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Abstract

This paper presents DataSciBench, a com-
prehensive benchmark for evaluating Large
Language Models (LLMs) in data sci-
ence. Unlike existing benchmarks lim-
ited to single task, simple evaluation met-
rics, and readily available ground truth (GT),
DataSciBench is built on curated, natural,
and challenging prompts with complex evalu-
ation criteria and uncertain GT. To bridge the
gap, we develop a semi-automated GT gen-
eration pipeline, integrating LLM-based self-
consistency and human verification to ensure
accuracy, predefined task types, and aggregate
functions (metrics). Furthermore, we intro-
duce an innovative Intention-Function-Code
(IFC) framework, assessing code execution
outcomes through metrics and programmatic
rules. Evaluating 26 models (8 API-based, 8
open-source general, 9 code generation, and
1 agentic models), our approach offers rig-
orous insights into LLM strengths and weak-
nesses. Experimental results show API-based
models outperform open-source counterparts
across all metrics, with DeepAnalyze-8B lead-
ing among open-sourced models. We release
all code and data at https://github.
com/THUDM/DataSciBench/.

1 Introduction

Large language models (LLMs) (Achiam et al.,
2023; Team et al., 2023; GLM et al., 2024; Zhang
et al., 2025a) are increasingly empowering data
science and scientific domains, with applications
ranging from data analysis (Hong et al., 2024;
Huang et al., 2024; Jing et al., 2024) to pro-
tein generation (Jumper et al., 2021; Chen et al.,
2025a) and scientific discovery (Lu et al., 2024;
Chen et al., 2025b) to scientific reasoning (Zhang
et al., 2024a,b). For data science tasks, LLMs
can (semi-)autonomously execute workflows via

† work done while these authors interned at Z.AI
‡ Corresponding author.

Implement the desired _marketing_expenditure function, which returns the required amount of 
money that needs to be invested in a new marketing campaign to sell the desired number of units. 

Subtasks: Task (1) Expenditure Calculation: - Input: Use the model parameters from 
`model_parameters.csv` and the desired number of units to sell. - Output: Calculate the required 
marketing expenditure and save the result as `required_expenditure.txt` containing a single float value. 
Task (2) ··· Task (3) ···

Predictive modeling

R-squared Value

Intention

Function

Code

def model_performance_r_squared(ground_truth):
import pandas as pd
from sklearn.metrics import r2_score
output = pd.read_csv("model_parameters.csv")
output_gt = pd.read_csv(ground_truth)

# Read cleaned campaign data for units sold
cleaned_data = 

pd.read_csv("cleaned_campaign_data.csv")
X = cleaned_data[['Marketing expenditure']]
y = cleaned_data['Units sold']

# Retrieving model coefficients
coefficients = output.iloc[0].tolist()
model_predictions = X * coefficients[0]

coefficients_gt = output_gt.iloc[0].tolist()
model_predictions_gt = X * coefficients_gt[0]

return bool(r2_score(y, model_predictions) >= 
r2_score(y, model_predictions_gt))

DataSciBenchVanilla Response

Prompt for Data Science

a b model_parameters.csv

Expenditure = a+ b× (Desired Units)

import csv

def load_model_parameters(filename):
    with open(filename, mode='r') as file:
        csv_reader = csv.DictReader(file)
        parameters = {}
        for row in csv_reader:
            parameters[row['Parameter']] = float(row['Value'
    return parameters

def calculate_marketing_expenditure(parameters, desired_unit
    a = parameters['a']
    b = parameters['b']
    expenditure = a + b * desired_units
    return expenditure

def save_expenditure(expenditure, filename='required_expendit
    with open(filename, mode='w') as file:
        file.write(f"{expenditure:.2f}")

def main():
    param_file = 'model_parameters.csv'
    desired_units = 1000  # You can modify this value as need

    # Load model parameters
    parameters = load_model_parameters(param_file)
    
    # Calculate required expenditure
    expenditure = calculate_marketing_expenditure(parameters
    
    # Save the result
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Figure 1: Comparison of vanilla and DataSciBench
response for a complex prompt. The vanilla response
only outputs code without intent-aligned evaluation,
while DataSciBench leverages the IFC framework
to identify intents, define task-specific verifiable evalu-
ation functions, and generate programmatic code.

code interpreters, but existing benchmarks pri-
marily focus on single task with easily available
ground truth (GT) and simple metrics (e.g., Accu-
racy) (Huang et al., 2023). However, real-world
data analysis requires reasoning over more com-
plex, multi-step scenarios (e.g., calculating expen-
diture and evaluating visualization quality, cf. Fig-
ure 1), where GT generation, metric definition,
and alignment with natural language intentions re-
main open challenges.

Existing benchmarks (e.g., MLAgentBench,
Text2Analysis, cf. Table 1) fall short in addressing
these gaps and focus on evaluating narrower tasks
with easy-to-obtain ground truth and straightfor-
ward evaluation metrics (e.g., Accuracy). As LLM
evaluation advances toward real-world complexity
(cf. Figure 1), how to unify intent understanding,
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Table 1: Comparison with related work across key dimensions: prompt sources, task characteristics, evaluation
metric design, task planning, and average solution lines. LC = LeetCode; IFC = Intention-Function-Code.

Benchmark Prompt Source Task Modality Evaluation Metrics Planning
# Avg.

Solution Line

DS-1000 (Lai et al., 2023) StackOverflow Text Test Cases + Surface-Form Constraints 3.6
MLAgentBench (Huang et al., 2023) Kaggle Text Acc. + Success Rate, Human 2.3

LiveCodeBench (Jain et al., 2024) LC/AtCoder/CodeForces Text Test Cases + Pass Rate -
NaturalCodeBench (Zhang et al., 2024c) CodeGeeX Text Test Cases + Pass Rate 28.4

BigCodeBench (Zhuo et al., 2024) StackOverflow Text Test Cases + Pass Rate 10.0

Text2Analysis (He et al., 2023) Human&LLM Tabular Executable ratio, Acc., Regression scores -
InfiAgent-DABench (Hu et al., 2024) LLM Tabular Acc. ∼20

DataSciBench (Ours) CodeGeeX&BCB&Human
Text, Tabular, 25 Aggregate Metrics

14.4Image and Programmatic Rules (IFC)

task-specific verifiable evaluation function, and
code validation is a question worth exploring.

To answer this question and address the gap,
we present DataSciBench, a comprehensive
benchmark for evaluating LLMs’ data science ca-
pabilities and providing insights to help LLMs
improve their data analysis and data visualiza-
tion abilities. Our collected 222 natural and
challenging prompts cover 6 key data science
tasks (e.g., data preprocessing, statistics, visu-
alization, mining, and interpretability) and re-
quire multi-dimensional results for discrimina-
tive evaluation. To address GT generation and
metric evaluation for these complex scenarios,
we propose a novel semi-automated framework
called Intention-Function-Code (IFC). From a
coarse-grained perspective, IFC aggregates task
types, intent-matched verifiable evaluation func-
tions, and code templates. From a fine-grained
perspective, it defines programmatic rules to val-
idate output consistency with both specific tasks
and GT, ensuring a fair and consistent assessment.

We evaluate 26 models (8 API-based, 8 open-
sourced general, 9 code generation, and 1 agentic)
on 519 IFC-driven GTs. We observe that API-
based models greatly outperform open-source
counterparts, with GPT-4o leading across all met-
rics and DeepAnalyze-8B as the top open-source
model. However, all models have significant room
for improvement in following fine-grained instruc-
tions, calling the appropriate tools, executing ac-
curate plans, and exporting the required execution
outputs.

Overall, our key contributions are as follows:

• We introduce DataSciBench, a comprehen-
sive benchmark designed to assess LLMs’ per-
formance in data science (cf. Figure 2). We
develop a semi-automated pipeline to generate
verifiable ground truth and evaluate aggregated
metrics on carefully crafted complex questions.

• We propose an innovative Intention-Function-
Code (IFC)-driven evaluation framework based
on predefined aggregated metrics and program-
matic rules. We then assess 26 large lan-
guage models from both coarse-grained and
fine-grained perspectives (cf. Table 2).

• Various analyses of comparisons regarding dif-
ficulty and alignment between ours and human
evaluation are performed in Figure 5 and Ta-
ble 3. Furthermore, we provide research insights
derived from experimental outcomes of the eval-
uated LLMs that point to interesting directions
for future work.

2 Background on using LLMs for Data
Science

This section discusses the key aspects that underlie
our benchmarking approach.
Ground Truth Generation. Ground truth serves
as the cornerstone for evaluating the performance
of LLMs in data science tasks. For diverse and
challenging data science prompts, we aim to pro-
pose a semi-automated pipeline that leverages a
robust LLM to generate GTs and employs self-
consistency and human validation strategies to en-
sure the accuracy and reliability of generated GTs.
Evaluation Metric Definition. Defining appro-
priate and meaningful evaluation metrics is es-
sential for effectively comparing and analyzing
the effectiveness of different LLMs in data sci-
ence tasks. Our study meticulously defines evalua-
tion metrics tailored to the specific tasks and chal-
lenges the collected prompts pose. These metrics
are designed to capture the diverse nuances of data
analysis and visualization tasks, enabling a com-
prehensive assessment of LLMs’ capabilities.
Limitation of Previous Studies. Prior research
in benchmarking LLMs for data science has of-
ten been limited by focusing on single task, simple
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3. Multi-Dimensional LLM Evaluation

DataSciBench
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Language
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Step 2: Question Filtering

l Human-written
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l Verify correctness
l Standardize 

instructions
l Collect datasets

2. IFC-Driven Response Integration and Validation

𝑹: [(I, F, C), ···]

Prompt

Large Language Models

Intention Function Code

Test Case with Ground Truth

Task Type
(1) Data cleaning
& preprocessing

(2) Data 
exploration & 
statistics 
understand

(3) Data 
visualization

(4) Predictive 
modeling

(5) Data mining & 
Pattern recognition

(6) Interpretability 
& Report generation

Step 1: Prompt Collection

Prompt: ***
IFC-list: ***
Input data: ***
Ground truth: ***

Aggregate Function
ü Data cleaning completeness
ü Data Integrity
ü Visualization completeness
ü Predictive modeling
ü Clustering validity
ü Pattern detection precision
ü Report quality

Programmatic Rules

Ø Final output:
Boolean

Ø Return of initial output:
Boolean: 0 or 1
Decimal: Threshold check

Ø Output        Ground truth

D
at

a
In

te
rp

re
te

r

Directed 
Acyclic Graph

l Benchmark refinement

Figure 2: The DataSciBench encompasses three key components (cf. Section 3). (1) Intent-aware prompt
definition and collection, which covers 6 task types, prompt collection, question filtering, and expert review. (2)
IFC-driven response integration and validation, incorporating the IFC (25 aggregated functions and program-
matic rules) and 519 test cases with ground truth. (3) Multi-dimensional LLM evaluation involving 26 LLMs.

evaluation metrics, and readily available ground
truth. These shortcomings hinder the thorough
evaluation of LLMs and may not fully capture
their strengths and weaknesses. By addressing
these limitations, our study seeks to provide a
more comprehensive and nuanced assessment of
LLMs in data science. Through the development
of DataSciBench and the implementation of a
rigorous evaluation framework, we aim to push the
boundaries of benchmarking practices in the field
of data science and LLM research.

3 The DataSciBench

DataSciBench comprises three core compo-
nents (cf. Figure 2), centered on the IFC frame-
work to enable intent-aligned, rigorous evaluation
of LLMs data science capabilities.

• Intent-Aware Prompt Definition and Collec-
tion defines 6 task types and curates 222 natural,
challenging prompts via multi-source collection,
keyword filtering, and expert review.

• IFC-Driven Response Integration and Val-
idation leverages a novel Intention-Function-

Code (IFC) framework to generate 519 test
cases, linking prompt intents to task-specific
evaluation functions and programmatic rules.

• Multi-Dimensional LLM Evaluation assesses
26 models (8 API-based, 8 open-sourced gen-
eral, 9 open-sourced code generation, and 1
agentic) from coarse-grained (success rate, com-
pletion rate) and fine-grained (Vision-Language
Model (VLM)-as-a-judge, 25 aggregate func-
tions) perspectives.

3.1 Intent-Aware Prompt Definition for Data
Science

Task Type. We define six data science tasks (cf.
Appendix A.2) that include Data cleaning and pre-
processing, Data exploration and statistics under-
standing, Data visualization, Predictive modeling,
Data mining and Pattern recognition, and Inter-
pretability and Report generation.

