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Abstract001

We introduce LongDA, a data analysis bench-002
mark for evaluating LLM-based agents under003
documentation-intensive analytical workflows.004
In contrast to existing benchmarks that assume005
well-specified schemas and inputs, LongDA006
targets real-world settings in which navigating007
long documentation and complex data is the008
primary bottleneck. To this end, we manually009
curate raw data files, long and heterogeneous010
documentation, and expert-written publications011
from 17 publicly available U.S. national sur-012
veys, from which we extract 505 analytical013
queries grounded in real analytical practice.014
Solving these queries requires agents to first re-015
trieve and integrate key information from multi-016
ple unstructured documents before performing017
multi-step computations and writing executable018
code, which remains challenging for existing019
data analysis agents. To support the system-020
atic evaluation under this setting, we develop021
LongTA, a tool-augmented agent framework022
that enables document access, retrieval, and023
code execution, and evaluate a range of pro-024
prietary and open-source models. Our experi-025
ments reveal substantial performance gaps even026
among state-of-the-art models, highlighting the027
challenges researchers should consider before028
applying LLM agents for decision support in029
real-world, high-stakes analytical settings.030

1 Introduction031

Recent advances in large language models032

(LLMs) (Chang et al., 2024; Naveed et al., 2025)033

have enabled the development of LLM agents capa-034

ble of assisting with data analysis tasks, including035

writing Python code (Hollmann et al., 2023; Guo036

et al., 2024; Sun et al., 2025a), executing statistical037

computations (Hong et al., 2025), and generating038

analytical reports (Zhang et al., 2025b). These039

agents show strong potential to reduce the manual040

effort required in data-driven research and decision-041

making, particularly in areas such as social science,042

Read Search

Retriever

“Which movie has the longest duration on the catalog?”

• Small, clean tabular datasets
• Short and well-structured data descriptions
• LLM-generated or web-crawled queries

• One or more large-scale tabular data files 
• Multiple long, unstructured documentation files
• Real-world data and queries from federal agencies

(a) Illustration of Most Existing Benchmarks

(b) Illustration of LongDA

“What’s the median household income in the US in 2024?”

README with simple data schema

Codebook, Survey Design, User Guide…

Features:
1. name
2. year
3. …

Feedback

20 columns

2000 columns

Figure 1: Comparison of existing data analysis bench-
marks and LongDA.

economics, and public policy, where analytical 043

workloads commonly involve complex and large- 044

scale datasets (Sun et al., 2025b; Rahman et al., 045

2025; Wang et al., 2025). Accordingly, benchmark- 046

ing the data analysis capabilities of LLM agents 047

has become an important and active research direc- 048

tion (Zhang et al., 2024b; Hu et al., 2025). 049

Despite these advances, real-world data analy- 050

sis remains fundamentally challenging. In prac- 051

tice, analytical workflows rarely begin with clean, 052

well-documented datasets. Instead, analysts typ- 053

ically first navigate lengthy and heterogeneous 054

documentation to understand dataset structures, 055
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Table 1: Comparison of related benchmarks. Context denotes the approximate number of context tokens per query.
Syn., Hum., and Web denote synthetic, human, and web sources, respectively. ✓ indicates interactive environment.

Benchmark Size Data source Query source Interaction Context

DS-1000 (Lai et al., 2023) 1,000 Web Web ✗ 900
Text2Analysis (He et al., 2024) 2,249 Hum. Syn. / Hum. ✗ N/A
DSCodeBench (Ouyang et al., 2025) 1,000 Web Syn. / Hum. ✗ 640
DataSciBench (Zhang et al., 2025a) 222 N/A Syn. / Hum. / Web ✗ 200

InfiAgent-DABench (Hu et al., 2024) 257 Web Syn. ✓ 160
DSEval (Zhang et al., 2024b) 825 Web Syn. / Hum. ✓ 1,300
DACO (Wu et al., 2024) 1,942 Web Syn. / Hum. ✓ 890
DA-Code (Huang et al., 2024) 500 Web Hum. ✓ 370
DSBench (Jing et al., 2024) 466 Web Web ✓ 1,060
DABstep (Egg et al., 2025) 450 Company Company ✓ 5,200

LongDA (ours) 505 Gov. agencies Expert pubs. ✓ 263,500

variable definitions, and data preprocessing pro-056

cedures (Koesten et al., 2021). This information057

is commonly scattered across multiple unstruc-058

tured documents, such as codebooks, technical re-059

ports, and methodological appendices, which can060

span hundreds of thousands of tokens (Ale et al.,061

2025). Analysts generally need to complete this062

information-gathering stage before writing code to063

extract relevant variables and compute the results.064

For both humans and LLM agents, this documen-065

tation navigation stage is frequently the dominant066

bottleneck in real-world data analysis.067

However, most existing data analysis bench-068

marks do not adequately capture this reality. As069

illustrated in Figure 1 and summarized in Table 1,070

prior benchmarks primarily evaluate data analy-071

sis under well-specified inputs, implicitly assum-072

ing that relevant variables, schemas, and data files073

are already known. Consequently, they overlook074

a critical component of real-world analysis: the075

ability to retrieve, interpret, and integrate informa-076

tion from long, unstructured documentation. More-077

over, many benchmarks rely on LLM-generated078

or web-crawled queries, which may not reflect the079

analytical questions practitioners actually seek to080

answer. A more detailed discussion of related work081

is provided in Appendix A.082

Motivated by these limitations, we introduce083

LongDA, the first data analysis benchmark that084

evaluates LLM agents under documentation-085

intensive analytical workflows. LongDA is con-086

structed from federal agency–released data files,087

extensive documentation with an average length of088

263k tokens, and expert-written analytical publica-089

tions. From these publications, we extract 505 real090

analytical queries whose reported results are repro-091

ducible using publicly released data. To solve these 092

queries, agents need to identify relevant variables, 093

assign weights, and define populations before per- 094

forming multi-step computations to obtain final 095

answers. This remains a fundamental challenge for 096

existing data analysis agents that are not designed 097

to operate in this specific setting. 098

To enable systematic and controlled study of 099

this challenge, we further develop LongTA, a 100

lightweight tool-augmented agent framework that 101

enables document access, retrieval, and code execu- 102

tion, serving as an evaluation scaffold and baseline 103

for LongDA. Using LongTA, we conduct extensive 104

experiments on a range of proprietary and open- 105

source models, revealing substantial performance 106

gaps and underscoring the limitations of current 107

LLM agents in real-world analytical workflows. 108

Our contributions are summarized as follows: 109

• We introduce LongDA, a benchmark designed 110

to evaluate data analysis agents on realistic 111

datasets with long, complex documentation. 112

• We develop LongTA, a lightweight tool- 113

augmented baseline for controlled document 114

access and code execution for LongDA. 115

• We extensively evaluate state-of-the-art mod- 116

els, revealing substantial performance gaps 117

and identifying information retrieval and tool- 118

use strategy as primary bottlenecks. 119

2 LongDA Benchmark 120

2.1 Data Collection 121

To construct a realistic and practically meaning- 122

ful data analysis benchmark, we collect seven- 123

teen U.S. national surveys spanning a broad range 124
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National Surveys (Middle Ring):
NHANES (99) RHFS (14) HERD (18)
NHIS (29) ASPP (11) SSERF (16)
NSFG (29) STC (9) ATUS (38)
ASEC (76) SDR (39) NTEWS (30) 
ASFIN (17) NSCG (26) NSDUH (18) 
ASPEP (17) GSS (19) Total (505)

Three-Layer Structure:
• Inner Ring: 6 Federal Agencies 
• Middle Ring: 17 Surveys (grouped by agency, sized by queries)
• Outer Ring: 30 Publications (grouped by survey)

Federal Agencies (Inner Ring):
CDC (157) NSF (118) NCES (30)
USBC (144) BLS (38) SAMHSA (18)

Figure 2: Hierarchical composition of the LongDA benchmark. Numbers in parentheses indicate the number of
queries associated with each entity, with a total of 505 queries. Publications share the same color as their parent
survey, and surveys belonging to the same federal agency are rendered in the same color family.

of domains, including public health, labor and125

employment, education, and the scientific work-126

force. These surveys are meticulously designed,127

conducted, and released by six U.S. federal agen-128

cies. They are routinely utilized by governments,129

researchers, and policymakers to provide valuable130

insights that inform public policy, social programs,131

and scientific research. For the complete list of132

survey abbreviations, official names, and source133

links, refer to Appendix B.1.134

For each survey, we obtain three types of official135

resources from the corresponding agency websites:136

(1) raw data files, (2) survey documentation, and137

(3) analytical publications produced by domain ex-138

perts. The documentation typically includes code-139

books, methodological descriptions, and survey140

design reports, which are written for human ana-141

lysts and commonly span long, unstructured texts.142

To ensure consistency and reproducibility, we col-143

lect data, documentation, and publications from a144

fixed survey year for each survey and organize all145

resources into a unified directory structure without146

modifying their original content. For the complete147

mapping between surveys and their associated pub-148

lications, refer to Appendix B.2.149

While all three resource types are collected dur-150

ing dataset construction, they play different roles151

in the benchmark: the publications are used exclu-152

sively for query extraction and are not accessible153

to agents during evaluation, while raw data files154

and the associated documentation are exposed to155

the agents when solving tasks. This design ensures156

that benchmark queries are grounded in real analyt-157

ical practice while preventing agents from directly 158

retrieving answers from expert-written reports. 159

2.2 Query and Ground Truth Extraction 160

After data collection, we extract queries and ground 161

truths from the official analytical publications. 162

Each query in LongDA consists of three compo- 163

nents: (1) a question, (2) an answer structure, and 164

(3) additional information. The question specifies 165

the analytical goal based on the given survey. The 166

answer structure defines the expected format of the 167

response, which is either a single numerical value 168

or a fixed-length list with predefined semantic ele- 169

ments (e.g., [ men, women ], [ under18, age18_64, 170

age65plus ]). The additional information provides 171

auxiliary context necessary for correctly interpret- 172

ing the question. Together, these three components 173

are the minimal information required to make each 174

query both unambiguous for automatic evaluation 175

and faithful to real-world analytical practice. 176

For each publication, we first verify that the re- 177

ported results can be reproduced using the pub- 178

licly released survey data, which is typically stated 179

explicitly in the publication. We then construct 180

queries based on reported numerical findings, to- 181

gether with their corresponding answer structures. 182

When specifically noted, we extract relevant defi- 183

nitions or clarifications provided in the publication 184

and include them as additional information to re- 185

solve potential linguistic ambiguities. This design 186

ensures that queries are grounded in real-world an- 187

alytical practice while being technically solvable, 188

and encourages agents to perform genuine reason- 189

ing over data and documentation. 190
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2.3 Benchmark Statistics191

