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Abstract

Large Language Models (LLMs) have demon-001
strated impressive capabilities across a wide002
range of tasks. However, their proficiency and003
reliability in the specialized domain of Data004
Analysis, particularly with a focus on data-005
driven thinking, remain uncertain. To bridge006
this gap, we introduce BIBench, a comprehen-007
sive benchmark designed to evaluate the data008
analysis capabilities of LLMs within the con-009
text of Business Intelligence (BI). BIBench as-010
sesses LLMs across three dimensions: 1) BI011
foundational knowledge, evaluating the mod-012
els’ numerical reasoning and familiarity with013
financial concepts; 2) BI knowledge applica-014
tion, determining the models’ ability to quickly015
comprehend textual information and generate016
analysis questions from multiple views; and 3)017
BI technical skills, examining the models’ use018
of technical knowledge to address real-world019
data analysis challenges. BIBench comprises020
11 sub-tasks, spanning three categories of task021
types: classification, extraction, and genera-022
tion. Additionally, we’ve developed BIChat,023
a domain-specific dataset with over a million024
data points, to fine-tune LLMs. We will re-025
lease BIBenchmark, BIChat, and the evaluation026
scripts at https://github.com/xxx. This027
benchmark aims to provide a measure for in-028
depth analysis of LLM abilities and foster the029
advancement of LLMs in the field of data anal-030
ysis.031

1 Introduction032

With the advance in pre-trained language mod-033

els(Devlin et al., 2019), the Natural Language034

Processing (NLP) technology is evolving fast, so035

as its applications in finanical and business do-036

mains (Yang et al., 2020). With the release of Chat-037

GPT series (OpenAI, 2022), decoder-only Large038

Language Models (LLMs) like GPT-4 (OpenAI,039

2023) and LLaMA (Touvron et al., 2023a,b) have040

rapidly become a cornerstone of modern artificial041

intelligence, demonstrating remarkable versatility042
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Figure 1: Results (zero-shot) of three best-performing
LLMs evaluated on 11 diverse BI tests covering three
cognitive dimensions.

and power in NLP. Their ability to understand, gen- 043

erate, and sometimes even reason with human lan- 044

guage has led to transformative applications across 045

numerous fields (Huang et al., 2023; Zhong et al., 046

2023). However, despite their broad capabilities, 047

the performance of LLMs in specialized domains, 048

particularly those requiring data-driven analytical 049

skills, has not been thoroughly examined. 050

Business Intelligence (BI) is one such domain 051

where decision-making is deeply rooted in data 052

analysis. It demands not only an understanding 053

of complex financial and operational concepts but 054

also the ability to apply this knowledge practi- 055

cally. This is much different from previous finan- 056

cial benchmarks like BBT-Fin (Lu et al., 2023), 057

FinEval (Zhang et al., 2023) and PIXIU (Xie et al., 058

2023) where only financial concepts are evaluated 059

via question-answering. BI involves synthesizing 060

information from diverse sources, asking pertinent 061

questions, and employing technical skills to navi- 062

gate and interpret data. The nuanced requirements 063

of BI pose a unique challenge for LLMs, which 064

have typically been evaluated on more general lan- 065

guage tasks. 066
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To address this challenge, we introduce BIBench,067

