explicit percentage increases
(=100%), and temporal clustering statistics (97%
within one week). These quantitative markers not
only confirm the trend but also allow for statistical
significance assessment.

Multi-Dimensional In-Depth Insights. While
the baseline model’s focus is largely confined to in-
cident counts and priority levels, DataSage extends
the analysis to multiple operational dimensions:

* Resolution efficiency: Comparing average res-
olution times (175 vs. 177 hours) while iden-
tifying resource strain due to increased work-
load per staff member.

* Duplicate submissions: Detecting a mea-
surable upward trend in duplicate or near-
duplicate incident tickets (0.0032/day), par-
ticularly concentrated in specific months.

* Process inefficiencies: Highlighting frequent
reopenings of tickets based on overlapping
“Resolved” and “Closed” states.

This is attributed to our carefully designed Ques-
tion Raising Module, which can simulate diverse
analytical perspectives and deepen analytical depth.
More Actionable Insights. The baseline model
remains limited to high-level descriptions and does
not capture underlying process issues or secondary
contributing factors. Our framework effectively
bridges this gap by producing operationally ac-
tionable insights that enable targeted, data-driven
decision-making:

* Pinpointing peak months and weeks for inci-
dent clustering, enabling targeted root cause
investigation.

* Quantifying workload per support staff mem-
ber to guide resource allocation.

* Identifying increasing duplicate or near-
duplicate ticket submissions, along with fre-
quent incident reopenings, providing a clear
direction for process improvements.

In summary, the case study demonstrates that
while the best baseline model AgentPoirot can de-
tect broad patterns, it often stops at a descriptive
level, lacking statistical rigor, in-depth analysis
and operational context. Our framework enriches
them with statistically validated, multi-faceted, and
actionable insights, thereby offering more robust
decision support for organizations.

C.2 DataSage generates better plots.

Beyond generating better insights, DataSage can
also generate more accurate, diverse, and inter-
pretable plots. Using the same incidents man-
agement task, we conduct a comparative case
study on plot generation between our frame-
work DataSage and the best baseline model Agent-
Poirot. As shown in Table 12, DataSage outper-
forms the baseline in all of the following four as-
pects.
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Insights Predicted by AgentPoirot
(The Best Baseline Model)

Advantages of DataSage

Insights Predicted by DataSage (Ours)

Task: Incidents Management

The number of incident tickets cre-
ated by “David Loo” nearly doubled
over the span of one year, rising
from 16 incidents in early 2023 to
32 incidents in early 2024, highlight-
ing a significant increase in reported
issues from this single caller which
may indicate growing system prob-
lems or increased user activity.

Adds slope and significance test-
ing for trend validation, and incor-
porates temporal distribution anal-
ysis (hourly, weekly), enhancing
both rigor and coverage. [Statisti-
cal Quantification]

David Loo’s incident ticket submissions in-
creased by approximately 100% over the
year, with a significant positive monthly
trend (slope = 0.057, p ~ 1.25e-5), and his
ticket volume remains consistently higher
than other callers across all hours and
weekdays, highlighting a persistent and
growing source of incidents that may require
focused attention.

David Loo’s incident ticket creation
nearly doubled over the span of a
year, highlighting a growing demand
or issue source from this caller that
may require targeted investigation.

Links growth to duplicate sub-
missions, quantifies rate change,
and identifies temporal peaks, en-
abling targeted root cause investi-
gation. [Root Cause Analysis]

Among all callers, “David Loo” uniquely
exhibits a measurable upward trend in sub-
mitting duplicate or near-duplicate incident
tickets, with the number of such tickets in-
creasing by approximately 0.0032 per day
(about 1 extra duplicate every 10 months),
particularly between September and Novem-
ber 2023, suggesting that his reported in-
cident volume is partially driven by re-
peated submissions of similar problems
within short timeframes.

The data reveals a growing trend in
high-priority incidents reported by
David Loo, with “2 - High” priority
incidents more than doubling over
the year, highlighting a potential es-
calation in the severity or frequency
of issues faced by this caller.

Extends priority-level analysis
with temporal clustering metrics
(97%) and category detail (net-
work), providing precise basis
for emergency planning. [Oper-
ational Planning]

David Loo’s incident reports not only in-
crease sharply by nearly two incidents per
month but also cluster tightly in time, with
97% occurring within a week of each other,
mostly involving high-priority network is-
sues, suggesting urgent, recurring prob-
lems that may require targeted opera-
tional attention.