LongDA contains 505 queries in total. Figure 2192

illustrates the hierarchical composition of LongDA,193

organized across three levels: federal agencies, sur-194

veys, and publications. In total, LongDA covers 6195

U.S. federal agencies, 17 national surveys, and 30196

official publications, reflecting the broad coverage197

of real-world data analysis scenarios.198

A key characteristic of LongDA is the complex-199

ity of its accompanying documentation: with an200

average length of 263k tokens and a maximum201

length exceeding 735k tokens, LongDA possesses202

substantially longer contexts than existing bench-203

marks. The distribution of documentation lengths204

is shown in Figure 6. LongDA queries also ex-205

hibit structured answer formats: 221 queries (44%)206

require a single numerical answer, while the re-207

maining 284 queries (56%) involve fixed-length208

lists with predefined semantic elements.209

2.4 Evaluation Protocol210

To control evaluation cost and better reflect real-211

istic analytical workflows, queries derived from212

the same publication are presented to the agent in213

blocks, where each block contains all queries asso-214

ciated with a single publication (see Appendix C.2).215

Queries within a block typically revolve around216

shared themes or variables, allowing the agent to217

reuse intermediate understanding across related218

questions. Note that during evaluation, agents are219

restricted to accessing the raw data files and survey220

documentation corresponding to the given survey.221

We evaluate agent performance along two pri-222

mary dimensions: effectiveness and efficiency. Ef-223

fectiveness is measured by coverage rate and224

match rate. Efficiency is characterized by total to-225

ken consumption, total runtime over the full bench-226

mark, and the average number of interaction steps227

per block. We describe each metric in detail below.228

To demonstrate the agents’ ability to follow task229

specifications and produce reliable, structured out-230

put, we compute the coverage rate, defined as the231

proportion of queries for which the answer syntac-232

tically conforms to the specified answer structure.233

Formally, given a query set Q and an agent’s output234

set Â, the coverage rate is defined as235

Coverage =
|{ q ∈ Q | âq is structurally valid }|

|Q|
,236

where âq denotes the agent’s answer to query q.237

The match rate measures numerical correctness238

under a predefined tolerance. For each query q with239

ground truth answer aq and agent prediction âq, we 240

define a tolerance parameter ϵ and set tolerance as 241

τ(aq) = max(ϵ · |aq|, 1), 242

ensuring that small-magnitude targets are not 243

overly penalized. The prediction is considered cor- 244

rect if |âq − aq| ≤ τ(aq) (applied element-wise for 245

list answers). The match rate is the proportion of 246

queries for which this condition holds. 247

3 LongTA Framework 248

To enable systematic study of LLM-based data 249

analysis agents under documentation-intensive set- 250

tings, we introduce LongTA, a lightweight tool- 251

augmented agent framework that serves as an eval- 252

uation scaffold and baseline for LongDA. LongTA 253

consists of a ReAct-style (Yao et al., 2022) coding 254

agent and a set of specialized tools for interacting 255

with raw data files and documentation. 256

3.1 ReAct Coding Agent 257

The coding agent follows an iterative ReAct loop 258

in which the LLM interleaves tool calls for doc- 259

ument navigation and Python code execution for 260

numerical computation. This design matches realis- 261

tic analysis workflows, where an analyst repeatedly 262

consults documentation to identify variables and 263

then runs code to examine the statistical results. 264

Block-level prompt. LongDA presents queries 265

in blocks. For each block, we construct a prompt 266

that contains: (i) global instructions, (ii) a list of 267

questions, (iii) the expected answer structure for 268

each question, (iv) additional information for each 269

question, and (v) the list of available data files and 270

documentation files for this survey. The prompt 271

template is provided in Appendix C.1. 272

Iterative reasoning-and-action loop. Given the 273

prompt, the agent runs for at most a fixed step 274

budget. At each step, the agent generates a Python 275

snippet to call tools or run analysis code. The loop 276

terminates when the agent signals task completion 277

or when the maximum step budget is reached. 278

Execution environment and safety. To sup- 279

port common survey analysis workloads while 280

keeping the execution controlled, we configure 281

the executor with an allowlist of commonly-used 282

Python libraries (e.g., pandas, numpy, scipy, 283

statsmodels) and standard library modules (e.g., 284

json, re), balancing practicality and containment. 285
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PromptTool(Tool)(
q_id,

)

ReadDocTool(Tool)(
doc_path, 
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)

SearchDocTool(Tool)(
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)RetrieverTool(Tool)(
doc_path, 
query,
matches,
len_context,
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NotesTool(Tool)(
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code,

)

AnswerTool(Tool)(
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)
Python
Execution Environment

83730

Question: What’s the median household… in 2024?
Answer Structure: single_number
Additional Information: Pretax income. Dollars.

Table1 Table2 Doc1 Doc2 Doc3

Agent Toolbox and Environment

Access Feedback

Feedback

Call Multi-turn
Interaction

…Step2… Step1…

ReAct

Figure 3: Illustration of LongTA. The agent solves queries through a ReAct-style multi-turn interaction, coordinating
multiple tools for long-document navigation and code execution over heterogeneous data sources.

3.2 Tool Design286

LongDA tasks are bottlenecked by documentation287

navigation: the agent must discover variable def-288

initions, survey weights, and file schemas from289

long, heterogeneous documents before writing ac-290

curate analysis code. Accordingly, we design a291

small set of tools for document interaction, context292

management, and answer recording, built on top of293

a unified internal representation of documentation.294

Unified document representation. All docu-295

mentation files are exposed through a unified “doc-296

ument unit” abstraction. Given a document file, we297

parse it into a sequence of units depending on file298

type: PDFs are split into pages; text-like formats299

(TXT/PY/JSON) are split into lines; tabular for-300

mats (CSV/XLSX) are split into rows. Each unit301

has an identifier (e.g., “Page 3”, “Line 120”, “Row302

15”) along with the normalized text content. This303

design supports both keyword search and retrieval304

over large files while keeping tool outputs compact.305

Document access and retrieval. To navigate306

long, heterogeneous documentation, we provide307

tools that support both targeted inspection and scal-308

able retrieval. (1) read_doc enables direct inspec-309

tion by returning either a short preview (when no310

range is specified) or user-selected units via one-311

based ranges (e.g., 1-3 or 2,5,7), which is useful312

for reading codebook sections, methodological de-313

scriptions, or specific line/page ranges. Comple-314

menting this, (2) search_doc performs exact key-315

word search across units and returns snippets with a316

configurable context window, allowing the agent to317

quickly locate candidate variable names, weighting318

terms, or table captions. Since exact matching may 319

be insufficient when the agent does not know the 320

precise phrasing used in documentation, we further 321

implement (3) retriever, a lightweight lexical re- 322

triever based on BM25 (Robertson et al., 2009): it 323

splits each unit into overlapping chunks with con- 324

figurable chunk size and overlap, builds index over 325

all chunks, and returns the top-k relevant chunks. 326

Prompt revisiting and note-taking. To miti- 327

gate context loss in long interactions, we provide 328

prompt for revisiting task specifications and notes 329

for externalizing discovered information such as 330

variable definitions and weight usage, which can 331

be reused across queries within a block. 332

Answer recording and auditing. Automatic 333

evaluation in LongDA requires answers to be struc- 334

turally valid. We therefore enforce that final out- 335

puts are emitted through an answer tool. The tool 336

validates that each answer is either a single number 337

or a list of numbers, and stores the raw serialized 338

value. This design separates reasoning traces from 339

final outputs, enabling reliable automatic evalua- 340

tion and post-hoc analysis. Finally, agents can use 341

save_code to store the Python code used for a 342

block, providing an audit trail that supports repro- 343

ducibility checks and qualitative error analysis. 344

4 Experiments 345

4.1 Experiment Settings 346

We evaluate LongDA on a diverse set of state-of- 347

the-art proprietary and open-source LLMs, includ- 348

ing GPT-5 (OpenAI, 2025a), DeepSeek-V3.2 (Liu 349

et al., 2025), Qwen3 series (Yang et al., 2025), 350
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Table 2: Model performance comparison. Best results for each category are highlighted in bold. In (M), Out (M),
and Total (M) denote the numbers of input tokens, output tokens, and total tokens (in millions), respectively.

Model Coverage (%) Match (%) Avg. Steps In (M) Out (M) Total (M) Time (h)

GPT-5 (High) 94.65 68.91 6.20 7.38 0.87 8.25 5.74
GPT-5 91.09 69.16 5.50 5.75 0.65 6.40 3.58
GPT-5-mini 69.50 40.81 8.63 10.10 0.56 10.66 3.42

DeepSeek-V3.2 67.33 53.00 66.30 68.50 0.40 68.91 5.22
DeepSeek-V3.2-Thinking 61.58 47.82 37.60 35.55 0.83 36.38 9.08
Kimi-K2-0905 50.50 28.27 36.13 37.78 0.43 38.21 5.22
Qwen3-235B-A22B-Instruct 48.91 27.17 42.30 61.20 0.53 61.73 10.38
Qwen3-Coder-480B-A35B-Instruct 51.49 23.44 53.27 75.13 0.36 75.49 5.08
Qwen3-Next-80B-A3B-Instruct 49.50 21.85 21.50 22.00 0.37 22.36 1.64
GLM-4.7 27.13 19.18 81.17 119.42 0.59 120.01 8.42
GPT-OSS-120B 46.53 12.15 18.60 13.98 0.68 14.66 3.67

0 20 40 60 80 100 120
Total Tokens (M)

0

20

40

60

M
at

ch
 R

at
e 

(%
) GPT-5-HighGPT-5

GPT-5-mini

DS-V3.2
DS-V3.2-Think

GPT-OSS

Q-Coder-480BQ-235B
Q-Next-80B

Kimi
GLM-4.7

Log fit

Figure 4: Match rate vs. total token consumption.

Kimi-K2 (Team et al., 2025), GLM-4.7 (Z.ai,351

2025), and GPT-OSS-120B (OpenAI, 2025b). All352

models are evaluated over LongTA with a budget353

of 100 steps and a tolerance threshold of 5% when354

computing the match rate.355

4.2 Main Results356

Overall Performance and Efficiency. Table 2357

reveals substantial differences in both effective-358

ness and efficiency across models. The GPT-5359

family achieves the highest coverage and match360

rates while requiring significantly fewer reason-361

ing steps, fewer total tokens, and less wall-clock362

time. We attribute the strong performance of GPT-363

5 to three complementary factors. First, GPT-5364

appears to possess richer prior knowledge of sur-365

vey conventions and variable nomenclature, which366

often allows it to rapidly infer or approximate vari-367

able abbreviations before consulting documenta-368

tion. This behavior is also reflected in our case369

study (Appendix D), where GPT-5 identifies many370

relevant keywords within the first few steps. Sec-371

ond, GPT-5 demonstrates substantially stronger ca-372

pability in strategically leveraging the search_doc373

tool for information retrieval, as further analyzed in374

Section 4.3. Third, GPT-5 tends to execute larger375

1 2 3 5 7 10 15 20
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M
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e 
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DeepSeek-V3.2

GPT-5 mini

Kimi-K2

Figure 5: Match rate sensitivity to tolerance threshold.

code blocks per step (combining multiple keyword 376

searches and sub-tasks within a single execution) 377

rather than issuing one fine-grained tool call step 378

by step. This execution style increases the effec- 379

tive information density of the context and avoids 380

repeatedly injecting system prompts and intermedi- 381

ate states, thereby achieving both higher efficiency 382

and stronger performance. Notably, even GPT-5 383

(High) achieves only 68.91% match rate, indicating 384

substantial remaining headroom. 385

Among open-source models, DeepSeek-V3.2 386

exhibits comparatively stable generation behavior. 387

However, we also observe that other models (e.g., 388

Kimi and GLM series) sometimes fall into repeti- 389

tive generation patterns. Such repetition substan- 390

tially inflates output token usage and runtime, con- 391

tributing to lower overall efficiency. 392

Scaling Behavior. Figure 4 illustrates the rela- 393

tionship between match rate and total token con- 394

sumption. To analyze scaling behavior, we fit a 395

logarithmic curve to the data. Note that GPT-5 396

and GPT-5 (High) are excluded from the fit as out- 397

liers to avoid distortion of the overall trend. Per- 398

formance improves with increased token budget, 399

though the gains exhibit diminishing returns, re- 400

flecting the intrinsic difficulty of LongDA. 401
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Scalar List
0

20

40

60

80

Ra
te

 (
%

)