a pioneering benchmark specifically designed to068

probe the depths of LLMs’ data analysis capa-069

bilities within the Business Intelligence domain.070

BIBench aims to provide a multi-faceted evalua-071

tion framework that mirrors the multifarious na-072

ture of BI tasks. It is structured to assess LLMs073

in three critical dimensions: 1) BI Foundational074

Knowledge: This dimension tests the LLMs’ grasp075

of numerical reasoning and their understanding of076

fundamental financial concepts. It is essential for077

models to exhibit a strong base knowledge of BI078

to ensure their reasoning is grounded in the real-079

ities of the domain. 2) BI Knowledge Applica-080

tion: Beyond foundational knowledge, LLMs must081

demonstrate the ability to parse through textual082

information swiftly and formulate analysis ques-083

tions from multiple perspectives. This dimension084

simulates the real-world scenario where analysts085

derive meaningful questions that drive data explo-086

ration. 3) BI Technical Skills: The third dimension087

pushes LLMs to showcase their technical prowess088

in addressing real-world data analysis challenges.089

This includes the use of BI tools, understanding of090

data structures, and the ability to generate insights091

through analytical reasoning.092

BIBench is composed of 11 sub-tasks, which fall093

under three categories of task types—classification,094

extraction, and generation. Together, these tasks095

constitute a comprehensive suite that rigorously096

tests the models across the spectrum of skills re-097

quired in BI. In conjunction with BIBench, we098

have developed BIChat, a domain-specific dataset099

encompassing over a million data points to fine-100

tune LLMs. BIChat is finetuned from Qwen (Bai101

et al., 2023), a strong LLM base which has brilliant102

abilities in both English and Chinese, to ensure that103

the models are attuned to the nuances of language104

and concepts prevalent in the BI research. Our goal105

is to establish a standard for in-depth evaluation106

of LLMs in the context of BI and catalyze further107

advancement in the application of LLMs to data108

analysis. By doing so, we hope to bridge the gap109

between the capabilities of general-purpose LLMs110

and the specialized demands of BI, paving the way111

for more sophisticated and reliable AI tools in the112

realm of business and beyond.113

The evaluation results are shown in Figure 1.114

We find that although BI specific fine-tuning usu-115

ally improves upon their base model, they are still116

lagging behind general LLMs in some sub-tasks,117

which occupy the top three spots in the averaged 118

zero-shot performance. We analyze the impact of 119

various factors on the results, such as supervised 120

fine-tuning (SFT), BI specific fine-tuning, etc. 121

Our contributions are summarized as follows: 122

• We construct BIBench, which includes 11 sub- 123

tasks across three dimensions to evaluate the 124

data analysis capabilities of LLMs. 125

• We systematically benchmarked 41 popu- 126

lar LLMs’ data analysis capabilities for the 127

first time. On top of their performance on 128

BIBench, we provide deep insights into status 129

quo of BI LLMs’ development and highlight 130

the deficiencies that require improvements 131

• We trained BIChat, which to our knowledge, 132

is the first LLM tailored for the business intel- 133

ligence domain. 134

2 Related Work 135

Benchmarks for Large Language Models The 136

assessment of the capabilities and delimitation of 137

the potential for LLMs is an area of avid scholarly 138

pursuit. Previous studies have focused on assessing 139

the overall proficiency or targeted-domain compe- 140

tencies in resolving practical challenges. 141

Regarding comprehensive capabilities, HaluE- 142

val (Li et al., 2023b) incorporates a dataset of 143

35,000 instances for the identification of errors in 144

general conversations, Question Answering, Dia- 145

logue, and Summarization. The dataset known as 146

Felm (Chen et al., 2023a) comprises 817 samples 147

and 3,948 sections encompassing domains such as 148

general knowledge, science and technology, liter- 149

ary and evaluative faculties, mathematics, and logic 150

to scrutinize the factual accuracy of LLMs. Further- 151

more, GSM8K (Cobbe et al., 2021) presents a col- 152

lection of 8,500 superior quality grade school math- 153

ematical challenges, crafted by expert problem cre- 154

ators, that require between two and eight steps to 155

resolve, typically necessitating the execution of a 156

series of elementary arithmetic operations (addi- 157

tion, subtraction, division, multiplication) to derive 158

the conclusive resolution. The benchmark MMLU 159

(Hendrycks et al., 2020) is engineered to ascer- 160

tain the knowledge accrued during pre-training by 161

examining models exclusively in the context of 162

zero-shot and few-shot environments, spanning 57 163

subject areas across Science, Technology, Engineer- 164

ing, Mathematics (STEM), the humanities, social 165

sciences, among others. 166
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Cognitive Level ID Task Data Source Metric Type

Foundational
Knowledge

1-1 Financial Multiple Choice FinExam F1 Classification
1-2 Numerical Reasoning QA ConvFinQA Accuracy Generation

Knowledge
Applications

2-1 Sentiment Analysis CCKS2020 F1 Extraction
2-2 Event Extraction CCKS2020 F1 Extraction
2-3 Early Warning Analysis News F1 Extraction
2-4 Multiformat Infor Extraction LIC2021 F1 Extraction
2-5 Data2Insight Spider Rouge-L Generation
2-6 Doc2Markdown FinGLM Rouge-L Generation
2-7 NL2ViSQL Spider Rouge-L Generation

Technical
Skills

3-1 Text2SQL BIRD Rouge-L Generation
3-2 Exploratory Data Analysis Kaggle.com Rouge-L Generation

Table 1: Task list in BIBench. Tasks correspond to cognitive dimensions: Foundational knowledge,
knowledge Applcaitons and Technical Skills.

Additionally, concerning domain-specific com-167

petencies, LawBench (Fei et al., 2023) incorpo-168

rates 20 tasks arranged across three cognitive profi-169

ciency tiers. MultiMedQA (Singhal et al., 2023)170

is composed of six healthcare-related Question An-171

swering datasets devised for the assessment of clin-172

ical knowledge. In proximity to our research, Fin-173

GPT (Liu et al., 2023a) catalogs a limited selection174

of tasks such as Named Entity Recognition (NER)175

within the financial sector. Notwithstanding, our176

BIBench extends into a more granular analysis and177

is categorized into three cognitive stratifications.178

Advancements in Large Language Models In179

the realm of computational linguistics, there has180

been a profound and accelerating interest in Large181

Language Models (LLMs), which are trained on182

vast textual corpora. These models have shown183

remarkable ability in generating high-quality text184

across a spectrum of applications, both general185

and domain-specific (Zhao et al., 2023; Min et al.,186

2023; Yang et al., 2023). LLMs can be classi-187

fied into two categories based on their availability:188

closed-source and open-source models. Prominent189

examples of closed-source LLMs include the GPT-190

family1, Claude2, Gemini3, and ERNIE4. Never-191

theless, there has been an increasing focus on open-192

source LLMs that provide comprehensive access193

to their model weights, thereby facilitating deeper194

research exploration. A notable open-source LLM195

1https://chat.openai.com
2https://claude.ai
3https://www.gemini.com
4https://yiyan.baidu.com

is LLaMA-2 (Touvron et al., 2023b), pioneered by 196

Meta, which offers support for 20 languages and is 197

an evolution of its precursor, LLaMA-1 (Touvron 198

et al., 2023a). Additionally, the ChatGLM-family 199

(Du et al., 2022; Zeng et al., 2022) represents mul- 200

tilingual models with prowess in both English and 201

Chinese, among others. In this paper, we intro- 202

duce an innovative benchmark designed to facili- 203

tate a more comprehensive investigation from the 204

persepective of business intelligence of large lan- 205

guage models. 206

3 BI Benchmark 207

In this section, we describe in detail the design 208

rationale of BIBench and the selected testing tasks. 209

3.1 The Taxonomy of BIBench 210

We have adopted Bloom’s Taxonomy (Krathwohl, 211

2002), which provides a widely accepted frame- 212

work for classifying tasks into different dimen- 213

sions (Yu et al., 2023). Inspired by this classifi- 214

cation approach, we have simplified Bloom’s cog- 215

nitive hierarchy model. In our approach, we focus 216

on the first three categories of Bloom’s Taxonomy 217

to evaluate the BI knowledge of LLMs. 218

Foundational Knowledge: The fundamental 219

knowledge level gauges the essential requisites of 220

memorizing financial knowledge and numerical 221

computation. It assesses LLMs’ capacity for retain- 222

ing elementary knowledge in the financial domain 223

and their proficiency in executing multiple rounds 224

of numerical calculations, encompassing concepts, 225

general knowledge, financial facts, terminology, 226
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Type Model Parameters Instruction RL Access BaseModel