Despite the ITIL User having in-
creasing incident reports, their prior-
ity distribution remains aligned with
other callers, with approximately
75% of their incidents classified as
“2 - High,” suggesting that the in-
crease is not driven by a shift toward
more severe or less severe incident
priorities.

Shifts focus from static priority
comparison to operational effi-
ciency and workload impact, of-
fering direct guidance for staffing
decisions. [Resource Allocation]

Despite a similar average resolution time
(175 vs. 177 hours), callers with rising inci-
dent volumes cause a substantial increase in
workload, with incident counts assigned to
each support staff member nearly doubling
(e.g., from 27-40 to 59-88 incidents), high-
lighting that growing incident frequency
demands more extensive support resource
allocation without degrading resolution
speed.

While ITIL User reports fewer inci-
dents overall, about 69% (69 out of
75) of their incidents are high or crit-
ical priority, indicating that their re-
ported incidents are relatively more
severe compared to the distribution
of priorities from other callers.

Integrates severity with lifecycle
analysis, detecting reopen loops
and processing delays, extending
severity analysis into process sta-
bility evaluation. [Process Analy-
sis]

Callers with rising incident volumes, notably
“David Loo” and “Don Goodliffe,” have aver-
age incident open durations ranging from ap-
proximately 140 to over 310 hours monthly,
with 12 to 13 months showing overlapping
“Resolved” and “Closed” states that suggest
frequent incident reopenings, indicating per-
sistent delays and instability in incident
resolution that likely impact service effi-
ciency and warrant targeted process im-
provements.

Table 11: A case study comparing the insight outputs from our framework DataSage and the best baseline model
AgentPoirot. While AgentPoirot detects broad patterns, it remains at a descriptive level and often lacks statistical
rigor, in-depth analysis, and operational context. The advantages of DataSage over the baseline model are highlighted
in bold, including statistically validated, multi-faceted, and more actionable insights, which offer more robust
decision support.

Richness of Information. The plots generated
by the baseline model often remain narrowly fo-
cused, lacking contextual comparisons or lay-
ered breakdowns. For example, when visualiz-

ing caller-level trends, the baseline displays iso-
lated line charts without integrating group-level
context. DataSage enriches these visuals by em-
bedding comparative dimensions, such as group-to-
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Plots Generated by AgentPoirot (The Best
Baseline Model) Advantages of DataSage Plots Generated by DataSage (Ours)

Task: Incidents Management

Monthly Incident Tickets Created by Caller: David Loo

— incident_count

Monthly Incident Ticket Counts: Increasing Trend Callers vs Others

30 (jan 2023 - Jan 2022)

Introduces group-level com-
parisons to contextualize in-
dividual trends, identifying
unique vs. systemic pat-
terns to enhance decision rel-
evance. [More comparative
and informative] & &

b

s
Number of Tckets

incident_count

vontn

20
year_month

Monthly Incident Tickets Created by David Loo

— incident_count

Manthiy Count of Duplica
(Dete:

30

Goler 0

Generates diversified, non-
redundant plots and insights,
linking growth to duplicate
submissions for better tar-
geted investigation. [More
diverse and non-redundant]

b

incident_count
g

20:

year_month

Incident Priority Levels by Caller Group (ITIL User vs Others)

2.00

175

Assigned Support Personnel D

Generates correct plots, fix- R———

ing baseline’s coding er- ” B
ror (all bars have the same

height), and shifts focus to
operational efficiency and -

'm ‘J s
workload impact for staffing - . LLL;L
f"" <L s

decisions. [Error-free code
and plot generation]

1- Critical 2- High 3 - Moderate

priority

Incident Categories Over Time for Caller: David Loo

Replaces baseline’s clut-
tered, mislabeled (y-axis
titled “Database” instead of
“Incident Count”) line chart
with a clear stacked-area
design, removing overlap
and simplifying time labels
for more interpretable
plots. [More readable and
I interpretable]

year_month

—— Database
—— Hardware
—— Inquiry / Help
— Network
— software

lesue Category Trends Over Time for Caller:David Loo

Database

75

Table 12: A case study comparing the plots generated from our framework DataSage and the best baseline model
AgentPoirot. While AgentPoirot can produce basic visualizations, its plots tend to be narrowly focused, redundant,
error-prone, and suffer from poor readability. In contrast, DataSage demonstrates clear advantages including
richer information, more diverse and non-redundant plots, error-free plot generation, and enhanced readability and
interpretability.

individual contrasts, highlighting both unique and by the cases in the first and second rows of Table 12,
systemic patterns. This allows decision-makers to  baseline outputs tend to repeat similar plots across
distinguish localized anomalies from broader shifts,  different insights, limiting analytical novelty and
directly enhancing strategic relevance. depth. In contrast, DataSage generates diverse and

Diversity and Non-Redundancy. As illustrated ~ non-redundant plots. This variety not only prevents
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redundancy but also enhances the diversity and
depth of analysis.