Task Integration. To mimic real-world complex-
ity, our carefully crafted prompts often combine
multiple tasks in sequence, e.g., from clean data to
explore statistics to visualize results.
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3.2 Dataset Collection

Step 1: Question Collection. We collect ques-
tions from four sources: (1) Real-world Plat-
form. We collect natural prompts from a real on-
line code-generation platform, CodeGeeX (Zheng
et al., 2023). (2) Benchmark Refinement. 167
high-quality data science prompts with test cases
from BigCodeBench, rewritten to include explicit
input data, intent-driven prompts, and expected
outputs to align with IFC’s standardized evalua-
tion requirements. (3) Human-Written. Expert-
crafted prompts (referencing domain resources1)
to enhance difficulty and cover edge-case intents.
(4) LLM-Synthesized. LLM-generated prompts
guided by human-written few-shot examples.

Step 2: Question Filtering. Based on care-
fully collected prompts, low-quality prompts are
excluded via intent-focused principles: (1) Re-
tain prompts containing domain keywords (e.g.,
“machine learning”, “deep learning”, “data pre-
processing”, “data visualization”) that signal clear
data science intents; (2) Filter prompts requiring
code rewriting, error detection, or basic concept
explanation that lack complex intent fulfillment.

Step 3: Expert Review. To ensure prompt qual-
ity and intent clarity, we review all prompts with
experts in computer science and data analysis. The
review process includes three stages: (1) In stage
1, experts verify prompt correctness, adjust intent
suitability, and ensure responses to the questions
are clear and structured in a way that facilitates as-
sessment (e.g., handling missing values in a data
frame). (2) In stage 2, experts standardize all ver-
ified prompts into a unified format that encom-
passes input data or file, intent-driven prompt, and
expected output file. (3) In stage 3, experts ensure
the availability of input prompt datasets by collect-
ing public datasets or generating random datasets.

3.3 IFC-Driven Response Integration and
Validation

Intent-Consistent Ground Truth Generation
and Verification. Given the cost and scalabil-
ity limitations of manual GT crafting, we adopt a
semi-automated pipeline that prioritizes alignment
with prompt core intents. Firstly, we sample mul-
tiple outputs from LLM (GPT-4o-mini), execute
code snippets, and derive the final executable re-
sults. Then, we use two different validation meth-

1https://ds100.org/course-notes/eda/eda.html

DataSciBench

Data Cleaning 
Completeness

Data Cleaning & 

Preprocessing

Pr
ed

ic
tiv

e 

M
od

el
in

g

Data Visualization

DM & PR

Interpre. & RG

Data
 E

xp
lor

ati
on

 &
 

St
ati

sti
cs

 U
nd

ers
tan

d

Data
 

Com
ple

ten
ess

DataFrame Shape 

Validation

No
rm

ali
za

tio
n 

Ra
ng

e C
he

ck

Data Quality 
Score

Data Accuracy

Data Integrity
Data Consistency

Data Validity

Data Uniformity

Model Accuracy

R-squared Value

Cluste
rin

g 

Valid
ity

Vi
su

ali
za

tio
n 

Com
ple

ten
es

s

Plot Validity

Visualization 

Quality

MAE
Title 

Verification

Silhouette Score

Clustering Validity

Report   Comple.

Report Quality

Result Comple.

6 task types

25 aggregate 
functions

Figure 3: Statistics of 6 intent-mapped task types and
25 aggregate functions in the Intention-Function-Code
(IFC) framework. DM & PR = Data Mining & Pattern
Recognition. Interpre. & RG = Interpretability & Re-
port Generation.

ods to validate whether the LLM-generated an-
swer aligns with the meaning specified in the ag-
gregate functions to ensure the reliability of the an-
swer. (1) For BCB-sourced prompts, where reli-
able test cases are provided, we validate the gen-
erated answer by performing all test cases. An-
swers that pass all test cases are re-checked by
humans and finally considered ground truth. (2)
As for other prompts, we initially adopt a self-
consistency strategy (Wang et al., 2022) to obtain
outputs and then ensure their reliability and pre-
cision by having six authors of the paper verify
the default assigned prompts and corresponding
ground truth elements, including task type, verifi-
able evaluation function, programmatic code, and
final outputs. In cases where uncertainties arise
in the generated outputs, we cross-validate them
among three authors.

Intent-Guided Verifiable Evaluation Selection.
We streamline evaluation by mapping prompts to
intent-specific tasks, verifiable functions, and pro-
grammatic code. We first use GPT-4o-mini to
identify valuable task types, select correspond-
ing evaluation functions, and generate assessment
codes to reduce cost while targeting core capabili-
ties. Each evaluation unit is represented as a tuple
(I, F, C) in generated R as follows:

R = {(Ii,Fi,Ci)|Ni }, (1)
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where N is the number of intent-relevant tasks
per prompt, and this value is different for each
question. Then we generate a hierarchical di-
rected acyclic graph (DAG) via data interpreter
(DI) (Hong et al., 2024) to model task dependen-
cies, in which each task type is defined as a node
at one level in a DAG (cf. Figure 2). Based on
the generated graphs, we take a powerful LLM as
a backbone to run evaluation functions and derive
the ground truth to avoid biases arising from com-
monly used black-box LLM-as-a-Judge.

Function Aggregation. To unify intent-aligned
assessment and enhance the scalability, we aggre-
gate all generated functions to the top-K function
category, select top-K functions per task type, re-
sulting in 25 core functions (cf. Figure 3). Gen-
erally, K is set as 5. For example, the function
category for data cleaning and preprocessing in-
cludes Data Cleaning Completeness, DataFrame
Shape Validation, Data Completeness, Normaliza-
tion Range Check, and Data Quality Score.

Programmatic Rules. Regarding aggregate
functions with corresponding codes, we standard-
ize outputs for intent-aligned verification. Specif-
ically, we unify initial outputs as boolean (0 or 1)
or normalized decimal (0-1) values. For Boolean
tasks, we obtain the final value by matching the
ground truth with the generated output, depending
on the task description of aggregate functions. For
example, regarding Data Cleaning Completeness,
which calculates the final number of rows/columns
after preprocessing, the final output is 1 if the
number is the same as the number of ground
truths; otherwise, it is 0. For some specific tasks
whose output type is decimal, we also set a cor-
responding threshold to convert the output to a
boolean for simplicity. For example, the threshold
is set to 0.5 if the aggregate function is the silhou-
ette score for data mining and pattern recognition.

Summary. The IFC pipeline yields 222 intent-
rich prompts, 6 task types, 519 test cases, and 25
aggregated functions, which help comprehensive
evaluation of 26 models (8 API-based, 17 open-
sourced, 1 agentic models).

4 Experiments

4.1 Settings

We evaluate 26 models (8 API-based, 8 open-
sourced general, 9 code generation, 1 agentic) to
assess their data science capabilities, leveraging

the IFC framework.

• Eight API-based models include o1-
mini (Jaech et al., 2024), GPT-4o-mini (Hurst
et al., 2024), GPT-4o-2024-05-13, GPT-4-
Turbo (Achiam et al., 2023), Claude-3.5-
Sonnet2, GLM-4.6, GLM-4.5-Flash (Zeng
et al., 2025), and GLM-4-Flash (GLM et al.,
2024).

• Eight open-sourced general models in-
clude Llama3.1-8B-Instruct, Llama3-8B-
Instruct, Qwen2.5-7B-Instruct, Qwen2-1.5/7B-
Instruct (Yang et al., 2024), Gemma2-9B-
it (Team et al., 2024), GLM-4-9B-chat, and
Yi-1.5-9B-chat-16k (Young et al., 2024).

• Nine open-sourced code models include
Deepseek-Coder-1.3/6.7/33B-Instruct (Guo
et al., 2024), CodeLlama-7/13/34B-
Instruct (Roziere et al., 2023), Qwen-2.5-
Coder-1.5/7B-Instruct (Hui et al., 2024), and
StarCoder2-15B (Lozhkov et al., 2024).

• One agentic model is DeepAnalyze-8B (Zhang
et al., 2025b).

4.2 Multi-Dimensional Evaluation Metrics

Coarse-Grained Metrics. We define two coarse-
grained metrics (CR and SR) to measure LLMs.
• Completion Rate (CR). Adapted from Data In-
terpreter (Hong et al., 2024), CR quantifies the
extent to which models complete intent-aligned
IFC steps. We give it a completion score, with
a minimum score of 0 and a maximum score of 2.
The step completion scores were given as follows:
missing (score of 0), fail (score of 0), success-
non-compliant (score of 1), and success-compliant
(score of 2), with CR calculated as:

Completion Rate (CR) =
∑T

t=1 st
T × smax

, (2)

where the numerator was the sum of the comple-
tion scores for each step, and the denominator was
the sum of the maximum possible scores for all
steps (2× T and T is the number of IFCs).
• Success Rate (SR). Inspired by Codex (Chen
et al., 2021), SR is defined as the rate of complete
success across 10 runs per prompt. If all the IFC
in R have passed within a run of a single prompt,
it will count as a success. Otherwise, it will count
as a failure. Note that for BigCodeBench-sourced

2https://www.anthropic.com/news/claude-3-5-sonnet

3689



Table 2: Overall evaluation results for DataSciBench on all our curated prompts. Dark gray and light gray
indicate the best result among all models and open-source models, respectively.

Models Size
Coarse-grained Metrics Fine-grained Metrics

Score
SR (%) CR (%) VLM F1 F2 F3 F4 F5

API-Based Models
o1-mini N/A 29.77 45.26 2.87 44.63 19.27 36.01 30.94 23.81 38.78
GPT-4o N/A 66.31 68.44 3.91 75.93 56.14 69.33 71.35 57.67 64.51

GPT-4o-mini N/A 50.63 57.78 3.05 60.30 48.02 57.84 59.24 53.54 54.18
GPT-4-Turbo N/A 51.93 58.87 3.09 62.30 41.62 57.75 60.25 50.75 54.65

Claude-3-5-Sonnet N/A 47.48 58.11 2.14 49.07 36.94 55.84 52.87 46.04 52.29
GLM-4.6 N/A 66.22 44.46 0.88 59.42 44.35 59.40 66.02 44.62 45.94

GLM-4.5-Flash N/A 58.11 36.79 1.13 40.97 39.94 48.68 43.62 37.26 37.40
GLM-4-Flash N/A 30.32 34.04 1.33 36.53 29.42 32.57 27.64 14.44 30.74

Open-Source General Models
Meta-Llama-3.1-8B-Instruct 8B 24.73 33.89 1.29 38.24 18.25 21.98 22.89 25.85 29.69
Meta-Llama-3-8B-Instruct 8B 2.88 3.92 0.52 4.18 1.26 2.70 2.67 1.47 3.33

Gemma-2-9B-it 9B 7.07 11.00 1.06 26.16 16.90 23.81 18.11 17.15 12.66
GLM-4-9B-Chat 9B 25.72 30.38 1.69 31.51 23.15 28.07 27.19 19.14 27.57

Qwen2.5-7B-Instruct 7B 43.83 50.74 1.43 51.18 36.41 47.25 45.24 34.77 45.99
Qwen2-7B-Instruct 7B 22.84 25.58 1.16 30.93 20.78 28.73 25.87 7.52 23.52

Qwen2-1.5B-Instruct 1.5B 3.96 5.46 0.40 4.54 1.98 3.26 5.76 4.71 4.78
Yi-1.5-9B-Chat-16K 9B 38.20 42.35 0.73 38.14 36.36 35.64 37.08 27.79 38.22

Open-Source Code Generation Models
CodeLlama-34B-Instruct 34B 0.90 1.47 0.00 1.02 0.84 1.98 1.54 1.19 1.33
CodeLlama-13B-Instruct 13B 10.49 14.64 0.04 11.67 11.34 9.43 14.43 5.15 12.64
CodeLlama-7B-Instruct 7B 2.88 3.97 0.00 3.53 2.37 2.57 1.74 1.59 3.31

StarCoder2-15B 15B 2.07 2.61 0.07 2.57 1.81 1.59 3.43 1.19 2.33
DeepSeek-Coder-33B-instruct 33B 55.86 61.23 2.29 65.66 47.11 58.17 61.65 48.60 56.76
DeepSeek-Coder-6.7B-instruct 6.7B 37.03 41.62 1.93 43.49 34.57 46.36 46.49 18.09 38.45
DeepSeek-Coder-1.3B-instruct 1.3B 15.50 19.00 0.10 13.04 14.62 13.26 16.32 7.92 16.39

Qwen2.5-Coder-7B-Instruct 7B 45.18 53.11 1.48 51.58 43.21 43.87 42.50 35.23 47.67
Qwen2.5-Coder-1.5B-Instruct 1.5B 22.74 28.64 0.81 29.82 21.79 23.96 29.58 16.39 25.87

Agentic Model
DeepAnalyze-8B 8B 59.91 66.24 2.86 71.68 67.86 58.62 69.09 33.33 61.11

prompts, we match IFC function outputs to the
ground truth to determine whether a single run
passes, since R is derived based on demanded
function outputs in this case. The formula for cal-
culating SR is as:

Success Rate (SR) := E
Prompts

[
1−

(
n−c
k

)
(
n
k

)
]
, (3)

where n = 10 and k = 1 in our case, c denotes the
number of runs that have passed all IFCs in R.

