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ABSTRACT

The promise of Large Language Models (LLMs) for data analysis is hindered by
benchmarks that inadequately reflect real-world complexities, including multiple
large tables and external knowledge. Moreover, they mainly focus on fact re-
trieval via Question Answering (QA) and overlook the critical task of exploratory
insight generation. To address these gaps, we introduce OpenDataBench, a
benchmark built from governmental open data capturing these practical chal-
lenges. It features two types of tasks: multifaceted Table QA tasks that require
answering complex decomposable questions with either text or graphs, and Ta-
ble Insight tasks that challenge models to generate expert-level findings from
exploratory data analysis. We evaluate state-of-the-art LLMs and our proposed
agentic solution on OpenDataBench. Our experimental results indicate that even
top-performing models struggle with both tasks. This highlights a significant
gap between current model capabilities and the demands of realistic data anal-
ysis. OpenDataBench serves as a rigorous benchmark for advancing research on
LLM-driven data analysis systems capable of addressing both reactive question
answering and proactive insight discovery. Code and sample data are available at
https://anonymous.4open.science/r/opendatabench-8AFA/.

1 INTRODUCTION

The ability to reason over structured data is a cornerstone of modern data science and a long-standing
challenge in artificial intelligence. With the advent of Large Language Models (LLMs), we have
witnessed a paradigm shift in how humans interact with complex information (OpenAI et al., 2024a;
Team et al., 2023; Qwen et al., 2025; DeepSeek-AI et al., 2025). These models have led to the
development of sophisticated agents designed to democratize data analysis, promising a future where
any user can pose natural language questions to a dataset and receive accurate answers (Hu et al.,
2024; Su et al., 2024; Wang et al., 2024). The ultimate vision is an autonomous system that not only
retrieves information but also uncovers the knowledge hidden within raw data.

However, a significant gap persists between this vision and reality, as the benchmarks lack real-
world complexity. While datasets like WikiTableQuestions (Pasupat & Liang, 2015) and Spider (Yu
et al., 2018) propelled research in semantic parsing and text-to-SQL, their controlled environments
use small-scale tables. They largely neglect practical challenges such as massive table scales, the
need to merge multiple tables, and the essential role of metadata and external knowledge. Beyond
these data limitations, existing benchmarks have focused primarily on direct fact retrieval (Wu et al.,
2025b; Hu et al., 2024). Tasks like QA and text-to-SQL are about retrieving information in response
to a query, while missing the capability of proactive insight discovery that data analysts exhibit.
Consequently, this discovery-oriented skill remains largely unevaluated, as few benchmarks have
formalized insight generation as a primary task (Sahu et al., 2025; Seo et al., 2025).

To bridge these notable gaps in both data realism and task scope, we introduce OpenDataBench, a
comprehensive benchmark sourced from public repositories like Data.gov. Our benchmark features
two complementary tasks: Table Question Answering (Table QA) and Table Insight Generation
(Table Insight), as illustrated in Figure 1. The Table QA task assesses factual reasoning over de-
composable questions that explicitly include multiple sub-questions, requiring models to produce

1

https://anonymous.4open.science/r/opendatabench-8AFA/


054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2026

Col_A:

  Column Label: …

  Column Description: …

  Invalid values: X = Less than 10

…
OpenDataBench

Tables

Metadata

External

Knowledge

Col_A

X
> 5K

Rows

Dataset Title: …

Dataset Description: …

Publisher: …

…

・・・
Q1: Can you show the progression of the count …?
Q2:  In 2014, what were the average percentages …? 

LLM

or

LLM Agents

Datasets Question

[13.6, 6.44, 17.0]

Answers

Insights

Insight1: …

Insight2: …

In summary, the 

dataset provides…

(a) Table QA

(b) Table Insight

A1:

A2:

Figure 1: OpenDataBench evaluates LLMs and agents on two table reasoning tasks using large,
multi-table datasets supplemented with metadata and external knowledge. (a) The Table QA task
requires models to answer simple or decomposable questions with textual or visual answers. (b)
In contrast, the Table Insight task challenges models to perform open-ended exploratory analysis,
proactively generating a list of insights and a summary without a specific user query.

answers either in text or in visualizations. In contrast, the Table Insight task challenges models to
perform expert-level insight derivation, requiring in-depth analysis and the discovery of trends.

For the Table QA task, we use LLMs, aided by a novel table serialization, to generate a diverse
corpus of QA pairs that are then meticulously verified by human annotators. For the Table Insight
task, we address the challenge of subjectivity by using the expert-authored reports accompanying
datasets as a ground truth. This process yields a benchmark that surpasses existing alternatives by
holistically combining the complex Table QA and Table Insight with the diverse data complexities,
such as large-scale, multi-tabular datasets that require external knowledge, as detailed in Table 1.

We propose two novel agentic solutions: an Answer Agent with fail-safe modules for Table QA,
and an Insight Agent for Table Insight employing a graph-based exploration process for diverse
insight generation. Through comprehensive evaluation, our proposed agents outperform state-of-
the-art LLMs and existing agents on both tasks in OpenDataBench. Finally, we provide a detailed
qualitative analysis to offer the community clear guidance on key areas for future improvement.

In summary, our paper makes the following four contributions:

• We introduce OpenDataBench, featuring tasks for both multifaceted Question Answering and
Insight Generation with ground-truths annotated by domain experts. These tasks handle large,
multi-tabular, and heterogeneous datasets representing complexity in real-world scenarios.

• We propose two novel agentic solutions: an Answer Agent with the task-specific agentic assistance
and an Insight Agent that uses a graph-based exploration process to generate diverse insights while
ensuring correctness by incorporating the Answer Agent.

• Comprehensive evaluation of state-of-the-art models reveals a crucial performance gap, as even
top models achieve low accuracy. This underscores the benchmark’s difficulty and its alignment
with actual challenges.

• We provide a detailed qualitative analysis that categorizes common failure points, offering a clear
guide for the community to focus on key areas for model improvement.

2 OVERVIEW OF OPENDATABENCH

OpenDataBench is a new benchmark designed to evaluate tabular reasoning in realistic scenarios.
The data is derived from governmental open data portals (e.g., Data.gov, Data.gov.uk), which host
publicly available datasets from official institutions. Datasets on these portals reflect real-world
complexity, consisting of a single or multiple tables containing a large number of records, and rich
contextual information. This context is provided through metadata, such as textual descriptions of
the dataset, and often supplemented with external knowledge like data dictionaries. The benchmark
is designed to evaluate performance on two core data science tasks: Table QA and Table Insight.

Table QA: This task requires models and agents to answer simple or decomposable questions with
multiple sub-questions. The answers are provided in text or visualizations.
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Benchmark Insight QA Dataset Characteristics
Decomposable QA Visualization Large-table Multiple Tables Metadata External Knowledge

Existing Benchmarks for Table Question and Answering

WTQ (Pasupat & Liang, 2015) ✗ ✗ ✗ ✗ ✗ ✗ ✗
OTT-QA (Chen et al., 2021) ✗ ✗ ✗ ✗ ✓ ✓ ✓
FeTaQA (Nan et al., 2022) ✗ ✗ ✗ ✗ ✗ ✓ ✗
DataBench (Osés Grijalba et al., 2024) ✗ ✗ ✗ ✓ ✗ ✗ ✗
TableBench (Wu et al., 2025b) ✗ ✗ ✓ ✗ ✗ ✗ ✗
MMQA (Wu et al., 2025a) ✗ ✗ ✗ ✗ ✓ ✗ ✗

Existing Benchmarks for Table Insight Generation

InsightBench (Sahu et al., 2025) ✓ ✗ ✗ ✗ ✓ ✗ ✗
MT-RAIG (Seo et al., 2025) ✓ ✗ ✗ ✗ ✓ ✓ ✗

OpenDataBench ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Comparison of existing Table QA and Table Insight benchmarks with respect to task cov-
erage and dataset characteristics.

Table Insight: This task challenges models and agents to perform exploratory analysis, generating
substantive insights directly from the tabular data without an explicit user query.

2.1 BENCHMARK CONSTRUCTION

The construction of OpenDataBench involved a three-stage process as shown in Figure 2: 1) curating
datasets from open data portals through a systematic filtering process, 2) annotating QA pairs via a
human-in-the-loop, and 3) compiling ground-truth insights by leveraging professional reports.

2.1.1 DATA CURATION

Given the vast and decentralized nature of open data available online, a systematic collection and
filtering process was imperative. Our process began by identifying 53 open data platforms with
English as the primary language (a complete list is provided in the Table 5). We downloaded all
available datasets from these platforms and then applied a series of filtering criteria including at least
one of the tabular files covering over 5,000 records and metadata with description to understand the
context of the dataset. A more detailed filtering procedure is outlined in the Appendix B.1.2.

2.1.2 ANNOTATION OF QUESTION AND ANSWER PAIRS

To construct a high-quality, complex, and challenging set of QA pairs at scale while mitigating the
need for resource-intensive manual annotation, we designed a four-stage generation pipeline that
leverages LLMs with human-in-the-loop verification. Inspired by prior work (Wu et al., 2025b), this
approach ensures both diversity and correctness. The procedure is detailed below.

1. Question Generation: The initial stage focused on generating a diverse pool of candidate ques-
tions. To guide the output of the LLM, we first defined eight question types as presented in
Appendix B.2.1. These types encompassed not only simple queries (e.g. Ranking, Aggregation)
shared with existing benchmarks (Wu et al., 2025b;a) but also complex decomposable questions.
The prompt contains the table contents, the title and description of the dataset from the metadata,
external knowledge when available, and the designated question type. Generating diverse and
meaningful questions with LLMs requires providing them with a representative view of the table
contents and value distributions. While prior works mainly focus on smaller datasets such that
the entire table or the first several rows could be embedded into the prompt (Wu et al., 2025b), we
cannot apply similar approaches to tables with millions of records in our benchmark as it exceeds
the limits of LLM context window. To address this challenge, we propose a technique called Fea-
ture type-specific table serialization, which creates a compact yet informative summary of a table
by representing each column according to its data type. For instance, instead of listing all values
in a categorical column, we provide only the set of unique categories. This serialization is a core
component of our workflow, and a detailed description of the logic for various feature types is
presented in Appendix B.2.2. To mitigate model-specific biases in the generated questions, we
employed an ensemble of four high-performance LLMs: GPT-4o, GPT-4o-mini (OpenAI et al.,
2024b), Gemini 2.0 Flash (DeepMind, 2024), and Gemini 1.5 Pro (Team & et al, 2024).

2. Question Scoring: Following generation, the candidate questions underwent an automated scor-
ing and selection phase. Each question was evaluated against four qualitative criteria: relevance
to the dataset, its potential to yield insightful or actionable information, sufficient analytical com-
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Figure 2: Overview of the three-stage construction process of OpenDataBench

plexity with novelty, and clarity expressed in natural language. In an approach to quality filtering,
we tasked each of the four aforementioned LLMs with acting as a judge, selecting its top-5 pre-
ferred questions from the generated pool based on the above criteria for each dataset. A score
from 5 (highest) to 1 (lowest) was assigned to these selections. The scores from all four models
were then aggregated for each question, resulting in a maximum possible score of 20. Based on
this aggregated score, we selected the top-10 questions to proceed to the next stage.

3. Answer Generation: For each of the top-10 questions per dataset, an LLM was prompted to
generate Python code that produces the correct answer. After executing the code from all four
models, we measured the answer consensus to filter out questions that yielded unanimous agree-
ment across all four LLMs. Such instances were deemed to indicate a low level of analytical
complexity (e.g. single column filtering or aggregation), making them unsuitable for a bench-
mark in a real-world setting.

4. Human Verification: The remaining candidate QA pairs were subjected to a human verification
and refinement process. Using a custom-developed annotation GUI as shown in Figure 7, human
annotators with expertise in data analysis reviewed each component. Their tasks included: (1)
revising the natural language question for clarity and precision; (2) validating, debugging, and
refining the Python code for correctness and efficiency; and (3) verifying the final answer derived
from the code. During this stage, annotators also filtered out questions for qualitative reasons,
such as leading to uninformative answers, being too ambiguous to permit a definitive answer,
or requiring external knowledge that was unavailable. This human-in-the-loop process yielded
a curated set of 211 high-quality QA pairs with 178 datasets. Furthermore, all the questions
were rephrased by separating the output format (e.g. bar chart, list of tuples) from the question,
enhancing the naturalness, and paraphrasing the column names mentioned in the questions. As a
final quality control measure, a second group of annotators with much experience in data science,
who were not involved in the initial revision phase, performed a concluding review by using the
different annotation GUI as presented in Figure 8. This step was designed to validate the quality
and logical soundness of the final QA pairs, with a particular focus on ensuring the Python code
was robust and accurately addressed the corresponding question.