82.5%

42.5%
50.9%

28.8%

Coverage Rate
Match Rate
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Tolerance Sensitivity. Figure 5 studies sensitiv-402

ity to the tolerance threshold. While match rate403

increases monotonically with tolerance, the rela-404

tive ranking of models and the overall performance405

gaps remain stable, indicating that the evaluation is406

not overly sensitive to the exact tolerance choice.407

Survey-Level Analysis. Figure 6 reports survey-408

level performance aggregated across all evaluated409

models, showing a mild negative correlation be-410

tween documentation length and model perfor-411

mance. NSDUH is a notable exception: despite412

extremely long contexts, it achieves comparatively413

strong performance. This is likely because its pub-414

licly available microdata already includes many415

pre-coded variables derived from multiple raw416

fields, allowing models to answer queries once417

relevant variables are identified without requiring418

complex downstream computation.419

Scalar vs. List Queries. Figure 7 compares420

scalar and list-structured queries. List queries are421

consistently more difficult than scalar ones, due to422

both increased computational complexity and the423

requirement to follow specific answer structures.424

Effect of Explicit Reasoning. Comparing GPT-425

5 and DeepSeek-V3.2 with and without explicit426

reasoning variants, we observe that explicit reason-427

ing does not provide clear performance improve-428

ments on LongDA. This suggests that the core dif-429

ficulty of LongDA lies not in logical inference, but 430

in discovering and extracting sufficient informa- 431

tion from long, complex documentation. Moreover, 432

reasoning-oriented models exhibit higher tool us- 433

age, longer outputs, and increased runtime (Table 2 434

and 3). We hypothesize that cautious reasoning 435

induces excessive tool calls without substantially 436

improving document understanding, introducing 437

overhead with limited accuracy gains. 438

4.3 Tool Usage Analysis 439

Table 3 reports aggregate tool usage statistics. Ad- 440

ditionally, to visualize tool-use dynamics, we ex- 441

tract full tool-call traces from agent execution logs 442

and represent each block’s trajectory as a sequence 443

of tool invocations. Each trajectory is normalized 444

to a [0, 1] progress scale based on its maximum 445

step count and discretized into 20 bins. For each 446

bin, we compute the empirical distribution of tool 447

usage across all trajectories of a model, producing 448

the heatmaps in Figure 8. 449

Behavioral Analysis. GPT-5 variants strongly 450

favor the search tool over the retriever and con- 451

sistently invoke the prompt tool at the beginning of 452

each block. Open-source models display more ex- 453

ploratory tool usage patterns with heavier reliance 454

on retrieval and iterative refinement. These results 455

indicate that successful performance on LongDA 456

depends not only on language modeling and coding 457

ability, but also on effective tool-use strategies for 458

navigating long, complex documentation. 459

We further conduct a tool ablation study, as re- 460

ported in Table 4. According to the results, re- 461

moving search_doc leads to a substantial degra- 462

dation for GPT-5, indicating that GPT-5 is particu- 463

larly effective at leveraging search_doc for agen- 464

tic problem solving in LongDA. In contrast, remov- 465

ing retriever causes only marginal fluctuations 466

for DeepSeek-V3.2 and Qwen3-Coder. This sug- 467
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Figure 8: Normalized tool usage trajectories across three agent models. Each heatmap shows the probability
distribution of tool calls over the normalized problem-solving progress (0–100%).

Table 3: Tool usage count by models.

Model Prompt Read Search Retr. Note Answer Save

GPT-5 30 46 1,704 114 79 704 79
GPT-5 (High) 30 121 2,392 117 77 754 74
DeepSeek-V3.2 31 146 207 269 38 526 39
DeepSeek-V3.2-Thinking 30 122 206 393 39 893 95
Qwen3-235B-A22B-Instruct 30 309 371 146 57 596 293
Qwen3-Coder-480B-A35B-Instruct 84 187 231 15 17 528 18

Table 4: Ablation study on tool availability.

Model Setting Coverage (%) Match (%) Steps In (M) Out (M) Time (h)

GPT-5 Full tools 91.09 69.16 5.50 5.75 0.65 3.58
GPT-5 w/o search_doc 80.20 58.30 6.03 6.09 0.65 2.84

DeepSeek-V3.2 Full tools 67.33 53.00 66.30 68.50 0.40 5.22
DeepSeek-V3.2 w/o retriever 66.93 54.03 65.07 67.04 0.40 5.36

Qwen3-Coder-480B-A35B-Instruct Full tools 51.49 23.44 53.27 75.13 0.36 5.08
Qwen3-Coder-480B-A35B-Instruct w/o retriever 53.27 21.52 48.00 79.48 0.40 4.27

gests that the performance gap between GPT-5 vari-468

ants and other models cannot be explained solely469

by a preference for the search_doc tool. Instead,470

LongDA primarily challenges models’ ability to471

strategically extract relevant evidence from long472

documentation and integrate retrieved information473

into coherent multi-step analytical workflows.474

4.4 Summary of Findings475

Overall, our experiments lead to three key ob-476

servations. First, current state-of-the-art models477

remain far from solving documentation-intensive478

data analysis reliably. Even the strongest model,479

GPT-5 (High), achieves only 68.91% match rate,480

indicating substantial headroom. Second, success481

on LongDA is driven primarily by information re-482

trieval and tool-use strategy rather than by pure483

reasoning capability. Models that are better at re-484

trieving relevant evidence from long documenta-485

tion and orchestrating tool calls consistently outper-486

form others. Third, longer contexts and more com-487

plex answer structures amplify difficulty, reflecting 488

the challenges of information retrieval, instruction 489

following, and multi-step computation. 490

5 Conclusion 491

We introduce LongDA, the first benchmark for eval- 492

uating data analysis agents under documentation- 493

intensive analytical workflows. By grounding 494

tasks in large-scale government datasets and long, 495

unstructured documentation, LongDA exposes 496

fundamental challenges to current LLM-based 497

agents, particularly in information retrieval and 498

document navigation. Our extensive experiments 499

show that even state-of-the-art models struggle 500

with documentation-intensive analytical pipelines, 501

where performance depends critically on effective 502

evidence retrieval and strategic tool use under long- 503

context constraints. We hope LongDA will serve as 504

a challenging and practical testbed for advancing 505

the development of reliable data analysis agents. 506
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6 Limitations507

LongDA has several limitations that should be con-508

sidered when interpreting results and when using509

the benchmark.510

Scope and representativeness. LongDA is con-511

structed from 17 U.S. national surveys and asso-512

ciated publications, which provide breadth across513

agencies and domains but still represent a small514

slice of the full landscape of real-world data analy-515

sis. The benchmark may under-represent domains516

with substantially different data modalities (e.g.,517

proprietary enterprise data) or workflows (e.g.,518

streaming analytics, database-centric ETL).519

Fixed-year snapshots and documentation drift.520

Each survey is collected from a fixed release year521

and organized into a static local directory. In prac-522

tice, survey documentation and variable definitions523

can change across cycles, and agency guidelines524

may be updated. LongDA does not explicitly test525

robustness to cross-year schema drift or versioned526

documentation.527

Evaluation focuses on final numbers. Our528

primary metrics (coverage and match) evaluate529

whether agents produce structurally valid outputs530

and numerically correct answers within a tolerance.531

This design supports scalable automatic evaluation,532

but it does not directly measure intermediate analyt-533

ical quality (e.g., whether the agent’s code follows534

best practices, produces confidence intervals, or535

correctly handles edge cases) nor does it capture536

the quality of explanations and reporting narratives.537

Survey design complexity is only partially exer-538

cised. While LongDA tasks require reading docu-539

mentation and applying sample weights, many sur-540

vey analyses in practice also involve variance esti-541

mation and design-based uncertainty quantification542

(e.g., strata/PSU adjustments, replicate weights,543

finite population corrections, and survey-specific544

variance estimators). LongDA currently does not545

include queries that explicitly evaluate variance546

estimation (e.g., standard errors or confidence inter-547

vals). As a result, strong performance on LongDA548

does not imply full competence in general complex-549

survey inference beyond point estimation.550

7 Ethical Considerations551

LongDA is constructed from publicly released U.S.552

government survey data and documentation. The553

benchmark does not include personally identifi- 554

able information (PII) and does not require any 555

individual-level inference. Given the high-stakes 556

nature of real-world data analysis, outputs pro- 557

duced by LLM agents should not be used for auto- 558

mated decision-making without human verification. 559

We report token usage and runtime to make evalua- 560

tion cost explicit and to encourage more efficient 561

and reproducible methods. 562
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A Related Work745

A.1 Data Analysis Benchmarks746

Existing data analysis benchmarks can be broadly747

categorized into single-turn and interactive settings.748

Single-turn benchmarks such as DS-1000 (Lai749

et al., 2023), DSCodeBench (Ouyang et al., 2025),750

and DataSciBench (Zhang et al., 2025a) primarily751

evaluate one-shot code generation or analytical rea-752

soning with well-specified prompts and structured753

inputs, placing limited demands on document-level754

language understanding.755

More recent interactive benchmarks (e.g.,756

InfiAgent-DABench (Hu et al., 2024), DSE-757

val (Zhang et al., 2024b), DA-Code (Huang et al.,758

2024), DSBench (Jing et al., 2024)) allow agents759

to perform multi-step reasoning and interact with760

execution environments. However, most of these761

benchmarks are still built on relatively small762

datasets with limited or simplified documentation,763

and therefore do not fully capture the challenge of764

navigating large-scale, unstructured data descrip-765

tions. In contrast, LongDA evaluates data analysis766

agents on real-world datasets with extensive and 767

complex documentation, requiring language under- 768

standing, information retrieval, and tool-assisted 769

computation. 770

A.2 LLM Data Analysis Agents 771

Recent work has increasingly explored using large 772

language models as autonomous agents for data 773

analysis. Early efforts primarily focused on lever- 774

aging LLMs for code generation and computational 775

reasoning, simplifying complex analytical work- 776

flows through program synthesis and tool execu- 777

tion (Gao et al., 2023; Zhu et al., 2024; Wang et al., 778

2024). Building on this foundation, a new genera- 779

tion of data science agents has emerged, integrat- 780

ing function-calling, code interpreters, and external 781

tools to support end-to-end analytical processes, 782

including Data Interpreter (Hong et al., 2025), DS- 783

Agent (Guo et al., 2024), LAMBDA (Sun et al., 784

2025a), and related systems (Zhang et al., 2023, 785

2024a; Li et al., 2024; Trirat et al., 2024; Jiang 786

et al., 2025). 787

Collectively, these systems demonstrate that 788

LLM agents can effectively automate many compo- 789

nents of data science pipelines, such as feature en- 790

gineering, hyper-parameter tuning, model training, 791

and evaluation. However, most existing approaches 792

assume relatively clean, well-documented inputs 793

and place limited emphasis on navigating large- 794

scale, heterogeneous documentation. As a result, 795

they under-exercise the document understanding 796

and information discovery capabilities that domi- 797

nate real-world analytical workflows. Moreover, 798

scalability, long-context management, and robust 799

multi-step planning remain open challenges for cur- 800

rent agent frameworks. 801

B Survey Metadata 802

B.1 Survey Abbreviations, Full Names, and 803

Official Links 804

Table 5 provides the complete list of survey abbre- 805

viations used throughout the paper, together with 806

their official full names, releasing agencies, and 807

public data access links. This information is pro- 808

vided to ensure reproducibility and facilitate inde- 809

pendent verification of the data sources. 810

B.2 Survey–Publication Mapping 811

Table 6 summarizes the correspondence between 812

surveys and the official analytical publications from 813

which benchmark queries are extracted. Each query 814
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Table 5: Survey Abbreviations, Official Names, and Data Sources

