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Abstract

Data analysis is a crucial analytical process essential for deriving insights from real-
world databases. As shown in Figure 1, the need for data analysis typically arises
from specific application scenarios, and requires diverse reasoning skills including
mathematical reasoning, logical reasoning, and strategic reasoning. Existing work
often focus on simple factual retrieval or arithmetic resolutions and thus are insuffi-
cient for addressing complex real-world queries. This work aims to propose new
resources and benchmarks on this crucial yet challenging and under-explored task.
Due to the prohibitively high cost of collecting expert annotations, we use large
language models (LLMs) enhanced by code generation to automatically generate
high-quality data analysis, which will later be refined by human annotators. We
construct the DACO dataset, containing (1) 440 databases (of tabular data) col-
lected from real-world scenarios, (2) ∼ 2k automatically generated query-answer
pairs that can serve as weak supervision for model training, and (3) a concentrated
but high-quality test set with human refined annotations that serves as our main
evaluation benchmark. Experiments show that while LLMs like GPT-4 exhibit
promising data analysis capabilities, they are still evaluated as less helpful than
human-written analysis on 58.1% cases. Leveraging our weak supervision data,
we experiment with various fine-tuning methods, including supervised fine-tuning
(SFT) and reinforcement learning from human feedback (RLHF). Our trained
model outperforms existing baselines for table question answering, and RLHF
further boosts the helpfulness of generated analysis on 58.5% cases. Data and code
are released at https://github.com/shirley-wu/daco.

1 Introduction

Data analysis is the process of systematically applying statistical and logical reasoning to comprehend
data and derive insights. Existing literature on table question answering has investigated answering
queries about information given by structural data (e.g., tables) [7, 26, 24]. However, they either
focus straightforward factual retrieval or short-form arithmetic resolutions over retrieved entities
while real-world data analysis can involve more complex analytical processes.

Take the scenario in Figure 1 as an example: a user is investigating potential age discrimination of a
shop. To effectively answer queries such as this one, a chain of mathematical and logical reasoning
and interacting with the data is required. For instance, finding 1 is inferred from the membership data
(‘member’ table) through mathematical and analytical reasoning, while finding and suggestion 2 are
derived from both ‘member’ and ‘happy_hour_member’ tables through mathematical and strategic
reasoning. These rigorous quantitative analyses eventually conclude the opposite to the user’s
hypothesis. As valuable as the conclusive suggestions such comprehensive analysis can bring, the
extensive labor-efforts, hinted by these examples, can hinder the efficiency of gaining intelligence
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Figure 1: Task overview. Given a user query driven by an application scenario, a data analysis system should
produce an answer containing findings and suggestions based on the database. This requires the system to
perform mathematical, logical and domain-specific reasoning, which can be done through invoking external
tools such as Python libraries. In this example, finding 1 is inferred from analyzing age distribution within
the membership data (‘member’ table) through mathematical reasoning and analytical reasoning. Finding 2 is
inferred by comparing the ages of the happy hours participants (using ‘member’ and ‘happy_hour_member’
tables) through mathematical reasoning, and suggestion 2 is further derived by relating the data to coffee shop
business setting through strategic reasoning.

from the data in a competitive business environment. It is thus imperative to devise a system that is
able to automate the aforementioned data analysis process.

To this end, we introduce a new dataset for this challenging task, DACO, data analysis via code
generation. DACO is constructed from a set of diverse real-world databases associated with curated
user queries. In light of the previously described labor-intensive challenge, we propose to leverage
LLMs with a multi-turn chained prompts to automatically curate the analytical answers for each
query. Specifically, our designed framework employs the code generation capabilities of GPT-4 [28]
for automating the statistical analysis, interleaved with its ability to interpret the obtained quantitative
results. The DACO dataset contains 440 databases and 1, 942 associated user queries, where each
query is annotated with an average of 3.3 coding steps and 1.9k lines of code during intermediate
steps and a final output of ∼ 10 bullet points. This resource can be used for both model fine-tuning
and evaluation. To provide a refined benchmarking resource, we curate a high-quality test set through
comprehensive human annotations on a subset of 100 samples. Detailed statistics are in Table 1.