After the question scoring stage, we generated a total of 1,840 candidate questions, from which we
curated 211 high-quality QA pairs, requiring 9,246 LLM calls in total. A detailed breakdown of the
reasons for discarding candidate questions is provided in Appendix B.3.

2.1.3 ANNOTATION OF INSIGHT

Establishing a ground truth for insight generation is inherently more complex than for question an-
swering. The subjective nature of what constitutes a meaningful finding makes achieving consensus
difficult, posing a significant challenge for both automated generation and evaluation. To address
this limitation, we adopted official reports that accompany the open datasets. These human-authored
documents contain the key findings and conclusions originally derived by specialists. Our process
involved curating six datasets (Table 8) that included such reports. We then systematically extracted
the principal findings from each document depending on the representation of the key findings in
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Figure 3: Distributions of (a) number of tables per dataset, (b) format of external knowledge, (c)
number of sub-questions, and (d) question types

the report. If the report presents insights as bullet points, we directly treated each bullet point as one
insight. If the report expresses findings in free text, we uploaded the report to NotebookLM (Google,
accessed July 10, 2025) and prompted it to suggest ten insights from the results sections, followed
by the manual verification of the quality of the extracted insights. We then synthesized the extracted
insights into a standardized set of declarative sentences, and converted the set of sentences into a
summary via Gemini 2.5 Flash (Comanici & et al, 2025). The set of insights and the summary
together form the ground-truth corpus for our insight generation task.

2.2 BENCHMARK STATISTICS

Dataset Statistics: A statistical overview of the datasets in OpenDataBench is presented in Table 2.
The benchmark comprises 178 unique datasets, featuring tables with an average of approximately
210K rows and 18 columns. The scale of the data is substantial, with the largest table containing
up to 11.9M rows and 213 columns that exceed those found in most existing table QA benchmarks.
The distribution of original open data websites is presented in Table 7. Figure 3 (a) illustrates the
distribution of tables per dataset; notably, over 36% of the datasets are multi-tabular, with five tables
as the most frequent configuration. Furthermore, as shown in Figure 3 (b), over 57% of the datasets
are accompanied by external knowledge to aid data interpretation, provided in various formats (e.g.
PDF, XLSX). These characteristics—including large, multi-table schemas and the integration of
external knowledge—underscore the alignment with realistic data analysis scenarios.

Table 2: Statistics of datasets & tasks

Properties Value
#Datasets 178
#Average Rows 210K
#Max Rows 11.9M
#Average Columns 18.4
#Max Columns 213

#Datasets for Table QA 173
#Datasets for Table Insight 6
#Simple Questions 95
#Decomposable Questions 116
#Individual Questions 414

Task Statistics: Table 2 provides a statistical summary
of tasks in the benchmark. The Table QA task includes
211 question sets, which are categorized into 95 sim-
ple questions and 116 decomposable questions. When
these decomposable questions are broken down into
their constituent parts, the benchmark contains a total
of 414 individual questions. The distribution of sub-
questions per question set is detailed in Figure 3 (c),
which shows that over 55% of all question sets include
multiple sub-questions. Figure 3 (d) also presents the
distribution of question types. For the Table Insight
task, a curated subset of six datasets, each accompa-
nied by a report from domain experts, is designated
for insight generation evaluation.

3 EXPERIMENTAL SETUP

Our benchmark evaluates performance on two distinct tasks: Table QA and Table Insight. For Table
QA, models receive a user question that specifies the desired output format (text or visualization).
In decomposable questions, the preceding conversational history is also provided. The goal is to
produce a precise textual or visual answer. The Table Insight task challenges models to generate a
list of findings and a summary directly from the given files. Implementation details, including model
configurations, hyperparameters, and settings for fair comparison are available in Appendix C.1.

3.1 EVALUATION COMPARISONS FOR TABLE QA

We evaluate a range of baselines, from general-purpose LLMs to specialized agents.

5
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LLM: We evaluate a diverse set of LLMs to investigate the capability of table reasoning. We selected
open-source models from several categories: general-purpose (Llama 3.1 (Grattafiori et al., 2024),
DeepSeek-R1 (DeepSeek-AI et al., 2025), and Qwen3 (Yang et al., 2025)), code generation-specific
(Devstral (MistralAI, accessed July 10, 2025) and Qwen3-Coder (Qwen, accessed July 22, 2025)),
and table-specific (TableGPT2 (Su et al., 2024)). We also include high-performance closed-source
models, namely GPT-4o (OpenAI et al., 2024b) and Gemini-2.5 Flash (Comanici & et al, 2025).

Answer Agent (Ours): We propose the Answer Agent, designed to robustly generate Python code
for answering questions. The agent is composed of the following components shown in Figure 4 (a).

• Feature type-specific table serialization: This module first processes the raw tables using the table
serialization based on feature types as detailed in Appendix B.2.2. The resulting structured, textual
representation of the data is then utilized as input for the subsequent modules.

• Coding: With the serialized table, metadata, external knowledge, and the input question, this
module generates Python code to produce an answer. It incorporates a self-correction mechanism:
if code execution fails, a subsequent LLM is called to revise the code based on the error message
with up to three revision attempts allowed.

• Reflection: This module addresses cases where successfully executed code produces semantically
incorrect outputs (e.g., a visualization with no data points or calculation resulting in NaN). A
Vision-Language Model (VLM) or Multimodal Large Language Model (MLLM) is employed to
analyze visual outputs, while an LLM analyzes text-based results. If an issue is detected, the
module triggers a revision loop to refine the code logic, and this can be repeated to three times.

We also performed preliminary experiments with the specialized table agents as baselines, including
InfiAgent-DABench (Hu et al., 2024) and tablegpt-agent (Su et al., 2024); however, their perfor-
mance on our benchmark was near-zero due to the complexity of our benchmark, so they were
excluded from the final comparison.

3.2 EVALUATION COMPARISONS FOR TABLE INSIGHT

For the Table Insight task, we evaluate the following baseline agents. We employ only closed-source
LLMs in these agents, given the relatively low performance of open-source models on Table QA.

AgentPoirot (Sahu et al., 2025): This agent is designed for goal-oriented insight generation. It
operates by first extracting the data schema and then generating a set of high-level questions. For
each question, it generates an answer, interprets it, and recursively poses follow-up questions to dive
deeper, and finally summarizes the obtained insights. This process follows a tree-like exploration
structure (Figure 9 (a)), where each branch represents a deep dive into a specific analytical path.

Insight Agent (Ours): We propose the Insight Agent shown in Figure 4 (b), a novel framework
that iteratively generates questions, produces answers, and derive insights. The agent begins by
generating the fixed number of high-level questions, which are then processed by our Answer Agent
to obtain correct answers. Insights are subsequently synthesized from multiple QA pairs. These
initial insights then seed the generation of new follow-up questions by combining multiple insights,
continuing the cycle, ending by the summarization. Unlike AgentPoirot’s tree-structured approach,
the Insight Agent employs a directed acyclic graph (DAG)-based approach as explained in Figure 9
(b), as the generation of new questions and insights selects and aggregates the context from all
previously generated information instead of single insight or QA pair in the previous depth, as
explained in Appendix C.2.
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3.3 EVALUATION METRICS

To assess the performance of agents and LLMs on our benchmark, we compare their outputs against
the ground-truth references. Distinct evaluation protocols are employed for Table QA and Table
Insight tasks.

Table QA: The QA task is evaluated on accuracy under two settings: Whole, where all sub-questions
in a decomposable question must be correct, and Individual, which measures sub-question-level
accuracy. Correctness is determined by the modality of the answer. Text-based answers are judged
by Exact Match (EM). Visualizations are evaluated using an MLLM-as-a-judge protocol, where four
MLLMs (GPT-4o, GPT-4o-mini, Gemini 2.5 Flash, and Gemini 2.5 Pro (Comanici & et al, 2025))
assess the semantic equivalence between the predicted and ground-truth outputs. The judges are
provided both the rendered images and their source code, and a prediction is deemed correct upon a
majority consensus, requiring positive assessments from at least three of the four models.

Table Insight: To evaluate the quality of generated insights, we adopt the methodology from Insight-
Bench (Sahu et al., 2025) computing LLaMA-3-Eval scores. We employ GPT-4o as the evaluator
by replacing LLaMA3-70b (Grattafiori et al., 2024). The evaluation is conducted at two levels of
granularity:

• Summary-level Score: This metric assesses the holistic quality of the entire set of generated in-
sights by comparing it against the complete ground-truth summary.

• Insight-level Score: This metric provides a more fine-grained analysis. It measures the semantic
alignment between each individual ground-truth insight and the most relevant insight from the
predicted set, with the final score being the average of these individual comparisons.

3.4 IMPLEMENTATION DETAILS

The proposed Answer Agent requires a VLM or a MLLM within its Reflection Module to validate
visual outputs. For experiments involving closed-source models, we utilized their native multimodal
capabilities across all modules. For the open-source agent configurations, we paired various LLMs
with a specialized VLM, Chart-R1-7B (Chen et al., 2025). For the Table Insight task, each experi-
ment was executed five times per model, and the scores were averaged across these runs to ensure
the stability of our result. All results were obtained with the model temperature set to 0.0 to promote
deterministic output. The other details about LLM configurations and hyperparameters are available
in Appendix C.1.

4 EVALUATION RESULTS

4.1 META EVALUATION OF TABLE INSIGHT

We conducted a meta evaluation to assess the validity of the evaluation metrics for Table Insight.
We sampled 50 pairs of generated insights (Insight A and Insight B) for each ground-truth insight
and asked three independent annotators to assess which of the two was closer to the ground truth.
Annotators selected one of five relative options: A+ (A is definitely better), A (A is slightly better),
N (A and B are comparable), B (B is slightly better), or B+ (B is definitely better). Each option
was mapped to a normalized score in [-2, -1, 0, 1, 2]. The final human-judgment score for each
pair was obtained by averaging the three annotators’ scores. In parallel, we computed a metric-
derived score based on the difference between the insight-level scores of B and A. We then quantified
the agreement between human judgments and the metric-derived scores using both Pearson and
Spearman correlations, which yielded coefficients of 0.669 and 0.663, respectively. These results
indicate a solid alignment between the proposed metric and human judgments, providing empirical
support for the reliability of our evaluation methodology for the Table Insight task.

4.2 QUANTITATIVE EVALUATION RESULTS

The main results for the Table QA and Table Insight tasks are presented in Table 3, where w/o
Answer Agent means that the LLM is executed to generate the Python codes once based on the first
10 rows of the tables instead of the specific serialization. For the Table QA task, our Answer Agent

7
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consistently outperforms the base LLMs. With Gemini 2.5 Flash, for instance, it achieves relative
improvements of approximately 27% in the Whole setting and 25% in the Individual setting. This
suggests that a structured agentic framework is crucial, as standalone LLM reasoning is insufficient
for such complex tasks. Despite these gains, the top absolute score in the Whole setting remains
below 0.4, highlighting the difficulty of the benchmark. Among the open-source models, Qwen3-
30B achieves the highest score in the Whole setting, while Devstral-small performs best in the
Individual setting. However, their performance still lags behind that of the closed-source models.
Notably, TableGPT2-7B, a model specialized for tabular data, scores below 0.1 even when paired
with our Answer Agent.

In the Table Insight task, our Insight Agent outperforms the AgentPoirot baseline, achieving rela-
tive improvements of 11% (insight-level) and 13% (summary-level) with Gemini 2.5 Flash. This
superiority holds at the dataset level (Table 10), where our agent wins on a majority of datasets
for both insight-level (5 out of 6) and summary-level (4 out of 6) scores. However, the absolute
scores remain low even with the top-performing model, indicating substantial challenges remain in
automated insight generation.

4.3 QUALITATIVE ANALYSIS

4.3.1 ERROR ANALYSIS OF TABLE QA

We conducted an error analysis on the incorrect answers (the Individual setting) from Gemini 2.5
Flash with Answer Agent, with the results categorized in Figure 5.