English LLMs

GPT-4-0613 — ✓ ✓ API —
GPT-3.5-turbo-0613 — ✓ ✓ API —

LLaMA2-Base 7/13/70B ✓ ✗ Weights —
LLaMA2-Chat 7/13/70B ✓ ✓ Weights LLaMA2-7/13/70B

Vicuna-v1.5 7B ✓ ✗ Weights LLaMA2-7B
Alpaca-v1.0 7B ✓ ✗ Weights LLaMA-7B
WizardLM 7B ✓ ✗ Weights LLaMA-7B

Phi 2B ✓ ✗ Weights —

Chinese LLMs

通义千问(Qwen-turbo) — ✓ ✓ API —
文心一言(ERNIEv4.0) — ✓ ✓ API —
智谱清言(GLM-4) — ✓ ✓ API —

Yi-Base 6B/34B ✓ ✗ Weights —
Yi-Chat 6B/34B ✓ ✗ Weights Yi-6B/34B

InternLM-Base 7B/20B ✓ ✗ Weights —
InternLM-Chat 7B/20B ✓ ✗ Weights InternLM-7B

Qwen-Base 7B/14B ✓ ✗ Weights —
Qwen-Chat 1.8B/7B/14B ✓ ✗ Weights Qwen-1.8/7/14B

Baichuan2-Base 7B/13B ✓ ✗ Weights —
Baichuan2-Chat 7B/13B ✓ ✗ Weights Baichuan2-7/13B
TigerBot-Base 7B ✓ ✗ Weights —
TigerBot-Chat 7B ✓ ✗ Weights TigerBot-7B

Chinese-Alpace2 7B ✓ ✗ Weights LLaMA2-7B
ChatGLM2 6B ✓ ✗ Weights ChatGLM-6B

ChatGLM3-Base 6B ✓ ✗ Weights —
ChatGLM3 6B ✓ ✗ Weights ChatGLM3-6B-Base
MiniCPM 2B ✓ ✗ Weights —

BI LLMs
XuanYuan-Chat 13/70B ✓ ✗ Weights LLaMA2-13/70B
BIChat (ours) 7B ✓ ✗ Weights Qwen-7B-Chat

Table 2: LLMs tested on BIBench. We classify these models by their main training corpora.

and basic computational skills.227

Knowledge Applications: The knowledge ap-228

plications level includes understanding the mean-229

ing of financial documents and the perspective of230

data analysis. This includes the ability to under-231

stand concepts, texts and issues in finance and busi-232

ness, for example, to identify entities and events in233

texts, detect financial risks for data analysis, etc.234

Technical Skills: The technical skills requires235

large language models to understand financial236

knowledge and problems, conduct data analysis237

and mining on them, and give in-depth suggestions238

for exploratory data analysis. It covers the ability239

of the model to understand text problems and give240

the SQL to solve them, as well as the depth of un-241

derstanding to perform exploratory data analysis.242

3.2 Selected Tasks and Datasets243

We have chosen 11 tasks that correspond to the244

aforementioned capability levels, and each task has245

been assigned a unique identifier for better differ-246

entiation. The list of tasks can be found in Table 1.247

For every task, we have created a dataset of forma-248

tions. When constructing BIBench, we have taken249

great care to format the prompts in a manner that250

is most consistent with user habits while provid- 251

ing clear instructions on answer formatting so as 252

to evaluate LLMs’ ability to assist with BI tasks 253

under realistic conditions. 254

BI Foundational Knowledge Tasks 255

BI Foundational knowledge tasks aim to assess 256

the extent to which large language models encode 257

industry-specific knowledge and numerical com- 258

putation within their parameters. There are two 259

principal categories of knowledge that require mas- 260

tery: (1) Fundamental financial knowledge, and 261

(2) data computation. To evaluate these types of 262

knowledge, we have devised two distinct tasks: 263

Financial Multiple Choice (1-1): Given a ques- 264

tion asking about basic financial knowledge, select 265

the correct answer from 4 candidates. We collected 266

finance-related questions from the dataset of Xu- 267

anYuan (Zhang and Yang, 2023), sampling 500 268

examples. These examples comprise both single- 269

choice and multiple-choice questions. 270

Numerical reasoning QA (1-2): Multiple 271

rounds of numerical q&a calculations based on 272

table content. We use the ConvFinQA (Chen et al., 273

2022) dataset to build this task. We sampled 500 274
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examples from the dataset.275