Abbrev. Official Survey Name Agency Year Data Source

ATUS American Time Use Survey Bureau of Labor Statistics 2024 Link

NHANES National Health and Nutrition Examination Survey National Center for Health Statistics 2021–2023 Link
NHIS National Health Interview Survey National Center for Health Statistics 2023 Link
NSFG National Survey of Family Growth National Center for Health Statistics 2022–2023 Link

GSS Graduate Student Survey National Science Foundation 2023 Link
HERD Higher Education R&D Survey National Science Foundation 2023 Link
NSCG National Survey of College Graduates National Science Foundation 2023 Link
SDR Survey of Doctorate Recipients National Science Foundation 2023 Link
SSERF Survey of Science & Engineering Research Facilities National Science Foundation 2023 Link

NTEWS National Training, Education, and Workforce Survey National Center for Education Statistics 2024 Link

NSDUH National Survey on Drug Use and Health SAMHSA 2023 Link

ASFIN Annual Survey of State Government Finances U.S. Census Bureau 2021 Link
ASPEP Annual Survey of Public Employment & Payroll U.S. Census Bureau 2024 Link
ASPP Annual Survey of Public Pensions U.S. Census Bureau 2019 Link
CPS–ASEC Current Population Survey – ASEC U.S. Census Bureau & BLS 2024 Link
RHFS Rental Housing Finance Survey U.S. Census Bureau 2023 Link
STC Survey of State Tax Collections U.S. Census Bureau 2020 Link

Table 6: Mapping Between Surveys and Source Publications

Survey Publication Agency Year

ATUS American Time Use Survey: 2024 Results Bureau of Labor Statistics 2024

NHANES Data Brief No. 508: Obesity Prevalence National Center for Health Statistics 2021–2023
NHANES Data Brief No. 511: Hypertension Prevalence National Center for Health Statistics 2021–2023
NHANES Data Brief No. 515: Sleep Duration National Center for Health Statistics 2021–2023
NHANES Data Brief No. 516: Physical Activity National Center for Health Statistics 2021–2023
NHANES Data Brief No. 519: Anemia Prevalence National Center for Health Statistics 2021–2023
NHANES Data Brief No. 527: Depression Prevalence National Center for Health Statistics 2021–2023
NHANES Data Brief No. 533: Fast Food Consumption National Center for Health Statistics 2021–2023
NHANES Data Brief No. 538: Prescription Opioid Use National Center for Health Statistics 2021–2023
NHANES Data Brief No. 540: Diabetes Prevalence National Center for Health Statistics 2021–2023

NHIS Data Brief No. 518: Chronic Pain National Center for Health Statistics 2023
NHIS Data Brief No. 528: Depression Medication National Center for Health Statistics 2023
NHIS Data Brief No. 529: COPD Prevalence National Center for Health Statistics 2023

NSFG Data Brief No. 520: Contraceptive Use National Center for Health Statistics 2022–2023
NSFG Data Brief No. 539: Pregnancy Intentions National Center for Health Statistics 2022–2023

GSS NSF 25–316: Graduate Students and Postdoctorates in SEH National Science Foundation 2023
HERD NSF 25–313: Higher Education R&D Expenditures National Science Foundation 2023
NSCG NSF 25–331: National Survey of College Graduates National Science Foundation 2023
SDR NSF 25–320: Survey of Doctorate Recipients National Science Foundation 2023
SSERF NSF 25–318: Survey of S&E Research Facilities National Science Foundation 2023

NTEWS NSF 25–352: National Training, Education, and Workforce Survey National Center for Education Statistics 2024

NSDUH 2023 NSDUH Annual National Report SAMHSA 2023

ASFIN State Government Finances Summary U.S. Census Bureau 2021
ASPEP Public Employment & Payroll Summary Report U.S. Census Bureau 2024
ASPP Public Pensions Summary U.S. Census Bureau 2019
CPS–ASEC Income in the United States U.S. Census Bureau & BLS 2024
CPS–ASEC Poverty in the United States U.S. Census Bureau & BLS 2024
CPS–ASEC Health Insurance Coverage in the United States U.S. Census Bureau & BLS 2024
RHFS Rental Housing Finance Survey U.S. Census Bureau 2023
STC State Government Tax Collections Summary Report U.S. Census Bureau 2020
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in LongDA is derived from exactly one publication815

associated with a specific survey, and publications816

are never exposed to agents during evaluation.817

C Prompt Design818

C.1 Prompt Template819

This section presents the complete prompt template820

used by the ReAct-style agent in all experiments.821

The prompt explicitly specifies the global task de-822

scription, available tools, question blocks, answer823

formats, and execution constraints, and is shown824

verbatim in Figure 9 to ensure full reproducibility825

of the experimental setup.826

C.2 Question Block Example827

To further illustrate the structure of the task input828

provided to the agent, Figure 10 presents a concrete829

example of a question block drawn from the ASFIN830

survey. The example contains multiple queries,831

their required answer formats, and the associated832

data and documentation files.833
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Prompt Template

Task: Analyze the survey data and associated documentation to answer the following questions.

Survey: {survey}

Questions and Expected Answer Structures: {qa_block}

Available Data Files: {paths/to/the/data/files}

Available Documentation Files: {paths/to/the/doc/files}

Instructions:

1. Understand the Task

• Use the prompt tool to review all questions, expected answer structures, and additional
information.

• Identify which data files and documentation are required.

2. Gather Information

• Use retriever or search_doc to locate relevant documentation.
• Use read_doc to inspect specific files or sections.
• Record key information (e.g., variable definitions, column meanings, survey weights)

using the notes tool.
• Do not rely on prior knowledge; always verify from documentation.

3. Analyze Data

• Write and execute Python code to load and process the data.
• Apply sampling weights when required by the survey design.

4. Format and Save Answers

• Format each answer exactly according to the specified answer structure.
• Respect unit requirements (e.g., percentages, counts, thousands, millions).
• Report all numerical values with one decimal place.
• Use the answer tool with action=’add’ to store each answer by question ID.
• Use save_code to save the analysis code after completing each block.

5. Working Strategy

• Questions may be solved incrementally; solving all at once is not required.
• Use answer with action=’view’ to inspect saved answers.
• Use notes with action=’list’ to review recorded information.

Figure 9: Prompt template used by the agent for solving LongDA tasks.
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Example Question Block (ASFIN 2021)

Survey: ASFIN — Annual Survey of State Government Finances (2021)

Questions and Expected Answer Structures

• Q1: What was the total state government revenue in 2021?
Answer Structure: single_number
Additional Info: Trillions of dollars.

...

• Q4: What percentage of total 2021 revenue came from intergovernmental revenue and
insurance trust revenue?
Answer Structure: [intergovernmental_revenue, insurance_trust_revenue]
Additional Info: NA.

...

• Q11: What was liquor store revenue, utility revenue, miscellaneous general revenue, and
current charge revenue in 2021?
Answer Structure: [liquor_store_revenue, utility_revenue,
miscellaneous_general_revenue, current_charges_revenue]
Additional Info: Billions of dollars.

...

Available Data Files

• benchmark/ASFIN/data/21state35.txt

Available Documentation Files

• benchmark/ASFIN/docs/2021 F13_Form.pdf

• benchmark/ASFIN/docs/statetechdoc2021.pdf

• benchmark/ASFIN/docs/public-use-file-layout.xlsx

• benchmark/ASFIN/docs/itemcodes.xlsx

• benchmark/ASFIN/docs/government-ids.xlsx

Instructions: ...

Figure 10: Concrete example of a LongDA question block.
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D Case Study: Agent Interaction834

Example835

To illustrate how an agent solves LongDA tasks836

end-to-end, we present a real interaction trace pro-837

duced by GPT-5 on a block from the NHANES838

survey (NCHS Data Brief No. 508). The block con-839

tains multiple related prevalence queries with strict840

answer-structure constraints. Throughout the inter-841

action, the agent has access only to the NHANES842

microdata and accompanying documentation. In843

this example, GPT-5 successfully answers the en-844

tire block.845

D.1 Overview of the Block846

This NHANES block asks for adult (age ≥ 20)847

obesity and severe obesity prevalence, both overall848

and stratified by sex, age group, and education849

group. Solving the block requires the agent to (i)850

identify the correct BMI variable, (ii) determine851

the appropriate sampling weight for examination-852

based analysis, (iii) map demographic variables to853

subgroup definitions, and (iv) implement weighted854

estimators in Python while satisfying the required855

output ordering.856

D.2 Step-by-Step Interaction857

Step 1: Re-establishing task context. The agent858

begins by invoking the prompt tool to re-check859

the full task specification, including question IDs,860

answer structures, and auxiliary constraints. This861

behavior is consistent with the strategy we observe862

for GPT-5 across blocks: it refreshes global task863

requirements early to minimize downstream for-864

matting errors.865

Step 2–4: Documentation navigation and vari-866

able identification. The primary challenge of867

this block lies in identifying the correct variables868

and analytic guidance from long, heterogeneous869

documentation. GPT-5 first uses search_doc to870

locate the BMI field in the anthropometry code-871

book BMX_L.pdf. It identifies BMXBMI and confirms872

its definition as body mass index (kg/m2), already873

rounded to one decimal place in the released data.874

In parallel, it queries the demographics code-875

book DEMO_L.pdf to locate:876

• RIDAGEYR for age,877

• RIAGENDR for sex (coded as 1/2),878

• DMDEDUC2 for adult education categories.879

The agent then explicitly searches for weight 880

variables in DEMO_L.pdf, discovering both 881

WTMEC2YR and WTINT2YR, and correctly determines 882

that WTMEC2YR is the appropriate 2-year MEC 883

examination weight for analyses involving exami- 884

nation measures such as BMI. This distinction is 885

critical: using interview weights would produce 886

biased estimates. 887

Finally, GPT-5 consults pregnancy-related docu- 888

mentation and records the discovered variable se- 889

mantics, coding schemes, subgroup mappings, and 890

weight selection using the notes tool. This exter- 891

nalization of key analytical decisions enables clean, 892

reusable code across all queries in the block. 893

Step 5: Single-pass computation via executable 894

Python. After resolving all documentation- 895

dependent uncertainties, GPT-5 performs most of 896

the computation in a single extended code execu- 897

tion. Specifically, it: 898

1. Loads DEMO_L.xpt and BMX_L.xpt and 899

merges them on respondent identifier SEQN; 900

2. Filters to adults aged ≥ 20 with valid BMI 901

and positive MEC weights (WTMEC2YR > 0); 902

3. Constructs indicator variables for obesity 903

(BMI ≥ 30) and severe obesity (BMI ≥ 40); 904

4. Defines subgroup variables: 905

• age groups: 20–39, 40–59, 60+; 906

• education groups: hs_or_less (DMD- 907

EDUC2 ∈ {1, 2, 3}), some_college 908

(4), bachelors_plus (5), excluding re- 909

fused/unknown. 910

5. Implements a weighted prevalence estimator 911

p̂ = 100 ·
∑

iwiyi∑
iwi

, 912

using WTMEC2YR as wi and the indicator vari- 913

able as yi. 914

The agent then computes each query by slicing 915

the dataset into the required subpopulation and ap- 916

plying the same estimator. All outputs are rounded 917

to one decimal place to match benchmark format- 918

ting constraints. 919

Answer recording and audit trail. Upon com- 920

pleting the computations, GPT-5 records each re- 921

sult using the answer tool under the corresponding 922
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question ID, guaranteeing strict adherence to the re-923

quired output structures. It also invokes save_code924

to preserve the full analysis pipeline, enabling re-925

producibility, auditing, and qualitative error analy-926

sis.927

Step 6: Finalization. Finally, the agent928

emits a structured summary of all answers via929

final_answer, serving as a human-readable recap930

and signaling termination of the interaction. Bench-931

mark evaluation, however, relies exclusively on the932

structured outputs recorded through the answer933

tool.934

D.3 Implications for LongDA Evaluation935

This example illustrates several core properties that936

LongDA is explicitly designed to evaluate:937

• Long-document grounding. Correct solu-938

tions require discovering variable definitions,939

coding schemes, and weight selection rules940

from documentation rather than relying on941

prior knowledge alone.942

• Tool-assisted analytical workflow. Success-943

ful execution depends on iterative tool use for944

information retrieval followed by executable945

computation.946

• Block-level reuse of intermediate knowl-947

edge. Once variables and weights are iden-948

tified, the same intermediate understanding949

supports multiple queries within the block.950

• Strict output compliance. The agent must951

satisfy rigid structural and ordering con-952

straints to enable automatic evaluation.953

D.4 Summary954

Overall, this interaction exemplifies the intended955

LongDA workflow: the agent first resolves956

documentation-dependent uncertainties and then957

executes a coherent analysis program to answer958

multiple related questions correctly. Such tasks go959

beyond code synthesis alone and require reliable960

agentic document navigation and tool use under961

realistic constraints.962

Example Trace: GPT-5 on NHANES (Data
Brief No. 508)

This appendix shows an execution trace (abridged only
by formatting) for a LongDA block. The agent alter-
nates between tool calls (e.g., prompt, search_doc,
read_doc) and Python code execution, and records final
answers via the answer tool.