The most prevalent issue, Condition Filter Error (32.4%), occurs when the model fails to apply
implicit conditions not explicitly stated in the question. A common example involves datasets with
aggregated and disaggregated data (e.g., population counts for ‘male’, ‘female’, and ‘total’); models
often fail to apply appropriate filters to avoid double-counting, leading to incorrect calculations. The
second most frequent category is Transformation Error (23.2%), which involves failures in data
wrangling and type conversion. Common mistakes include parsing-related failures various datetime
formats (e.g. day-first format) by using pandas.to_datetime method or neglecting to convert
numerical strings (e.g., ”1,234,567”) into integer or float types. To mitigate these errors, the more
comprehensive yet efficient view of tables (e.g. exploratory data analysis results) is required in
addition to the feature type-based representations for future work. Additionally, integrating SQL-
based operations into the code generation process would be beneficial because SQL offers strong
capabilities for structured data manipulation, while Python remains more flexible for tasks such as
visualization and advanced statistical analysis.

Condition filter error

32.4%
Transformation error

23.2%

Output format error

13.0%

Context handling error

8.7%

Syntax error

7.7%
Visualization error

6.8% Wrong choice of tables
4.3% Misunderstanding external knowledge3.9%

Figure 5: Error distribution with Answer Agent

Errors also arise from the inherent complex-
ity of the tasks. Context Handling Errors
(8.7%) occur in decomposable questions where
the model incorrectly uses the output from a
flawed previous turn though the generated logic
is correct in most cases. Visualization Errors
(6.8%) typically involve incorrect axis ranges,
such as a timeline that does not match the pe-
riod specified in the question. Finally, the
complexity of the benchmark’s data structure
leads to specific errors. These include Wrong
Choice of Tables (4.3%) in multi-table scenarios. This error occurs when the generated code fails
to select the correct table from a multi-table dataset based on information provided in the metadata.
For example, a dataset may contain separate tables for annual statistics, with the year covered by
each table specified only in the metadata. An error arises if a question pertains to a specific year,
but the model fails to refer to the metadata and consequently queries the wrong table. Misunder-
standing External Knowledge (3.9%), where the model fails to correctly apply information from
provided data dictionaries to interpret the data.
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LLM Table QA Table Insight
w/o Answer Agent w/ Answer Agent AgentPoirot Insight Agent
Whole Individual Whole Individual Insight Summary Insight Summary

Closed-source LLMs
Gemini 2.5 Flash 0.310 0.401 0.393 0.502 0.283 0.359 0.315 0.405
GPT-4o 0.242 0.333 0.270 0.391 0.292 0.345 0.319 0.399

Open-source LLMs
Qwen3-30B 0.134 0.216 0.199 0.309
Qwen3-Coder-30B 0.123 0.191 0.186 0.280
Devstral-Small 0.152 0.221 0.186 0.316
DeepSeek-R1-14B 0.038 0.061 0.095 0.140
Llama3.1-8B 0.019 0.017 0.019 0.034
TableGPT2-7B 0.057 0.088 0.066 0.109

Table 3: Main results of Table QA and Table Insight with LLMs and specific agents. w/o Answer
Agent is without the agentic support.

4.3.2 FINE-GRAINED ANALYSIS OF TABLE INSIGHT

While the evaluation metrics provides a single value to measure the alignment between predicted and
target insights, we conduct a more fine-grained analysis to understand specific model capabilities.
We decompose the evaluation into four distinct perspectives: Topic Relevance (Does the predicted
insight address the same topic as the target?), Narrative Alignment (Does the prediction make the
same core argument or conclusion as the target?), Qualitative Details Match (Does the prediction
mention the same specific names or entities as the target?), and Quantitative Details Match (Does
the prediction mention the same specific quantitative values as the target?). For each of the 280
pairs 1, we prompted GPT-4o to score the prediction on each perspective using a 1–5 scale. The
score distributions for both Insight Agent and AgentPoirot are presented in Figure 6.

The results show that both agents perform relatively well on Topic Relevance, the highest-level
criterion. However, for Qualitative Details Match and Narrative Alignment, both agents struggle
to achieve high scores, though our Insight Agent outperforms AgentPoirot in these scores. This
indicates our agent is more capable of drawing correct conclusions and referencing specific entities,
a finding supported by the qualitative examples in Table 13. Finally, both agents fail on Quantitative
Details Match, with none of the predicted insights scoring 3 or higher. This highlights an essential
area for future work: improving the ability of agents to accurately calculate and present specific
numerical values in their generated insights.

4.4 ABLATION STUDY

Table 4: Ablation Study of Answer Agent

Settings Gemini 2.5 Flash GPT-4o
Baseline 0.310 0.242
+ Schema 0.308 0.244
+ Schema + More number of rows 0.275 0.232
+ Serialization 0.360 0.257
+ Serialization + Reflection 0.379 0.267
+ Serialization + Reflection + Self-correction (Answer Agent) 0.393 0.270

To assess the contribution
of each Answer Agent mod-
ule, we conducted an ablation
study against a naive baseline
using the first 10 table rows
(Table 4) for the Python code
generation. Adding the table
schema consisting of column
names, data types, and statis-
tics on missing and unique
values does not affect the performance. We further increased the number of provided rows whose
number was increased up to a maximum of 200, adjusted as needed to fit within the LLM context
window. The performance degraded noticeably, suggesting that LLMs struggle to identify the key
information needed for correct solution construction when faced with a larger pool of numerical or
textual entries, compared to the first 10 rows. In contrast, the proposed feature type-specific serial-
ization led to substantial gains over the baseline by providing a compact and reliable representation
of the table that avoids the baseline’s tendency to rely on guessed values. Adding the Reflection
module further improved performance across models by enabling the system to capture implicit
constraints and infer missing reasoning steps.

15 executions × 56 GT insights (10 per 5 datasets, 6 for 1 dataset)

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

1 2 3 4 5
Topic Relevance Score

0

50

100

150

200

250

Fr
eq

ue
nc

y

Topic Relevance
Insight Agent
AgentPoirot

1 2 3 4 5
Narrative Alignment Score

0

50

100

150

200

250

Fr
eq

ue
nc

y

Narrative Alignment
Insight Agent
AgentPoirot

1 2 3 4 5
Qualitative Details Match Score

0

50

100

150

200

250

Fr
eq

ue
nc

y

Qualitative Details Match
Insight Agent
AgentPoirot

1 2 3 4 5
Quantitative Details Match Score

0

50

100

150

200

250

Fr
eq

ue
nc

y

Quantitative Details Match
Insight Agent
AgentPoirot

Figure 6: Comparison of insight perspective distributions between Insight Agent and AgentPoirot.

5 RELATED WORKS

Benchmarks for Table Question and Answering. Research in table-based question answering
has been largely driven by a series of influential benchmarks. Early work such as WikiTableQues-
tions (Pasupat & Liang, 2015) established the task of answering natural language questions over
Wikipedia tables. While foundational, this benchmark is limited to single tables and relatively sim-
ple questions. Although benchmarks like HybridQA (Chen et al., 2020), FeTaQA (Nan et al., 2022),
and OTT-QA (Chen et al., 2021) introduced tasks requiring more complicated reasoning, they still
focus on small-scale Wikipedia tables. The subsequent development of text-to-SQL benchmarks
marked a significant leap in complexity. Spider (Yu et al., 2018) and BIRD (Li et al., 2023) became
the standards requiring models to generate complex SQL queries. More recently, developments in
LLMs have enabled models to generate coherent Python code, leading to the construction of bench-
marks that assess data analysis capabilities (Wu et al., 2025b; Hu et al., 2024; Osés Grijalba et al.,
2024). While these benchmarks were instrumental in advancing table reasoning capabilities, they
do not comprehensively capture the challenges of real-world data analysis. The datasets are typi-
cally well-structured and moderate in scale. They often lack key practical characteristics, such as
rich metadata and supplementary external knowledge. Furthermore, many do not address the large
multi-tabular datasets. OpenDataBench comprehensively targets these limitations by incorporating
all of these features: large tables, multi-table schemas, metadata, and extenral knowledge.

Benchmarks for Table Insight Generation. Automated insight generation is a nascent and chal-
lenging area to benchmark, as the subjective nature of an ”insight” complicates objective evalu-
ation (Zhang & Elhamod, 2025; Majumder et al., 2024). Recent work like InsightBench (Sahu
et al., 2025) has advanced this area by using LLM-based evaluation to score findings from table data
with small variations (ServiceNow tables). However, this approach has limitations: its underlying
datasets lack the diversity and actual scale of public data, and its proposed agent, AgentPoirot, em-
ploys a tree-based exploration without the reflection component, which can constrain the diversity
and correctness of its findings. In contrast, OpenDataBench provides a benchmark with diverse and
large-scale tables. Furthermore, our proposed agent architecture is explicitly designed to improve
correctness and diversity through integrated verification modules and a more flexible DAG-based
exploration process.

6 CONCLUSION

To address the critical lack of realism in existing benchmarks, we introduced OpenDataBench, a
new benchmark built from open data. It features large, multi-tabular datasets, and incorporates ex-
ternal knowledge, and formalizes two key tasks: complex Question Answering (with decomposable
questions and visualizations) and a novel Insight Generation task grounded in reports by domain
specialists. Our extensive evaluation reveals that even state-of-the-art models struggle with low QA
accuracy. While our proposed Answer Agent and Insight Agent improve upon baselines, their per-
formance still highlights the difficulty of these tasks. A detailed qualitative analysis provides a clear
roadmap for future research. Future efforts should focus on both addressing these identified issues
and efficiently scaling the benchmark’s size to ensure more robust evaluations. We believe Open-
DataBench will serve as a catalyst steering research toward building more robust agents capable of
handling real-world data complexities.
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REPRODUCIBILITY STATEMENT

We provide code, sampled datasets, and software dependencies in the anonymous GitHub repository.
Implementation details (infrastructure, hyperparameters, LLM models, and fair-comparison set-
tings) and evaluation protocols are described in Section 3, Appendix C.1 and source codes. Prompts
for benchmark construction and agents are provided in Appendix E. The benchmark construction
procedure and list of data sources are given in Section 2.1 and Appendix B.
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Kryściński, Hailey Schoelkopf, Riley Kong, Xiangru Tang, Mutethia Mutuma, Ben Rosand, Is-
abel Trindade, Renusree Bandaru, Jacob Cunningham, Caiming Xiong, Dragomir Radev, and
Dragomir Radev. FeTaQA: Free-form table question answering. Transactions of the Associa-
tion for Computational Linguistics, 10:35–49, 2022. URL https://aclanthology.org/
2022.tacl-1.3/.