Examples of these tasks are in Appendix A.1.276

BI Knowledge Applications Tasks277

BI knowledge Applications tasks examine to which278

extent large language models can comprehend enti-279

ties, events and BI requirements in business scenar-280

ios. Understanding business scenarios is a pre-281

condition to utilize the knowledge in concrete282

downstream applications. In total, we selected283

seven tasks corresponding to different levels of BI284

knowledge Applications.285

Sentiment Analysis (2-1): Extract the sub-286

ject and type of public opinion from the given287

news. We sampled 600 examples from the288

CCKS2020_FEE_task1 5 dataset as our test set.289

These 600 samples contain 11 entity types amre-290

lated to public opinion.291

Event Extraction (2-2): Extract the event type292

and various event elements based on the text. We293

randomly select 250 samples from the CCKS2020294

Cross-category Event Extraction with Few-shot295

dataset 6 for this task. This dataset consists of 10296

categories and their corresponding event elements.297

Early Warning Analysis (2-3): Extract the fi-298

nancial entities, along with their associated oppor-299

tunity labels and risk labels, based on the content.300

We have gathered 300 financial news articles and301

enlisted the expertise of relevant specialists to an-302

notate each article with opportunity labels and risk303

labels. The labeling system includes 102 risk labels304

and 93 opportunity labels.305

Multiformat Infor Extraction (2-4): Given a306

sentence and predefined event types with corre-307

sponding argument roles, the aim of this task is308

to identify all events of target types mentioned in309

the sentence, and extract corresponding event argu-310

ments playing target roles. We manually selected311

250 samples from the LIC2021 DuEE-fin dataset7312

to serve as the test dataset, encompassing 13 event313

types. These documents originate from news and314

announcements in the financial domain, covering a315

wide range of problems encountered in real-world316

scenarios.317

Data2Insight (2-5): Generate data analysis sug-318

gestions and insights from the given structured data.319

We constructed prompt instructions based on the320

query results of the Spider (Yu et al., 2019) dataset321

and employed a self-supervised approach using322

5www.biendata.xyz/competition/ccks_2020_4_1
6www.biendata.xyz/competition/ccks_2020_3
7aistudio.baidu.com/competition/detail/65

GPT-4 to generate data analysis insights. Subse- 323

quently, human verification was conducted, result- 324

ing in a test dataset of 300 samples. 325

Doc2Markdown (2-6): Convert essential infor- 326

mation from financial texts into a Markdown table. 327

We employed the FinGLM financial report 8 and 328

utilized the PDF parsing tool pdfumber to extract 329

relevant financial information. We created prompt 330

instructions to generate corresponding Markdown 331

tables using GPT-4. After manual verification, we 332

retained 300 samples as the test dataset. 333

NL2ViSQL (2-7): Generate SQL analysis state- 334

ments from given questions and table structures, 335

considering multiple perspectives. We utilized the 336

Spider (Yu et al., 2019) database and table structure 337

(currently focusing on single tables). Initially, we 338

utilized GPT-4 to generate abstract data analysis 339

questions relevant to real-world scenarios. Using 340

these questions and the corresponding tables as 341

instructions, we then employed GPT-4 to create 342

diverse SQL statements along with their justifica- 343

tions. Following manual verification, we retained 344

400 samples to form the test dataset. The generated 345

format is as follows: 346

[{ 347
"sql": "data analysis SQL", 348
"title": "Data Analysis Title", 349
"showcase ": "What type of charts", 350
"thoughts ": "Current thinking", 351
}, 352
...] 353

Examples of these tasks are in Appendix A.2. 354

BI Technical Skills Tasks 355

BI technical skills tasks primarily assess the abil- 356

ity of LLMs to not only understand BI knowledge 357

but also simulate professional data analyst to ap- 358

ply the knowledge in solving realistic data analysis 359

tasks. In task design, we extensively evaluate the 360

model’s various reasoning abilities, including two 361

BI content inference tasks: utilizing SQL for solv- 362

ing specific data analysis problems and conducting 363

in-depth analysis and summarization of data. 364

Text2SQL (3-1):Convert natural language into 365

SQL. We sampled 600 entries categorized by in- 366

dustry type from the BIRDSQL (Li et al., 2023a) 367

dataset. 368

Exploratory Data Analysis (3-2): Provide data 369

preprocessing suggestions through generated anal- 370

ysis code to streamline the data preparation pro- 371

cess and ensure the quality of analysis. We ob- 372

8https://github.com/MetaGLM/FinGLM
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tained data analysis prompts and their correspond-373

ing code from the Kaggle website 9 through web374

scraping. By evaluating the combined count of375

stars and copies, we identified the code with the376

highest score as the answer to each prompt. Af-377

ter manual labeling and inspection, we randomly378

selected 100 samples as the test dataset.379

Examples of these tasks are in Appendix A.3.380

4 BIChat381

4.1 Fine-tuing Data382

To enhance our data analysis capabilities, we have383

constructed a domain-specific dataset compris-384

ing 400,000 examples by employing the Chain385

of Thought (COT) (Wei et al., 2022) and Self-386

Instruction (Wang et al., 2022) methods for387

data generation. This dataset includes instances388

for tasks such as NL2ViSQL, Doc2Markdown,389

Data2Insight, and Exploratory Data Analysis. The390

distribution of the dataset is illustrated in Figure 2.391

Financial Multiple Choice, 9300

Numerical reasoning QA, 5574

Subject Identification and Type Classification, 71915

Event Extraction and Type 
Detection, 5936

Risk and Opportunity Tag Identification, 4966

Multimodal Information Extraction, 
12947

Data2Insight, 2498

Doc2Markdown, 2682NL2ViSQL

Text2SQL, 294810

Exploratory Data Analysi, 695

Figure 2: Data Distribution Across 11 Subtasks.