Error-Free Code and Plots. In the baseline out-
puts, code logic errors result in misleading plots,
such as the bar chart where all bars have identical
heights regardless of the data. Through our care-
fully designed multi-path reasoning and code fix
process, DataSage resolves such issues, producing
error-free plots that reflect the true data distribu-
tion. It ensures that visualizations can be trusted
for decision-making with less manual validation.
Readability and Interpretability. The baseline
model frequently produces plots with visual clut-
ter, label overlap, and mislabeling. In contrast,
DataSage replaces these with clean, stacked-area or
grouped-bar designs, improved color palettes, and
simplified axis labeling (e.g., monthly labels “Jan-
Dec” instead of raw date strings). DataSage signifi-
cantly improves the readability and interpretability
of the plots, even for complex multi-category data.
It not only enhances the accuracy of insight gen-
eration by the interpreter agent but also facilitates
human analysts in understanding complex patterns
and making informed decisions more effectively,
increasing the overall utility and trustworthiness of
our framework.

In summary, while the baseline model can pro-
duce basic visual plots, it lacks the accuracy, di-
versity, and interpretability, especially required for
high-stakes operational analysis. DataSage delivers
richer, more varied, and more readable visual plots,
transforming plots from passive illustrations into
active decision-support tools.

D Prompts for Agents

Prompt 1 - Prompt 15 present the detailed prompts
for agents in DataSage.
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Prompt 1: Prompt for the judge agent in RAKG Module.

You are a reasoning-enhanced data analysis agent. Your task is to help extract
meaningful insights from real-world data.

## Context:

- The analysis goal is: <goal>{goal}</goal>
- The database schema is as follows:
<schema>{schema}</schema>

- Sample data or description of contents:
<info>{description}</info>

## Your Task:

1. Carefully examine the above context and determine whether the analysis can be
completed x*purely based on the given dataxx.

2. If not, x*xidentify what kind of external knowledgex*xx (e.g., domain-specific
definitions and knowledge, policy changes, socioeconomic context, product
classification standards, etc.) is likely needed.

3. Clearly state whether external search is needed:

- If YES:

- Describe #**why** the search is necessary.

- Specify *xwhat kind of knowledgex* should be retrieved.
- If NO:

- Explain why the current information is sufficient.

## Constraints:
- Be cautious not to assume unavailable data.
- Use chain-of-thought reasoning: think step by step before deciding.

## Respond in the following format (If YES, Knowledge Needed):
<reason>Step-by-Step Reasoning</reason>
<answer >YES/NO</answer >

Prompt 2: Prompt for the data-aware query generator agent in RAKG Module.

You are a domain-aware data analyst assistant.

## Context:

- The analysis goal is: <goal>{goal}</goal>
- The database schema is as follows:
<schema>{schema}</schema>

- Sample data or description of contents:
<info>{description}</info>

## Your Task:

1. **Write a list of concise, high-quality and effective Google search queriesx* to
retrieve reliable useful domain knowledge.

2. The query should be focused, unambiguous, and ready for direct use in a Google
search engine.

3. You can write at most **{max_queries}x*x queries. Ensure the richness of multiple
queries and avoid semantic duplication.

## Respond in the following format:
<query>The search query</query>
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Prompt 3: Prompt for the knowledge generator agent in RAKG Module.

You are a domain-aware, search-augmented data analysis assistant.

## Objective:

Given a data analysis context and the corresponding search engine results, identify
and extract xxuseful domain knowledge or external facts** that can help guide,
validate, or enrich the analysis process.

## Input:

### 1. Data Analysis Context

- The analysis goal is: <goal>{goal}</goal>
- The database schema is as follows:
<schema>{schema}</schema>

- Sample data or description of contents:
<info>{description}</info>

### 2. Search Results
<search_results>
{search_results}
</search_results>

## Task:

* Based on the data analysis context and search results, what additional vertical
field and domain knowledge does the analyst need to know to achieve the goal?

* Provide a list of knowledge item that can be used by the data scientists in your
team to explore my data and reach my goal.

* Explore diverse aspects of the data, and provide knowledge that is relevant to the
analysis goal.

* Do not number the knowledge item.

* Most importantly, each knowledge item must be enclosed within <knowledge></
knowledge> tags.