963

Step 1

Code Action

# Step 1: Review the full prompt to confirm
tasks↪→

full_prompt = prompt()
print(full_prompt)

Observations

Analyze the survey data and relevant
documents to answer the following
questions.

↪→
↪→
Survey: NHANES

Questions and Expected Answer Structures:
Question ID: NHANES_NCHS Data Brief No.

508_q1↪→
Q1: What was the overall prevalence of

obesity among adults age 20 and older?↪→
Expected Answer Structure: single_number
Additional Info: Body mass index (BMI):

Calculated as weight in kilograms divided
by height in meters squared, rounded to
one decimal place. Obesity: Defined as a
BMI of greater than or equal to 30.

↪→
↪→
↪→
↪→

Question ID: NHANES_NCHS Data Brief No.
508_q2↪→

Q2: What were the obesity prevalences for
men and women?↪→

Expected Answer Structure: [men, women]
Additional Info: NA.

Question ID: NHANES_NCHS Data Brief No.
508_q3↪→

Q3: What were the obesity prevalences for
age groups 20-39, 40-59, and 60+?↪→

Expected Answer Structure: [age20_39,
age40_59, age60plus]↪→

Additional Info: NA.

Question ID: NHANES_NCHS Data Brief No.
508_q4↪→

Q4: What were the obesity prevalences by
education level?↪→

Expected Answer Structure: [hs_or_less,
some_college, bachelors_plus]↪→

Additional Info: NA.

Question ID: NHANES_NCHS Data Brief No.
508_q5↪→

Q5: What was the overall prevalence of
severe obesity among adults?↪→

Expected Answer Structure: single_number
Additional Info: Severe obesity: Defined as

a BMI of greater than or equal to 40.↪→

Question ID: NHANES_NCHS Data Brief No.
508_q6↪→

Q6: What were the severe obesity prevalences
for age groups 20-39, 40-59, and 60+?↪→

Expected Answer Structure: [age20_39,
age40_59, age60plus]↪→

Additional Info: NA.

Question ID: NHANES_NCHS Data Brief No.
508_q7↪→

964
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Q7: What were the severe obesity prevalences
for men and women?↪→

Expected Answer Structure: [men, women]
Additional Info: NA.

Question ID: NHANES_NCHS Data Brief No.
508_q8↪→

Q8: What were the severe obesity prevalences
for men by age group?↪→

Expected Answer Structure: [men20_39,
men40_59, men60plus]↪→

Additional Info: NA.

Question ID: NHANES_NCHS Data Brief No.
508_q9↪→

Q9: What were the severe obesity prevalences
for women by age group?↪→

Expected Answer Structure: [women20_39,
women40_59, women60plus]↪→

Additional Info: NA.

Available data files:
[Omitted for simplicity]

Available documentation files:
[Omitted for simplicity]

Instructions:
You are analyzing survey data to answer

specific questions. Follow this workflow:↪→

1. UNDERSTAND THE TASK
- Use `prompt` tool to review all

questions, expected answer structures,
and additional info

↪→
↪→
- Identify which data files and

documentation you need↪→

2. GATHER INFORMATION
- Use `retriever` or `search_doc` to find

relevant documentation about the
dataset

↪→
↪→
- Use `read_doc` to read specific

documentation files when needed↪→
- Record key information (column names,

meanings, important variables) using
`notes` tool

↪→
↪→
- Do NOT rely on your own knowledge -

always seek information from the
documentation

↪→
↪→

3. ANALYZE DATA
- Write Python code to load and analyze

the data↪→
- Apply sampling weights if required by

the survey design↪→

4. FORMAT AND SAVE ANSWERS
- Format your answer EXACTLY as specified

in the "Expected Answer Structure"↪→
- Pay attention to unit requirements

(e.g., percentages, counts, thousands,
millions, billions)

↪→
↪→
- All numbers should have ONE decimal

place (e.g., 45.3, not 45 or 45.27)↪→
- Use `answer` tool with action='add' to

save each answer with its question ID↪→

965

- Use `save_code` to store the analysis
code for each block after finishing
the block

↪→
↪→

5. WORKING STRATEGY
- You can answer questions one by one - no

need to solve all at once↪→
- Use `answer` tool with action='view' to

check answers you've already saved↪→
- Use `notes` tool with action='list' to

review your documented findings↪→

966

Step 2

Code Action

# Step 2: Gather documentation info: search
for BMI and weight variables in BMX and
DEMO docs

↪→
↪→

bmx_doc = "benchmark/NHANES/docs/Examinatio ⌋
n/BMX_L.pdf"↪→

demo_doc = "benchmark/NHANES/docs/Demograph ⌋
ics/DEMO_L.pdf"↪→

exam_overview_doc = "benchmark/NHANES/docs/ ⌋
Examination/August 2021-August 2023
Examination Data - Continuous NHANES.pdf"

↪→
↪→
demo_overview_doc = "benchmark/NHANES/docs/ ⌋

Demographics/August 2021-August 2023
Demographics Data - Continuous
NHANES.pdf"

↪→
↪→
↪→

# Search for BMI variable in BMX_L.pdf
bmi_search = search_doc(doc_path=bmx_doc,

keyword="BMXBMI", max_matches=5,
context_chars=200)

↪→
↪→
print("BMX BMI search:\
", bmi_search)

# Search for what BMI means text
bmi_text_search =

search_doc(doc_path=bmx_doc,
keyword="Body Mass Index", max_matches=5,
context_chars=200)

↪→
↪→
↪→
print("\
BMX Body Mass Index search:\
", bmi_text_search)

# Search for exam weights in examination
overview (expect WTMEC...)↪→

exam_weight_search =
search_doc(doc_path=exam_overview_doc,
keyword="weight", max_matches=10,
context_chars=200)

↪→
↪→
↪→
print("\
Exam overview weight search:\
", exam_weight_search)

# Search for MEC weight variable name
specifically↪→

mec_search =
search_doc(doc_path=exam_overview_doc,
keyword="WTMEC", max_matches=10,
context_chars=200)

↪→
↪→
↪→
print("\
Exam overview WTMEC search:\
", mec_search)
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# Search demographic variables: age, sex,
education in DEMO_L.pdf↪→

age_search = search_doc(doc_path=demo_doc,
keyword="RIDAGEYR", max_matches=5,
context_chars=200)

↪→
↪→
print("\
DEMO age search:\
", age_search)

sex_search = search_doc(doc_path=demo_doc,
keyword="RIAGENDR", max_matches=5,
context_chars=200)

↪→
↪→
print("\
DEMO sex search:\
", sex_search)

educ_search = search_doc(doc_path=demo_doc,
keyword="DMDEDUC2", max_matches=5,
context_chars=250)

↪→
↪→
print("\
DEMO education search:\
", educ_search)

# Also search the demographics overview for
weights guidance↪→

demo_weight_search =
search_doc(doc_path=demo_overview_doc,
keyword="weight", max_matches=10,
context_chars=200)

↪→
↪→
↪→
print("\
Demographics overview weight search:\
", demo_weight_search)

Observations

Execution logs:
BMX BMI search:
[benchmark/NHANES/docs/Examination/BMX_L.p ⌋

df] Found 3 matches for
'BMXBMI'.

↪→
↪→

Page 3: ...Body Mass Index (BMXBMI) : Body
Mass Index (BMI) w as calculated as
weight in kilogr ams divided b y height
in meters squared, and then rounded to
one decimal place. BMI Category -
Children/Adolescents (BMDBMIC) : This v
ar...

↪→
↪→
↪→
↪→
↪→
↪→
Page 14: ...Variable Name: BMXBMI SAS Label:

Body Mass Index (kg/m**2) English Text:
Body Mass Index (kg/m**2) Target: Both
males and females 2 YEARS - 150
YEARSBMXBMI - Body Mass Index (kg/m**2)
Code or Value Value Description Count...

↪→
↪→
↪→
↪→
↪→
Page 14: ...Variable Name: BMXBMI SAS Label:

Body Mass Index (kg/m**2) English Text:
Body Mass Index (kg/m**2) Target: Both
males and females 2 YEARS - 150
YEARSBMXBMI - Body Mass Index (kg/m**2)
Code or Value Value Description Count
Cumulative Skip to Item 11.1 to 74.8
Range of V alues 8471 8471 . Missing 389
8860...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

BMX Body Mass Index search:
[benchmark/NHANES/docs/Examination/BMX_L.p ⌋

df] Found 5 matches for 'Body Mass
Index'.

↪→
↪→
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Page 3: ...Body Mass Index (BMXBMI) : Body
Mass Index (BMI) w as calculated as
weight in kilogr ams divided b y height
in meters squared, and then rounded to
one decimal place. BMI Category -
Children/Adolescents (BMDBMIC) : T...

↪→
↪→
↪→
↪→
↪→
Page 3: ...Body Mass Index (BMXBMI) : Body

Mass Index (BMI) w as calculated as
weight in kilogr ams divided b y height
in meters squared, and then rounded to
one decimal place. BMI Category -
Children/Adolescents (BMDBMIC) : This v
ariable w as created ...

↪→
↪→
↪→
↪→
↪→
↪→
Page 14: ...Variable Name: BMXBMI SAS Label:

Body Mass Index (kg/m**2) English Text:
Body Mass Index (kg/m**2) Target: Both
males and females 2 YEARS - 150
YEARSBMXBMI - Body Mass Index (kg/m**2)
Code or Value Value Description Count
Cumulative Skip to Item 11...

↪→
↪→
↪→
↪→
↪→
↪→
Page 14: ...Variable Name: BMXBMI SAS Label:

Body Mass Index (kg/m**2) English Text:
Body Mass Index (kg/m**2) Target: Both
males and females 2 YEARS - 150
YEARSBMXBMI - Body Mass Index (kg/m**2)
Code or Value Value Description Count
Cumulative Skip to Item 11.1 to 74.8
Range of V alues 8471 8471 . ...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 14: ...Variable Name: BMXBMI SAS Label:

Body Mass Index (kg/m**2) English Text:
Body Mass Index (kg/m**2) Target: Both
males and females 2 YEARS - 150
YEARSBMXBMI - Body Mass Index (kg/m**2)
Code or Value Value Description Count
Cumulative Skip to Item 11.1 to 74.8
Range of V alues 8471 8471 . Missing 389
8860...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

Exam overview weight search:
[benchmark/NHANES/docs/Examination/August

2021-August 2023 Examination Data -
Continuous NHANES.pdf] No matches for
'weight'.