Fine-grained Aggregate Metrics. We define
intent-aligned fine-grained aggregate metrics to
evaluate LLMs performance (cf. Figure 3 and
Table 6). It’s worth noting that data visualiza-
tion is one of the more challenging tasks, which
requires both output existence and intent-driven
quality validation. Specifically, for tasks like data
visualization, we focus on metrics such as visual-
ization quality and use VLM-as-a-judge to assess
the quality of images. Finally, we select six repre-
sentative aggregated metrics as follows:

• VLM-as-a-judge assesses the overall score of
two visual inputs against predefined criteria
for progressively adding scores (cf. Ap-
pendix A.13) to write the total score with step-
by-step reasoning explanation for its evaluation,
with GPT-4o-mini serving as the VLM.

• Data Quality Score (F1) in Data cleaning and
preprocessing aims to assess post-processing
data cleanliness. It yields a boolean output of
1 if it matches the ground truth or 0 otherwise.

• Plot Validity (F2) in Data visualization refers to
the accuracy of visual representations, such as
checking whether the shape of an association
matrix is consistent with the ground truth. If yes,
the final value is 1, otherwise 0.

• Data Accuracy (F3) in Data Exploration and
Statistics Understand focuses on understanding
data quality and can be quantified using Mean
Squared Error (MSE). The final value is derived
by comparing it against the ground truth with a
predefined threshold.
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• Visualization Completeness (F4) in Data visual-
ization evaluates the comprehensiveness of gen-
erated images (e.g., PNG, PDF) by checking
their existence compared to the ground truth. A
score of 1 is assigned if the files exist, and 0 oth-
erwise. Note that we use VLM-as-a-judge and
F2 to assess the quality of generated images.

• Model Accuracy (F5) in Predictive modeling is
utilized to gauge the predictive performance of
models, providing a Boolean accuracy value or
a decimal ranging between 0 and 1.

Final Score. The final score prioritizes the
most important intent-aligned CR while integrat-
ing fine-grained metrics and VLM evaluations
based on empirical observations, with weights bal-
ancing the importance of various aspects and re-
flecting real-world data science priorities. We also
supplement a thorough sensitivity analysis and
further clarify the rationale for the weight setting
(cf. Appendix A.3).

S = 0.05×
5∑

i=1

Fi + 0.05× SVLM + 0.05× SR + 0.65× CR.

(4)

Here, the final Score is computed by combin-
ing the weighted sum of five metrics Fi (where i
ranges from 1 to 5), a value VLM score, a value
SR, and a value CR. Each factor is multiplied by
its respective weight (0.05 or 0.65).

5 Results and Analysis

5.1 Overall Performance

We present overall experiment results in Table 2
and Figure 4, with key findings:

(1) Concerning average performance, API-
based models outperform open-sourced mod-
els. Among API-based models, GPT-4o achieves
the highest total score of 64.51%, attaining a
significant 9.86% advantage over GPT-4-Turbo
(54.65%). GPT-4o also excels across all met-
rics, indicating its comprehensive intent under-
standing and execution. In comparison, the per-
formance variance between API-based models is
smaller than that of open-sourced models.

(2) As for open-sourced models, general and
code generation models exhibit minimal overall
gaps. However, DeepSeek-Coder-33B-Instruct
achieves the highest score of 56.76%, outperform-
ing various API-based models like o1-mini and
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Figure 4: Overall score results of all tested LLMs.

Table 3: Alignment between VLM (GPT-4o-mini) and
human evaluation scores.

Metric Average Score

Dimension-level Pearson Correlation 0.85
Pair-wise Correlation 0.97

Cosine Similarity 0.99

GPT-4-Turbo. Other models like Qwen2.5-Coder-
7B-Instruct (47.67%) and Qwen2.5-7B-Instruct
(45.99%) also show fair to good capability. In
contrast, a few models only pass very few tasks,
achieving total scores even lower than 5.0%.
Of these, CodeLlama-34B-Instruct unexpectedly
achieves a score of 1.33%, even lagging behind its
small-scale version, CodeLlama-7B-Instruct. We
present an analysis of the anomaly in Section 5.6.

5.2 VLM and Human Evaluation Alignment
To validate the reliability of VLM-as-a-judge
(GPT-4o-mini) for assessing visualization, we
compare its score with human evaluations across
five fine-grained dimensions (cf. Table 3 and Ta-
ble 4). Table 3 shows high alignment across three
metrics: Dimension-level Pearson Correlation of
0.85, Pairwise Correlation of 0.97, and Cosine
Similarity of 0.99, confirming the VLM’s abil-
ity to reliably capture human judgments of intent-
aligned visualization quality. Moreover, we use
a more fine-grained analysis over five dimensions
for this experiment (cf. Table 4). After obtaining
the scores for each dimension of LLM-generated
charts, we calculate the Pearson correlation coef-
ficient for each sample and compute the mean cor-
relation (cf. Appendix A.4).

5.3 Comparison with Existing Benchmarks
We perform correlation analysis to evaluate the
alignment between DataSciBench and coding
evaluations like BCB and LCB. To achieve corre-
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Table 4: Automatic and Human evaluation on five dimensions, and a dimension-level comparison of VLM-
generated scores vs. human judgment and their Pearson correlations.

Method Factual Accuracy User Need Fulfillment Visual Grounding Ability Clarity Overall Score

VLM-as-a-judge 9.00 8.33 7.40 8.60 8.26
Human judgment 8.53 8.46 7.66 8.66 8.53

Dimension-Level Pearson Corr. 0.69 0.95 0.92 0.86 0.85

lation analysis, we calculate both Pearson’s r and
Spearman’s p correlation coefficients, which pro-
vide insights into the strength and direction of re-
lationships between our benchmark and these es-
tablished metrics. This analysis not only validates
our results but also ensures robustness across dif-
ferent evaluation dimensions. Our findings indi-
cate strong positive correlations, suggesting that
our benchmark aligns well with these established
coding evaluation metrics.

Table 5: Correlation with LCB and BCB.

DataSciBench

r p

LiveCodeBench (LCB) 0.853 0.673
BigCodeBench (BCB) 0.823 0.808

While DataSciBench does show a correla-
tion with LCB or BCB in Table 5, our benchmark
offers several unique and important contributions:

• Domain-Specific Focus: DataSciBench
specifically targets data science tasks. However,
existing benchmarks primarily focus on gen-
eral programming problems. This specialization
helps evaluate models’ capabilities in handling
real-world data analysis scenarios.

• Task Diversity: Our DataSciBench includes
unique task types like data preprocessing, visu-
alization, and statistical analysis. These tasks
are underrepresented in current benchmarks.
This provides deeper insights into models’ data
science-specific capabilities.

• Complementary Insights: While overall cor-
relations exist, we observe meaningful differ-
ences in model rankings. For example, models
like Meta-Llama-3-8B-Instruct and CodeLlama-
34B-Instruct show distinct performance pat-
terns. These differences highlight capabilities
specific to data science tasks that other bench-
marks may not capture.

The correlation with existing benchmarks val-
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Figure 5: Average Completion Rate results regarding
different difficulty levels.

idates our evaluation methodology, while our
domain-specific focus provides valuable new in-
sights for assessing models in data science appli-
cations.

5.4 Comparison with HumanEval

We compare our proposed DataSciBench with
HumanEval. As shown in Figure 6, we observe
that most LLMs are located in the upper triangular
region of the graph and all tested models are di-
vided into two groups, in which the green-dashed-
line areas where LLMs perform well on the two
benchmarks and the orange-solid-line area where
performances on the two datasets with the same
model indicate significant discrepancies.

5.5 Study with Different Difficulty Levels

To assess the capability of LLMs in completing
prompts across different levels of difficulty, we
categorize prompts using BCB and data format-
ted in CSV, human handwritten prompts, and data
science-related DL tasks as easy-167, medium-30,
and hard levels-25, respectively. We assess mul-
tiple LLMs by combining different difficulty lev-
els, overall average CR, and the average CR for
each difficulty level. From the Figure 5, it can be
observed that: (1) GPT-4o, GPT-4o-mini, GPT-4-
Turbo, and DeepSeek-Coder-33B-Instruct, exhibit
consistent performance across all difficulty lev-
els, indicating strong robustness. (2) GPT-4 series
and DeepSeek-Coder-Instruct series lead in aver-
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age CR, particularly excelling in complex, data-
driven tasks defined as hard. (3) There are notice-
able performance disparities among general mod-
els and small-scale models in terms of average
metrics, such as CR, with some achieving lower
scores overall, suggesting that general models are
less efficient or accurate in data science tasks.

5.6 Deeper Insights into LLMs’ Ability

With curated metrics, we can obtain deeper re-
search insights into LLMs’ ability to plan and ex-
ecute complex data science tasks. The experiment
results also raise questions that are worth explor-
ing since some results do not conform to conven-
tional perceptions.

(Observation 1) - LLMs demonstrate proficiency
in reasoning tasks but may not consistently ex-
cel in complex data science tasks that necessitate
precise adherence to detailed instructions, uti-
lization of existing tools, and strategic planning.
Although data science coding tasks often involve
scheduling and step-by-step execution similar to
reasoning scenarios, results show that even the
LLMs proficient in reasoning tasks can still fail
to complete complex data science tasks. For in-
stance, the o1-mini model, which is commonly re-
garded as one of the best reasoning models, un-
expectedly failed on many of DataSciBench’s
tasks. The model only achieves a 29.77% overall
success rate, significantly lagging behind the com-
pany’s previously introduced models like GPT-4o
and GPT-4-Turbo. After examining the comple-
tions generated by o1-mini, we discovered that the
failures are primarily caused by non-compliance
with instructions, incorrect calls, and forgetful-
ness. While successfully splitting the task into
multiple subtasks, the model often forgets to ex-
port the required execution outcomes or just out-
puts undesired data. In other cases, the model may
falsely call a library function or method that some-
times does not even exist. The main kind of coding
error is an execution error. An example is a hal-
lucination about the column name of a CSV file.
These facts remind us that real-life data science
coding tasks often comprehensively challenge the
model’s ability to follow fine-grained instructions,
utilize existing tools (libraries, APIs. . .), and do
planning. To excel and align effectively with these
tasks, a model must demonstrate competitiveness
across all relevant aspects. We included four bad
examples generated by o1-mini for further clarifi-

cation (see Appendix B.2).

(Observation 2) - Larger-scale models may en-
counter challenges in following simple instruc-
tions due to the extensive data utilized dur-
ing training, potentially leading to difficulties
in generating outputs in formats different from
those within the training data. StarCoder2-
15B performs worse than some smaller mod-
els, and CodeLlama-34B-Instruct even performs
worse than 13B and 7B versions. The main reason
is that the larger-scale version lacks some other
ability like generating formatted text according to
prompts. Perhaps a large amount of data in a cer-
tain format is being used to train a larger version
that fails to follow the prompt to generate another
format different from that. We present some ex-
amples in Appendix B.2. Indeed, the larger-scale
model of CodeLlama also fails to outperform the
smaller-scale version in LiveCodeBench.

6 Conclusion

This paper introduces DataSciBench, a novel
framework tailored to assess the capabilities of
LLMs in data science tasks. By meticulously cu-
rating challenging prompts and leveraging robust
LLMs alongside a self-consistency strategy, we
generate ground truth for all prompts. To effi-
ciently evaluate LLMs’ performance, we aggre-
gate evaluation metrics and synthesize the IFC
list programmatically. Subsequently, we assess 26
API-based, open-source and agentic models, of-
fer valuable research and engineering insights, and
present error analyses of the assessed LLMs.