OpenAI, Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Floren-
cia Leoni Aleman, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, Red
Avila, Igor Babuschkin, Suchir Balaji, Valerie Balcom, Paul Baltescu, Haiming Bao, Moham-
mad Bavarian, Jeff Belgum, Irwan Bello, Jake Berdine, Gabriel Bernadett-Shapiro, Christopher
Berner, Lenny Bogdonoff, Oleg Boiko, Madelaine Boyd, Anna-Luisa Brakman, Greg Brock-
man, Tim Brooks, Miles Brundage, Kevin Button, Trevor Cai, Rosie Campbell, Andrew Cann,
Brittany Carey, Chelsea Carlson, Rory Carmichael, Brooke Chan, Che Chang, Fotis Chantzis,
Derek Chen, Sully Chen, Ruby Chen, Jason Chen, Mark Chen, Ben Chess, Chester Cho, Casey
Chu, Hyung Won Chung, Dave Cummings, Jeremiah Currier, Yunxing Dai, Cory Decareaux,
Thomas Degry, Noah Deutsch, Damien Deville, Arka Dhar, David Dohan, Steve Dowling, Sheila
Dunning, Adrien Ecoffet, Atty Eleti, Tyna Eloundou, David Farhi, Liam Fedus, Niko Felix,
Simón Posada Fishman, Juston Forte, Isabella Fulford, Leo Gao, Elie Georges, Christian Gib-
son, Vik Goel, Tarun Gogineni, Gabriel Goh, Rapha Gontijo-Lopes, Jonathan Gordon, Morgan
Grafstein, Scott Gray, Ryan Greene, Joshua Gross, Shixiang Shane Gu, Yufei Guo, Chris Hal-
lacy, Jesse Han, Jeff Harris, Yuchen He, Mike Heaton, Johannes Heidecke, Chris Hesse, Alan
Hickey, Wade Hickey, Peter Hoeschele, Brandon Houghton, Kenny Hsu, Shengli Hu, Xin Hu,
Joost Huizinga, Shantanu Jain, Shawn Jain, Joanne Jang, Angela Jiang, Roger Jiang, Haozhun
Jin, Denny Jin, Shino Jomoto, Billie Jonn, Heewoo Jun, Tomer Kaftan, Łukasz Kaiser, Ali Ka-
mali, Ingmar Kanitscheider, Nitish Shirish Keskar, Tabarak Khan, Logan Kilpatrick, Jong Wook
Kim, Christina Kim, Yongjik Kim, Jan Hendrik Kirchner, Jamie Kiros, Matt Knight, Daniel
Kokotajlo, Łukasz Kondraciuk, Andrew Kondrich, Aris Konstantinidis, Kyle Kosic, Gretchen
Krueger, Vishal Kuo, Michael Lampe, Ikai Lan, Teddy Lee, Jan Leike, Jade Leung, Daniel
Levy, Chak Ming Li, Rachel Lim, Molly Lin, Stephanie Lin, Mateusz Litwin, Theresa Lopez,
Ryan Lowe, Patricia Lue, Anna Makanju, Kim Malfacini, Sam Manning, Todor Markov, Yaniv
Markovski, Bianca Martin, Katie Mayer, Andrew Mayne, Bob McGrew, Scott Mayer McKinney,
Christine McLeavey, Paul McMillan, Jake McNeil, David Medina, Aalok Mehta, Jacob Menick,
Luke Metz, Andrey Mishchenko, Pamela Mishkin, Vinnie Monaco, Evan Morikawa, Daniel
Mossing, Tong Mu, Mira Murati, Oleg Murk, David Mély, Ashvin Nair, Reiichiro Nakano, Ra-
jeev Nayak, Arvind Neelakantan, Richard Ngo, Hyeonwoo Noh, Long Ouyang, Cullen O’Keefe,
Jakub Pachocki, Alex Paino, Joe Palermo, Ashley Pantuliano, Giambattista Parascandolo, Joel
Parish, Emy Parparita, Alex Passos, Mikhail Pavlov, Andrew Peng, Adam Perelman, Filipe
de Avila Belbute Peres, Michael Petrov, Henrique Ponde de Oliveira Pinto, Michael, Pokorny,
Michelle Pokrass, Vitchyr H. Pong, Tolly Powell, Alethea Power, Boris Power, Elizabeth Proehl,
Raul Puri, Alec Radford, Jack Rae, Aditya Ramesh, Cameron Raymond, Francis Real, Kendra
Rimbach, Carl Ross, Bob Rotsted, Henri Roussez, Nick Ryder, Mario Saltarelli, Ted Sanders,
Shibani Santurkar, Girish Sastry, Heather Schmidt, David Schnurr, John Schulman, Daniel Sel-
sam, Kyla Sheppard, Toki Sherbakov, Jessica Shieh, Sarah Shoker, Pranav Shyam, Szymon Sidor,
Eric Sigler, Maddie Simens, Jordan Sitkin, Katarina Slama, Ian Sohl, Benjamin Sokolowsky,
Yang Song, Natalie Staudacher, Felipe Petroski Such, Natalie Summers, Ilya Sutskever, Jie Tang,
Nikolas Tezak, Madeleine B. Thompson, Phil Tillet, Amin Tootoonchian, Elizabeth Tseng, Pre-
ston Tuggle, Nick Turley, Jerry Tworek, Juan Felipe Cerón Uribe, Andrea Vallone, Arun Vi-
jayvergiya, Chelsea Voss, Carroll Wainwright, Justin Jay Wang, Alvin Wang, Ben Wang, Jonathan
Ward, Jason Wei, CJ Weinmann, Akila Welihinda, Peter Welinder, Jiayi Weng, Lilian Weng,
Matt Wiethoff, Dave Willner, Clemens Winter, Samuel Wolrich, Hannah Wong, Lauren Work-
man, Sherwin Wu, Jeff Wu, Michael Wu, Kai Xiao, Tao Xu, Sarah Yoo, Kevin Yu, Qiming
Yuan, Wojciech Zaremba, Rowan Zellers, Chong Zhang, Marvin Zhang, Shengjia Zhao, Tianhao
Zheng, Juntang Zhuang, William Zhuk, and Barret Zoph. Gpt-4 technical report, 2024a. URL
https://arxiv.org/abs/2303.08774.

OpenAI, Aaron Hurst, Adam Lerer, Adam P. Goucher, Adam Perelman, Aditya Ramesh, Aidan
Clark, AJ Ostrow, Akila Welihinda, Alan Hayes, Alec Radford, Aleksander Madry, Alex Baker-
Whitcomb, Alex Beutel, Alex Borzunov, Alex Carney, Alex Chow, Alex Kirillov, Alex Nichol,

14

https://aclanthology.org/2022.tacl-1.3/
https://aclanthology.org/2022.tacl-1.3/
https://arxiv.org/abs/2303.08774


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Alex Paino, Alex Renzin, Alex Tachard Passos, Alexander Kirillov, Alexi Christakis, Alexis Con-
neau, Ali Kamali, Allan Jabri, Allison Moyer, Allison Tam, Amadou Crookes, Amin Tootoochian,
Amin Tootoonchian, Ananya Kumar, Andrea Vallone, Andrej Karpathy, Andrew Braunstein,
Andrew Cann, Andrew Codispoti, Andrew Galu, Andrew Kondrich, Andrew Tulloch, Andrey
Mishchenko, Angela Baek, Angela Jiang, Antoine Pelisse, Antonia Woodford, Anuj Gosalia,
Arka Dhar, Ashley Pantuliano, Avi Nayak, Avital Oliver, Barret Zoph, Behrooz Ghorbani, Ben
Leimberger, Ben Rossen, Ben Sokolowsky, Ben Wang, Benjamin Zweig, Beth Hoover, Blake
Samic, Bob McGrew, Bobby Spero, Bogo Giertler, Bowen Cheng, Brad Lightcap, Brandon
Walkin, Brendan Quinn, Brian Guarraci, Brian Hsu, Bright Kellogg, Brydon Eastman, Camillo
Lugaresi, Carroll Wainwright, Cary Bassin, Cary Hudson, Casey Chu, Chad Nelson, Chak Li,
Chan Jun Shern, Channing Conger, Charlotte Barette, Chelsea Voss, Chen Ding, Cheng Lu,
Chong Zhang, Chris Beaumont, Chris Hallacy, Chris Koch, Christian Gibson, Christina Kim,
Christine Choi, Christine McLeavey, Christopher Hesse, Claudia Fischer, Clemens Winter, Coley
Czarnecki, Colin Jarvis, Colin Wei, Constantin Koumouzelis, Dane Sherburn, Daniel Kappler,
Daniel Levin, Daniel Levy, David Carr, David Farhi, David Mely, David Robinson, David Sasaki,
Denny Jin, Dev Valladares, Dimitris Tsipras, Doug Li, Duc Phong Nguyen, Duncan Findlay,
Edede Oiwoh, Edmund Wong, Ehsan Asdar, Elizabeth Proehl, Elizabeth Yang, Eric Antonow,
Eric Kramer, Eric Peterson, Eric Sigler, Eric Wallace, Eugene Brevdo, Evan Mays, Farzad Kho-
rasani, Felipe Petroski Such, Filippo Raso, Francis Zhang, Fred von Lohmann, Freddie Sulit,
Gabriel Goh, Gene Oden, Geoff Salmon, Giulio Starace, Greg Brockman, Hadi Salman, Haiming
Bao, Haitang Hu, Hannah Wong, Haoyu Wang, Heather Schmidt, Heather Whitney, Heewoo Jun,
Hendrik Kirchner, Henrique Ponde de Oliveira Pinto, Hongyu Ren, Huiwen Chang, Hyung Won
Chung, Ian Kivlichan, Ian O’Connell, Ian O’Connell, Ian Osband, Ian Silber, Ian Sohl, Ibrahim
Okuyucu, Ikai Lan, Ilya Kostrikov, Ilya Sutskever, Ingmar Kanitscheider, Ishaan Gulrajani, Ja-
cob Coxon, Jacob Menick, Jakub Pachocki, James Aung, James Betker, James Crooks, James
Lennon, Jamie Kiros, Jan Leike, Jane Park, Jason Kwon, Jason Phang, Jason Teplitz, Jason Wei,
Jason Wolfe, Jay Chen, Jeff Harris, Jenia Varavva, Jessica Gan Lee, Jessica Shieh, Ji Lin, Jiahui
Yu, Jiayi Weng, Jie Tang, Jieqi Yu, Joanne Jang, Joaquin Quinonero Candela, Joe Beutler, Joe
Landers, Joel Parish, Johannes Heidecke, John Schulman, Jonathan Lachman, Jonathan McKay,
Jonathan Uesato, Jonathan Ward, Jong Wook Kim, Joost Huizinga, Jordan Sitkin, Jos Kraaijeveld,
Josh Gross, Josh Kaplan, Josh Snyder, Joshua Achiam, Joy Jiao, Joyce Lee, Juntang Zhuang,
Justyn Harriman, Kai Fricke, Kai Hayashi, Karan Singhal, Katy Shi, Kavin Karthik, Kayla Wood,
Kendra Rimbach, Kenny Hsu, Kenny Nguyen, Keren Gu-Lemberg, Kevin Button, Kevin Liu, Kiel
Howe, Krithika Muthukumar, Kyle Luther, Lama Ahmad, Larry Kai, Lauren Itow, Lauren Work-
man, Leher Pathak, Leo Chen, Li Jing, Lia Guy, Liam Fedus, Liang Zhou, Lien Mamitsuka,
Lilian Weng, Lindsay McCallum, Lindsey Held, Long Ouyang, Louis Feuvrier, Lu Zhang, Lukas
Kondraciuk, Lukasz Kaiser, Luke Hewitt, Luke Metz, Lyric Doshi, Mada Aflak, Maddie Simens,
Madelaine Boyd, Madeleine Thompson, Marat Dukhan, Mark Chen, Mark Gray, Mark Hudnall,
Marvin Zhang, Marwan Aljubeh, Mateusz Litwin, Matthew Zeng, Max Johnson, Maya Shetty,
Mayank Gupta, Meghan Shah, Mehmet Yatbaz, Meng Jia Yang, Mengchao Zhong, Mia Glaese,
Mianna Chen, Michael Janner, Michael Lampe, Michael Petrov, Michael Wu, Michele Wang,
Michelle Fradin, Michelle Pokrass, Miguel Castro, Miguel Oom Temudo de Castro, Mikhail
Pavlov, Miles Brundage, Miles Wang, Minal Khan, Mira Murati, Mo Bavarian, Molly Lin, Murat
Yesildal, Nacho Soto, Natalia Gimelshein, Natalie Cone, Natalie Staudacher, Natalie Summers,
Natan LaFontaine, Neil Chowdhury, Nick Ryder, Nick Stathas, Nick Turley, Nik Tezak, Niko Fe-
lix, Nithanth Kudige, Nitish Keskar, Noah Deutsch, Noel Bundick, Nora Puckett, Ofir Nachum,
Ola Okelola, Oleg Boiko, Oleg Murk, Oliver Jaffe, Olivia Watkins, Olivier Godement, Owen
Campbell-Moore, Patrick Chao, Paul McMillan, Pavel Belov, Peng Su, Peter Bak, Peter Bakkum,
Peter Deng, Peter Dolan, Peter Hoeschele, Peter Welinder, Phil Tillet, Philip Pronin, Philippe
Tillet, Prafulla Dhariwal, Qiming Yuan, Rachel Dias, Rachel Lim, Rahul Arora, Rajan Troll, Ran-
dall Lin, Rapha Gontijo Lopes, Raul Puri, Reah Miyara, Reimar Leike, Renaud Gaubert, Reza
Zamani, Ricky Wang, Rob Donnelly, Rob Honsby, Rocky Smith, Rohan Sahai, Rohit Ramchan-
dani, Romain Huet, Rory Carmichael, Rowan Zellers, Roy Chen, Ruby Chen, Ruslan Nigmat-
ullin, Ryan Cheu, Saachi Jain, Sam Altman, Sam Schoenholz, Sam Toizer, Samuel Miserendino,
Sandhini Agarwal, Sara Culver, Scott Ethersmith, Scott Gray, Sean Grove, Sean Metzger, Shamez
Hermani, Shantanu Jain, Shengjia Zhao, Sherwin Wu, Shino Jomoto, Shirong Wu, Shuaiqi, Xia,
Sonia Phene, Spencer Papay, Srinivas Narayanan, Steve Coffey, Steve Lee, Stewart Hall, Suchir
Balaji, Tal Broda, Tal Stramer, Tao Xu, Tarun Gogineni, Taya Christianson, Ted Sanders, Tejal
Patwardhan, Thomas Cunninghman, Thomas Degry, Thomas Dimson, Thomas Raoux, Thomas

15



810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2026

Shadwell, Tianhao Zheng, Todd Underwood, Todor Markov, Toki Sherbakov, Tom Rubin, Tom
Stasi, Tomer Kaftan, Tristan Heywood, Troy Peterson, Tyce Walters, Tyna Eloundou, Valerie Qi,
Veit Moeller, Vinnie Monaco, Vishal Kuo, Vlad Fomenko, Wayne Chang, Weiyi Zheng, Wenda
Zhou, Wesam Manassra, Will Sheu, Wojciech Zaremba, Yash Patil, Yilei Qian, Yongjik Kim,
Youlong Cheng, Yu Zhang, Yuchen He, Yuchen Zhang, Yujia Jin, Yunxing Dai, and Yury Malkov.
Gpt-4o system card, 2024b. URL https://arxiv.org/abs/2410.21276.
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A USE OF LARGE LANGUAGE MODELS

We used Large Language Model (LLM) for the grammar correction and the words refinement to
enhance the quality of the paper.