We evaluate three types of methods on this new dataset: (1) existing methods designed for table QA
tasks, (2) prompt-based LLMs, and (3) fine-tuned LLMs. We use helpfulness as our main evaluation
metric, assessed through pair-wise comparison. We observe that proprietary LLMs such as GPT-4
demonstrate strong data analysis capabilities and significantly outperform table QA models. However,
they still fall short of human performance by 58.1% in pair-wise evaluations. Regarding fine-tuned
LLMs, via supervised fine-tuning (SFT) using automatically generated annotations that include both
code generation trajectories and the final answers. Inspired by the recent success of reinforcement
learning from human feedback (RLHF) [29, 35, 4, 5, 48, 38], we employ RLHF to further align
the SFT models with human preferences towards helpful data analysis. Our SFT model exhibits
promising data analyais capabilities and outperforms table QA baselines despite lagging behind
proprietary LLMs. On top of SFT, RLHF further enhances the output helpfulness in 58.5% of cases.

In summary, our contributions are as follows: (1) We explore the challenging task of data analysis,
where we construct the DACO dataset with our proposed multi-turn prompting technique on a diverse
set of real-world databases. (2) We curate a human-refined evaluation set for benchmarking models.
(3) We evaluate a diverse set of models on this challenging dataset, including existing models designed
for table QA, prompt-based LLMs, and fine-tuned LLMs with both SFT and RLHF. (4) Our dataset
and code are made publicly available at https://github.com/shirley-wu/daco.

2 Task Formulation

As shown in Figure 1, the input to our task consists of a database D and a query q, where the database
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D is a relational database containing multiple named tables. The output y is formatted as two lists:
findings and suggestions.

Inspired by recent work on tool usage and LLM agent [40, 41, 23], we allow the LLM to invoke tools
for multiple turns before producing the final output y. At the i-th turn, the action ai is generated by
the LLM, and the observation oi is produced by the environment after executing the corresponding
action ai. While the action a can involve various tools such as SQL executor or search engine, we
utilize Python due to its extensive mathematical libraries and programming flexibility.

To evaluate the quality of generated data analysis y, we use helpfulness as the primary metric.
Motivated by literature in the data analysis field [22], we define helpfulness as: (1) relevance to
the query, (2) effective and insightful data interpretation, and (3) diversity in terms of analysis
perspectives. We evaluate helpfulness through pairwise comparison following common approach
[29, 38, 45]. Given two analyses generated by two different systems, the annotator (either human or
simulated by LLM) selects the more helpful one based on our defined criteria. The winning rate of
each system is reported as helpfulness score. To obtain a comparable set of numbers for all models,
we report the winning rate of each model against the annotations, so a score of 50 would indicate the
model generations are perceived as helpful as annotations.

3 Dataset Construction

We construct our DACO dataset through four stages: (1) database collection, (2) query collection, (3)
automatic annotation collection, and (4) human refinement. The workflow is shown in Figure 2(a).

Database collection. We collect databases from two sources: Spider [42] and Kaggle (https:
//www.kaggle.com/datasets). There are 157 databases collected from Spider, which originally
come from university databases, DatabaseAnswers and Wikipedia. We then crawl and filter 5,830
databases from Kaggle. Despite the initial filtering, the quality of these databases remains low, often
containing noisy or unintelligible data. Therefore, we conduct a manual inspection and thereby select
a subset of 314 clean and interpretable databases to build our dataset. To maintain the diversity of the
resulting database set, 157 of the databases are deliberately chosen from the long tail of the topic
distribution. We employ BERTopic [11] to model the topic distribution, which produces in total
160 topics. We take its least frequent 80 topics as the long tail, which covers 26.79% of the total
databases.

Query collection. We generate 10 queries for each database by prompting ChatGPT to first assume
the role of a database stakeholder and then generate an application-driven query based on the role.
To ensure the quality of the query, we perform a manual filtering to the machine generated queries.
Specifically, we remove queries that are not driven by real-world applications or cannot be answered
by the given reference database. We train a group of 6 annotators to perform such a filtering process.
As a result, there are about 42% of the queries removed, where the removal agreement achieves a 0.62
cohen kappa score. After the aforementioned processes, we obtain in total 2,664 queries. Examples
of databases and the automatically generated queries are shown in Figure 8.

Automatic annotation collection. As shown in Figure 2(b), we design a pipeline that leverages the
code generation capability of LLMs to automate the answer annotation for our DACO dataset. Based
on the database and the query, we instruct the LLM to perform data analysis in multiple turns. At
each turn, the LLM will produce a python code snippet and take its execution outputs as evidences to
reason over and support its follow-up interpretation. After each turn, we prompt the model to decide
whether the analysis is sufficiently comprehensive; if deemed sufficient, it terminates the coding turns
and produces the final answer. With this pipeline, we instruct GPT-4 to automatically generate all the
answer annotations to each query of our dataset, for both the intermediate code and the final analysis
answering the queries. To improve the quality of such automatically constructed annotations, we
additionally allow GPT-4 to correct its own mistakes when its generated code leads to run-time or
syntax error, where only the corrected codes are kept. In total, we obtain 1.9k valid query-answer
pairs, each with roughly 3.3 intermediate coding steps.