Limitations

In certain visualization tasks, our initial metrics
and evaluation methods (e.g., VLM-as-a-judge)
may lack precision. Further refinement of met-
rics is required to evaluate data visualization tasks
effectively. One potential approach could involve
employing VLMs to train critic models, enhanc-
ing the capability for fine-grained evaluations of
visualizations.
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A Appendix of DataSciBench

A.1 Broader Impacts
This work aims to promote the development of
LLMs in performing data science tasks. This pa-
per is to construct prompts in the field of data sci-
ence and evaluate the ability of LLMs to solve
these prompts without causing negative social im-
pacts.

A.2 Task Definition
We define six typical data science tasks as follows:

1) Data cleaning and preprocessing. This task
detects and processes missing values, outliers, and
duplicate data; and standardizes data formats, such
as a uniform format for dates and times.

2) Data exploration and statistics under-
standing. This task calculates basic statistical in-
dicators of data (mean, median, standard devia-
tion, etc.), generates data distribution charts (his-
tograms, box plots, etc.), calculates correlations
between variables, and draws correlation matrices
or maps.

3) Data visualization. The goal of this task is
to visualize and analyze data and create interactive
charts so users can freely explore the data.

4) Predictive modeling. The task aims to select
the appropriate machine learning algorithm, such
as linear regression, decision tree, random forest,
etc.; carry out feature engineering, such as feature
selection, feature transformation, feature combi-
nation, etc.; the data set is divided into the train-
ing set and test set, and the model is trained and
evaluated; and select the corresponding evaluation
indicators for different prediction problems, such
as classification, regression or clustering.

5) Data mining and Pattern recognition. This
task uses association rule mining, frequent item set
mining, and other methods to find interesting pat-
terns in the data; Text mining technology is used
to extract keywords, topics, and other information
from text data; and apply cluster analysis, classifi-
cation algorithms, etc. to identify underlying pat-
terns and structures. Pattern recognition tasks can
conduct these functions: image recognition, text
clustering, and time series detection.

6) Interpretability and Report generation.
This task aims to provide explanations of model
results, such as feature importance, model param-
eters, etc., and automatically generate reports and
summaries that present the results of the analysis
in a way that is easy to understand and share.

A.3 Sensitivity Analysis of the Final Score
Weights

Here, we provide a thorough sensitivity analysis
of weight adjustments:

(1) Rationale for the high weight of CR
(65%): Data science tasks are inherently multi-
step and process-oriented, where step comple-
tion is a fundamental prerequisite. If a model
fails to complete the core IFC (Intention-Function-
Code) steps, the subsequent fine-grained metrics
and final output evaluation become meaningless.
This weight setting is not arbitrary but references
benchmark works in top conferences/journals in
the field. For example, Data Interpreter (Hong
et al., 2024) set the weight of CR to 50%, and DA-
Code (Huang et al., 2024) mainly adopted CR as
the core evaluation metric.

(2) Sensitivity analysis of weight choices: To
verify the impact of weight adjustments on the
final rankings, we conducted a sensitivity analy-
sis with four weighting schemes and calculated
the Spearman correlation coefficients between the
original scheme and the new schemes. The details
are as follows:
• Original weight scheme (CR=65%, SR=5%,

VLM=5%, five fine-grained metrics=25% in to-
tal);
• Equal weight scheme (all metrics share equal

weights): Spearman’s ρ = 0.9877, p-value =
0.0000 (Average vs Original weight scheme);
• SR-dominant scheme (SR=50%, CR=30%,

VLM and five fine-grained metrics are 20% in to-
tal): Spearman’s ρ = 0.9747, p-value = 0.0000 (SR
Score vs Original weight scheme);
• Fine-grained metric-dominant scheme

(SR=25%, CR=25%, VLM + F1-F5 = 50%):
Spearman’s ρ = 0.9904, p-value = 0.0000 (Fine
Score vs Original weight scheme).

The results show that the Spearman correla-
tion coefficients between all new weight schemes
and the original scheme are ≥ 0.97. No-
tably, GPT-4o remains the Top-1 model across all
schemes, demonstrating that the evaluation results
are highly robust to weight adjustments and the
core conclusions of our work are not affected.

A.4 Alignment with Human Evaluation

Given two sequences of real-valued scores X =
[x1, x2, . . . , xn] and Y = [y1, y2, . . . , yn], the
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Figure 6: Pass@1 comparison of all tested LLMs between DataSciBench and HumanEval. Circle markers
denote the API-based models, while others denote various open-sourced LLMs. The green dashed areas indicate
that the LLMs perform well on the two benchmarks, and the orange solid areas indicate performances of the two
datasets are relatively mismatched.

Pearson correlation coefficient is:

PearsonCorr(X,Y ) =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2 ·
√∑n

i=1(yi − ȳ)2
,

(5)

where x̄ and ȳ are the means of sequences X and
Y , respectively.

Dimension-level Pearson Correlation. To val-
idate the alignment in each dimension, we define
our metrics and show the results in Table 4. Let
each sample i ∈ {1, . . . , N} be scored along D
dimensions by both the VLM evaluator and human
annotators:

gi = [gi1, gi2, . . . , giD], hi = [hi1, hi2, . . . , hiD].
(6)

We compute the average score for each dimension
across samples:

ḡj =
1

N

N∑

i=1

gij , h̄j =
1

N

N∑

i=1

hij . (7)

Forming average vectors ḡ, h̄ ∈ RD, we define:

Dimension-level Pearson Correlation = PearsonCorr(ḡ, h̄).
(8)

It reflects how well the VLM evaluator aligns hu-
man annotators across different aspects.

Pairwise Correlation. This is the averaged value
for correlations of individual pairs. For each sam-
ple i ∈ {1, . . . , N}, let gi,hi ∈ RD denote the

VLM and human score vectors. Then the Pearson
correlation per sample is:

rj = PearsonCorr(gi,hi). (9)

The average over all dimensions defines the
pairwise correlation:

Pairwise Correlation =
1

N

N∑

i=1

ri. (10)

Cosine Similarity. It refers to the averaged co-
sine similarity between GPT-4o-mini and human
scores for each sample. For each sample i, let
gi,hi ∈ RD denote the VLM and human score
vectors. Then:

CosineSimi =
gi · hi

∥gi∥ · ∥hi∥
. (11)

The average cosine similarity over all samples
is:

Cosine Similarity =
1

N

N∑

i=1

CosineSimi. (12)

This captures the overall similarity of VLM and
human evaluation.
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Table 6: Details of programmatic rules.

Aggregate Function Task Type Rule Comparison GT Threshold

Mean Squared Error Calculate MSE Decimal Bool It ≤ to GT is 1, it > GT is 0 Yes -
Data Cleaning Completeness row/column number Integer Bool If it == GT, it is 1; if it != GT, it is 0 Yes -

Silhouette Score Calculate Decimal Bool If it ≥ to GT is 1, if it < GT is 0 Yes 0.5
Model Accuracy Calculate F1 Decimal Bool If it ≥ to GT is 1, if it < GT is 0 Yes 0.9
Model Accuracy Calculate Accuracy Decimal Bool If it ≥ to GT is 1, if it < GT is 0 Yes 0.9
R-squared Value Calculate Decimal Bool If it ≥ to GT is 1, if it < GT is 0 Yes 0.9

Data Cleaning Completeness number of nulls Integer Bool If it == 0, returns 1; if it > 0, returns 0 Yes -
Data Quality Score number of outlier Integer Bool If it == GT, it is 1; if it != GT, it is 0 Yes -

Data Accuracy MSE Decimal Bool Threshold judgment Yes 0.05
Data Completeness Null number ratio Decimal Bool If it == GT, it is 1; if it != GT, it is 0 Yes -
Data Quality Score Calculate loss Decimal Bool It ≤ to GT is 1, it > GT is 0 Yes -

Association Rule Confidence Association rule accuracy Decimal Bool Threshold judgment Yes 0.9

Prompt: Complete the code writing task in Python:
Create a stacked bar chart of the Types attribute versus
other attributes based on the data.csv dataset. The dataset
is the result of a chemical analysis of wines from the
same region in Italy. Store the results in
processed_data.csv. Each sample in the dataset contains
14 attributes, which are: Alcohol, Malic_Acid, Ash,
Ash_Alcanity, Magnesium, Total_Phenols, Flavanoids,
Nonflavanoid_Phenols, Proanthocyanins, Color_Intensity,
Hue, OD280, Proline, and Types. Save the stacked bar
chart as `stacked_bar_chart.png`.

Data cleaning and 
preprocessing

T1

Data Completeness
F1

def data_completeness(ground_truth):
import pandas as pd
output = pd.read_csv(ground_truth)
prediction = 

pd.read_csv(“processed_data.csv”)
total_cells = output.size
non_null_cells = output.count().sum()
pre_total_cells = prediction.size
pre_non_null_cells = 

prediction.count().sum()
return bool(non_null_cells / total_cells

== pre_non_null_cells / pre_total_cells )

C1

Figure 7: An example of IFC tuples.

A.5 Motivation and Example of
Intention-Function-Code (IFC)

The IFC framework was developed to address sev-
eral critical challenges in automated evaluation of
data science tasks:

• Systematic Task Selection: IFC provides a
structured approach to identify and categorize
key tasks across six established types. This
systematic organization ensures comprehensive
coverage of essential data science operations
and helps maintain evaluation consistency and
completeness.

• Standardized Evaluation Metrics: Data sci-
ence tasks often lack standardized evaluation
criteria. IFC addresses this by explicitly defining
appropriate evaluation functions for each task.
For example, data preprocessing tasks require
specific metrics that differ from visualization
tasks. This standardization ensures fair and con-
sistent assessment.

• Automated Execution Framework: IFC in-
cludes executable code components for both
tasks and evaluation metrics. This automation
significantly improves evaluation efficiency, re-
sult reproducibility, and testing scalability.

• Ground Truth Generation: IFC serves as a
crucial foundation for establishing ground truth,
particularly valuable for complex tasks where
ground truth is not readily available, and enables
systematic verification and validation of model
outputs.

Overall, the IFC structure in Figure 7 represents a
novel contribution by providing a comprehensive
framework that bridges the gap between task def-
inition, evaluation criteria, and automated assess-
ment in data science contexts.

A.6 Programmatic Rules

We list all programmatic rules in Table 6.

A.7 Error Analysis

To better understand insights and difficulties in
LLMs solving data science tasks, we also provide
detailed error analysis along with a case study.
First we manually study the distribution over five
error types shown in Table 7.

Here are some case studies:
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Table 7: Error breakdown by model and error type (out of 9 examples).

Model Error Type

Hallucination Failed to
Follow In-
structions

Incorrect
Output
Format

Incorrect
Planning

Incorrect
Final

Answer

error / total

GLM-4-Flash 0/9 2/9 0/9 0/9 2/9
Meta-Llama-3-8B-Instruct 2/9 2/9 3/9 0/9 9/9
CodeLlama-7B-Instruct 0/9 2/9 6/9 2/9 9/9
DeepSeek-Coder-1.3B-Instruct 1/9 2/9 4/9 1/9 8/9

Example 1: Incorrect Planning

Model: CodeLlama-7B-Instruct
Question: Create a dataframe with the fol-
lowing structure, using different years as
row indices and different categories as col-
umn names,... The output should be saved
in "output.csv".
Output: [ { "task_id": "1",
"dependent_task_ids": [],
"instruction": "Convert
the input data to a
pandas dataframe.", ...
}, { "task_id": "2",
"dependent_task_ids":
["1"], "instruction":
"Drop the first row as
it is the header row.",
"task_type": "preprocessing
and cleaning", ... } ]
Analysis: The plan is unreason-
able. A more appropriate step would
be: "instruction": "Set
the year as the index and
categories as column names".

Example 2: Incorrect Output Format

Model: CodeLlama-7B-Instruct
Question: Write a piece of neural net-
work prediction code that establishes
a relationship between inputs and out-
puts, and saves this mapping relation-
ship to a .pkl model. Use the in-
put dataset from "input_data.csv"
(500 rows, 12 columns) and known
outputs in "output_data.csv" (7
rows, 500 columns). Save results
in "model.pkl" and evaluation in
"evaluation_results.csv".
Output: ...{ "task_type":
"predictive modeling" }...]
Analysis: The model fails to produce a
valid plan format in the agentic framework.
The output is malformed and causes pars-
ing failure.