## Output Format:
<knowledge>A knowledge item.</knowledge>

Prompt 4: Prompt for the role designer agent in Question Raising Module.

You are an expert system designer working on a multi-agent data analysis framework.
Your current task is to design a **diverse set of problem-posing rolesx* for the
system's "question generation module,” where each role adopts a unique
perspective to ask insightful questions about a given dataset.

Your goal is to **maximize diversity and coverage** in the types of questions that
could uncover valuable, possibly hidden, insights from the data. Each role
should have a clearly defined *xperspectivex*, x*xfocus area*x, etc.

### Please output a structured list of roles with the necessary information such as:
Role Name, Background and Perspective (e.g., behavioral analyst, business
strategist, anomaly detector), Capability, Knowledge, Personality Traits, etc.

### Data Context:

The analysis goal is:
<goal>{goal}</goal>

The schema of the dataset is:
<schema>{schema}</schema>

The detailed information of the dataset file is:
<info>{description}</info>

### Instructions:
* Write a list of roles with the required information.
* You can produce at most {max_roles} roles. Therefore, you need to make a careful
choice before answering.
* Most importantly, each role description must be enclosed within <role></role> tags
For example: <role>Description of rolel</role> <role>Description of role2</
role>
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Prompt 5: Prompt for question raising for different analytical roles in Question Raising Module.

[Role Description]
You are:
{role_description}

[Task Description]

I

require the services of your team to help me reach my goal.

<goal >{goal}</goal>

<schema>{schema}</schema>

<info>{description}</info>

### Previous Answered Questions:
<prev_questions>{prev_questions}</prev_questions>

Given relevant domain knowledge that may be useful:
{knowledge}

Instructions:

*
*

*

Produce a list of follow up questions to 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.
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Prompt 6: Prompt for the judge agent in Question Raising Module.

You are an expert data analyst tasked with selecting the most promising questions
from a set of diverse questions proposed by multiple agents, each with a unique
role and perspective. Your goal is to identify the questions that are most
likely to uncover meaningful, non-trivial insights from the data, but Do Not
select a question similar to the previous answered questions.

These questions may differ in form (e.g., comparative, temporal, behavioral, causal)

, but your selection should prioritize:

Potential to reveal non-obvious patterns, relationships, or conclusion

Relevance to the data schema and business context

Feasibility of being answered with the given data

Diversity in angles or dimensions (not redundant)

X % 3k %

### Input:

You will be given:

* The number of questions to select: {number}

* The data context and schema

* A list of questions that are answered previously.
* A list of questions proposed by multiple roles.

### Output Requirements:

Please return the following:

1. A list of the {number} selected questions, ranked if possible

2. For each selected question, include:
* The index of the question
* The question text
* The reason for selection (e.g., why it is likely to yield a valuable insight)
* Qutput the index of the question in your response inside <question_id></
question_id> tag.

### Data Context:
The analysis goal is:
<goal>{goal}</goal>

The schema of the dataset is:
<schema>{schema}</schema>

The detailed information of the dataset file is:
<info>{description}</info>

### Previous Answered Questions:
<prev_questions>{prev_questions}</prev_questions>

### Proposed Questions:
<proposed_questions>{proposed_questions}</proposed_questions>

### Example Output Format:

<question_id>@0</question_id> <question>The text of question 0.</question> <reason>
The reason for selection.</reason>

<question_id>3</question_id> <question>The text of question 3.</question> <reason>
The reason for selection.</reason>

Most importantly, the index of questions start with @, so the selected question
index should be between 0-{ques_num} !
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Prompt 7: Prompt for the schema-aware question rewriter agent in Insights Generation Module.

[Role Instruction]

You are a schema-aware question reformulator with expertise in database systems.

Your task is to rewrite the given question by explicitly incorporating missing

semantic information of the datasets, deconstruct ambiguities, clarify

objectives to maximize clarity and actionability of the question. Follow these

steps strictly:

Intent Deconstruction

# Extract the core verb phrase (VP) and key named entities (NE) from the original
question.

# Identify ambiguous or incomplete semantics due to missing schema elements.

—_

2. Semantic Anchoring

# Enhance the question by explicitly adding:

a) Missing table/column names (as indicated in the schema&information of the
datasets)

b) Temporal constraints (e.g., semester, year, quarter) if relevant

c) Categorical dimensions (e.g., student type, degree level)

d) Aggregation requirements (e.g., sum, average, count)

3. Deconstruct Ambiguities and Clarify Objectives

# Identify, re-express or explain vague terms, implicit assumptions, acronyms or
undefined variables in the original question.