↪→
↪→
↪→

Exam overview WTMEC search:
[benchmark/NHANES/docs/Examination/August

2021-August 2023 Examination Data -
Continuous NHANES.pdf] No matches for
'WTMEC'.

↪→
↪→
↪→

DEMO age search:
[benchmark/NHANES/docs/Demographics/DEMO_L ⌋

.pdf] Found 4 matches for
'RIDAGEYR'.

↪→
↪→

Page 2: ...entifies whether a participant w
as both interviewed at home or b y
telephone and examined in the mobile
examination center (MEC), or w as only
interviewed but nev er participated in
the examination. RIDAGEYR: Age in y ears
at the time of the screening interview
for surv ey participants between the
ages of 1 and 79 y ears of age. Due to
disclosure concerns, all responses of
participants aged 80 y ears and...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
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Page 2: ...sure concerns, all responses of
participants aged 80 y ears and older
are coded as "80. " In NHANES A ugust
2021- August 2023, the weighted mean age
for participants 80 y ears and older is
85 y ears. RIDAGEYR w as calculated
based on the participant 's date of
birth. In r are cases, if the actual
date of birth w as missing but the
participant 's age in y ears w as pro
vided, the reported age w as used. RI...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 10: ...Variable Name: RIDAGEYR SAS

Label: Age in y ears at screening English
Text: Age in y ears of the participant at
the time of screening. Individuals 80
and o ver are top-coded at 80 y ears of
age. Target: Both males and femal...

↪→
↪→
↪→
↪→
↪→
Page 10: ...ars at screening English Text:

Age in y ears of the participant at the
time of screening. Individuals 80 and o
ver are top-coded at 80 y ears of age.
Target: Both males and females 0 YEARS -
150 YEARSRIDAGEYR - Age in years at
screening Code or Value Value
Description Count Cumulative Skip to
Item 0 to 79 Range of V alues 11408 11408
80 80 years of age and o ver 525 11933 .
Missing 0 11933...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

DEMO sex search:
[benchmark/NHANES/docs/Demographics/DEMO_L ⌋

.pdf] Found 2 matches for
'RIAGENDR'.

↪→
↪→

Page 9: ...Variable Name: RIAGENDR SAS Label:
Gender English Text: Gender of the
participant. Target: Both males and
females 0 YEARS - 150 YEARSRIAGENDR -
Gender Code or Value Value Description
Count Cumulative Skip to Item 1 Male
557...

↪→
↪→
↪→
↪→
↪→
↪→
Page 9: ...Variable Name: RIAGENDR SAS Label:

Gender English Text: Gender of the
participant. Target: Both males and
females 0 YEARS - 150 YEARSRIAGENDR -
Gender Code or Value Value Description
Count Cumulative Skip to Item 1 Male
5575 5575 2 Female 6358 11933 . Missing
0 11933...

↪→
↪→
↪→
↪→
↪→
↪→
↪→

DEMO education search:
[benchmark/NHANES/docs/Demographics/DEMO_L ⌋

.pdf] Found 5 matches for
'DMDEDUC2'.

↪→
↪→

Page 3: ...ded into 6 categories: 1 = Less
than 1 y ear, 2 = 1 to 4 y ears, 3 = 5 to
9 y ears, 4 = 10 to 14 y ears, 5 = 15 to
19 y ears, and 6 = 20 y ear or more. F or
participants who did not report the month
of their arriv al, a v alue of 7 (July) w
as used. DMDEDUC2: the highest gr ade or
lev el of education completed b y adults
20 y ears and older . DMDMARTZ: The
marital status question w as ask ed of
people 14 y ears of age and older . Due
to disclosure risk, marital status is
only released for people 20 y ea...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
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Page 17: ...SAS Label: Country of birth
English Text: Country of birth Target:
Both males and females 0 YEARS - 150
YEARSDMDBORN4 - Country of birth Code or
Value Value Description Count Cumulative
Skip to Item 1 Born in 50 US states or W
ashington, 10039 10039 DMDEDUC2 2 Others
1875 11914 77 Refused 0 11914 DMDEDUC2
99 Don't know 0 11914 DMDEDUC2 . Missing
19 11933...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 17: ...y of birth Target: Both males

and females 0 YEARS - 150 YEARSDMDBORN4 -
Country of birth Code or Value Value
Description Count Cumulative Skip to Item
1 Born in 50 US states or W ashington,
10039 10039 DMDEDUC2 2 Others 1875 11914
77 Refused 0 11914 DMDEDUC2 99 Don't know
0 11914 DMDEDUC2 . Missing 19 11933...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 17: ...nd females 0 YEARS - 150

YEARSDMDBORN4 - Country of birth Code or
Value Value Description Count Cumulative
Skip to Item 1 Born in 50 US states or W
ashington, 10039 10039 DMDEDUC2 2 Others
1875 11914 77 Refused 0 11914 DMDEDUC2
99 Don't know 0 11914 DMDEDUC2 . Missing
19 11933...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 19: ...Variable Name: DMDEDUC2 SAS

Label: Education lev el - Adults 20+
English Text: What is the highest gr ade
or lev el of school {y ou ha ve/SP has}
completed or the highest degree {y ou ha
ve/s/he has} receiv ed? English
Instructions: HAND CARD DMQ1 READ HAND
CARD CA TEGORIE...

↪→
↪→
↪→
↪→
↪→
↪→
↪→

Demographics overview weight search:
[benchmark/NHANES/docs/Demographics/August

2021-August 2023 Demographics Data -
Continuous NHANES.pdf] Found 1 matches
for 'weight'.

↪→
↪→
↪→

Page 1: ...rview of Sample Design,
Nonresponse Bias Assessment, and
Analytic Guidelines SAS Universal Viewer
Data User Agreement Data File Name Doc
File Data File Date Published
Demographic Variables and Sample Weights
DEMO_L Doc DEMO_L Data [XPT - 2.5 MB]
September 2024...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
Last output from code snippet:
None
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Step 3

Code Action

# Step 2 (continued): find weight variables
in DEMO_L documentation↪→

demo_doc = "benchmark/NHANES/docs/Demograph ⌋
ics/DEMO_L.pdf"↪→

wts_mec_search =
search_doc(doc_path=demo_doc,
keyword="WTMEC", max_matches=10,
context_chars=240)

↪→
↪→
↪→
print("DEMO_L search for WTMEC:\
", wts_mec_search)
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wts_int_search =
search_doc(doc_path=demo_doc,
keyword="WTINT", max_matches=10,
context_chars=240)

↪→
↪→
↪→
print("\
DEMO_L search for WTINT:\
", wts_int_search)

wts_overall_search =
search_doc(doc_path=demo_doc,
keyword="weight", max_matches=10,
context_chars=240)

↪→
↪→
↪→
print("\
DEMO_L search for \

Observations

Execution logs:
DEMO_L search for WTMEC:
[benchmark/NHANES/docs/Demographics/DEMO_L ⌋

.pdf] Found 3 matches for
'WTMEC'.

↪→
↪→

Page 5: ...protect confidentialit y and to
reduce disclosure risk and are described
in NHANES Analytic Guidelines . Analysts
should review the Guidelines carefully
prior to analyzing surv ey data. Sample
Weights: The 2- year sample weights
(WTINT2YR, WTMEC2YR, depending on the
analysis) should be used for all NHANES
A ugust 2021- August 2023 analyses.
Please refer to the NHANES Analytic
Guidelines and the on-line NHANES T
utorial for further details on the use
of sample weights and other ana...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 29: ...Variable Name: WTMEC2YR SAS

Label: Full sample 2- year MEC exam
weight English Text: Full sample 2 y ear
MEC exam weight. Target: Both males and
females 0 YEARS - 150 YEARSWTMEC2YR -
Full sample 2-year MEC exam weight Code
or Value Value Description Count Cumu...

↪→
↪→
↪→
↪→
↪→
↪→
Page 29: ...Variable Name: WTMEC2YR SAS

Label: Full sample 2- year MEC exam
weight English Text: Full sample 2 y ear
MEC exam weight. Target: Both males and
females 0 YEARS - 150 YEARSWTMEC2YR -
Full sample 2-year MEC exam weight Code
or Value Value Description Count
Cumulative Skip to Item 4581.595095 to
227108.296958 Range of V alues 8860 8860
0 Not MEC Examined 3073 11933 . Missing
0 11933...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

DEMO_L search for WTINT:
[benchmark/NHANES/docs/Demographics/DEMO_L ⌋

.pdf] Found 3 matches for
'WTINT'.

↪→
↪→
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Page 5: ...e used to protect confidentialit
y and to reduce disclosure risk and are
described in NHANES Analytic Guidelines .
Analysts should review the Guidelines
carefully prior to analyzing surv ey
data. Sample Weights: The 2- year sample
weights (WTINT2YR, WTMEC2YR, depending
on the analysis) should be used for all
NHANES A ugust 2021- August 2023
analyses. Please refer to the NHANES
Analytic Guidelines and the on-line
NHANES T utorial for further details on
the use of sample weights and...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 28: ...Variable Name: WTINT2YR SAS

Label: Full sample 2- year interview
weight English Text: Full sample 2 y ear
interview weight. Target: Both males and
females 0 YEARS - 150 YEARSWTINT2YR -
Full sample 2-year interview weight Code
or Value Value Description Count C...

↪→
↪→
↪→
↪→
↪→
↪→
Page 28: ...Variable Name: WTINT2YR SAS

Label: Full sample 2- year interview
weight English Text: Full sample 2 y ear
interview weight. Target: Both males and
females 0 YEARS - 150 YEARSWTINT2YR -
Full sample 2-year interview weight Code
or Value Value Description Count
Cumulative Skip to Item 4584.463196 to
170968.343177 Range of V alues 11933
11933 . Missing 0 11933...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

DEMO_L search for 'weight':
[benchmark/NHANES/docs/Demographics/DEMO_L ⌋

.pdf] Found 10 matches for
'weight'.