Example 3: Failed to Follow Instructions

Model: GLM-4-Flash
Question: Analyze and visualize the
Palmer Archipelago penguin data from
Kaggle. Steps include: import dataset
"penguins_lter.csv", clean data,
and output "cleaned_data.csv" and
"correlation_analysis.png".
Output: Only outputted
"cleaned_data.csv"
Analysis: The model did not
generate the required plot file
"correlation_analysis.png"
as instructed.
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Example 4: Hallucination

Model: DS-Coder-1.3B-Instruct
Question: Write Python code using
pandas.json_normalize() to con-
vert a JSON input into a CSV named
"output.csv". The output should pre-
serve column names for later evaluation.
Output: A CSV file with translated En-
glish column names: release_year,
production_area, director,
...
Analysis: The model hallucinated a trans-
lation step by converting the Chinese input
fields into English, which was not asked
for.

A.8 Caveats when Using LLMs for Data
Science

Here we list the issues that occurred during test-
case generation, most of which have been ad-
dressed by modifying the prompts. We notice that
some of the issues may be disruptive to the system
and some may be subtle but important.

1. Be careful when using LLMs on well-known
open source datasets, especially with cus-
tomized tasks and data split. LLMs may
memorize some open-source datasets. For
example, if we want to use part of the penguin
dataset that does not contain certain columns,
the model (GPT-4o) will still explicitly pro-
cess those columns in the code.

2. Hallucination during data pre-processing.
For example, when the model is required to
merge two CSVs, it may hallucinate on a
common column and not go through all the
columns in the files to find the actual ones.

3. On multilingual tasks. LLMs may not be able
to select the correct encoding. For instance,
when they are required to open a CSV file
that has content in Chinese, they will strug-
gle to choose the correct encoding to open
the file. Even if they are hinted that the file is
in Chinese, they may choose encodings other
than “gbk”, e.g., “latin”.

A.9 Related Works
A.9.1 Data Science
Recently, some evaluation benchmarks for large
language models in data science have been pro-

posed. Text2Analysis (He et al., 2023) constructs
the evaluation benchmark to evaluate the model’s
ability to handle data analysis functions and fuzzy
questions on tabular data. Their prompts are ob-
tained through manual annotation and large model
generation. Furthermore, DAEval (Hu et al.,
2024) is developed as another evaluation bench-
mark and it contains 257 data analysis questions
on CSV data and questions, which are gener-
ated by LLMs. However, the prompts in these
two works often only involve one task, and these
prompts involve relatively simple data analysis op-
erations. In practical data science analysis tasks,
user questions often involve multiple tasks and
involve performing complex data analysis opera-
tions. Therefore, we aim to provide a data science
evaluation benchmark that is more in line with
practical scenarios, especially for problems in-
volving multiple subtasks and complex data anal-
ysis operations.

A.9.2 LLMs for Data Science
With the popularity of large-scale language mod-
els, researchers have developed a series of LLM-
based agents (Yao et al., 2022; Liu et al., 2024;
Wang et al., 2024; Xu et al., 2025; Xia et al.,
2025). For data science, SheetCopilot (Li et al.,
2024) designs a tabular agent, which directly pro-
cesses natural language-described tasks, and gen-
erates and executes a series of operation plans on
datasheets to produce the desired results. Data
Copilot (Zhang et al., 2024d) is an intelligent
agent that serves as a bridge between users and
data, which automatically executes data process-
ing, prediction, and visualization tasks based on
users’ data needs. InsightPilot (Ma et al., 2023)
focuses on exploratory data analysis and can au-
tomatically discover data insights related to fuzzy
questions raised by users. Data interpreter (Hong
et al., 2024) augments problem-solving in data
science with dynamic planning with hierarchical
graph structures, tool integration, and logical in-
consistency identification in feedback. Further-
more, ReAct (Yao et al., 2022) is quite simi-
lar to our backbone agentic framework, DataIn-
terpreter. Both frameworks offer foundational
pipelines rather than specific evaluation metrics
tailored for diverse data science tasks. However,
the correctness of data analysis in data science has
a significant impact on decision-making. There-
fore, with the continuous increase of data science
agents, it is urgent to conduct a comprehensive and
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in-depth evaluation of data science agents.

A.9.3 LLM Agent Evaluation Benchmarks
for Data Science

Assessing the effectiveness of LLMs in handling
diverse and challenging data science prompts is
essential to push the boundaries of benchmark-
ing practices in the field of data science and
LLM research (Shao et al., 2026). Data sci-
ence agents often solve problems by generating
code, so the capabilities of data science agents are
closely related to the code generation capabilities
of large models. There are already many bench-
marks for evaluating the code capability of large
models. MLAgentBench (Huang et al., 2023)
benchmarks the LLMs’ abilities on traditional ma-
chine learning tasks. NaturalCodeBench (Zhang
et al., 2024c) evaluates the capabilities of code
generation models on the real prompts from the
CodeGeeX (Zheng et al., 2023) platform. How-
ever, the general code evaluation benchmark ig-
nores the characteristics of data science tasks and
cannot comprehensively and effectively evaluate
the capabilities of large models in data science.

Recently, some evaluation benchmarks for large
language models in data science have been pro-
posed. Text2Analysis (He et al., 2023) constructs
the evaluation benchmark to evaluate the model’s
ability to handle data analysis functions and fuzzy
questions on tabular data. Their prompts are ob-
tained through manual annotation and large model
generation. Furthermore, DAEval (Hu et al.,
2024) is developed as another evaluation bench-
mark and it contains 257 data analysis questions
on CSV data and questions, which are gener-
ated by LLMs. However, the prompts in these
two works often only involve one task, and these
prompts involve relatively simple data analysis op-
erations. In practical data science analysis tasks,
user questions often involve multiple tasks and
involve performing complex data analysis opera-
tions. Therefore, we aim to provide a data science
evaluation benchmark that is more in line with
practical scenarios, especially for problems in-
volving multiple subtasks and complex data anal-
ysis operations.

A.10 AI Assistants In Writing

While writing this paper, we employed AI to rec-
tify grammatical errors and revise unreasonable
descriptions.

A.11 Privacy of Source of prompts
In online coding services such as CodeGeeX, a
subset of users has explicitly granted permission
for their data to be used for research purposes
only. We have strictly adhered to these require-
ments and, moreover, have carefully filtered the
collected queries to remove any partial or sensi-
tive problems, thereby ensuring there is no risk of
information leakage.

A.12 Results
We present the detailed results for our collected
prompt and BigCodeBench source in Table 8 and
Table 9.

A.13 VLM-as-a-judge Prompt and Examples
In this section, we define the criteria to measure
the quality of LLM-generated figures/charts.
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Table 8: Evaluation results for DataSciBench (our collected prompts). Dark gray and light gray indicate
the best result among all models and open-source models, respectively. Underline indicates the second-best result
among all models.

Models Size
Coarse-grained Metrics Fine-grained Metrics

Score
Success (%) CR (%) VLM F1 F2 F3 F4 F5

API-Based Models
o1-mini N/A 13.45 15.43 2.87 53.75 0.00 45.50 46.25 25.79 19.41

GPT-4o-2024-05-13 N/A 19.82 17.89 3.91 71.79 0.00 54.50 70.00 33.95 24.32
GPT-4o-mini N/A 12.73 17.35 3.05 62.86 15.00 50.50 69.38 43.68 24.13
GPT-4-Turbo N/A 17.27 17.36 3.09 65.18 10.00 44.50 78.12 41.05 24.24

Claude-3-5-Sonnet-20240620 N/A 8.00 11.12 2.14 32.32 0.00 36.00 63.12 17.63 15.19
GLM-4.6 N/A 20.00 9.12 0.88 70.24 0.00 53.33 66.47 36.84 18.33

GLM-4.5-Flash N/A 16.36 4.65 1.13 28.57 0.00 36.67 33.33 3.51 9.14
GLM-4-Flash N/A 9.82 7.43 1.33 47.14 0.00 22.00 24.38 3.95 10.26

Open-Source General Models
Meta-Llama-3.1-8B-Instruct 8B 10.00 7.72 1.29 45.18 0.00 16.00 23.12 8.95 10.24
Meta-Llama-3-8B-Instruct 8B 1.64 1.43 0.52 7.86 0.00 4.50 6.88 0.00 2.00

Gemma-2-9B-it 9B 5.64 5.51 1.06 26.79 0.00 13.00 22.50 2.89 7.18
GLM-4-9B-Chat 9B 10.55 9.96 1.69 55.36 0.00 31.00 28.75 21.32 13.91

Qwen2.5-7B-Instruct 7B 11.64 10.11 1.43 55.36 0.00 36.50 33.12 18.42 14.40
Qwen2-7B-Instruct 7B 6.91 5.90 1.16 32.50 0.00 18.00 21.88 2.37 7.97

Qwen2-1.5B-Instruct 1.5B 1.82 1.60 0.40 3.57 0.00 2.00 13.12 0.79 2.13
Yi-1.5-9B-Chat-16K 9B 6.18 4.25 0.73 30.36 0.00 16.00 8.75 3.95 6.06

Open-Source Code Generation Models
CodeLlama-34B-Instruct 34B 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.02
CodeLlama-13B-Instruct 13B 0.73 0.50 0.04 4.46 0.00 0.00 3.75 0.00 0.77
CodeLlama-7B-Instruct 7B 0.55 0.27 0.00 1.96 0.00 0.00 0.00 0.00 0.30

StarCoder2-15B 15B 0.18 0.20 0.07 0.54 0.00 0.00 0.62 0.00 0.20
DeepSeek-Coder-33B-instruct 33B 12.55 13.53 2.29 62.86 0.00 43.00 51.88 21.32 18.49
DeepSeek-Coder-6.7B-instruct 6.7B 12.55 13.56 1.93 63.21 0.00 39.00 53.75 21.05 18.39
DeepSeek-Coder-1.3B-instruct 1.3B 0.73 0.61 0.10 3.39 0.00 0.00 1.25 0.00 0.67

Qwen2.5-Coder-7B-Instruct 7B 6.18 7.87 1.48 40.18 0.00 27.50 33.75 4.47 10.79
Qwen2.5-Coder-1.5B-Instruct 1.5B 6.18 7.52 0.81 38.57 0.00 15.50 40.00 10.53 10.46
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Table 9: Evaluation results for DataSciBench (BigCodeBench source). Dark gray and light gray indicate
the best result among all models and open-source models, respectively.

Models Size
Coarse-grained Metrics Fine-grained Metrics

Score
Success (%) CR (%) F1 F2 F3 F4 F5

API-Based Models
o1-mini N/A 35.15 55.08 41.62 25.62 32.89 25.90 23.16 47.77

GPT-4o-2024-05-13 N/A 81.62 85.09 77.30 74.63 74.21 71.79 65.48 81.81
GPT-4o-mini N/A 63.11 71.10 59.46 58.89 60.26 55.90 56.79 67.49
GPT-4-Turbo N/A 63.35 72.54 61.35 52.04 62.11 54.36 53.95 68.14

Claude-3-5-Sonnet-20240620 N/A 60.48 73.59 54.59 49.11 62.37 49.49 55.39 68.08
GLM-4.6 N/A 81.44 56.10 55.86 58.95 61.40 65.81 47.18 57.80

GLM-4.5-Flash N/A 71.86 47.38 45.05 53.09 52.63 47.01 48.47 49.07
GLM-4-Flash N/A 37.07 42.80 33.04 39.11 36.05 28.72 17.89 39.55

Open-Source General Models
Meta-Llama-3.1-8B-Instruct 8B 29.58 42.51 35.95 24.26 23.95 22.82 31.41 38.16
Meta-Llama-3-8B-Instruct 8B 3.29 4.74 2.97 1.67 2.11 1.28 1.96 3.98

Gemma-2-9B-it 9B 7.54 12.81 25.95 22.46 27.37 16.67 21.84 15.06
GLM-4-9B-Chat 9B 30.72 37.11 23.65 30.78 27.11 26.67 18.42 33.84

Qwen2.5-7B-Instruct 7B 54.43 64.12 49.80 48.40 50.79 49.23 40.15 59.52
Qwen2-7B-Instruct 7B 28.08 32.06 30.41 27.63 32.26 27.18 9.21 30.18

Qwen2-1.5B-Instruct 1.5B 4.67 6.73 4.86 2.63 3.68 3.33 6.00 5.97
Yi-1.5-9B-Chat-16K 9B 48.74 54.9 40.70 48.34 42.11 46.41 35.64 51.53

Open-Source Code Generation Models
CodeLlama-34B-Instruct 34B 1.20 1.94 1.35 1.11 2.63 2.05 1.58 1.85
CodeLlama-13B-Instruct 13B 13.71 19.3 14.05 15.07 12.53 17.95 6.84 17.52
CodeLlama-7B-Instruct 7B 3.65 5.19 4.05 3.15 3.42 2.31 2.11 4.57