In addition, to facilitate more natural human-392

computer interactions, we amassed a significant393

collection of general-purpose dialogue datasets394

from major open-source repositories, including Al-395

paca (Taori et al., 2023), BELLE (Ji et al., 2023),396

MOSS (Sun et al., 2023), LIMA (Zhou et al.,397

2023a), among others. These datasets cover a wide398

variety of conversational contexts to ensure the399

model’s capability for sustaining multi-turn inter-400

actions. The total dataset size amounts to approxi-401

mately 1.89 million entries.402

4.2 Data Preprocessing403

To enhance data quality, we applied Dataset Quan-404

tization(DQ). (Zhou et al., 2023b) method to mini-405

mize similar data and increase the diversity of the406

9www.kaggle.com/datasets?search=data+analysis

dataset. Specifically, DQ first divides the entire 407

dataset into a set of non-overlapping bins recur- 408

sively based on the submodular gains that aims to 409

maximize the diversity gains. Then, a small portion 410

of data samples is uniformly sampled from all bins. 411

In this manner, the selected samples are optimized 412

to cover as much as possible the entire dataset with 413

the interdata diversity maximized. 414

4.3 Training Approach of BIChat 415

Leveraging the Deepspeed (Yao et al., 2023) dis- 416

tributed training framework, we conducted training 417

on a Qwen-7B-Chat (Bai et al., 2023) LLM using 418

the QLoRA-based (Dettmers et al., 2023) approach 419

across 8*RTX3090 GPUs with a total of 192GB of 420

VRAM. During the training process, we incorpo- 421

rated LongLoRA (Chen et al., 2023b) and RoPE 422

NTK (Liu et al., 2023b) interpolation methods to 423

extend the fine-tuning sequence length to 6k tokens. 424

Additionally, we substituted the traditional self- 425

attention mechanism with Flash-attention2 (Dao, 426

2023), which significantly reduces memory usage 427

and accelerates training speed compared to the orig- 428

inal implementation. 429

Our training parameters were set as follows: 430

QuantizationBit = 4, LoRARank = 64, LoRAAl- 431

pha = 128, LoRADropout = 0.05, LoRATarget = 432

c_atten, MaxSeqLen = 2300 and Epochs=3. 433

5 Experiment 434

5.1 Evaluation Metrics 435

We defined 3 different metrics in total to measure 436

different types of tasks: 437

Accuracy: Accuracy is a binary score that per- 438

forms exact match between the model prediction 439

and the gold answer. This applies to all single-label 440

tasks including task 1-2. 441

F1: When there are multiple output labels, F1 442

score measures the harmonic mean of the precision 443

and recall. This applies to all multi-label classifica- 444

tion tasks including task 1-1, 2-1, 2-2, 2-3 and 3-4. 445

In multiple-choice questions, answers that are se- 446

lected too frequently (over-selected) or not selected 447

enough (under-selected) are deemed incorrect. 448

Rouge-L: For other generation tasks 2-5, 2-6, 449

2-7, 3-1 and 3-2, we use the Rouge-L score to eval- 450

uate them. Rouge-L, commonly used in evaluation 451

of generation tasks, automatically identifies the 452

longest co-occurring n-gram sequences to compare 453

the structural similarity of extracted answers with 454

standard answers (Lin, 2004).The formula is ex- 455

6
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Figure 3: Average performance (zero-shot) of 42 LLMs evaluated on BIBench