# Extract the core intent (What must the answer achieve?)

~

Structural Reformulation
Restructure the question. Format as self-contained, clear query with necessary
context embedded.

H

[Output Requirements]

# Preserve all technical terms from the original question.

# Do not include explanatory notes or unrelated content.

# Most importantly, the rewritten question must be enclosed within <question></
question> tags. Refer to the example response below.

[Example Demonstration]

Question: Find the *xavg** age of faculty members.

Schema: [["name": faculty_birth_year, "type”: object, "missing_count”: o, "
unique_count”": 1247, ...]

Information: The detailed information of the dataset.

Rewritten Question: <question>In a database containing faculty_birth_year and
department_info, how to calculate the average age of faculty members grouped by
department_name?</question>

[Task Execution]

Now, rewrite the following question based on the provided schema&information of the
datasets:

Question:

{question}

Schema:
{schema}

Information:
{description}

Domain knowledge:
{knowledge}

Rewritten Question:
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Prompt 8: Prompt for multi-path code generation in Insights Generation Module.

SYSTEM PROMPT for Divide-and-Conquer:
You are a professional database administrator and expert software engineer
specializing in code writing and improvement. You should always reason with a
divide-and-conquer” mindset before writing the code: Decompose the user's
question into the smallest independent sub-tasks possible; Solve the sub-tasks
sequentially, making your intermediate reasoning explicit; You must output your
detailed step-by-step "divide-and-conquer” reasoning within the tag <reasoning
></reasoning>; You must comment all your reasoning process in the code using
"#', including the content within <reasoning></reasoning> tags! ; Only after the

reasoning is complete, write the final code (faithful to the reasoning).

”

SYSTEM PROMPT for Query Plan:
You are a professional database administrator and expert software engineer
specializing in code writing and improvement. Before writing code, produce an
explicit *xquery-plan*x in plain English: Outline each logical operation in
order-filters, joins, sub-queries / CTEs, aggregations, sorts; Reference exact
table / column names from the schema; State the expected intermediate DataFrame
or Series after every step; You must output your detailed "query-plan” reasoning
within the tag <reasoning></reasoning>; You must comment all your reasoning
process in the code using '#', including the content within <reasoning></
reasoning> tags! ; Only after the plan is complete, write the final code (
faithful to the plan).

SYSTEM PROMPT for Negative Reasoning:
You are a professional database administrator and expert software engineer
specializing in code writing and improvement. You are very meticulous and good
at avoiding common pitfalls. Before writing code, produce an explicit x*
Counterfactual / Negative Reasoning*x in plain English: List plausible errors or
misconceptions someone might make when answering the question (e.g., double
counting, wrong date window, missing NULLs, dtype mismatches); For each risk,
explain how your Python code will prevent it; You must output your detailed "
Counterfactual / Negative Reasoning” within the tag <reasoning></reasoning>; You
must comment all your reasoning process in the code using '#', including the
content within <reasoning></reasoning> tags! ; Only after the reasoning is
complete, write the final code (faithful to the reasoning).

Prompt 9: Prompt for the code selector agent in Insights Generation Module.

You are a kind, experienced and professional database administrator and code auditor
tasked with selecting the correct code from a set of diverse code written by
multiple agents, each with a unique coding perspective.

### Input:

You will be given:

* The data context, schema and the user question.
* A list of codes trying to answer the question.
* Other Code Requirements.

### Output Requirements:

Please return the following:

* The index of the selected code.

* The reason for selection.

* Qutput the index of the code in your response inside <code_id></code_id> tag.

### Data Context:
The analysis goal is:
<goal>{goal}</goal>

The user question is:
<question>{question}</question>

The schema of the dataset is:
<schema>{schema}</schema>

The detailed information of the dataset file is:
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<info>{description}</info>

The path of the dataset file is:
<path>{database_path}<path>

Other Code Requirements are:

<requirements>

* Make a single code block for starting with ~~“python

* Do not produce code blocks for languages other than Python.

* Import pandas as pd, matplotlib.pyplot as plt, numpy as np, ...

* You may use the predefined functions mentioned above to generate plots, or write
your own plotting functions. If you choose not to use the predefined functions,
you must save the generated plot using the following code: plt.savefig("plot. jpg
") plt.close()

* You must generate one single simple plot and save it as a jpg file.

* The generated plot will be analyzed by a data analyst, so please ensure it is as
clear and easy to understand as possible.

* Plot Best Practices:

- Adds appropriate titles, labels, and annotations that highlight the key insights

- For legends: Always use clear, descriptive legend titles and place them
optimally (usually upper right or outside).