B BENCHMARK CONSTRUCTION

The complete benchmark will be publicly released with the camera-ready version.

B.1 DATA CURATION

B.1.1 DATA COLLECTION

Table 5 lists 53 websites, from which we downloaded all datasets along with their metadata via APIs
(e.g., CKAN API 2).

B.1.2 DATA FILTERING

All downloaded datasets were subjected to a rigorous filtering and curation process to select those
most suitable for real-world data analytics tasks. This process involved three main stages: dataset
filtering, external knowledge identification, and metadata standardization. First, data filtering is
conducted based on the following conditions:

• The dataset had to contain at least one CSV file that was correctly formatted and readable by the
pandas.read_csv method. Files that were HTML or XML in content despite having a .csv
suffix were excluded.

• At least one CSV file within the dataset was required to have more than 5,000 rows. Additionally,
tables with five or more blankc columns were discarded.

• Each dataset needed to be accompanied by a textual description. The license was also required to
permit redistribution; for datasets from Data.gov where the license was often unspecified in the
metadata, we performed manual verification on the source webpage.

• ArcGIS-based datasets, which are primarily geospatial, were excluded from our analysis.

Following the filtering stage, we systematically searched for external knowledge (e.g., data dictio-
naries) within each dataset using a set of heuristic rules:

• First, an automated search was performed for files with names containing ”data dictionary” or
”datadictionary”.

• Next, a platform-specific rule was applied for Data.gov datasets. We observed that when a JSON
file is provided alongside CSV, XML, and RDF files, it often contains column-level descriptions.
In such cases, the JSON file was designated as external knowledge.

• If these automated heuristics failed, we performed a manual inspection of the dataset’s contents to
locate any other supplementary documentation that could serve as a data dictionary.

Finally, the original metadata for each curated dataset was processed and standardized. This step
created a concise metadata format specific to our benchmark by removing redundant or irrelevant
information from the source. The following is an example of the specific metadata from Indiana
Arrest Data of Indiana Data Hub.

Converted Metadata
"identifier": "d39f6598-efbb-40a7-a694-6a9b8d2dc2dc"
"dataset_title": "INDIANA ARREST DATA"

2https://github.com/ckan/ckanapi
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"dataset_description": "This dataset is the underlying data of the
Indiana Arrests Dashboard which displays counts of individuals
arrested, arrests, charges by offense category, dispositions, country
and time period in Indiana beginning in 2008 through the present

year. \r\n\r\nArrest data comes from the Criminal History Repository
System (CHRIS). Data feeding into the CHRIS system comes from three
main sources. Arrest data comes from the LiveScan system, which is
used for fingerprinting and capturing other pertinent information at
the time of the arrest. Criminal disposition data are maintained by
prosecutors in ProsLink system, and by the courts in the Odyssey
system. \r\n\r\nData Notes:\r\n\r\n1. Arrest data are sent to ISP
soon after the arrest occurs, but disposition data have a lag of
approximately seven months as the case makes its way through the
legal system. \r\n\r\n2. Text descriptions of the original offenses
are provided by the arresting officer when the offender is arrested.
Later, the prosecutor's office or court provides a text description
of the filed offense, along with the Indiana Code title, article,
chapter, and section (e.g.35-48-4-6). The filed offense may be
amended later. \r\n\r\n3. Arrest County is determined by the location
of the booking agency. If the booking agency is missing, then the

arresting agency is used. \r\n\r\n4. The count of individuals/arrests
/charges by offense category can add up to more than the grand total
because one individual/arrest/charge can fall into multiple
categories (e.g. DUI is counted in the \"Drug\" and \"Traffic\"
categories. \r\n\r\n5. Arrest categories and subcategories are
determined based on keywords found in a free text description of the
offense. About 7% of offenses have a description that has not yet
been categorized."

"publisher": "Indiana State Police"
"landingPage": "Indiana State Police"
"license": "Creative Commons Attribution"
"distribution": [{"file_name": "data9.csv",

"file_title": "ARREST DATA 2022 Q3",
"file_description": null,
"downloadURL": "https://hub.mph.in.gov/dataset/d39f6598-efbb

-40a7-a694-6a9b8d2dc2dc/resource/00cd698d-e26b-458a-861b
-4c355b77ab20/download/isp_arrest_data_2022_q3.csv",

"accessURL": "https://hub.mph.in.gov/dataset/d39f6598-efbb
-40a7-a694-6a9b8d2dc2dc/resource/00cd698d-e26b-458a-861b
-4c355b77ab20/download/isp_arrest_data_2022_q3.csv"},

{"file_name": "data37.csv",
"file_title": "ARREST DATA 2015 Q3",
"file_description": null,
"downloadURL": "https://hub.mph.in.gov/dataset/d39f6598-efbb

-40a7-a694-6a9b8d2dc2dc/resource/8b2b54fe-363a-46f7-9c3b
-197cce01616f/download/isp_arrest_data_2015_q3.csv",

"accessURL": "https://hub.mph.in.gov/dataset/d39f6598-efbb
-40a7-a694-6a9b8d2dc2dc/resource/8b2b54fe-363a-46f7-9c3b
-197cce01616f/download/isp_arrest_data_2015_q3.csv"},

{"file_name": "data20.csv",
"file_title": "ARREST DATA 2019 Q4",
"file_description": null,
"downloadURL": "https://hub.mph.in.gov/dataset/d39f6598-efbb

-40a7-a694-6a9b8d2dc2dc/resource/bd011a33-0652-4ad7-8d90
-6c1019d6385c/download/isp_arrest_data_2019_q4.csv",

"accessURL": "https://hub.mph.in.gov/dataset/d39f6598-efbb
-40a7-a694-6a9b8d2dc2dc/resource/bd011a33-0652-4ad7-8d90
-6c1019d6385c/download/isp_arrest_data_2019_q4.csv"},

{"file_name": "data15.csv",
"file_title": "ARREST DATA 2021 Q1",
"file_description": null,
"downloadURL": "https://hub.mph.in.gov/dataset/d39f6598-efbb

-40a7-a694-6a9b8d2dc2dc/resource/9c7960c6-417b-45e6-9ace
-b75958dd91de/download/isp_arrest_data_2021_q1.csv",
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"accessURL": "https://hub.mph.in.gov/dataset/d39f6598-efbb
-40a7-a694-6a9b8d2dc2dc/resource/9c7960c6-417b-45e6-9ace
-b75958dd91de/download/isp_arrest_data_2021_q1.csv"},

{"file_name": "data14.csv",
"file_title": "ARREST DATA 2021 Q2",
"file_description": null,
"downloadURL": "https://hub.mph.in.gov/dataset/d39f6598-efbb

-40a7-a694-6a9b8d2dc2dc/resource/1ff2cf5f-69ef-4139-bcb4
-036f66787172/download/isp_arrest_data_2021_q2.csv",

"accessURL": "https://hub.mph.in.gov/dataset/d39f6598-efbb
-40a7-a694-6a9b8d2dc2dc/resource/1ff2cf5f-69ef-4139-bcb4
-036f66787172/download/isp_arrest_data_2021_q2.csv"}],

"external_knowledge": ["data68.xlsx"]}

B.2 DATA ANNOTATION

B.2.1 QUESTION TYPES

During question generation, specific question types are provided to the LLM to guide the formula-
tion of questions. We use the following eight question types, with each type’s name and description
supplied to the LLM. Multi-turn Follow-up and Multi-turn Insight Generation correspond to decom-
posable questions.

• Aggregation: Questions involving aggregated answers based on the statistical operations, such as
mean, sum or mode

• Ranking: Questions involving answers based on the ranking

• Counting: Questions involving answers based on counting something

• Multi-hop Lookup: Question involving extracting single cell value from the table based on mul-
tiple reasoning steps

• Multi-hop Numerical Reasoning: Questions involving numerical answers based on multiple
reasoning steps

• Complex Data Transformation: Question involving complex data transformation, such as ag-
gregation or filtering across multiple dimensions, creating new columns, filtering with context-
dependent logic, resolving entity references across rows, or merging multiple tables

• Multi-turn Follow-up: Question involving multi-turn follow-up questions that build on previ-
ous answers or context from table data, requiring the model to maintain state and context across
multiple interactions

• Multi-turn Insight Generation: Question involving multi-turn insight generation that requires
the model to generate insights or summaries based on previous answers or context from table
data, requiring the model to maintain state and context across multiple interactions. Questions in
the intermediate turn ask to provide not only text-based answer but also text-based complicated
statistical information (e.g. correlation) and visualization

B.2.2 FEATURE TYPE-SPECIFIC TABLE SERIALIZATION

Our serialization process generates a compact textual representation of a table by summarizing its
global properties and providing detailed, feature type-aware information for each column. The se-
rialized text begins with the dimensions of the tables (number of rows and columns), followed by a
per-column breakdown. For each column, the serialization includes: the inferred feature type, the
Pandas data type (Wes McKinney, 2010), the percentage of NaN values, and a feature-specific tex-
tual summary. The primary feature type is determined by a Feature Type Inference (FTI) model (Liu
et al., 2024), which is based on a trained Random Forest Classifier. This model classifies each col-
umn into one of 11 types: Numerical, Categorical, Datetime, Sentence, URL, Embedded Number,
List, Ignorable ID, Numbers with Unit, Numbers with Sign, Range of Numbers, or Formatted ID.
The Pandas data type is inferred using the built-in pandas.api.types.infer_dtype func-
tion. While its output would overlap with the feature types, we include it because its ability to
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Table 5: List of Open Data Websites

Websites URL
Data.gov https://data.gov/
California Open Data Portal https://data.ca.gov/
Hawaii Open Data https://opendata.hawaii.gov/
Analyze Boston https://data.boston.gov/
City of Houston Open Data https://data.houstontx.gov/
The Indiana Data Hub https://hub.mph.in.gov/
Milwaukee Open Data https://data.milwaukee.gov/
Open Data SA https://data.sanantonio.gov/
Pompano Beach Open Data https://data.pompanobeachfl.gov/
America’s Education data https://data.ed.gov/
Energy Data eXchange https://edx.netl.doe.gov/
California Health and Human Services Open Data Portal https://data.chhs.ca.gov/
California Natural Resources Agency Open Data https://data.cnra.ca.gov/
U.S. Small Business Administration Open Data https://data.sba.gov/
Ireland’s Open Data Portal https://data.gov.ie/
Dublinked: Open Data for the Dublin Region https://data.smartdublin.ie/
Tusla Data Catalogue https://datacatalog.tusla.ie/
DAFM Data Portal https://opendata.agriculture.gov.ie/
Central Bank of Ireland’s Open Data Portal https://opendata.centralbank.ie/
Data.gov.au https://data.gov.au/
The Central Resource for SEED in NSW https://www.seed.nsw.gov.au/
Data.NSW https://data.nsw.gov.au/
NTG Open Data Portal https://data.nt.gov.au/
Data.SA https://data.sa.gov.au/
Ballarat Open Data https://ballaratopendata.org.au/
DATA VIC https://www.data.vic.gov.au/
Data WA https://www.data.wa.gov.au/
Queensland Government Publications Portal https://www.publications.qld.gov.au/
Transport Open Data https://opendata.transport.nsw.gov.au/
openAFRICA https://open.africa/
Data.gov.hk https://data.gov.hk/en/
Data.gov.uk https://www.data.gov.uk/
UK Data Service https://statistics.ukdataservice.ac.uk/
London Datastore https://data.london.gov.uk/
Open Data NI https://admin.opendatani.gov.uk/
ENTSO-E https://docs.entsoe.eu/
Journal Data Archive https://journaldata.zbw.eu/
Data.openstate.eu https://data.openstate.eu/
OPERANDUM https://data-catalogue.