pressed as follows, while β representing the weight456

between Precision and Recall.457

Flcs =
(1 + β2) · Precision · Recall

Recall + β2 · Precision
(1)458

5.2 Evaluated Models459

We evaluate a wide spectrum of large language460

models of various sizes, grouping them into three461

major categories based on their pre-training and462

fine-tuning domains: multilingual LLMs, Chinese463

LLMs and BI LLMs. We provide a short review464

over them in the following section. The detailed465

model list is shown in Table 2.466

English LLMs We consider 9 open-source en-467

glish models: LLaMA-2-7B / 13B / 70B, LLaMA-468

2-Chat-7B / 13B / 70B, Alpacav1.0- 7B, Vicuna-469

v1.3-7B / 13B / 33B, WizardLM-7B. In addition,470

two commercial models, GPT-3.5-turbo-0613 and471

GPT-4-0613, are included. Chinese LLMs A num-472

ber of Chinese LLMs have been proposed to en-473

hance Chinese comprehension. They typically per-474

form better than multilingual models on Chinese475

NLP tasks. We include 24 open-sourced, Chi-476

nese LLMs in our evaluation: Yi-Base 6B/34B, Yi-477

Chat 6B/34B, InternLM-Base 7B/20B, InternLM-478

Chat 7B/20B, Qwen-Base 7B/14B, Qwen-Chat479

7B/14B, Baichuan2-Base 7B/13B, Baichuan2-Chat480

7B/13B, TigerBot-Base-7B, TigerBot-Chat-7B,481

Chinese-Alpace2-7B, ChatGLM-6B, ChatGLM2-482

6B, ChatGLM3-Base-6B,ChatGLM3-6B. More-483

over, three commercial models, 通义千问, 文心484

一言 and智谱清言, are included. BI LLMs Cur- 485

rently, there is a lack of Chinese LLMs that have 486

undergone additional fine-tuning with a Chinese 487

corpus in the BIdomain to improve data analysis 488

comprehension. As a result, we have turned our 489

attention to LLMs from related fields. Here, we 490

offer descriptions of the model: XuanYuan-Chat: 491

based on LLaMA2-13B/70B, fine-tuned with gen- 492

eral and financel instructions. 493

5.3 Experiment Setting 494

In the commercial models, we set the temperature 495

to 0.7 and top p to 1. In other chat models, we tailor 496

the prompt by using specific prefixes and suffixes 497

for each model. Greedy decoding is performed dur- 498

ing the generation process for all open-source mod- 499

els. We set the token length limit to 2400. Right 500

truncation is performed for input prompts exceed- 501

ing the length limitation. We evaluate all models 502

in zero-shot settings, where the input for zero-shot 503

inference consists solely of the task instruction. 504

5.4 Main Results 505

Figure 3 displays the overall zero-shot performance 506

of each model. BIChat and GPT-4 are significantly 507

ahead in the benchmarks, vastly outperforming all 508

other models. With the same model size, LLMs that 509

underwent Simplified Fine-Tuning (SFT) in Chi- 510

nese outshine both the base Chinese LLMs and En- 511

glish SFT LLMs, demonstrating the effectiveness 512

of fine-tuning on Chinese data. Furthermore, recent 513

smaller models, like MiniCPM-2B, also exceed the 514
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Model Base Score SFT Score Diff Score

Tiger-7B 2.89% 10.27% 7.38%

Internlm-7B 9.22% 19.00% 9.78%

Baichuan2-13B 1.92% 3.67% 1.75%

Yi-34B 3.73% 17.34% 13.61%

Table 3: avg Performance score comparison of open
source LLMs before and after SFT.

Task Name
LLaMA2

13B
XuanYuan

13B
LLaMA2

70B
XuanYuan

70B
Qwen-7B

Chat
BIChat

1-1 18.80% 20.40% 9.60% 31.40% 4.40% 33.20%

1-2 0.31% 2.05% 0.00% 2.23% 0.00% 6.55%

2-1 0.42% 13.97% 0.43% 21.33% 3.47% 69.21%

2-2 0.01% 15.08% 1.10% 30.94% 10.98% 70.91%

2-3 0.11% 14.39% 0.98% 22.40% 0.60% 81.47%

2-4 0.28% 14.37% 1.52% 21.90% 9.66% 79.39%

2-5 0.39% 0.85% 1.38% 0.61% 0.30% 22.03%

2-6 0.17% 25.17% 4.59% 36.28% 1.28% 4.91%

2-7 1.74% 14.08% 0.31% 13.12% 0.50% 16.28%

3-1 1.69% 28.66% 2.23% 42.53% 5.18% 35.94%

3-2 0.38% 5.63% 1.23% 6.30% 1.06% 3.70%

Table 4: Comparison between different BI specific
LLMs and their base models.

performance of many larger LLMs, indicating that515

the relationship between an LLM’s capabilities and516

its size is not linear. Lastly, BI LLMs surpass gen-517

eral LLMs, suggesting that domain-specific fine-518

tuning can enhance a model’s domain capabilities.519
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Figure 4: Comparison between different models for 2-4,
2-5, 2-6 and 2-7 tasks.

5.5 In-depth Analysis520

Given the constraints on content, we have selected521

representative LLMs for in-depth analysis based522

on their types and high scores.523

SFT may enhance model performance. As524

Table 3 demonstrates the open-source models’ SFT525

versions outperform their Base counterparts. No-526

tably, SFT data, collected from general domains,527

significantly improved model performance in BI528

tasks. Across models of equal size and architecture, 529

performance variations suggest the training data’s 530

scope and specificity impact downstream tasks. 531

Most LLMs lack the capability for data anal- 532

ysis and insight generation. Sections 2-4 and 533

2-6 aim to assess LLMs’ information parsing and 534

processing abilities, while 2-5 and 2-7 focus on 535

deriving insights and analyses based on data, eval- 536

uating whether large models can effectively extract 537

viewpoints and information from structured or se- 538

quential data. We compared five different types of 539

models and visualized the results of these four sub- 540

tasks in Figure 4. The findings indicate that most 541

models, including GPT-4 and GLM-4, show a com- 542

prehensive decline in performance, lacking data 543

thinking and analytical abilities. This suggests that 544

the challenge of developing LLMs capable of ef- 545

fectively generating insightful information remains 546

an open problem. 547

BI-specific fine-tuning proves beneficial. To 548

assess the impact of BI domain knowledge fine- 549

tuning, we compared three LLMs, specifically fine- 550

tuned with BI domain knowledge, against their 551

corresponding base models, as shown in Figure 4. 552

Notably, the XuanYuan and BIChat models demon- 553

strate continuous score improvements following 554

BI-specific knowledge fine-tuning. A closer exam- 555

ination of the 11 sub-tasks reveals that LLaMA2- 556

13B, 70B, and Qwen-7B perform poorly across all 557

tasks, indicating a lack of pre-training on a large- 558

scale, high-quality data analysis corpus. Nonethe- 559

less, fine-tuning them with BI knowledge results 560

in significant improvements. However, the models 561

do not excel in tasks 3-2 and 2-5 post-fine-tuning, 562

suggesting that fine-tuning alone may not suffice 563

for complex BI tasks, possibly necessitating further 564

research with Agents (Pan et al., 2024). 565

6 Conclusion 566

In this work, we presented the BIBench, an eval- 567

uation benchmark for assessing the capabilities of 568

large language models in the field of data analy- 569

sis field, comprising 11 tasks categorized across 570

three cognitive dimensions. We undertake a thor- 571

ough examination of 41 LLMs and assess their 572

performance. The results demonstrate that current 573

LLMs are still unable to give meaningful data anal- 574

ysis, and their scores on most tasks are often poor. 575

While fine-tuning open-source LLMs(BIChat) on 576

data analysis results in some advances, they still 577

lag far below GPT-4 in some subtasks. 578
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Limitations579