StarCoder2-15B 15B 2.69 3.41 3.24 2.41 2.11 4.36 1.58 3.21
DeepSeek-Coder-33B-instruct 33B 70.12 76.94 66.58 62.63 63.16 64.87 57.59 73.11
DeepSeek-Coder-6.7B-instruct 6.7B 45.09 50.86 37.00 45.96 48.79 44.10 17.11 47.50
DeepSeek-Coder-1.3B-instruct 1.3B 20.36 25.05 16.22 19.44 17.63 21.28 10.53 22.81

Qwen2.5-Coder-7B-Instruct 7B 58.02 68.01 55.34 57.44 49.26 45.38 45.36 63.15
Qwen2.5-Coder-1.5B-Instruct 1.5B 28.20 35.60 26.94 28.96 26.74 26.15 18.32 32.69
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Prompt for VLM-as-a-judge

Above are two figures, which are A and B. The first figure is the ground truth image and the
second figure is the predicted image. The total score is 5. Please score B following the criteria
below:
- add 1 point for Data Representation Consistency: Ensure that the underlying data represented
by the two charts is identical. This includes the values for all data points and the range of the
data. Any variation in the dataset used would make the charts different.
- add 1 point for Axis Labels and Scales: Verify that both charts have identical axis labels,
units, and scales. Any difference in how the axes are labeled or scaled, such as using
logarithmic vs. linear scales, can affect the interpretation of the data.
- add 1 point for Graphical Elements: Check if the visual elements (such as lines, bars,
markers, etc.) are represented the same way in both charts. Line thickness, marker styles, and
colors should match across charts for them to be considered visually equal.
- add 1 point for Legend and Annotations: Confirm that any legends, titles, or annotations
(e.g., text labels, arrows, or highlights) are the same in both charts. These elements often
provide crucial context for interpreting the chart.
- add 1 point for Chart Dimensions and Layout: Ensure that the dimensions (height and width),
aspect ratios, and layout of the charts are identical. Even if the content and representation are
similar, a different aspect ratio or spacing between elements can change the chart’s overall
appearance and interpretation.

Please write down the total score for B based on the criteria above, and provide a brief
explanation of your reasoning. If you believe that the two figures are not identical, please
explain the differences you observed.

### Explanation:
your explanation here

### Total Score:
x/5
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Example #1 of VLM-as-a-judge (Model: Claude-3-5-sonnet-20240620)

Image A:

Image B:

[Prompt for VLM-as-a-judge]
### Explanation:
1. **Data Representation Consistency**: Both charts represent the same underlying data for
the years 2022 and 2023, with sales figures of $4,800 for 2022 and $7,800 for 2023. **+1
point**.

2. **Axis Labels and Scales**: Both charts have identical X-axis labels (years) and
Y-axis labels (total sales). They both use the same scale on the Y-axis, ranging from 0 to
8000. **+1 point**.

3. **Graphical Elements**: The bars in both charts are red with the same thickness.
Thus, the visual representation matches. **+1 point**.

4. **Legend and Annotations**: The second chart includes dollar amounts on each
bar, which isn’t present in the first chart. This difference impacts the context provided for
interpreting the chart, reducing consistency. **0 points**.

5. **Chart Dimensions and Layout**: Both charts appear similar in terms of layout
and dimensions, with no significant visual differences observed. **+1 point**.

Given the above evaluations, the total score for B is calculated as follows:

### Total Score:
4/5
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Example #2 of VLM-as-a-judge (Model: CodeLlama-13B-Instruct)

Image A:

Image B:

[Prompt for VLM-as-a-judge]
### Explanation:
1. **Data Representation Consistency**: Both figures (A and B) represent the same
underlying data with identical values for categories A, B, C, and D. Therefore, 1 point is
awarded.
2. **Axis Labels and Scales**: The axis labels ("Category" for the x-axis and "Values" for
the y-axis) appear to be identical in both images, and the scale for the y-axis seems consistent.
Thus, 1 point is awarded.
3. **Graphical Elements**: Both charts use blue bars to represent the data, and the thickness
and style of the bars are similar. Therefore, 1 point is awarded.
4. **Legend and Annotations**: There are no legends or additional annotations in either
image, and the titles are the same ("Bar Chart"). Thus, 1 point is awarded.
5. **Chart Dimensions and Layout**: The dimensions and overall layout of the two charts
differ. Image A has a different aspect ratio compared to Image B, which affects the total
layout. Hence, 0 points are awarded.

### Total Score:
4/5
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Example #3 of VLM-as-a-judge (Model: o1-mini)

Image A:

Explanation:

1. Data Representation Consistency: Image A represents true values compared to
predictions over a broader date range, while Image B only shows predicted values
for a specific date range (2023-06-01 to 2023-07-19). The data sets are not identical.
(Score: 0)

2. Axis Labels and Scales: Both images have similar axis labels ("Date" for x-axis,
"Value1" for y-axis), but Image B lacks clarity on the date range. Image A provides
a wider range, with different intervals. Scales are inconsistent. (Score: 0)

Image B:

Explanation (cont.):

3. Graphical Elements: Image A uses a dashed red line for predictions, while Image
B uses a solid blue line. This difference affects visual representation. (Score: 0)

4. Legend and Annotations: Image A includes a detailed legend, while Image B
only identifies the predicted values. Titles are also different, affecting context and
interpretability. (Score: 0)

5. Chart Dimensions and Layout: Image A has a wider aspect ratio for a broader
date range, while Image B is more condensed. (Score: 0)

Total Score: 0/5
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A.14 Qualified Prompts
• Original Prompt 1:

There is a dataset with missing values in a
CSV file, which records the region, height,
weight, age, and salary of 36 individuals.
Please address the following issues:
(a) Calculate the proportion of missing values
in each column and select the rows with at
least two non-missing values in the last three
columns.
(b) Please fill in the weight column reason-
ably by combining the data from the height
and region columns.

• Qualified Prompt 1:

Qualified Prompt 1:

Given a dataset with missing values
in a file named ’data.csv’which
records the region, height, weight,
age, and salary of 36 individuals,
please address the following issues:
(a) Calculate the proportion of miss-
ing values in each column and select
the rows with at least two non-missing
values in the last three columns. Save
your output in a CSV file named
’missing_values_proportion
.csv’.
(b) Fill in the weight column reason-
ably by combining the data from the
height and region columns. Save this
updated dataset in a CSV file named
’updated_data.csv’.

• Original Prompt 2: You are required to
analyze and visualize the "Global Terrorism
Database" from Kaggle. Please load the
dataset and perform data cleaning by han-
dling missing values, removing duplicates,
and correcting any anomalies. Conduct an
exploratory data analysis (EDA) to under-
stand the distribution and relationships within
the dataset. Calculate basic statistical indica-
tors such as mean, median, standard devia-
tion, and provide summary statistics for key
features like attack type, target type, and re-
gion. Generate visualizations to uncover pat-
terns and insights. Create histograms and box
plots to display the distribution of numerical
features, and bar plots to show the frequency

of categorical variables. Use scatter plots and
heatmaps to visualize relationships and corre-
lations between features. Identify patterns in
the data related to terrorist activities. For in-
stance, determine trends over time, geograph-
ical hotspots, and common attack methods.
Use clustering techniques ( K-means cluster-
ing) to identify patterns and group similar in-
cidents together.

• Qualified Prompt 2:
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Qualified Prompt 2:

You are required to analyze and visualize the Global Terrorism Database from Kaggle. Please follow
the steps below:

1. Load the dataset
Input: gtd.csv
Output: loaded_data.csv (This should contain the original data loaded without any modifica-
tions.)

2. Data Cleaning

– Handle missing values
– Remove duplicates
– Correct anomalies

Input: loaded_data.csv
Output: cleaned_data.csv (This should reflect the cleaned dataset, ready for analysis.)

3. Exploratory Data Analysis (EDA)

– Calculate basic statistical indicators such as mean, median, and standard deviation
– Provide summary statistics for key features (attack type, target type, region)

Input: cleaned_data.csv
Output: eda_summary_statistics.csv (This should include all calculated statistics for key
features.)

4. Generate Visualizations

– Create histograms and box plots for numerical features
– Generate bar plots for categorical variables
– Use scatter plots and heatmaps to visualize relationships and correlations

Input: cleaned_data.csv
Output: visualizations.pdf (This should include all visualizations generated in a single
PDF file.)

5. Identify Patterns in Data Related to Terrorist Activities

– Determine trends over time
– Identify geographical hotspots
– Analyze common attack methods

Input: cleaned_data.csv
Output: patterns_analysis.csv (This should summarize the identified patterns, trends, and
hotspots.)

6. Clustering Techniques

– Use K-means clustering to identify patterns and group similar incidents

Input: cleaned_data.csv
Output: clustering_results.csv (This should include the results of the clustering analysis,
showing which group each incident belongs to.)

Ensure that each output file reflects the quality of the completion of the respective subtask for further
evaluation.
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A.15 Modified Prompts
Note that we did not restrict the models from us-
ing specific libraries. Here, we merely provided
an example to guide model output, and this exam-
ple listed some commonly used libraries for refer-
ence. During the generation process, the models
were free to use other suitable libraries as needed.
The purpose of these examples was to support di-
verse failed cases rather than to constrain library
usage.

• Original Prompt 1:

Original Prompt 1:

Searches a directory for CSV files matching a given regular expression pattern, reads sales data from
these files, and plots the sales data with month on the x-axis and sales on the y-axis.
Note that: Each CSV file contains two columns: Month and Sales.
The function should output with:
A list of matplotlib.axes._axes.Axes objects, each representing a plot of sales data from a
matched CSV file.
You should write self-contained code starting with:

import os
import pandas as pd
import re
import matplotlib.pyplot as plt
def task_func(directory: str, pattern: str) -> list:

• Modified Prompt 1:
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Modified Prompt 1:

Search a directory for CSV files matching a given regular expression pattern, read sales data from these
files, and plot the sales data with month on the x-axis and sales on the y-axis.

Input Requirements:

– Input Directory: data.

– Input Pattern: "csv_\d+\.csv".

Output Requirements:

1. A list of matplotlib.axes._axes.Axes objects representing the plot of sales data from each
matched CSV file.

2. Save each plot as a separate image file:

– File format: PNG
– Output filenames: "sales_plot_<filename>.png" where <filename> is the name

of the CSV file without the extension.

Input File Specification:

– Each CSV file should contain two columns: ’Month’ and ’Sales’. The input files will be
located in the specified directory.

You should write self-contained code starting with:

import os
import pandas as pd
import re
import matplotlib.pyplot as plt

def task_func(directory: str, pattern: str) -> list:
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• Original Prompt 2:

Original Prompt 2:

Plot a scatter graph of tuples and highlight the tuple with the maximum value at index 1.
The function should output with:
matplotlib.axes.Axes: The Axes object of the plot for further manipulation and testing, with the
title ‘Max Tuple Highlighted’, x-axis labeled ‘x’, y-axis labeled ‘y’, and a legend.
You should write self-contained code starting with:

import numpy as np
from operator import itemgetter
import matplotlib.pyplot as plt
def task_func(data):

• Modified Prompt 2:

Modified Prompt 2:

Plot a scatter graph of tuples and highlight the tuple with the maximum value at index 1 using the input
data from "data.csv". The function should output the following:

A scatter plot saved as "scatter_plot.png" with the title ’Max Tuple Highlighted’,
x-axis labeled ’x’, y-axis labeled ’y’, and a legend. The highlighted point should signify the tuple
with the maximum value at index 1.

Please write self-contained code starting with:

import numpy as np
from operator import itemgetter
import matplotlib.pyplot as plt
def task_func(data):

A.16 Prompt examples of different difficulty levels

Easy-level Prompt #1:

{
"prompt": "Read the dataset (input file: "Fish.csv"). Encode the dataset to divide it into training
and test sets. From the dataset’s four categories of Bream, Roach, Parkki, and Perch, randomly select
2 samples from each category for the test set. The remaining samples will be used as the training
set. Output the number of samples in the training and test sets in a CSV file named "sample_counts.csv".

Next, implement the KNN algorithm with K values of 1, 5, 15, and 100 to classify all sam-
ples in the test set. Output the classification results of the test samples to a CSV file named
"classification_results.csv".",

"data_source_type": "2=open source data"
}
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Easy-level Prompt #2:

{
"prompt": "Using the dataset of house prices and economic indicators provided below, please
complete the following subtasks. Each subtask should generate an output file for evaluation, with
specific input files where applicable.