operandum-project.eu/
Dataportal.ponderful.eu https://dataportal.ponderful.eu/
OpenCity https://opencity.in/
New Zealand’s Biological Heritage Data Repository https://data.bioheritage.nz/
Datastore.landcareresearch.co.nz https://datastore.landcareresearch.co.

nz/
Open.canada https://search.open.canada.ca/opendata/
Open Govermental Portal in Alberta https://www.alberta.ca/

open-government-program
Data.gov.bc.ca https://catalogue.data.gov.bc.ca/
Niagara’s Open Data Catalogue https://niagaraopendata.ca/
Ontario Data Catalogue https://data.ontario.ca/
Données Québec https://www.donneesquebec.ca/
Surrey’s Open Data https://data.surrey.ca/
City of Toronto’s Open Data Portal https://open.toronto.ca/
Data.sustain.ubc.ca https://data.sustain.ubc.ca/
Columbia Basin Water Hub https://data.cbwaterhub.ca

21

https://data.gov/
https://data.ca.gov/
https://opendata.hawaii.gov/
https://data.boston.gov/
https://data.houstontx.gov/
https://hub.mph.in.gov/
https://data.milwaukee.gov/
https://data.sanantonio.gov/
https://data.pompanobeachfl.gov/
https://data.ed.gov/
https://edx.netl.doe.gov/
https://data.chhs.ca.gov/
https://data.cnra.ca.gov/
https://data.sba.gov/
https://data.gov.ie/
https://data.smartdublin.ie/
https://datacatalog.tusla.ie/
https://opendata.agriculture.gov.ie/
https://opendata.centralbank.ie/
https://data.gov.au/
https://www.seed.nsw.gov.au/
https://data.nsw.gov.au/
https://data.nt.gov.au/
https://data.sa.gov.au/
https://ballaratopendata.org.au/
https://www.data.vic.gov.au/
https://www.data.wa.gov.au/
https://www.publications.qld.gov.au/
https://opendata.transport.nsw.gov.au/
https://open.africa/
https://data.gov.hk/en/
https://www.data.gov.uk/
https://statistics.ukdataservice.ac.uk/
https://data.london.gov.uk/
https://admin.opendatani.gov.uk/
https://docs.entsoe.eu/
https://journaldata.zbw.eu/
https://data.openstate.eu/
https://data-catalogue.operandum-project.eu/
https://data-catalogue.operandum-project.eu/
https://dataportal.ponderful.eu/
https://opencity.in/
https://data.bioheritage.nz/
https://datastore.landcareresearch.co.nz/
https://datastore.landcareresearch.co.nz/
https://search.open.canada.ca/opendata/
https://www.alberta.ca/open-government-program
https://www.alberta.ca/open-government-program
https://catalogue.data.gov.bc.ca/
https://niagaraopendata.ca/
https://data.ontario.ca/
https://www.donneesquebec.ca/
https://data.surrey.ca/
https://open.toronto.ca/
https://data.sustain.ubc.ca/
https://data.cbwaterhub.ca


1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187

Under review as a conference paper at ICLR 2026

identify mixed types (e.g., columns containing both strings and integers) serves as a key signal for
potential data quality issues that would require wrangling.

The feature type-specific summary is constructed according to the inferred feature type, as follows:

• Numerical: The minimum and maximum values in the column are included.
• Categorical: If the column contains 20 or fewer unique categories, all are listed. Otherwise, a

random sample of 20 unique categories is provided.
• Datetime: The earliest and latest date or time values are included.
• URL: No sample values are included. This is a deliberate choice to conserve context length, as full

URLs are token-intensive and typically have low semantic value for general data analysis tasks.
• All Other Types: For all other feature types, a random sample of 10 unique values is included to

provide a representative snapshot of the column’s contents.

The example of the serialized text is provided in the following from E-bike Field Study of Data.gov.

Text Example by Feature type-specific Table Serialization
1st table
Dataset title: Comma Separated Values File
Dataset description: None

Headers and values:
Number of columns: 21
Number of rows: 408363

Feature type, pandas type, ratio of missing values, and feature type-
specific information is given for each column as below.

date (feature type: Datetime) (pandas type: string) (ratio of missing
values: 0%): Start date is 2022-04-27 23:42:29.834000+00:00, and end
date is 2022-09-23 18:31:05.502000+00:00.

lat (feature type: Numerical) (pandas type: floating) (ratio of missing
values: 0%): Value range is [42.447303, 42.461437200000006].

lon (feature type: Numerical) (pandas type: floating) (ratio of missing
values: 0%): Value range is [-71.3243906, -71.2562746].

spd (feature type: Numerical) (pandas type: floating) (ratio of missing
values: 0%): Value range is [0.0, 23.825000000000003].

blind_turn (feature type: Categorical) (pandas type: integer) (ratio of
missing values: 0%): All categories are [0, 1].

constrained_tunnel (feature type: Categorical) (pandas type: integer) (
ratio of missing values: 0%): All categories are [0, 1].

narrow (feature type: Categorical) (pandas type: integer) (ratio of
missing values: 0%): All categories are [0, 1].

slow_sign (feature type: Categorical) (pandas type: integer) (ratio of
missing values: 0%): All categories are [0, 1].

trail_hazards (feature type: Categorical) (pandas type: integer) (ratio
of missing values: 0%): All categories are [0, 1].

trail_junction (feature type: Categorical) (pandas type: integer) (ratio
of missing values: 0%): All categories are [0, 1].

vehicle_conflict_point (feature type: Categorical) (pandas type: integer)
(ratio of missing values: 0%): All categories are [0, 1].

walk_bike_sign (feature type: Categorical) (pandas type: integer) (ratio
of missing values: 0%): All categories are [0, 1].

eb (feature type: Categorical) (pandas type: integer) (ratio of missing
values: 0%): All categories are [0, 1].

uphill (feature type: Categorical) (pandas type: integer) (ratio of
missing values: 0%): All categories are [0, 1].

downhill (feature type: Categorical) (pandas type: integer) (ratio of
missing values: 0%): All categories are [0, 1].

passing (feature type: Categorical) (pandas type: integer) (ratio of
missing values: 0%): All categories are [0, 1].

participantid (feature type: Numerical) (pandas type: integer) (ratio of
missing values: 0%): Value range is [1, 37].
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age (feature type: Numerical) (pandas type: integer) (ratio of missing
values: 0%): Value range is [27, 65].

sex (feature type: Categorical) (pandas type: string) (ratio of missing
values: 0%): All categories are [female, male].

bike_type (feature type: Categorical) (pandas type: string) (ratio of
missing values: 0%): All categories are [conventional, electric].

ebike_class (feature type: Categorical) (pandas type: floating) (ratio of
missing values: 56%): All categories are [1.0, 2.0, 3.0].

B.2.3 HUMAN VERIFICATION

Figure 7 shows the annotation GUI, built with Streamlit 3, for revising questions and the Python
code used to generate answers. Annotators can refer to the LLM-generated answers and code, as
well as the underlying tables, metadata, and external knowledge. Figure 8 presents the GUI for
reviewing revised QA pairs, where annotators select one of three options—–Good, Ambiguous, or
Wrong Answer—–and may leave comments for the latter two. In total, we obtained 211 datasets,
with their original website distribution shown in Table 7. Six of these datasets (Table 8) are used for
the Table Insight task.

Figure 7: Annotation GUI for revising questions and answers

Figure 8: Annotation GUI for checking the revised QA pairs

3https://github.com/streamlit/streamlit
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Table 6: Distribution of Discarding Reasons

Reason Count and Ratio
Unanimous Agreement 114 (0.062)
Insufficient External Knowledge 550 (0.299)
Ambiguous Question 354 (0.192)
Uninsightful Question 611 (0.332)

B.3 DISTRIBUTION OF DISCARDED CANDIDATE QUESTIONS

We generated 1,840 candidate questions after the question scoring stage and curated them into 211
high-quality questions, discarding the remaining 1,629 based on the criteria below.

• Unanimous Agreement: During the answer generation stage, we employed four LLMs to
produce answers and measured consensus across models. Questions for which all LLMs
produced identical answers were removed because they typically require only shallow rea-
soning and do not align with the intended complexity of our benchmark. Answer consensus
was determined using exact string match for text-based answers and manual verification for
visualization-based answers using the GUI tool shown in Figure 7.

• Insufficient External Knowledge: Some datasets require external knowledge (e.g. data
dictionary) to interpret column meanings or specific values. When such information was
missing or insufficient, it became impractical to map column names and values to the gener-
ated questions, making accurate answer generation infeasible. Questions of this type were
removed.

• Ambiguous Question: Questions allowing multiple plausible answers were removed to
ensure benchmark clarity. For example, when a table contains both calendar-year and
fiscal-year columns, a question asking for “the year” satisfying certain conditions becomes
ill-posed unless the question explicitly specifies which type of year should be used.

• Uninsightful Question: We excluded questions that failed to yield analytically meaningful
or practically useful insights despite being answerable. A common example occurs in
geospatial datasets, where questions such as “What is the average latitude and longitude
under certain conditions?” often result in a coordinate that lacks geographic or analytical
relevance (e.g., a point in the ocean). Such questions were deemed non-insightful and
removed.

The distribution of the reasons is shown in Table 6.
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Table 7: Distribution of Open Data Websites in OpenDataBench

Websites Count
Open.canada 63
Data.gov 35
California Open Data Portal 27
Open Govermental Portal in Alberta 7
Data.gov.uk 6
Analyze Boston 5
Ontario Data Catalogue 4
The Indiana Data Hub 4
Data.SA 4
Surrey’s Open Data 4
Open Data NI 4
The Central Resource for SEED in NSW 2
Pompano Beach Open Data 2
Data.NSW 2
U.S. Small Business Administration Open Data 1
Hawaii Open Data 1
City of Houston Open Data 1
openAFRICA 1
City of Toronto’s Open Data Portal 1
Milwaukee Open Data 1
OpenCity 1
DATA VIC 1
Columbia Basin Water Hub 1

Table 8: Datasets for Table Insight

Dataset Website Domain
Boston Buildings Inventory Analyze Boston Real Estate
Number of Weight Loss Surgeries Performed in Cali-
fornia Hospital

Data.gov Healthcare

Cross-Canada Survey of Radon Concentrations in
Homes

Open.canada Environment

Fixed gear sentinel fisheries program - northern Gulf of
St. Lawrence

Open.canada Marine Biology

Canadian Health Measures Survey (CHMS) Human
Biomonitoring Data for Environmental Chemicals

Open.canada Environment

Results from the 2023 Staffing and Non-Partisanship
Survey

Open.canada Demographics
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C EXPERIMENTAL SETUP

C.1 IMPLEMENTATION DETAILS

All open-source models are sourced from the HuggingFace’s transformers library (Wolf et al.,
2020), and experiments were conducted using 2 × 48 GB NVIDIA L40S GPUs. Table 9 lists the
API names of closed-source models and the HuggingFace model names of open-source models.

Table 9: List of LLM model names in the experiments

Model Name API name or Huggingface model name
GPT-4o gpt-4o-2024-08-06
GPT-4o-mini gpt-4o-mini-2024-07-18
Gemini 2.5 Flash gemini-2.5-flash
Gemini 2.5 Pro gemini-2.5-pro
Devstral-Small mistralai/Devstral-Small-2507
Qwen3-30B Qwen/Qwen3-30B-A3B-Instruct-2507
Qwen3-Coder-30B Qwen/Qwen3-Coder-30B-A3B-Instruct
DeepSeek-R1-14B deepseek-ai/DeepSeek-R1-Distill-Qwen-14B
Llama3.1-8B meta-llama/Llama-3.1-8B-Instruct
TableGPT2-7B tablegpt/TableGPT2-7B

Our proposed Insight Agent was configured to generate three initial high-level questions and per-
form four iterations of its question-answer-insight cycle, resulting in 12 insights. To ensure a fair
comparison, the AgentPoirot baseline was configured with parameters that also yielded 12 insights.
Furthermore, the summarizing LLM in Insight Agent is instructed to generate the same number of
tokens as the summarized sentences from AgentPoirot for a fair comparison.