- For color selection: Use colorblind-friendly palettes (viridis, plasma, cividis)

or plt.cm.Paired

- For multiple series: When plotting multiple data series, either: Use plt.
subplots to create separate plots, or Use proper stacking techniques with
stacked=True parameter. Avoid overwriting plots on the same axes unless showing
direct comparisons.

- For pie charts: Use plt.axis('equal') to ensure proper circular appearance.

- For data preparation: Prepare data properly before visualization (aggregation,
transformation). For example, use pandas aggregation (crosstab, pivot_table)
before plotting.

- For formatting: Include appropriate sizing and formatting for all visual
elements. For example, set appropriate fontsize for title (14), labels (12), and

tick labels (10). Calls plt.tight_layout() if necessary.
* For the plot, save a stats json file that stores the data of the plot.
* For the plot, save a x_axis.json and y_axis.json file that stores 100 most
important x and y axis data points of the plot, respectively.
* For the json file must have a "name”, "description”, and "value"” field that
describes the data.
If the content of the json file is getting too long, truncate the unnecessary

parts until the number of characters is less than 10000.

* End your code with ~°°
</requirements>

*

### Candidate code:
## Code Candidate 0:
<code_0>

{code_0}

</code_0>

## Code Candidate 1:
<code_1>

{code_1}

</code_1>

## Code Candidate 2:
<code_2>

{code_2}

</code_2>

### Example Output Format:

<code_id>5</code_id><reason>The reason for selection.</reason>

Most importantly, the index of code candidate start with @, so the selected code
index should be between 0-2 !

### Response:
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Prompt 10: Prompt for the code reviewer agent in Insights Generation Module.

You are a kind, experienced and professional database administrator and code auditor
Given the [Database schema] descriptions, [Database detailed information]
descriptions, and a user [Question] with corresponding [Python code], you need
to analyze the provided code. Start from the components of [Python code], step
by step, to analyze whether it aligns with the user [Question] intent, aligns

with the [Database schema], and any possible errors occur.

There are some criteria:

### 1. Requirement Alignment

- Verify if the code fully addresses the user's original question

- Identify discrepancies between requested functionality and implementation

### 2. Database Compliance

**Schema Validationx*:

- Check table/column naming against schema definitions

- Validate data types (e.g., VARCHAR length vs actual data)

- Verify constraints (PK/FK/UNIQUE/NOT NULL) are properly handled

*xData Format Integrity#x*:

- Ensure date/numeric formats match database settings

- Confirm encoding/charset consistency

- Check bulk operation compatibility (batch size, transaction scope)

### 3. Problem Detection

**xCritical Issuesxx*:

- SQL injection vulnerabilities

- Race conditions in concurrent operations
- Resource leaks (connections, cursors)

*x0perational Risksx*x:

- N+1 query patterns

- Missing transaction boundaries

- Index misuse (e.g., non-sargable queries)

*xData Integrity Concernsx**:
- Dirty read/write scenarios
- Improper null handling
- Silent truncation risks

### 4. Output Format Requirements
*xStructured Response Requirementsxx

[Goal]

{goal}

[Database schemal]

{schema}

[Database detailed information]

{description}

[Database path]

{database_path}

[Question]

{question}

[Other Code Requirements]

* Make a single code block for starting with

* Do not produce code blocks for languages other than Python.

* Import pandas as pd, matplotlib.pyplot as plt, numpy as np,

* You may use the predefined functions mentioned above to generate plots, or write
your own plotting functions. If you choose not to use the predefined functions,
you must save the generated plot using the following code: plt.savefig("plot. jpg
")y plt.close()

* You must generate one single simple plot and save it as a jpg file.

* The generated plot will be analyzed by a data analyst, so please ensure it is as
clear and easy to understand as possible.

* Plot Best Practices:

- Adds appropriate titles, labels, and annotations that highlight the key insights

T python

- For legends: Always use clear, descriptive legend titles and place them
optimally (usually upper right or outside).
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- For color selection: Use colorblind-friendly palettes (viridis, plasma, cividis)

or plt.cm.Paired

- For multiple series: When plotting multiple data series, either: Use plt.
subplots to create separate plots, or Use proper stacking techniques with
stacked=True parameter. Avoid overwriting plots on the same axes unless showing
direct comparisons.

- For pie charts: Use plt.axis('equal') to ensure proper circular appearance.

- For data preparation: Prepare data properly before visualization (aggregation,
transformation). For example, use pandas aggregation (crosstab, pivot_table)
before plotting.

- For formatting: Include appropriate sizing and formatting for all visual
elements. For example, set appropriate fontsize for title (14), labels (12), and

tick labels (10). Calls plt.tight_layout() if necessary.