Dataset: "data.csv"

Subtasks:

1. Gaussian Naive Bayes Training: Train a Gaussian Naive Bayes model on the cleaned dataset
and evaluate its accuracy.
Input: "data.csv"
Output: "gaussian_model_accuracy.csv" (contains accuracy metrics)

2. Multinomial Naive Bayes Training: Train a Multinomial Naive Bayes model on the cleaned
dataset and evaluate its accuracy.
Input: "data.csv"
Output: ‘multinomial_model_accuracy.csv‘ (contains accuracy metrics)

3. Comparison of Models: Generate a comparative analysis of the accuracy of both models in a
visual format.
Input: "gaussian_model_accuracy.csv", "multinomial_model_accuracy.csv"
Output: "model_comparison.png"

Please ensure that the outputs contain necessary details for further evaluation.",

"data_source_type": "3=human written data"
}
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Medium-level Prompt:

{
"prompt": "Given a DataFrame ’df’ with sales data containing columns: TransactionID, Produc-
tID, Quantity, SaleDate, StoreID, Revenue:

1. Handle missing Revenue values: Impute any missing Revenue values with the median of the
Revenue column.
Input file: ’data.csv’
Output: ’step1_imputed_revenue.csv’ (contains the DataFrame after handling missing values)

2. Detect and replace outliers: Detect and replace outliers in Quantity and Revenue. Outliers are
defined as values below the 1st percentile or above the 99th percentile. Replace them with the
corresponding 1st or 99th percentile value instead of removing them.
Input file: ’step1_imputed_revenue.csv’
Output: ’step2_replaced_outliers.csv’ (contains the DataFrame after outlier replacement)

3. Normalize Quantity and Revenue: Normalize Quantity and Revenue using Z-score normaliza-
tion.
Input file: ’step2_replaced_outliers.csv’
Output: ’step3_normalized_data.csv’ (contains the DataFrame after normalization)

4. Ensure SaleDate format: Ensure SaleDate is in datetime format.
Input file: ’step3_normalized_data.csv’
Output: ’step4_formatted_dates.csv’ (contains the DataFrame after ensuring datetime
format)

5. Encode ProductID and StoreID: Encode the ProductID and StoreID columns using separate
label encoders to avoid any potential overlap in numerical values between categories from different
columns.
Input file: ’step4_formatted_dates.csv’
Output: ’final_cleaned_data.csv’ (contains the final cleaned DataFrame)

Perform the specified data cleaning and preprocessing tasks and output the cleaned DataFrame as
the final result.",

"data_source_type": "3=human written data"
}
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Hard-level Prompt:

{ "prompt": "Write a Graph Recurrent Neural Network (GRNN) model based on attention mech-
anisms using Python for processing and analyzing time series data. Ensure to meet the following
requirements:

1. "Graph network design": Create a graph network where each graph represents an aerial for-
mation, and the number of nodes corresponds to the number of vehicles in the formation.
- "Output": Graph structure representation file.
- "Output filename": "graph_structure.json"

2. "Data format": The time series data of aerial target formations is stored in Excel files located
in the ".data/" directory, where each Excel file contains multiple sheets, with each sheet representing
the time series data of a vehicle.
- "Input": Excel files from "..data/" directory.
- "Input filename": from "data_1.xlsx" to "data_5.xlsx"

3. "Data reading": Read all Excel files from the "..data/" directory and extract the sheets for
processing.
- "Output": Combined time series data in a structured format.
- "Output filename": "combined_data.csv"

4. "Data segmentation": Segment the time series data of each vehicle using a sliding window
with length "l" and step size "s".
- "Output": Segmented time series data.
- "Output filename": "segmented_data.csv"

5. "Training and testing set division": Divide the segmented data into training and testing sets
with a 7:3 ratio.
- "Output": Training and testing datasets.
- "Output filenames": "train_data.csv", "test_data.csv"

6. "Labels": The last column of each Excel file contains label data, which should be preserved
during the reading and segmentation process.

7. "Model training": Train the GRNN model using the training set to identify the action inten-
tions of aerial target formations.
- "Output": Trained model file.
- "Output filename": "trained_model.h5"

8. "Training parameters": Set the number of training epochs to 60, and record the loss value,
accuracy, recall, and F1-Score for each epoch.
- "Output": Training metrics log file.
- "Output filename": "training_metrics.csv"

9. "Model evaluation": Evaluate the trained model with the test set and generate a classification
report and confusion matrix.
- "Output": Classification report and confusion matrix visualization.
- "Output filenames": "classification_report.txt", "confusion_matrix.png"

Please provide a complete code implementation and ensure that the code structure is clear and
well-commented for understanding and evaluation.",
"data_source_type": "3=human written data"}
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B Error Analysis and Case Study

We have analyzed the common errors during
problem-solving, summarized them here, and then
studied several cases, including a successful case
and a failure case. The common errors include:

1. Coding errors when solving data science
problems using codes. And based on our ob-
servation, the main kind of these is execution
error. It may be due to different reasons. For
example, hallucination on the column name
of a csv file.

2. Json format errors. These errors come
from the agent framework side, where they
use json format to wrap up actions, e.g.
WriteAnalysis.

B.1 Successful cases
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Successful case #1 from Claude-3-5-sonnet-20240620

Prompt: You are given a list of tickers and their daily closing prices for a given period stored in an
input file named "data.csv". Implement the most_corr function that, when given the daily closing prices,
returns the pair of tickers that are the most highly (linearly) correlated by daily percentage change. The
function should follow these specifications:

1. **Input File**: "../data.csv" - A CSV file containing a dataframe with columns representing
each ticker’s daily closing prices.

2. **Output Requirements**: The function should generate the following output:
- **Output Format**: A CSV file.
- **Output Filename**: "most_corr_output.csv" - This file should contain two columns labeled "Ticker
1" and "Ticker 2", representing the pair of tickers that are most correlated by daily percentage change.

Here’s the starter code for your implementation:

‘‘‘python
import pandas as pd
import numpy as np

def most\_corr(prices):
"""
:param prices: (pandas.DataFrame) A dataframe containing
each ticker’s daily closing prices.
:returns: (container of strings) A container, containing
the two tickers that are the most highly (linearly)
correlated by daily percentage change.
"""
return None

# For example, the code below should print: (’FB’, ’MSFT’)
print(most_corr(pd.DataFrame.from_dict({

’GOOG’ : [
742.66, 738.40, 738.22, 741.16,
739.98, 747.28, 746.22, 741.80,
745.33, 741.29, 742.83, 750.50

],
’FB’ : [

108.40, 107.92, 109.64, 112.22,
109.57, 113.82, 114.03, 112.24,
114.68, 112.92, 113.28, 115.40

],
...
[omitted]

})))
‘‘‘
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Successful case #2 from Claude-3-5-sonnet-20240620

Output: The following example successfully fulfills the requirement of the given prompt by completing
the function provided in the prompt and write the function to most_corr_output.csv.

[
{

’task_id’: ’1’,
’dependent_task_ids’: [],
’instruction’: "Load and preprocess the input data from
’data.csv’",
’task_type’: ’preprocessing and cleaning’,
’code’: ’’’
import pandas as pd
import numpy as np

# Load the data from ’data.csv’
prices = pd.read_csv(’../data.csv’)

# Set the first column (assuming it’s a date column) as
the index
prices.set_index(prices.columns[0], inplace=True)

# Calculate daily percentage changes
pct_changes = prices.pct_change()

# Drop the first row (NaN values due to pct_change
calculation)
pct_changes = pct_changes.dropna()

print("Data loaded and preprocessed. Shape of \
percentage changes:", pct_changes.shape)
print("Columns (tickers):", \
pct_changes.columns.tolist())
print("First few rows of percentage changes:")
print(pct_changes.head())
’’’,
’result’: "Data loaded and preprocessed. Shape of \
percentage changes: (29, 4)
Columns (tickers): [’Ticker2’, ’Ticker3’, ’Ticker4’,\
’Ticker5’]
First few rows of percentage changes:
Ticker2 Ticker3 Ticker4 Ticker5
Ticker1
65.60 -0.615289 0.108929 0.002184 0.841616
52.06 1.633757 -0.024740 -0.353101 -0.435643
68.34 -0.452888 -0.230862 0.308297 0.160458
111.19 -0.204800 -0.227069 -0.070287 0.208418
128.52 0.094136 0.280394 0.260849 -0.428407
",
’is_success’: True,
’is_finished’: True

},
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Successful case #3 from Claude-3-5-sonnet-20240620

{
’task_id’: ’2’,
’dependent_task_ids’: [’1’],
’instruction’: ’Implement the most_corr function to
find the most correlated pair of tickers’,
’task_type’: ’data mining’,
’code’: ’’’
def most_corr(prices):

"""
:param prices: (pandas.DataFrame) A dataframe
containing each ticker’s

daily closing prices.
:returns: (container of strings) A container,
containing the two tickers that

are the most highly (linearly) correlated
by daily percentage change.

"""
# Calculate percentage changes
pct_changes = prices.pct_change().dropna()

# Calculate correlation matrix
corr_matrix = pct_changes.corr()

# Set diagonal and lower triangle to NaN to avoid
self-correlation and duplicates
corr_matrix = corr_matrix.where(np.triu( \
np.ones(corr_matrix.shape), k=1).astype(bool))

# Find the location of the maximum correlation
max_corr = corr_matrix.max().max()
max_corr_idx = corr_matrix.stack().idxmax()

# Get the tickers with the highest correlation
ticker1, ticker2 = max_corr_idx
...
[ommited]

result = most_corr(prices)
print(f"The most correlated pair of tickers: {result}")

output = pd.read_csv(’./most_corr_output.csv’)
print("\nContents of most_corr_output.csv:")
print(output)’’’,
’result’: "The most correlated pair of tickers: ...
[omitted]
’is_success’: True,
’is_finished’: True

},
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Successful case #4 from Claude-3-5-sonnet-20240620

{
’task_id’: ’3’,
’dependent_task_ids’: [’2’],
’instruction’: "Generate and save the output CSV file
’most_corr_output.csv’",
’task_type’: ’other’,
’code’: ’’’
import pandas as pd

# Read the output CSV file
output_df = pd.read_csv(’./most_corr_output.csv’)

# Display the contents of the file
print("Contents of most_corr_output.csv:")
print(output_df)

# Verify that the file contains the expected columns
expected_columns = [’Ticker 1’, ’Ticker 2’]
assert all(col in output_df.columns for col in \
expected_columns),"Output file is missing expected \
columns"

# Verify that the file contains exactly one row
assert len(output_df) == 1,"Output file should \
contain exactly one row"

print("Output file verification complete. The file \
meets the expected format.")’’’,
’result’: ’Contents of most_corr_output.csv:
Ticker 1 Ticker 2
0 Ticker4 Ticker5
Output file verification complete. The file meets the
expected format.
’,
’is_success’: True,
’is_finished’: True

}
]

B.2 Failure Case
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Failed Example #1 Generated by o1-mini

Prompt:
Draw normal distributions for multiple ‘x’ and ‘y’ arrays with labels. Each pair (x, y) represents a
different chemical compound in the ‘labels’ list. The function should output with: tuple(fig: Mat-
plotlib.figure.Figure) fig: Matplotlib figure object containing the drawn normal distributions. You
should write self-contained code starting with:

import matplotlib.pyplot as plt
import numpy as np
import scipy.stats as stats
def task_func(x, y, labels):

Completion:

import matplotlib.pyplot as plt
import numpy as np
import scipy.stats as stats
import pandas as pd

def task_func(x, y, labels):
# Create a DataFrame from the input arrays
data = pd.DataFrame({

’x’: x,
’y’: y,
’label’: labels

}).copy()

# Detect and handle missing values
if data.isnull().values.any():

data = data.dropna()

# Remove duplicate entries
data = data.drop_duplicates()

# Detect outliers using Z-score and remove them
numeric_cols = [’x’, ’y’]
z_scores = np.abs(stats.zscore(data[numeric_cols]))
data = data[(z_scores < 3).all(axis=1)]

# Ensure that the lengths of x, y, and labels are aligned \
after preprocessing
x_processed = data[’x’].values
y_processed = data[’y’].values
labels_processed = data[’label’].values

return x_processed, y_processed, labels_processed \
# error: the answer does not comply with required output instructions.