C.2 INSIGHT AGENT

The Insight Agent operates through an iterative cycle: it generates questions, answers them using
the proposed Answer Agent, and then synthesizes insights from the resulting QA pairs as shown
in Figure 4. The insights generated in one step are then used to inform the question generation in
the next, creating a continuous exploratory process. This process is governed by a Directed Acyclic
Graph (DAG) structure, as illustrated in Figure 9 (b). The graph consists of alternating layers of
Question-Answer (QA) nodes and Insight nodes. A new Insight node is generated by synthesizing
information from one or more preceding QA nodes, and conversely, a new QA node is generated
by drawing upon one or more preceding Insight nodes. Crucially, a new node can be connected
to parent nodes from any previous iteration, not just the immediately preceding one. This DAG
structure facilitates the aggregation of multiple lines of inquiry, enabling the generation of more
diversified and comprehensive insights compared to a simpler tree-based exploration as in Figure 9
(a), where insights from different depths and branches are not connected. The decision of which
nodes to aggregate is determined by the reasoning capabilities of LLM; to guide this process, our
prompt explicitly instructs the model to consider synthesizing information from multiple parent
nodes when possible.

26



1404
1405
1406
1407
1408
1409
1410
1411
1412
1413
1414
1415
1416
1417
1418
1419
1420
1421
1422
1423
1424
1425
1426
1427
1428
1429
1430
1431
1432
1433
1434
1435
1436
1437
1438
1439
1440
1441
1442
1443
1444
1445
1446
1447
1448
1449
1450
1451
1452
1453
1454
1455
1456
1457

Under review as a conference paper at ICLR 2026

1st

Iter

3rd

Iter

loop

2nd

Iter

(a) AgentPoirot (Tree-based) (b) Insight Agent (DAG-based)

QA Node Insight Node

Figure 9: Insight generaion process by (a) tree-based process used in AgentPoirot, where each
question is selected by LLM from the question candidates and (b) directed acyclic graph-based
process used in Insight Agent

D RESULTS

D.1 DETAILS OF TABLE INSIGHT RESULTS

Table 10 shows the dataset-level comparison between AgentPoirot and Insight Agent in terms of the
insight-level and summary-level score, and Table 13 presents the notable apple-to-apple compari-
son among target insight, the most relevant insight from Insight Agent, and one from AgentPoirot,
showing the score respectively.

D.2 COMPUTATIONAL COSTS

Table 11 provides the computational aspects of Answer Agent and Insight Agent when the LLM is
Gemini 2.5 Flash and GPT-4o. The table shows an inference latency, the number of input tokens,
the number of output tokens, and estimated API cost per execution of both agents.

D.3 ABLATION STUDIES

Generalizability of Insight Agent: To verify that the proposed Insight Agent is unbiased, we evalu-
ated it on existing table insight generation benchmarks using InsightBench (Sahu et al., 2025). Both
agents use Gemini 2.5 Flash as the LLM, and we adopt the same evaluation metrics as in the main
experiments, namely G-Eval based on GPT-4o. As shown in Table 12, the Insight Agent outperforms
AgentPoirot on both insight-level and summary-level scores.
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Dataset Insight-level Summary-level
AgentPoirot Insight Agent AgentPoirot Insight Agent

Cross-Canada Survey of
Radon Concentrations in
Homes

0.331 0.470 0.424 0.564

Boston Buildings Inventory 0.235 0.296 0.386 0.452
Fixed gear sentinel fisheries
program - northern Gulf of St.
Lawrence

0.138 0.174 0.175 0.219

Number of Weight Loss Surg-
eries Performed in California
Hospital

0.332 0.368 0.457 0.442

Canadian Health Measures
Survey (CHMS) Human
Biomonitoring Data for Envi-
ronmental Chemicals

0.347 0.363 0.481 0.462

Results from the 2023
Staffing and Non-Partisanship
Survey

0.315 0.220 0.232 0.290

#Winners 1 5 2 4

Table 10: Dataset-level Table Insight score comparison.

Table 11: Computational Costs of Answer Agent and Insight Agent

LLM Answer Agent Insight Agent
Inference time [s] #Input tokens #Output tokens Cost [$] Inference time [s] #Input tokens #Output tokens Cost [$]

Gemini 2.5 Flash 21.21 9.61K 428 0.004 278.39 261K 21K 0.13
GPT-4o 28.24 9.72K 561 0.030 334.38 243K 11K 0.72

E PROMPTS

In this section, we show the prompts for each stage or module in the benchmark construction, An-
swer Agent and Insight Agent.

Prompt1: Prompt for question generation in benchmark construction
You are a top question generator for the tabular data. Given single or

multiple tabular data, your task is to generate the high-quality
insightful question. The question must be answered by using the given
single or multiple tabular data. Please follow the tips below.

- The question is utilized to retrieve corresponding tabular data from
data lake, so the question should be de-contextualized enough to
search the suitable table among tons of data. Data lake has a variety
of datasets covering a lot of years and locations, so please try to

specify the specific years and location in the question if available
by referring to data origin, data title, data description, whatever.

- Do not include ID-like words and codes in the question, and do not
contain dataset name in the question because human usually do not
know the dataset names.

- The question should be the one human tends to ask naturally when they
are interested in the tabular data to get insights deepening human
understanding.

- Specify answer format and include it in the question. For example, if
the question asks top 5 areas of something, the format should be the
list. If the questions asks how does one compare to the other, the
percentage would be the ideal format.
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Table 12: Evaluation on InsightBench

Benchmark AgentPoirot Insight Agent
Insight Summary Insight Summary

InsightBench 0.3269 0.3197 0.3275 0.3565

- If you are given multiple tabular data, please generate the question
involving as many tables as possible.

- If the question type involves multi-turn QA, please list the questions
in the order of asking in the output format by linking via '/', such
as 'What is --- ? / What is --- ? / What is --- ? ...'.

- The output format is JSON format where key is question like {
output_format} without code syntax block, and keys and values should
be enclosed with double quotes. Please follow the format and do not
add redundant explanation. You should not include line breaks in JSON
format.

The type of the question is '{question_key}', and the description of the
question type is '{question_description}'. Following is the
information of tabular data.

Data Origin: {data_source}
Data publisher: {publisher}
Data source: {dataset_title}
Data source description: {dataset_description}

Following is the information for tables.
{serialized_table_information}

Following is the external knowledge on the tabular information. Please
use the knowledge to make the ID-like or ambiguous words clear.

{extenral_knowledge}

Prompt2: Prompt for question scoring in the benchmark construction
Your task is to select and rank the questions generated from tabular data

. Given tabular data and list of questions with indices, you must
select the best 5 questions and answer the list of indices of these
questions in the ranking order.

You are required to select and rank based on the following perspectives:

- Relevance to the dataset: Directly grounded in the corresponding data
- Actionability and insightfulness: Lead to concrete insights or

decisions, not just descriptive stats
- Complexity and depth: Require multiple columns or more nuanced

reasoning
- Clarity and specificity: Clear and unambiguous. Be mindful about the

output format. If there are possible various output formats based on
the question, the question is very bad.

- Novelty or non-obviousness: Unexpected relationships or challenging
assumptions

- Naturalness: The question should be natural for humans, and it is not
appropriate if the question has a tone nobody asks in that way.

- De-contextualized: The question must be clear enough to retrieve the
target data from among tons of data, so it should include specific
datetime and location. This is the highest priority for the question,
the question without this point is bad.

- No ID like words: The question must not include ID-like words and codes
(e.g. Region ID 5, Device ID 1229).

- No quoting: The question should avoid quoting column names or cell
values verbatim (e.g., avoid phrases like indicator named '...' or
value for category named '...')
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Following is the list of questions.
{questions}

Following is the information of tabular data.
Data Origin: {data_source}
Data publisher: {publisher}
Data source: {dataset_title}
Data source description: {dataset_description}

Following is the information for tables.
{serialized_table_information}

Following is the external knowledge on the tabular information. Please
use the knowledge to make the ID-like or ambiguous words clear

{external_knowledge}

The output format is JSON format where keys are question and code like {
output_format} without code syntax block. You should not include line
breaks in JSON format. Please follow the format and do not add

redundant explanation. You should not include line breaks in JSON
format.

Prompt3: Prompt for answer genertion in the benchmark construction
You are a top data analysis for the tabular data. Given a tabular data

and question related to the table, your task is to generate the
Python code to answer the question with the use of methods in Pandas.
The question must be answered by using the given tabular data.

- If the answer aims to generate the image files (e.g. chart, graph, or
figure), please set the output file name as 'output_[index].png',
where 'index' is the index of single or multiple files, and please do
not include output file names except for in the savefig function.

Also, please follow the tips below. Create a clear and easy-to-read
graph for human when the task is visualization, and try to use legend
as long as the number of labels is not large. When you call 'savefig

' function, you must set the following parameter: "bbox_inches='tight
'".

- The output format is JSON format where keys is code like {output_format
} without code syntax block when generating Python code, and keys and
values should be enclosed with double quotes. Please follow the

format and do not add redundant explanation. You should not include
line breaks in JSON format. In the Python code, the dataframe is
tentatively read from 'data_[index].csv', where 'index' is the index
of the table starting from 1. Also, please include print statement
for the final answer in the last line.

Question: {question}

Data Origin: {data_source}
Data publisher: {publisher}
Data source: {dataset_title}
Data source description: {dataset_description}
Dataset title: {file_title}
Dataset description: {file_description}

{serialized_table_information}

Following is the external knowledge on the tabular information. Please
use the knowledge to make the ID-like or ambiguous words clear.

{extenral_knowledge}

Prompt4: Prompt for coding module in Answer Agent
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You are a top data analysis for the tabular data. Given a tabular data
and question related to the table, your task is to generate the
Python code to answer the question with the use of methods in Pandas.
The question must be answered by using the given tabular data.

- If the answer aims to generate the image files (e.g. chart, graph, or
figure), please set the output file name as 'output_[index].png',
where 'index' is the index of single or multiple files, and please do
not include output file names except for in the savefig function.

Also, please follow the tips below. Create a clear and easy-to-read
graph for human when the task is visualization, and try to use legend
as long as the number of labels is not large. When you call 'savefig

' function, you must set the following parameter: "bbox_inches='tight
'".

- If the question includes the specified output format, please follow the
format without adding redundant texts. Please include the answer in

the print statement in the last line, and do not use the print
statement except for the last line. Please do not use print statement
if the answer aims to generate the image files.

- Please do not truncate the decimal point unless the question requires
it.

- The output is only Python code without additional explanation.
- In the generated Python code, the input file path is 'data_[index].csv

', where 'index' is the index of the table starting from 1 (1, 2, 3,
4...) depending on the number of available datasets, so for instance
the code includes 'pd.read_csv('data_1.csv')' when loading the csv
file. The tentative path will be replaced by the actual path
afterwards, so please just follow the rule.

- Please include print statement for the final answer in the last line.
- Please do not include try-except statement and exit().

Question: {question}

Data publisher: {publisher}
Data source: {dataset_title}
Data source description: {dataset_description}

This question is a part of multi-turn conversation. Following is the
previous question and answer pairs. You can refer to them to
understand the contexts.

{QA Pairs}

{serialized_table_information}

Following is the external knowledge on the tabular information. Please
use the knowledge to make the ID-like or ambiguous words clear.

{external_knowledge}

Prompt5: Prompt for self-correction module in Answer Agent
You are a top data analyst with much experience on Python. Given the

Python code and error message generated by executing the code, your
task is to revise the Python code. Error message is '{error}', and
the here is the Python code. Please do not include try-except
statement. You should output only the code without any other text and
markdown formatting:

{generated_code}

Prompt6: Prompt for visualization reflection module in Answer Agent
You are a top data analyst with much experience on Python and matplotlib.

Given one generated figure that aims to answer the question '{
question}', your task is to analyze the figures and judge whether the
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figures are aligning with the question and human understandable. If
it is not, please revise the Python code to generate figure. Please
do not include try-except statement. If it is OK, please answer only
"OK!" without additional text.

Here are the perspectives to consider to judge whether the figure is
human understandable or not:

- The figure should be clear without too many data points.
- There should not be overlapped colors in the figure.
- Axis labels should be clear and not too long.
- If the figure is a line chart, the line goes to the right direction

without going back and forth.
- If the figure has small number of data points, the figure should be the

scatter plot.

Here is the code to generate the figure. If you output the revised code,
please only output the code without any other text and markdown
formatting:

{code}

Prompt7: Prompt for text-answer reflection module in Answer Agent
You are a top data analysis for the tabular data. Given the question

asking about table data, the generated code to answer the question,
and the answer, please revise the code toward the correct answer if
the answer would be wrong. Table information is also given to
contextualize. If the given answer is correct and the code does not
need to be revised, please answer only 'OK!' without additional text.
If the code needs to be revised, please answer only Python code

without additional explanation and any markdown formatting. Following
perspectives are included in the correct answer or codes.

- Given questions include particular output formats. Following the output
format is imperative without adding redundant texts.