* For the plot, save a stats json file that stores the data of the plot.

* For the plot, save a x_axis.json and y_axis.json file that stores 100 most
important x and y axis data points of the plot, respectively.

* For the json file must have a "name”, "description”, and "value” field that
describes the data.

* If the content of the json file is getting too long, truncate the unnecessary
parts until the number of characters is less than 10000.

* End your code with ~°°

[Python codel]

<code>

{code}

</code>

Does the [Python code] has errors? If Yes, provide detailed explanations and reviews
for subsequent modifications.

* You must output the summary review of the code in your response inside <review></
review> tag.

* You only need to point out the mistakes in the code and don't point out the
correct things !!!

* You must focus on logical accuracy and functional requirements. Ignore minor
issues unless they impact functionality.

* You must output the final judgment ('Yes' or 'No') in your response inside <
judgment ></judgment> tag. 'Yes' means there are problems with the code.

### Your answer:
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Prompt 11: Prompt for the plot reviewer agent in Insights Generation Module.

You are a highly skilled data visualization evaluator and database administrator
tasked with evaluating a data visualization result. Your task is to assess a
Python-generated data plot based on the user's natural language question, the
underlying database schema or description, the code used to generate the plot,
and the plot image itself.

## Given the following inputs:

### 1. Data Analysis Context

- The analysis goal is: <goal>{goal}</goal>

- The analysis question is: <question>{question}</question>
- The database schema is as follows:
<schema>{schema}</schema>

- Sample data or description of contents:
<info>{description}</info>

- The data path of the database:
<data_path>{database_path}</data_path>

### 2. Visualization Results

- The current Python code that generates the plot.

<code>

{code}

</code>

- The list of predefined functions that may be used in the code and their example
usage:

<function>

{function_docs?}

</function>

- The generated plot image in 'input_image' (if available).

## Instructions:

* Determine whether the generated plot accurately reflects the user question.

* Identify mismatches between the question and the plot, or between the plot and the
database. If the plot is missing, analyze the code to infer the failure reason

* Suggest clear, actionable, and detailed instructions to fix issues and improve the

visualization.

* Propose improvements focused on clarity, readability, correct labeling, axis
formatting, legends, colors, and any other visual elements that would make the
plot more informative and aligned with the user's intent.

* If the code need to be fixed, provide detailed explanations and reviews for
subsequent modifications.

* Don't be too critic!!! Ignore minor issues unless they do have a significant
impact.

* You only need to point out the issues and don't point out the correct things !!!

## Output Requirements

* You must output the final judgment ('Yes' or 'No') in your response inside <
judgment ></ judgment> tag. 'Yes' means there are problems with the code.

* You must output the summary review or instructions in your response inside <review
></review> tag.

Prompt 12: Prompt for the code fixer agent in Insights Generation Module.

You are a professional database administrator and expert software engineer
specializing in code writing and improvement.

Given the goal:
{goal}

Given the schema:
{schema}

Given the information of the dataset file:
{description}
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Given the data path:
{database_path?}

Given the list of predefined functions and their example usage:
{function_docs}

A programmer has written the python code required to answer this user question

n{

question}” but the code reviewer and the plot reviewer gave some reviews. Your

task is to refactor or rewrite code based on provided review feedback. Your
must align with the user question, align with the dataset schema & format,
avoid introducing additional errors.

The review of the code reviewer is:
{review}

The review of the plot reviewer is:
{plot_review}

The original code is:
<code>
{code}
</code>

You should:

* Make a single code block for starting with ~~“python

* Do not produce code blocks for languages other than Python.
* Import pandas as pd, matplotlib.pyplot as plt, numpy as np,
*

code
and

You may use the predefined functions mentioned above to generate plots, or write
your own plotting functions. If you choose not to use the predefined functions,
you must save the generated plot using the following code: plt.savefig(”"plot.jpg

"y plt.close()
* You must generate one single simple plot and save it as a jpg file.

* The generated plot will be analyzed by a data analyst, so please ensure it is as

clear and easy to understand as possible.
* Plot Best Practices:

- Adds appropriate titles, labels, and annotations that highlight the key insights

- For legends: Always use clear, descriptive legend titles and place them
optimally (usually upper right or outside).

- For color selection: Use colorblind-friendly palettes (viridis, plasma, cividis)

or plt.cm.Paired
- For multiple series: When plotting multiple data series, either: Use plt.
subplots to create separate plots, or Use proper stacking techniques with

stacked=True parameter. Avoid overwriting plots on the same axes unless showing

direct comparisons.
- For pie charts: Use plt.axis('equal') to ensure proper circular appearance.