↪→
↪→

Page 1: ...cific to this cy cle, please see
the "Analytic Notes" section below .
This demogr aphics file pro vides
information on the following topics:
Survey participant 's household
interview and examination status;
Interview and examination sample weights;
Masked variance units; The six -month
time period when the examination w as
performed; Pregnancy status; The ratio
of family income to po verty guidelines;
Total number of people in the Household;
Demogr aphic information about the
house...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 2: ...of the screening interview for

surv ey participants between the ages of
1 and 79 y ears of age. Due to disclosure
concerns, all responses of participants
aged 80 y ears and older are coded as
"80. " In NHANES A ugust 2021- August
2023, the weighted mean age for
participants 80 y ears and older is 85 y
ears. RIDAGEYR w as calculated based on
the participant 's date of birth. In r
are cases, if the actual date of birth w
as missing but the participant 's age in
y ears w as pro vided,...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
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Page 5: ...sample design variance units.
MVUs are used to protect confidentialit
y and to reduce disclosure risk and are
described in NHANES Analytic Guidelines .
Analysts should review the Guidelines
carefully prior to analyzing surv ey
data. Sample Weights: The 2- year sample
weights (WTINT2YR, WTMEC2YR, depending
on the analysis) should be used for all
NHANES A ugust 2021- August 2023
analyses. Please refer to the NHANES
Analytic Guidelines and the on-line
NHANES T utorial for further deta...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 5: .... MVUs are used to protect

confidentialit y and to reduce disclosure
risk and are described in NHANES
Analytic Guidelines . Analysts should
review the Guidelines carefully prior to
analyzing surv ey data. Sample Weights:
The 2- year sample weights (WTINT2YR,
WTMEC2YR, depending on the analysis)
should be used for all NHANES A ugust
2021- August 2023 analyses. Please refer
to the NHANES Analytic Guidelines and
the on-line NHANES T utorial for further
details on the use of sample wei...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 5: ...ghts (WTINT2YR, WTMEC2YR,

depending on the analysis) should be used
for all NHANES A ugust 2021- August 2023
analyses. Please refer to the NHANES
Analytic Guidelines and the on-line
NHANES T utorial for further details on
the use of sample weights and other
analytic issues. Disclosure risks and
issues pertaining to confidentialit y
protection prev ent NCHS from releasing
all the NHANES demogr aphic v ariables
publicly . Additional information and
instructions for requesting use of ...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 28: ...Variable Name: WTINT2YR SAS

Label: Full sample 2- year interview
weight English Text: Full sample 2 y ear
interview weight. Target: Both males and
females 0 YEARS - 150 YEARSWTINT2YR -
Full sample 2-year interview weight Code
or Value Value Description Count
Cumulative Skip to Item 4584.463196 to
170968.343177...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 28: ...Variable Name: WTINT2YR SAS

Label: Full sample 2- year interview
weight English Text: Full sample 2 y ear
interview weight. Target: Both males and
females 0 YEARS - 150 YEARSWTINT2YR -
Full sample 2-year interview weight Code
or Value Value Description Count
Cumulative Skip to Item 4584.463196 to
170968.343177 Range of V alues 11933
11933 . Missing 0 11933...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 28: ...Variable Name: WTINT2YR SAS

Label: Full sample 2- year interview
weight English Text: Full sample 2 y ear
interview weight. Target: Both males and
females 0 YEARS - 150 YEARSWTINT2YR -
Full sample 2-year interview weight Code
or Value Value Description Count
Cumulative Skip to Item 4584.463196 to
170968.343177 Range of V alues 11933
11933 . Missing 0 11933...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
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Page 29: ...Variable Name: WTMEC2YR SAS
Label: Full sample 2- year MEC exam
weight English Text: Full sample 2 y ear
MEC exam weight. Target: Both males and
females 0 YEARS - 150 YEARSWTMEC2YR -
Full sample 2-year MEC exam weight Code
or Value Value Description Count
Cumulative Skip to Item 4581.595095 to
227108.296958 R...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 29: ...Variable Name: WTMEC2YR SAS

Label: Full sample 2- year MEC exam
weight English Text: Full sample 2 y ear
MEC exam weight. Target: Both males and
females 0 YEARS - 150 YEARSWTMEC2YR -
Full sample 2-year MEC exam weight Code
or Value Value Description Count
Cumulative Skip to Item 4581.595095 to
227108.296958 Range of V alues 8860 8860
0 Not MEC Examined 3073 ...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

DEMO_L page 19 (likely DMDEDUC2 details):
[benchmark/NHANES/docs/Demographics/DEMO_L ⌋

.pdf] Pages: Page
19

↪→
↪→

Page 19: Variable Name: DMDEDUC2 SAS Label:
Education lev el - Adults 20+ English
Text: What is the highest gr ade or lev
el of school {y ou ha ve/SP has}
completed or the highest degree {y ou ha
ve/s/he has} receiv ed? English
Instructions: HAND CARD DMQ1 READ HAND
CARD CA TEGORIES IF NECES SARY ENTER
HIGHEST LEVEL OF SCHOOL Target: Both
males and females 20 YEARS - 150
YEARSDMDEDUC2 - Education level - Adults
20+ Code or ValueValue Description Count
Cumulative Skip to Item 1 Less than 9th
gr ade 373 373 2 9-11th gr ade (Includes
12th gr ade with no diploma)666 1039 3
High school gr aduate/GED or equiv alent
1749 2788 4 Some college or AA degree
2370 5158 5 College gr aduate or abo ve
2625 7783 7 Refused 0 7783 9 Don't know
11 7794 . Missing 4139 11933

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Last output from code snippet:
None

976

Step 4

Code Action

# Step 2 (additional): check for pregnancy
variable in DEMO_L to see if exclusions
are required

↪→
↪→
demo_doc = "benchmark/NHANES/docs/Demograph ⌋

ics/DEMO_L.pdf"↪→
preg_search = search_doc(doc_path=demo_doc,

keyword="preg", max_matches=10,
context_chars=200)

↪→
↪→
print("DEMO_L pregnancy search:\
", preg_search)

# Record key notes about variables and
weights↪→
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notes(action="add", content="Use BMX_L for
BMI: BMXBMI is Body Mass Index (kg/m**2),
rounded to one decimal. Use DEMO_L for
demographics: RIDAGEYR (age in years),
RIAGENDR (1=Male, 2=Female), DMDEDUC2
(education for adults 20+). Use WTMEC2YR
for exam-based analyses per DEMO_L
(2-year MEC exam weight).", index=0)

↪→
↪→
↪→
↪→
↪→
↪→
↪→
notes(action="add", content="Education

grouping for adults 20+: hs_or_less =
DMDEDUC2 in [1,2,3]; some_college = 4;
bachelors_plus = 5. Exclude DMDEDUC2 in
[7,9] or missing for education-specific
estimates.", index=0)

↪→
↪→
↪→
↪→
↪→
notes(action="add", content="Age groups:

20-39, 40-59, 60+ using RIDAGEYR (80+
top-coded to 80, acceptable).", index=0)

↪→
↪→
print(notes(action="list", content="",

index=0))↪→

Observations

Execution logs:
DEMO_L pregnancy search:
[benchmark/NHANES/docs/Demographics/DEMO_L ⌋

.pdf] Found 10 matches for
'preg'.

↪→
↪→

Page 1: ...ics: Survey participant 's
household interview and examination
status; Interview and examination sample
weights; Masked variance units; The six
-month time period when the examination w
as performed; Pregnancy status; The
ratio of family income to po verty
guidelines; Total number of people in
the Household; Demogr aphic information
about the household reference person;
and Other selected demogr aphic...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 3: ...d for people 20 y ears of age and

older , and recoded from the original 6
categories to 3 categories (1 =
Married/Living with partner; 2 =
Widowed/Div orced/Separ ated; 3 = Nev er
married). RIDEXPRG: Pregnancy status at
the time of the health examination w as
ascertained for females 8-59 y ears of
age. Due to disclosure risk, pregnancy
status is released only for women 20-44
y ears of age. RIDEXPRG v ...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 3: ...rtner; 2 = Widowed/Div orced/Separ

ated; 3 = Nev er married). RIDEXPRG:
Pregnancy status at the time of the
health examination w as ascertained for
females 8-59 y ears of age. Due to
disclosure risk, pregnancy status is
released only for women 20-44 y ears of
age. RIDEXPRG v alues are based on self
-reported pregnancy status and urine
pregnancy test results. P eople who
reported they were pregnant at ...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
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Page 3: ...alth examination w as ascertained
for females 8-59 y ears of age. Due to
disclosure risk, pregnancy status is
released only for women 20-44 y ears of
age. RIDEXPRG v alues are based on self
-reported pregnancy status and urine
pregnancy test results. P eople who
reported they were pregnant at the time
of exam were assumed to be pregnant
(RIDEXPRG=1). Those who reported they
were not pregnant or did no...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 3: ...tained for females 8-59 y ears of

age. Due to disclosure risk, pregnancy
status is released only for women 20-44
y ears of age. RIDEXPRG v alues are
based on self -reported pregnancy status
and urine pregnancy test results. P
eople who reported they were pregnant at
the time of exam were assumed to be
pregnant (RIDEXPRG=1). Those who
reported they were not pregnant or did
not know their pregnancy stat...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 3: ...e risk, pregnancy status is

released only for women 20-44 y ears of
age. RIDEXPRG v alues are based on self
-reported pregnancy status and urine
pregnancy test results. P eople who
reported they were pregnant at the time
of exam were assumed to be pregnant
(RIDEXPRG=1). Those who reported they
were not pregnant or did not know their
pregnancy status were further classified
based on the results of the ...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 3: ...men 20-44 y ears of age. RIDEXPRG

v alues are based on self -reported
pregnancy status and urine pregnancy
test results. P eople who reported they
were pregnant at the time of exam were
assumed to be pregnant (RIDEXPRG=1).
Those who reported they were not
pregnant or did not know their pregnancy
status were further classified based on
the results of the urine pregnancy test.
If the respondent reported...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 3: ...elf -reported pregnancy status and

urine pregnancy test results. P eople
who reported they were pregnant at the
time of exam were assumed to be pregnant
(RIDEXPRG=1). Those who reported they
were not pregnant or did not know their
pregnancy status were further classified
based on the results of the urine
pregnancy test. If the respondent
reported "no" or "don' t know" and the
urine test result w as po...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 3: ...and urine pregnancy test results.

P eople who reported they were pregnant
at the time of exam were assumed to be
pregnant (RIDEXPRG=1). Those who
reported they were not pregnant or did
not know their pregnancy status were
further classified based on the results
of the urine pregnancy test. If the
respondent reported "no" or "don' t
know" and the urine test result w as
positiv e, the respondent w as co...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
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Page 3: ...t the time of exam were assumed to
be pregnant (RIDEXPRG=1). Those who
reported they were not pregnant or did
not know their pregnancy status were
further classified based on the results
of the urine pregnancy test. If the
respondent reported "no" or "don' t
know" and the urine test result w as
positiv e, the respondent w as coded as
pregnant (RIDEXPRG=1). If the respondent
reported "no" and the urine...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Notes:
1. Use BMX_L for BMI: BMXBMI is Body Mass

Index (kg/m**2), rounded to one decimal.
Use DEMO_L for demog...

↪→
↪→
2. Education grouping for adults 20+:

hs_or_less = DMDEDUC2 in [1,2,3];
some_college = 4; bachelors_plu...

↪→
↪→
3. Age groups: 20-39, 40-59, 60+ using

RIDAGEYR (80+ top-coded to 80,
acceptable).

↪→
↪→
Last output from code snippet:
None

980

Step 5

Code Action

# Check BMX documentation for any mention of
excluding pregnant women↪→

bmx_doc = "benchmark/NHANES/docs/Examinatio ⌋
n/BMX_L.pdf"↪→

preg_search_bmx =
search_doc(doc_path=bmx_doc,
keyword="preg", max_matches=10,
context_chars=200)

↪→
↪→
↪→
print("BMX_L pregnancy search:\
", preg_search_bmx)

# Proceed to data analysis
import pandas as pd
import numpy as np

# Load data
demo_path = "benchmark/NHANES/data/Demograp ⌋

hics/DEMO_L.xpt"↪→
bmx_path = "benchmark/NHANES/data/Examinati ⌋

on/BMX_L.xpt"↪→

demo = pd.read_sas(demo_path,
format="xport")↪→

bmx = pd.read_sas(bmx_path, format="xport")

# Keep only necessary columns to reduce
memory↪→

demo_cols = ["SEQN", "RIDAGEYR", "RIAGENDR",
"DMDEDUC2", "WTMEC2YR"]↪→

demo = demo[demo_cols]
bmx_cols = ["SEQN", "BMXBMI"]
bmx = bmx[bmx_cols]

# Merge
df = demo.merge(bmx, on="SEQN", how="inner")

# Convert to numeric (ensure dtypes)
for col in ["RIDAGEYR", "RIAGENDR",

"DMDEDUC2", "WTMEC2YR", "BMXBMI"]:↪→

981

df[col] = pd.to_numeric(df[col],
errors="coerce")↪→

# Restrict to adults 20+ and with valid
weight and BMI↪→

adults = df[(df["RIDAGEYR"] >= 20) &
(df["WTMEC2YR"] > 0) &
df["BMXBMI"].notna()]