Some of BIBench’s data are sourced from the in-580

ternet. Since existing large models often train on581

extensive internet data, there’s a possibility that582

these models have already encountered a portion583

of the test data during their training. We intend to584

investigate more effective methods to prevent data585

pollution. Meanwhile, BIChat is trained using a586

7B model, which may exhibit certain limitations587

in data analysis scenarios. Particularly in cases re-588

quiring fine-grained data insights, the model might589

not provide adequate data sensitivity and logical590

capability. To better adapt to data analysis scenar-591

ios, we plan to train BIChat using models with a592

parameter count of 14B or more.593
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A Details of Task Instruction818

A.1 BI Knowledge Memorization Tasks819

INSTRUCTION: 运用你的相关知识回答以下问题

QUERY: 出口企业未将不同税率的出口货物分开报关、核算的，应从低适用退税率计算增值税出口退税。（）A:正
确; B:错误

ANSWER: A;分析解释：出口企业应将不同税率的货物分开核算和申报，未分开报关、核算或划分不清的，一律从
低适用退税率计算退免税。

Table 5: The instruction and an example of Task 1-1 Financial Multiple Choice.

HISTORY:

26 | 2009 annual report in fiscal 2008 , revenues in the credit union systems and services business segment increased
14% ( 14% ) from fiscal 2007 . all revenue components within the segment experienced growth during fiscal 2008 .
license revenue generated the largest dollar growth in revenue as episys ae , our flagship core processing system
aimed at larger credit unions , experienced strong sales throughout the year . support and service revenue , which is
the largest component of total revenues for the credit union segment , experienced 34 percent growth in eft support
and 10 percent growth in in-house support.
| 1 | 2008 | year ended June 30 2009 2008 | year ended June 30 2009 2008 | year ended June 30 2009 |
|—|——–|——————————|——————————|————————|
| 2 | net income | $103102 | $104222 | $104681 |
| 3 | non-cash expenses | 74397 | 70420 | 56348 |
| 4 | change in receivables | 21214 | -2913 (2913) | -28853 (28853) |
| 5 | change in deferred revenue | 21943 | 5100 | 24576 |
| 6 | change in other assets and liabilities | -14068 (14068) | 4172 | 17495 |
| 7 | net cash from operating activities | $206588 | $181001 | $174247 |
year ended june 30 , cash provided by operations increased $ 25587 to $ 206588 for the fiscal year ended june 30 ,
2009 as compared to $ 181001 for the fiscal year ended june 30 , 2008 . this increase is primarily attributable to a
decrease in receivables compared to the same period a year ago of $ 21214 . this decrease is largely the result of
fiscal 2010 annual software maintenance billings being provided to customers earlier than in the prior year , which
allowed more cash to be collected before the end of the fiscal year than in previous years .

INSTRUCTION: Provide numerical information related to user questions from tables and text, ensuring accurate calculation of
results.

QUERY: what proportion does this represent?

ANSWER: 计算思考：第1步：add(2530454, 5923147) = 8453601.0；最终公式为：divide(5923147, add(2530454,
5923147))通过套用前面得到的数值，利用公式计算得到最终答案为：0.70067

Table 6: The instruction and an example of Task 1-2 Numerical reasoning QA.
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A.2 BI Knowledge Understanding Tasks 820

INSTRUCTION: 定义了新闻舆情事件类型有：[’业绩下滑’, ’提现困难’, ’交易违规’, ’失联跑路’, ’涉嫌违法’, ’不能履
职’, ’涉嫌传销’, ’投诉维权’, ’财务造假’, ’涉嫌非法集资’, ’资金账户风险’, ’资产负面’, ’实控人股东变更’, ’高管负面’,
’信批违规’, ’评级调整’, ’涉嫌欺诈’, ’歇业停业’, ’重组失败’, ’履行连带担保责任’, ’债务违约’, ’业务资产重组’, ’股票
转让-股权受让’, ’实际控制人变更’, ’债务重组’, ’商业信息泄露’, ’资金紧张’, ’实际控制人涉诉仲裁’, ’财务信息造假’,
’无’]

QUERY: 帮我判断新闻的舆情类型和对应的公司名称: "LG空调亏损严重或效仿新科两大缺陷遭退市尴尬
华兰生物(002007)三季度净利下降45% 汇添富或为"失血门""跑路主力" 最后请以JSON的格式输出,格式参考如
下："ps_type":"舆情类型", "company_name": "事件类型" 如果判断舆情类型为：无，则不需要抽取公司名称，
则公司名称为无，格式为："ps_type":"无", "company_name": "无" 请不要返回与json内容无法的信息。

ANSWER: {"ps_type": "业绩下滑", "company_name": "华兰生物"}

Table 7: The instruction and an example of Task 2-1 Sentiment Analysis.

INSTRUCTION: 请以JSON List的格式输出,格式参考如下："type": ["事件类型", "事件类型"]请不要返回与json内容无
法的信息。

QUERY: 请帮我判断以下内容的事件类型: "在亿利洁能收购消息公布之后,其股价在数日之内大幅下跌,仅仅5个交易
日时间股价便大跌38%。"事件类型有：[’质押’, ’投资’, ’股份股权转让’, ’减持’, ’起诉’, ’收购’, ’判决’]

ANSWER: {"type": ["收购"]}

Table 8: The instruction and an example of Task 2-2 Event Extraction.