- Answers are included in the print statement.
- Please do not include try-except statement.
- The question is a part of the multi-turn questions, the generated code

should include context produced from the previous QAs if needed.
- Columns in the table data would include the multiple hierarchical

categories (e.g. total, male, female in gender column). Please be
careful about the aggregation of the column if needed.

- Columns in the table data would represent numerical values as string
values (e.g. comma is inserted). Please convert them into numerical
values appropriately if needed.

- Columns in the table data would include special characters as a
replacement of NaN values (e.g. x, -, -99999, etc). Please replace
them with NaN values if needed.

- If the answer is NaN or None, the filtering conditions might be wrong.
- If the output format is just numerical values, they should not be

truncated or rounded.

## QA pair for the question
Target question: {question}
Generated code that would be revised:
{code}
Answer: {answer}

## QA pairs so far in a multi-turn conversation
{QA_pairs}

## Table information
Data Origin: {data_source}
Data publisher: {publisher}
Data source: {dataset_title}
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Data source description: {dataset_description}

{serialized_table_information}

Following is the external knowledge on the tabular information. Please
use the knowledge to make the ID-like or ambiguous words clear.

{external_knowledge}

Prompt8: Prompt for question generator in Insight Agent
You are a top data analyst for the tabular data. Your final goal is to

generate insights from the table. Insights should be led from the
informative intermediate results (e.g. graph of data distribution,
statistical values of certain columns, ranking, aggregated values).
Therefore, you are required to generate a sequence of good questions
invoking insightful observations. After answering these questions,
the insights will be generated based on the intermediate QA pairs.
Following is the rules to generate questions.

- The number of questions is {number_of_initial_questions}.
- Each question is expected to consider the contexts produced by the

previous questions.
- Format of questions are connected via vertical lines without adding

redundant explanation before and after the question parts,
specifically 'text1 / text2 / text3 / ...'.

- If you refer to column names and cell values in the table, you should
avoid use exact names by rephrasing them naturally without enclosing
single/double quotes.

- Questions ask to provide not only text-based simple answer but also
text-based complicated statistical information (e.g. correlation) and
visualization (e.g. graph of data distribution, heatmap

relationships among columns).
- Questions should specify the output format for each question, saying

that 'Please provide as a line chart', 'Please answer as a numerical
value', etc...

Following is table information.
## Table Information
Data Origin: {data_source}
Data publisher: {publisher}
Data source: {dataset_title}
Data source description: {dataset_description}

{serialized_table_information}

Following is the external knowledge on the tabular information. Please
use the knowledge to make the ID-like or ambiguous words clear.

{external_knowledge}

Prompt9: Prompt for follow-up question generator in Insight Agent
You are a top data analyst for the tabular data. Your final goal is to

generate insights from the table. Insights should be led from the
informative intermediate results (e.g. graph of data distribution,
statistical values of certain columns). Therefore, you are required
to generate a sequence of good follow-up questions invoking
insightful observations by referring to questions and insights
generated in the previous steps. After answering these questions, the
insights will be generated based on the intermediate QA pairs.

Following is the rules to generate questions.

- The number of questions is {number_of_questions}.
- Follow-up questions are generated by referring to the single or

multiple insights, and you must include which insights are referred
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to in the output. Therefore, output format is {output_format} in the
strict JSON format without markdown formatting and indentation.
Please do not add additional explanation.

- It is encouraged to aggregate multiple insights to generate single
follow-up question.

- Each insight composes of not only insight text but also the question
numbers that the insight is generated from, so please also refer to
these questions.

- Avoid duplication of questions by referring to the generated questions
so far.

- If you refer to column names and cell values in the table, you should
avoid use exact names by rephrasing them naturally without enclosing
single/double quotes.

- Questions must include mixing text-based simple answer, text-based
complicated statistical information (e.g. correlation) and
visualization (e.g. graph of data distribution, heatmap relationships
among columns).

- Questions should specify the output format for each question, saying
that 'Please provide as a line chart', 'Please answer as a numerical
value', etc...

## Questions so far
{previous_questions}

## Insights so far
{previous_insights}

Following is table information.
## Table Information
Data Origin: {data_source}
Data publisher: {publisher}
Data source: {dataset_title}
Data source description: {dataset_description}

{serialized_table_information}

Following is the external knowledge on the tabular information. Please
use the knowledge to make the ID-like or ambiguous words clear.

{external_knowledge}

Prompt10: Prompt for insight generator in Insight Agent
You are a top data analyst for the tabular data. Your task is to generate

insights that can be read from table information QA pairs related to
the table. Insights should follow the following points.

- Insights are text-based, and should include factual and informative
information that attract readers. Also, they are expected to invoke
non-trivial realizations for humans.

- Insight should be generated from QA pairs, and please include which QA
pairs contribute to the insight by referring to the corresponding
question numbers.

- Write down {number_of_insights} insights, and the output format is {
output_format} in the strict JSON format without markdown formatting
and indentation. Do not add additional texts or redundant information
.

- Single insight can be produced from one or multiple QA pairs. It is
encouraged to aggregate multiple QA pairs to generate single insight.

- Avoid logical leap under many uncertain assumptions.
- Avoid duplications of insights by referring to the insights generated

so far.

Following is QA pairs and table information.

## QA Pairs so far
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{previous QA pairs}

## Insights so far
{previous_insights}

## Table Information
Data Origin: {data_source}
Data publisher: {publisher}
Data source: {dataset_title}
Data source description: {dataset_description}

{serialized_table_information}

Following is the external knowledge on the tabular information. Please
use the knowledge to make the ID-like or ambiguous words clear.

{external_knowledge}

Prompt11: Prompt for fine-grained analysis of Table Insight
You are an expert data analyst. Your task is to evaluate a 'Predicted

Insight' against a 'Target Insight' by referring to the score
measuring how close the predicted insight is close to target insight.
You must assess the prediction based on the four perspectives

defined below. For each perspective, you must answer only with the
score (1 to 5, 1 is the lowest and 5 is the highest).

Definitions:
Topic Relevance: Does the prediction address the same topic as the target

?
Quantitative Details Match: Does the prediction mention the same specific

quantitative numbers as the target?
Qualitative Details Match: Does the prediction mention the same specific

names (e.g., places, trends, proper names) as the target?
Narrative Alignment: Does the prediction make the same core argument or "

headline" conclusion as the target?

Target Insight:
{gt_insight}

Predicted Insight:
{pred_insight}
score: {score}

The output format is {output_format} in the valid JSON format without any
additional text.

Prompt12: Prompt for MLLM-as-a-judge
You are a top data analyst. Given the generated graph(s) (first {num_vis}

images), the target graph(s) (last {num_tgt} images), and Python
codes to generate them, your task is to judge whether the generated
graph is the ROUGHLY same as the target graph based on the following
perspectives attached with reasons of judgement. Output format is {
output_format} in JSON format enclosed with double quotation.

- Chart type (e.g. Line chart, bar chart, pi chart...)
- Roughly similar axis name / legends (They should not be exactly the

same, but rough similarity is preferred)
- Values of the characteristic data points should be matched
- IMPORTANT: Prioritize the trajectory of the graph because the graphs

tend to be matched if the shapes of the graphs are the same
- Ignore the color scheme and the size of the chart
- Ignore the position (vertical or horizontal) of the subplots in the

graph
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- Ignore the marker in the line chart
- Ignore the grid of the chart
- Ignore the title of the graph
- Ignore the rotation of the axis
- If the x-axis is year or date, as long as the minimum and maximum date

is the same, it is regarded as the same in terms of the x-axis
- There is a case where tick marks are not explicitly drawn though the

range of the axis is the same. In that case, please treat them as the
same graph

Please answer "Same" or "Different". If the generated graph matched the
target graph based on the above perspectives, please say "Same".
Otherwise, please answer "Different". Please do not add explanation.
Following is the Python codes for generated graph and target graph.

### Code for generated graph
{pred_code}

### Code for target graph
{target_code}

Prompt13: Prompt for Insight-leve/Summary-level Score
You are a high school teacher evaluating student responses to a question.

You are tasked with grading the response based on how well it
answers the question. You are to provide a numerical rating for how
well the provided response matches the ground truth answer.

Below is an instruction that describes a task. Write a response that
appropriately completes the request.

### Instruction:
Provided Answer:
{answer}

Ground Truth Answer:
{gt_answer}

Follow these instructions when writing your response:
* On a scale of 1-10, provide a numerical rating for how close the

provided answer is to the ground truth answer, with 10 denoting that
the provided answer is the same as ground truth answer.

* Your response should contain only the numerical rating. DONOT include
anything else like the provided answer, the ground truth answer, or
an explanation of your rating scale in your response.

* Wrap your numerical rating inside <rating></rating> tags.
* Check very carefully before answering.
* Follow the output format as shown in the example below:
Example response:
<rating>7</rating>

### Response:
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GT Insight Agent AgentPoirot
Provinces/Territories with Highest
Prevalence: The provinces and ter-
ritories that exhibited the highest
percentages of participant homes
testing above the radon guideline
were Manitoba, New Brunswick,
Saskatchewan, and the Yukon. For
example, New Brunswick had a
raw percentage of 24.8% and a
population-weighted percentage of
20.6% of homes above 200 Bq/m³,
while Manitoba had 23.7% raw
and 19.4% population-weighted.

Radon concentrations vary
significantly across Canadian
provinces and territories, with
New Brunswick, Yukon, and
Manitoba consistently showing
the highest average concentrations
and a wider spread of values.
Notably, New Brunswick has
the highest proportion of homes
exceeding the 200 Bq/m³ mitiga-
tion guideline, with over 25% of
its homes above this threshold.
Within these high-concentration
regions, specific health regions and
Forward Sortation Areas (FSAs)
exhibit even higher localized aver-
ages, highlighting the importance
of granular regional analysis for
targeted mitigation efforts. (score:
0.78)

The average radon concentration
in New Brunswick (179.9 Bq/m3)
is more than double that of British
Columbia (70.98 Bq/m3) and
the Northwest Territories (70.96
Bq/m3), highlighting significant
regional disparities in radon levels
across Canada. (score: 0.37)

Localized Risk in Provinces
with Lower Averages: Even in
provinces where the overall
population-weighted results
indicated a lower incidence
of homes with elevated radon
levels, there were still specific
Health Regions with high radon
levels. For example, in Ontario,
where the population-weighted
estimate was 4.6% of homes
exceeding the guideline, 13 of 36
Health Regions (over one-third)
had more than 10% of homes test
above the guideline.

While New Brunswick and Yukon
have the highest average radon
concentrations, Ontario and Man-
itoba also show significant radon
concerns, particularly regarding
high outliers. Ontario has a
substantial number of measure-
ments exceeding 500 Bq/m³ (49 in-
stances), and Manitoba has a high
proportion of measurements above
200 Bq/m³ (23.67%), second only
to New Brunswick. This indicates
that even provinces with lower
overall average radon concen-
trations can have localized ar-
eas with very high radon levels,
necessitating targeted mitigation
efforts. (score: 0.64)

The significant variability in radon
concentrations between Health Re-
gions and their provincial aver-
ages, as highlighted by the large
standard deviation of 40.21 Bq/m3,
suggests that localized geologi-
cal factors or housing characteris-
tics within specific Health Regions
may play a more dominant role in
radon levels than broader provin-
cial trends. (score: 0.49)

Age-Related Increases in Mirex
and Marker PCBs: Mirex con-
centrations increased with age in
Cycle 1 (2007–2009), with the
highest mean serum concentration
found in the 60–79 years age group
(0.019 ng/g serum) compared to
younger groups (e.g., 0.0014 ng/g
serum for 6–11 years). Simi-
larly, the sum of Marker PCBs
(PCB 138, 153, 180) generally
showed an increase in concentra-
tions with increasing age across
all cycles, with the 60–79 years
age group consistently exhibiting
the highest arithmetic means (e.g.,
140 ng/g lipid in Cycle 1).

Polychlorinated biphenyls
(PCBs), particularly ’Marker
polychlorinated biphenyls (sum
of PCB 138, 153, 180)’, show a
clear age-related accumulation,
with significantly higher average
measured amounts in older age
groups (40-79 years) compared to
younger ones (3-39 years). This
suggests a persistent presence and
bioaccumulation of these sub-
stances over a person’s lifetime.
(score: 0.71)

For Polychlorinated biphenyls, the
AM-MA values for the ’Total’
gender group consistently increase
with age, with the 60-79 age group
showing AM-MA values as high as
9.62, significantly higher than the
12-19 age group which has values
as low as 0.89. (score: 0.31)

Table 13: Apple-to-apple comparison among GT insight, insight from Table Insight, and one from
AgentPoirot.
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