↪→
↪→

# Define obesity and severe obesity
adults = adults.copy()
adults["obese"] = (adults["BMXBMI"] >=

30).astype(int)↪→
adults["severe_obese"] = (adults["BMXBMI"]

>= 40).astype(int)↪→

# Age groups
def age_group(age):

if age >= 20 and age <= 39:
return "20-39"

elif age >= 40 and age <= 59:
return "40-59"

else:
return "60+"

adults["age_group"] =
adults["RIDAGEYR"].apply(age_group)↪→

# Education groups: hs_or_less=[1,2,3],
some_college=4, bachelors_plus=5↪→

def educ_group(x):
if x in [1, 2, 3]:

return "hs_or_less"
elif x == 4:

return "some_college"
elif x == 5:

return "bachelors_plus"
else:

return np.nan
adults["educ_group"] =

adults["DMDEDUC2"].apply(educ_group)↪→

# Helper to compute weighted prevalence (%)
def weighted_pct(data, indicator_col,

weight_col="WTMEC2YR"):↪→
w = data[weight_col]
y = data[indicator_col]
num = (w * y).sum()
den = w.sum()
if den == 0 or np.isnan(den):

return np.nan
return float(100.0 * num / den)

# Q1: overall prevalence of obesity among
adults 20+↪→

q1_val = weighted_pct(adults, "obese")
q1 = round(q1_val, 1) if pd.notna(q1_val)

else np.nan↪→
print("Q1 overall obesity prevalence:", q1)

# Q2: obesity prevalences for men and women
[men, women]↪→

men = adults[adults["RIAGENDR"] == 1]
women = adults[adults["RIAGENDR"] == 2]
q2_vals = [round(weighted_pct(men, "obese"),

1), round(weighted_pct(women, "obese"),
1)]

↪→
↪→
print("Q2 obesity men, women:", q2_vals)

982

24



# Q3: obesity by age groups [20-39, 40-59,
60+]↪→

q3_vals = []
for grp in ["20-39", "40-59", "60+"]:

d = adults[adults["age_group"] == grp]
q3_vals.append(round(weighted_pct(d,

"obese"), 1))↪→
print("Q3 obesity by age groups:", q3_vals)

# Q4: obesity by education level [hs_or_less,
some_college, bachelors_plus]↪→

educ_order = ["hs_or_less", "some_college",
"bachelors_plus"]↪→

q4_vals = []
for eg in educ_order:

d = adults[adults["educ_group"] == eg]
q4_vals.append(round(weighted_pct(d,

"obese"), 1))↪→
print("Q4 obesity by education level:",

q4_vals)↪→

# Q5: overall prevalence of severe obesity
among adults↪→

q5_val = weighted_pct(adults,
"severe_obese")↪→

q5 = round(q5_val, 1) if pd.notna(q5_val)
else np.nan↪→

print("Q5 overall severe obesity
prevalence:", q5)↪→

# Q6: severe obesity by age groups [20-39,
40-59, 60+]↪→

q6_vals = []
for grp in ["20-39", "40-59", "60+"]:

d = adults[adults["age_group"] == grp]
q6_vals.append(round(weighted_pct(d,

"severe_obese"), 1))↪→
print("Q6 severe obesity by age groups:",

q6_vals)↪→

# Q7: severe obesity prevalences for men and
women [men, women]↪→

q7_vals = [round(weighted_pct(men,
"severe_obese"), 1),
round(weighted_pct(women,
"severe_obese"), 1)]

↪→
↪→
↪→
print("Q7 severe obesity men, women:",

q7_vals)↪→

# Q8: severe obesity prevalences for men by
age group [men20-39, men40-59, men60+]↪→

q8_vals = []
for grp in ["20-39", "40-59", "60+"]:

d = men[men["age_group"] == grp]
q8_vals.append(round(weighted_pct(d,

"severe_obese"), 1))↪→
print("Q8 severe obesity men by age:",

q8_vals)↪→

# Q9: severe obesity prevalences for women
by age group [women20-39, women40-59,
women60+]

↪→
↪→
q9_vals = []
for grp in ["20-39", "40-59", "60+"]:

d = women[women["age_group"] == grp]
q9_vals.append(round(weighted_pct(d,

"severe_obese"), 1))↪→

983

print("Q9 severe obesity women by age:",
q9_vals)↪→

# Save answers
ans1 = answer(action="add",

q_id="NHANES_NCHS Data Brief No. 508_q1",
answer=str(q1))

↪→
↪→
ans2 = answer(action="add",

q_id="NHANES_NCHS Data Brief No. 508_q2",
answer=[q2_vals[0], q2_vals[1]])

↪→
↪→
ans3 = answer(action="add",

q_id="NHANES_NCHS Data Brief No. 508_q3",
answer=[q3_vals[0], q3_vals[1],
q3_vals[2]])

↪→
↪→
↪→
ans4 = answer(action="add",

q_id="NHANES_NCHS Data Brief No. 508_q4",
answer=[q4_vals[0], q4_vals[1],
q4_vals[2]])

↪→
↪→
↪→
ans5 = answer(action="add",

q_id="NHANES_NCHS Data Brief No. 508_q5",
answer=str(q5))

↪→
↪→
ans6 = answer(action="add",

q_id="NHANES_NCHS Data Brief No. 508_q6",
answer=[q6_vals[0], q6_vals[1],
q6_vals[2]])

↪→
↪→
↪→
ans7 = answer(action="add",

q_id="NHANES_NCHS Data Brief No. 508_q7",
answer=[q7_vals[0], q7_vals[1]])

↪→
↪→
ans8 = answer(action="add",

q_id="NHANES_NCHS Data Brief No. 508_q8",
answer=[q8_vals[0], q8_vals[1],
q8_vals[2]])

↪→
↪→
↪→
ans9 = answer(action="add",

q_id="NHANES_NCHS Data Brief No. 508_q9",
answer=[q9_vals[0], q9_vals[1],
q9_vals[2]])

↪→
↪→
↪→

print(ans1, ans2, ans3, ans4, ans5, ans6,
ans7, ans8, ans9)↪→

# Save the analysis code
save_code("""
Loaded DEMO_L and BMX_L, merged by SEQN.

Filtered adults 20+ with valid BMI and
WTMEC2YR > 0.

↪→
↪→
Defined obesity (BMXBMI >= 30) and severe

obesity (BMXBMI >= 40).↪→
Constructed age groups (20-39, 40-59, 60+)

and education groups (hs_or_less=[1,2,3],
some_college=4, bachelors_plus=5).

↪→
↪→
Computed weighted prevalences using WTMEC2YR

for overall and subgroups, expressed as
percentages with one decimal place.

↪→
↪→
Recorded answers using the answer tool.
""")

Observations

Execution logs:
BMX_L pregnancy search:
[benchmark/NHANES/docs/Examination/BMX_L.p ⌋

df] Found 3 matches for
'preg'.

↪→
↪→
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Page 2: ... considered identifiable and pose
a disclosure concern. The body weight
data for participants who had limb
amputations were set to "missing. " This
data file includes body measures for
women who were pregnant at the time of
their health examination. Pregnancy
status at the time of the health
examination is indicated b y the
variable, RIDEXPRG, in the Demogr aphic
data file. RIDEXPRG v alues are report...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 2: ...cern. The body weight data for

participants who had limb amputations
were set to "missing. " This data file
includes body measures for women who
were pregnant at the time of their
health examination. Pregnancy status at
the time of the health examination is
indicated b y the variable, RIDEXPRG, in
the Demogr aphic data file. RIDEXPRG v
alues are reported for women 20-44 y
ears of age. RIDEXPRG for sev...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Page 2: ...status at the time of the health

examination is indicated b y the
variable, RIDEXPRG, in the Demogr aphic
data file. RIDEXPRG v alues are reported
for women 20-44 y ears of age. RIDEXPRG
for sev eral pregnant women who were
outside of this age range are not
reported due to disclosure concerns. The
body measures data for these
participants are also not reported. The
NHANES Anthropometry Procedures Manu...

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Q1 overall obesity prevalence: 40.3
Q2 obesity men, women: [39.2, 41.3]
Q3 obesity by age groups: [35.6, 46.4, 38.9]
Q4 obesity by education level: [44.5, 45.2,

31.6]↪→
Q5 overall severe obesity prevalence: 9.4
Q6 severe obesity by age groups: [9.6, 11.9,

6.6]↪→
Q7 severe obesity men, women: [6.7, 12.1]
Q8 severe obesity men by age: [6.1, 9.2, 4.3]
Q9 severe obesity women by age: [13.0, 14.6,

8.4]↪→
Answer recorded for question NHANES_NCHS

Data Brief No. 508_q1 Answer recorded
for question NHANES_NCHS Data Brief No.
508_q2 Answer recorded for question
NHANES_NCHS Data Brief No. 508_q3 Answer
recorded for question NHANES_NCHS Data
Brief No. 508_q4 Answer recorded for
question NHANES_NCHS Data Brief No.
508_q5 Answer recorded for question
NHANES_NCHS Data Brief No. 508_q6 Answer
recorded for question NHANES_NCHS Data
Brief No. 508_q7 Answer recorded for
question NHANES_NCHS Data Brief No.
508_q8 Answer recorded for question
NHANES_NCHS Data Brief No. 508_q9

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
Last output from code snippet:
Code stored for block NHANES_NCHS Data Brief

No. 508.↪→
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Step 6

Code Action

summary = {
"NHANES_NCHS Data Brief No. 508_q1": q1,
"NHANES_NCHS Data Brief No. 508_q2":

q2_vals,↪→
"NHANES_NCHS Data Brief No. 508_q3":

q3_vals,↪→
"NHANES_NCHS Data Brief No. 508_q4":

q4_vals,↪→
"NHANES_NCHS Data Brief No. 508_q5": q5,
"NHANES_NCHS Data Brief No. 508_q6":

q6_vals,↪→
"NHANES_NCHS Data Brief No. 508_q7":

q7_vals,↪→
"NHANES_NCHS Data Brief No. 508_q8":

q8_vals,↪→
"NHANES_NCHS Data Brief No. 508_q9":

q9_vals↪→
}
final_answer(summary)

Observations

Execution logs:
Last output from code snippet:
{'NHANES_NCHS Data Brief No. 508_q1': 40.3,

'NHANES_NCHS Data Brief No. 508_q2':
[39.2, 41.3], 'NHANES_NCHS Data Brief No.
508_q3': [35.6, 46.4, 38.9], 'NHANES_NCHS
Data Brief No. 508_q4': [44.5, 45.2,
31.6], 'NHANES_NCHS Data Brief No.
508_q5': 9.4, 'NHANES_NCHS Data Brief No.
508_q6': [9.6, 11.9, 6.6], 'NHANES_NCHS
Data Brief No. 508_q7': [6.7, 12.1],
'NHANES_NCHS Data Brief No. 508_q8':
[6.1, 9.2, 4.3], 'NHANES_NCHS Data Brief
No. 508_q9': [13.0, 14.6, 8.4]}

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

986

26


	Introduction
	LongDA Benchmark
	Data Collection
	Query and Ground Truth Extraction
	Benchmark Statistics
	Evaluation Protocol

	LongTA Framework
	ReAct Coding Agent
	Tool Design

	Experiments
	Experiment Settings
	Main Results
	Tool Usage Analysis
	Summary of Findings

	Conclusion
	Limitations
	Ethical Considerations
	Related Work
	Data Analysis Benchmarks
	LLM Data Analysis Agents

	Survey Metadata
	Survey Abbreviations, Full Names, and Official Links
	Survey–Publication Mapping

	Prompt Design
	Prompt Template
	Question Block Example

	Case Study: Agent Interaction Example
	Overview of the Block
	Step-by-Step Interaction
	Implications for LongDA Evaluation
	Summary