Reason:
The answer does not comply with the required output instruction.
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Failed Example #2 Generated by o1-mini

Prompt:
Reads data from a CSV file and generates a bar plot based on grouped mean values. The DataFrame is
grouped by the column named ‘col1_name’, and the mean for each group is calculated for the column
‘col2_name’. A bar plot is created using matplotlib. Each bar in the plot represents a group, and its height
corresponds to the mean value of ‘col2_name’ for that group. The plot is then configured with a title and
axis labels: - The title is set as ‘Mean of [col2_name] Grouped by [col1_name]’. This format dynamically
inserts the names of the columns being analyzed into the title. - The xlabel (label for the x-axis) is set
to the name of the column used for grouping (col1_name). - The ylabel (label for the y-axis) is set as
‘Mean of [col2_name]’, indicating that the y-axis represents the mean values of the specified column.
Note that: Ensure that the CSV file exists at the specified path and has the required columns. The function
does not handle missing data. Ensure that the CSV file has clean and complete data for accurate results.
The bar plot is customizable using matplotlib’s functionality after the function returns the Axes object.
The function should output with: tuple(ax: matplotlib.axes.Axes, df_mean: pandas.DataFrame)
ax: The Axes object of the generated bar plot. This object can be used to further customize the
plot, like adding labels or changing styles. df_mean: The DataFrame containing the mean values
calculated for each group. You should write self-contained code starting with:

import pandas as pd
import matplotlib.pyplot as plt
def task_func(csv_file_path, col1_name="column1", col2_name="column2"):
Completion:

import pandas as pd
import matplotlib.pyplot as plt

def task_func(csv_file_path, col1_name="column1", col2_name="column2"):
# Read the CSV file into a pandas DataFrame
df = pd.read_csv(csv_file_path)
# Create a copy to preserve the original dataset
df_clean = df.copy()
# Handle missing values
# Drop rows with any missing values

df_clean.dropna(inplace=True)
# Remove duplicate entries
df_clean.drop_duplicates(inplace=True)
# Handle outliers in ’col2_name’ using the IQR method
Q1 = df_clean[col2_name].quantile(0.25)
Q3 = df_clean[col2_name].quantile(0.75)
IQR = Q3 - Q1
lower_bound = Q1 - 1.5 * IQR
upper_bound = Q3 + 1.5 * IQR
df_clean = df_clean[(df_clean[col2_name] >= lower_bound) \
& (df_clean[col2_name] <= upper_bound)]
# Standardize data formats if necessary
# Example: If ’col1_name’ contains date information, \
uncomment the following line
# df_clean[col1_name] = pd.to_datetime(df_clean[col1_name])

return df_clean # error: the answer failed to output the required \
elements mentioned in the instruction.

Reason:
The answer failed to output the required elements mentioned in the instruction.
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Failed Example #3 Generated by o1-mini

Prompt:
Perform K-Means clustering on the given DataFrame using the sklearn KMeans algorithm. The function
expects a DataFrame with numerical values, as KMeans cannot handle categorical data. It applies stan-
dard KMeans clustering from the sklearn library to form clusters. The number of clusters is configurable
via the ‘n_clusters’ parameter, defaulting to 3. The Number of times the k-means algorithm is run with
different centroid seeds (n_init) is set to 10. The function returns an array of cluster labels corresponding
to each data point in the input as well as the fitted KMeans model. »> data = pd.DataFrame( ... ‘a’: [1, 20,
2, 22, 100], ... ‘b’: [1, 20, 2, 22, 100] ... ) »> labels, model = task_func(data, seed=213) »> print(labels)
[2 0 2 0 1] »> print(model) KMeans(n_clusters=3, n_init=10, random_state=213). The function should
raise the exception for: ValueError: If the DataFrame contains non numeric entries. The function should
output with: tuple(labels: numpy.ndarray, model: sklearn.cluster.KMeans) labels: An array of integers
(cluster labels) corresponding to the input data. Each label is an integer representing the cluster to which
a row of data has been assigned. model: The fitted KMeans Model. You should write self-contained
code starting with:

import pandas as pd
from sklearn.cluster import KMeans
def task_func(data, n_clusters=3, seed=None):

Completion:

import numpy as np
from scipy import stats # error

def task_func(data, n_clusters=3, seed=None):
# Make a copy of the DataFrame to preserve the original
df = data.copy()

# Check if all columns are numeric
if not all(pd.api.types.is_numeric_dtype(dtype) \
for dtype in df.dtypes):

raise ValueError("The DataFrame contains non-numeric entries.")

# Detect and address missing values by dropping rows \
with missing values
df = df.dropna()

# Remove duplicate entries
df = df.drop_duplicates()

# Detect and handle outliers by removing rows with z-score > 3
z_scores = np.abs(stats.zscore(df))
# error: the model failed to call sklearn.cluster functions, \
instead only calling zscore to remove outliers.
df = df[(z_scores < 3).all(axis=1)] # error

# At this stage, further preprocessing can be added as needed
return df

Reason:
The model failed to call sklearn.cluster functions, instead of only calling zscore to remove outliers.
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Failed Example #4 Generated by o1-mini

Prompt:
Reads data from a CSV file and generates a bar plot based on grouped mean values. The DataFrame is
grouped by the column named ‘col1_name’, and the mean for each group is calculated for the column
‘col2_name’. A bar plot is created using matplotlib. Each bar in the plot represents a group, and its
height corresponds to the mean value of ‘col2_name’ for that group. The plot is then configured with a
title and axis labels: - The title is set as ‘Mean of [col2_name] Grouped by [col1_name]’. This format
dynamically inserts the names of the columns being analyzed into the title. - The xlabel (label for the
x-axis) is set to the name of the column used for grouping (col1_name). - The ylabel (label for the y-axis)
is set as ‘Mean of [col2_name]’, indicating that the y-axis represents the mean values of the specified
column. Note that: Ensure that the CSV file exists at the specified path and has the required columns. The
function does not handle missing data. Ensure that the CSV file has clean and complete data for accurate
results. The bar plot is customizable using matplotlib’s functionality after the function returns the Axes
object. The function should output with: tuple(ax: matplotlib.axes.Axes, df_mean: pandas.DataFrame)
ax: The Axes object of the generated bar plot. This object can be used to further customize the plot, like
adding labels or changing styles. df_mean: The DataFrame containing the mean values calculated for
each group. You should write self-contained code starting with:

import pandas as pd
import matplotlib.pyplot as plt
def task_func(csv_file_path, col1_name="column1", col2_name="column2"):
Completion:

# error: the model forgot to import relevant libraries.
def task_func(csv_file_path, col1_name="column1", col2_name="column2"):

# Read the CSV file
df = pd.read_csv(csv_file_path)

# Create a copy for cleaning to preserve the original DataFrame
df_clean = df.copy()

# 1. Handle Missing Values
# Check for missing values
missing_counts = df_clean.isnull().sum()
print("Missing Values:\n", missing_counts)

# Option 1: Drop rows with missing values
df_clean.dropna(inplace=True)

# Option 2: Alternatively, you can fill missing values
# df_clean[col2_name].fillna(df_clean[col2_name].mean(), inplace=True)

# 2. Remove Duplicate Entries
duplicates = df_clean.duplicated().sum()
print(f"Number of duplicate rows: {duplicates}")
df_clean.drop_duplicates(inplace=True)

# 3. Handle Outliers
# Example using Z-score for numerical columns
numeric_cols = df_clean.select_dtypes(include=[’float64’, ’int64’]).columns
from scipy import stats
z_scores = np.abs(stats.zscore(df_clean[numeric_cols]))
df_clean = df_clean[(z_scores < 3).all(axis=1)]

# 4. Standardize Data Formats
# Example: Standardize date columns
for col in df_clean.columns:

if ’date’ in col.lower():
df_clean[col] = pd.to_datetime(df_clean[col], errors=’coerce’)
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Failed Example #4 Generated by o1-mini

# Drop rows with invalid date formats after conversion
df_clean.dropna(subset=[col for col in df_clean.columns
if ’date’ in col.lower()], inplace=True)

# 5. Additional Preprocessing (if needed)
# For example, convert categorical columns to consistent case
categorical_cols = df_clean.select_dtypes(include=[’object’]).columns
for col in categorical_cols:

df_clean[col] = df_clean[col].str.strip().str.lower()

# Continue with the original processing using the cleaned DataFrame
df_mean = df_clean.groupby(col1_name)[col2_name].mean().reset_index()
fig, ax = plt.subplots()
ax.bar(df_mean[col1_name], df_mean[col2_name], color=’skyblue’)
ax.set_title(f"Mean of {col2_name} Grouped by {col1_name}")
ax.set_xlabel(col1_name)
ax.set_ylabel(f"Mean of {col2_name}")
plt.xticks(rotation=45)
plt.tight_layout()
plt.show()

print("Basic Statistical Indicators:")
print(df_clean.describe())
print("\nMedian Values:")
print(df_clean.median())
print("\nStandard Deviation:")
print(df_clean.std())

df_clean[numeric_cols].hist(bins=10, figsize=(10, 8), edgecolor=’black’)
plt.suptitle("Histograms of Numerical Columns")
plt.tight_layout(rect=[0, 0.03, 1, 0.95])
plt.show()

df_clean.boxplot(column=numeric_cols, figsize=(10, 6))
plt.title("Box Plots of Numerical Columns")
plt.tight_layout()
plt.show()

corr_matrix = df_clean.corr()
fig, ax = plt.subplots(figsize=(8, 6))
cax = ax.matshow(corr_matrix, cmap=’coolwarm’)
plt.title(’Correlation Matrix Heatmap’, pad=20)
fig.colorbar(cax)
ticks = range(len(corr_matrix.columns))
ax.set_xticks(ticks)
ax.set_yticks(ticks)
ax.set_xticklabels(corr_matrix.columns, rotation=90)
ax.set_yticklabels(corr_matrix.columns)
plt.tight_layout()
plt.show()

return ax, df_mean

Reason:
The model forgot to import relevant libraries.
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A failure case of execution error

Prompt:
I currently have a structured dataset named date.csv with 6 columns and 5960 rows of data. The first
column is named X, the second column is named Y, both of which are structural parameters set for
simulation. The following four columns, ff, ft, tt, and tf, represent the simulation results. Now, I need to
train a model that can accurately predict the four simulation results for other structural parameters. The
model and related content will be saved in the results folder. The model should be saved as "model.pkl"
and the final accuracy should be saved in "acc.txt".
One of the Generated Functions:

# Import necessary libraries
import pandas as pd
import numpy as np
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
import matplotlib.pyplot as plt
from mpl_toolkits.mplot3d import Axes3D
from scipy.optimize import minimize

# Read in the input data from the ’data.csv’ file
data = pd.read_csv(’../data.csv’)

# Preprocess the data by removing any unnecessary columns and
handling missing values
data.dropna(inplace=True)
X = data.drop(’target’, axis=1)
y = data[’target’]
... (omitted)

Execution Error:

-> 6992 raise KeyError(f"{labels[mask].tolist()} not
found in axis")

6993 indexer = indexer[~mask]
6994 return self.delete(indexer)

KeyError: "[’target’] not found in axis"
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Generated by CodeLlama-34B-Instruct in one task:

[PYTHON]
# Define the context and task
context = {

"data": "https://s3.amazonaws.com/benbensaid-public-data/data.csv",
"target": "y"

}

task = {
"task_type": "data exploration",
"instruction": "Explore the data and identify
any patterns or trends."

}

# Generate the plan
plan = generate_plan(context, task)

# Print the plan
print(plan)
[/PYTHON]

Generated by StarCoder2-15B in one task:

Sure, here’s a plan for your context:
1. Find the videos with titles containing "how" or "what"
2. Calculate the like ratios
3. Visualize the like ratios
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• The expected format should at least be-
gin and end with three backticks and must
comply with JSON format. Here’s an ex-
ample:

Expected JSON format:

"
[

{
"task_id": "1",
"dependent_task_ids": [],
"instruction": "Preprocess and clean the data.",
"task_type": "preprocessing and cleaning"

},
{

"task_id": "2",
"dependent_task_ids": ["1"],
"instruction": "Explore the data to find
patterns and insights.",
"task_type": "data exploration"

},
{

"task_id": "3",
"dependent_task_ids": ["2"],
"instruction": "Visualize the data to communicate insights.",
"task_type": "data visualization"

},
{

"task_id": "4",
"dependent_task_ids": ["3"],
"instruction": "Generate an interpretability report.",
"task_type": "interpretability report"

}
]
"
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