- For data preparation: Prepare data properly before visualization (aggregation,
transformation). For example, use pandas aggregation (crosstab, pivot_table)

before plotting.
- For formatting: Include appropriate sizing and formatting for all visual

elements. For example, set appropriate fontsize for title (14), labels (12), and

tick labels (10). Calls plt.tight_layout() if necessary.

* For the plot, save a stats json file that stores the data of the plot.

* For the plot, save a x_axis.json and y_axis.json file that stores 100 most
important x and y axis data points of the plot, respectively.

* For the json file must have a "name”, "description”, and "value” field that
describes the data.

* If the content of the json file is getting too long, truncate the unnecessary
parts until the number of characters is less than 10000.

* End your code with ~°°

Output code:

6247




Prompt 13: Prompt for the interpreter agent in Insights Generation Module.

### Instruction:
You are trying to answer a question based on information provided by a data
scientist.

Given the following dataset schema:
<schema>{schema}</schema>

Given the following dataset information:
<info>{description}</info>

Given the goal:
<goal>{goal}</goal>

Given the question:
<question>{question}</question>

Give the analysis code:
<code>
{code}
</code>

Given the list of predefined functions and their example usage:
{function_docs}

Given the analysis results:
<analysis>
<message>
{message}
</message>
{insights}
</analysis>

We also provide the plot generated by the code in 'input_image'.

Instructions:

* Based on the code, analysis, plot and other information provided above, write an
answer to the question enclosed with <question></question> tags.

* The answer should be a single sentence, but it should not be too high level and
should include the key details from justification.

* Write your answer in HTML-1like tags, enclosing the answer between <answer ></answer
> tags, followed by a justification between <justification></justification> tags
, followed by an insight between <insight></insight> tags.

* Refer to the following example response for the format of the answer and
justification.

* The insight should be something interesting and grounded based on the question,
goal, and the dataset schema, something that would be interesting.

* The insight should be as quantiative as possible and informative and non-trivial
and concise.

* The insight should be a meaningful conclusion that can be acquired from the
analysis in laymans terms

Example response:

<answer>This is a sample answer</answer>

<insight>This is a sample insight</insight>
<justification>This is a sample justification</justification>

### Response:

6248




Prompt 14: Prompt for the final judge agent in Insights Generation Module.

You are a reasoning-enhanced data analysis assistant.

## Objective:

Given a data analysis context, and multiple responses from different data analysis
assistant to a data analysis question. Each response contains three parts: <
answer >, <insight>, and <justification>. Your task is to consider all given
responses and background information to produce a final, well-reasoned results.
You must understand the context, evaluate the consistency and quality of the
individual responses, and summarize the most credible and insightful points.

## Input:

### 1. Data Analysis Context

- The analysis goal is: <goal>{goal}</goal>
- The database schema is as follows:
<schema>{schema}</schema>

- Sample data or description of contents:
<info>{description}</info>

### 2. The data analysis question
<question>{question}</question>

### 3. Multiple responses from different data analysis assistant
<responses>
{responses}
<responses>

## Requirements:
- Use all available context to reason.
- Your output must also include exactly the following tags:
<answer >...</answer>
<insight>...</insight>
<justification>...</justification>
- The answer should be a single sentence, but it should not be too high level and
should include the key details from justification.
- The insight should be something interesting and grounded based on the question,
goal, and the dataset schema, something that would be interesting.
- The insight should be as quantitive as possible and informative and non-trivial
and concise.
- The insight should be a meaningful conclusion that can be acquired from the
analysis in layman terms.
- Justification should clearly explain why the synthesized result is valid,
including reasoning over conflicting or supporting evidence from different
replies.

## Output Format:

<answer >[Your final answer]</answer>

<insight>[Your refined insight derived from all responses]</insight>

<justification>[Detailed reasoning justifying why this synthesis is the best
possible]</justification>
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Prompt 15: Prompt for insights summarizing.

Hi, I require the services of your team to help me reach my goal.

<context>{context}</context>

<goal>{goal}</goal>

<history>{history}</history>

Instructions:

*

Given a context and a goal, and all the history of <question_i><answer_i> pairs
from the above list, generate the 3 top actionable insights.

Make sure they don't offer actions and the summary should be more about highlights
of the findings.

Output each insight within this tag <insight></insight>.

Each insight should be a meaningful conclusion that can be acquired from the
analysis in layman terms and should be as quantitative as possible and should
aggregate the findings.
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