Human refinement. The annotated analyses thus far have been algorithmically generated, where
their actual quality are to be further verified. We thus curate a human-refined subset containing 100
densely human-annotated query-answer pairs as illustrated in Figure 2(c). For each query, we sample
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Figure 2: An overview of DACO construction.



Table 1:Statistics of DACO dataset. Left: We report the size of each data split, including the number of
databases (# db), the number of queries (# queries), the number of bullet points (# bullets) and tokens (# tokens)
in output answery , and the number of code steps and code lines in intermediate coding stepsa. Train, Dev and
TestA sets are automatically generated with GPT-4, while TestH is the human re�ned subset and only contains
the �nal output answer.Right: We report more �ne-grained statistics regarding the input databases and output
answers. For all databases inDACO, we report the number of tables, columns and rows within each database.
The numbers of rows and columns for each database are calculated by summing across all tables within the
database. For output answers in TestH , we report the number of �ndings, suggestions and tokens in each answer.

Train Dev TestA TestH Total
Input Statistics

# db 353 22 65 17 440
# queries 1558 100 284 100 1942

Annotation Statistics
# bullets 14.8k 996 2728 980 19.5k
# tokens 575k 36.6k 106k 42.3k 760k
# code steps 5086 346 948 - 6380
# code lines 3.0M 208k 555k - 3.7M

Med. Max Min
Detailed statistics for db

# tables 1 15 1
# columns 15 96 3
# rows 572 67.2k 4

Detailed statistics for answer
# �ndings 5 8 3
# suggestions 5 8 3
# tokens 397 864 202

3 different analysis candidates using the previously described automated method with GPT-4. We
ask the annotators to evaluate the quality of each machine generated bullet point and categorize each
point into one ofnot helpful, borderline helpful, or very helpful. The highest quality points from
the three candidates were combined and re�ned into a �nal gold-standard analysis. Concretely, the
annotators should �rst combine allvery helpfulpoints, remove duplicate points, reorder the points
to maintain coherence, and make necessary textual edits for �uency. Suppose the number of bullet
points are lower than our pre-de�ned lowest threshold (3 bullet points per answer), the annotators
should select additional bullet points ranked asborderline helpfulto augment the answer. we ask
a group of 3 internal members to perform re�nement. The agreement accuracy of the re�nement
process (candidate point selection) is 0.83 and the Cohen's Kappa is 0.67.

4 Data Statistics

DACO dataset includes training, development and test sets with annotations generated by GPT-4.
Furthermore,DACO features a human-re�ned testing subset. To differentiate the two test sets, we
denote the automatically annotated set as TestA and the human-re�ned set as TestH . Detailed statistics
are in Table 1.

Database statistics.In total,DACO comprises 440 databases, each of which contains on average 2.3
tables. To better visualize themajor topicdistribution of this selected subset, we again use BERTopic
but group these databases into 10 topics. The keywords for top 5 topics are shown in Figure 3. The
leading topic (topic 1) is associated with business setting and consists of 46.52% of the dataset.
The remaining nine topics exhibit a relatively even distribution, covering a broad range of domains,
including sports (topic 2), healthcare (topic 3), weather (topic 4), and education (topic 5).

Query statistics. In average, each database is accompanied by 4.4 different user queries. We show
the top 15 verbs and their top 3 direct noun objectives in Figure 4. The queries demonstrate a notable
level of diversity. The most common type of queries is to request analysis (such as “analyze data”
and “identify pattern”), followed by queries aiming to make decisions (such as “determine strategy”
and “make decision”). To quantatively verify the diversity of input queries, we measure the overlap
between queries over the same database using cosine similarity of Sentence-BERT [32] embeddings.
Based on manual inspection of various cases, we categorize the overlap between query pairs intolow,
medium, andhighat thresholds of 0.5 and 0.8. Representative examples are shown in Table 2. We
�nd that 45.6% of generated query pairs have low similarity, 52.4% have medium similarity, and only
2.0% are highly similar. The small percentage of highly similar pairs suggests high diversity of input
queries.

Annotation statistics. Figure 5 shows the distribution of the top 10 API functions invoked in the
generated code. Excluding the trivialprint function, the most frequent APIs arepandas APIs
including table manipulation (e.g.groupby andmerge) and mathematical computation (e.g.mean
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