INSTRUCTION: None

QUERY: 任务目标抽取出段落中主体公司和对应的机会标签和风险标签，段落内容：收购完成后，广州证券成为中
信证券的全资子公司，并于2020年3月更名为中信证券华南公司，越秀金控则成为中信证券的第二大股东。标签列表
如下：机会标签：’市场机遇’: [’开户’, ’行业龙头’, ’中标’, ’注册’, ’星火’, ’业绩增加’, ’银行间市场’, ’金牛奖’, ’银团’,
’拿地’, ’重大事件利好’, ’获奖’, ’要约’, ’合作’, ’签订协议’, ’签约’], ’政策机遇’: [’建设基金’, ’批准成立’, ’PPP’, ’批准
通过’, ’批复’, ’批准筹建’, ’民营企业’, ’批准授权’, ’批准发行’, ’获批许可证’, ’批准进入’, ’政府引导基金’, ’资质证书’],
’战略机遇’: [’总部基地’, ’赎回票据’, ’自然人独资’, ’委托贷款’, ’兑换票据’, ’私有化’, ’股票回购’, ’现金管理’, ’履行程
序’, ’闲置资金’, ’转让票据’, ’交债转债’, ’国债逆回购’, ’国企混改’, ’员工持股’, ’股东大会’, ’质押解除’, ’限制性股票’,
’股权奖励’, ’债券质押’, ’网银’, ’并购重组’, ’公司收购’, ’到期赎回’, ’票据合并’, ’股份出售’]. 风险标签：’财务风险’:
[’负债’, ’收入预警’, ’破产清算’, ’财务异常’, ’财务风险’, ’兑付风险’, ’终止挂牌’, ’资产流失’, ’经济损失’, ’业绩下滑’,
’质押’, ’债务逾期’, ’资金短缺’, ’债务危机’, ’重大损失’, ’票据风险’, ’退市风险’, ’违约风险’, ’欠息’, ’信贷风险’, ’资产出
售’, ’清盘’], ’法律风险’: [’拖欠工资’, ’司法拍卖’, ’被约谈’, ’监管处罚’, ’产品涉假’, ’停牌彻查’, ’进场核查’, ’资产冻结’,
’欺诈’, ’税务问题’, ’限制消费’, ’监管风险’, ’拖欠费用’, ’资金占用’, ’黑名单’, ’跑路’, ’查封’, ’吊销许可证’, ’经济纠纷’,
’侵权行为’, ’涉刑’, ’诉讼’, ’贪污涉贿’, ’违法违规’, ’专利纠纷’], ’投融资风险’: [’股改异常’, ’评级下降’, ’收购风险’, ’平
仓风险’, ’IPO遇阻’, ’注资异常’, ’股份减持’, ’发债遇阻’, ’民间融资’, ’壳资源’, ’治理风险’: [’环保问题’, ’人事变动’, ’管
理问题’, ’曝出’, ’质量事故’, ’安全隐患’, ’内部矛盾’, ’混乱’], ’外部风险’: [’安全生产事故’, ’意外事故’, ’工程受阻’, ’指
责投诉’, ’舆论风险’, ’陷入局面’, ’工程事故’, ’投标受阻’, ’黑天鹅’] 标签类型可能有为空，一个或多个。最后请以List
JSON的格式输出,格式参考如下："subject_company": "主体公司名称", "op_label":["机会标签",...], "risk_label":["风险
标签", ...]。如果判断标签为空，需要返回主体公司即可，格式为："subject_company": 主体公司名称, "op_label":[],
"risk_label":[]。请注意不要返回与json内容无法的信息。

ANSWER: {"subject_company": "广州证券", "op_label": [], "risk_label": ["股权变动"]}

Table 9: The instruction and an example of Task 2-3 Early Warning Analysis.
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INSTRUCTION: None

QUERY: 定义了金融事件类型有：[’公司上市’, ’股东减持’, ’股东增持’, ’企业收购’, ’企业融资’, ’股份回购’, ’质押’, ’解
除质押’, ’企业破产’, ’亏损’, ’被约谈’, ’中标’, ’高管变动’, ’无’]。请帮我判断以下内容的事件类型，事件类型可能有
一个或多个，并事件类型抽取相应的触发词: "Verizon宣布62.5亿美元收购墨西哥美洲电信旗下无线服务提供商14日
消息，美国移动运营商Verizon周一表示，将以62.5亿美元的现金加股票收购墨西哥美洲电信（America Movil）旗
下的无线服务提供商Tracfone。此次收购预计将于2021年下半年完成，目前还在等待监管部门的批准。该笔交易将
包括31.25亿美元的现金和31.25亿美元的Verizon普通股。它还包括与实现某些业绩衡量标准相关的最多额外6.5亿美
元的未来现金对价。" 最后请以JSON List的格式输出,格式参考如下：["event_type": "事件类型", "trigger":"触发词",
"event_type": "事件类型", "trigger":"触发词"]。请不要返回与json内容无法的信息。

ANSWER: [{"event_type": "企业收购", "trigger": "收购"}]

Table 10: The instruction and an example of Task 2-4 Multimodal Infor Extraction .

INSTRUCTION: 你是分析和挖掘数据中隐藏的深层信息和规律的专家，请用中文从不同的角度用3个要点生成一个专
业的数据分析方案。

QUERY: 我向你提供了一个问题和这个问题的答案数据，请从数据分析常用的指标角度进行分析，给出计算后的
指标结果，并结合你的知识给出针对性的相关建议。要求：不能超过2048个token，不要输出非分析性的内容。回
答的格式如下: "1.xxxx","2.xxxx,̈"3.xxxx"。问题："展示每位教员的id以及他/她指导的学生人数在散点图中"。答案数
据："x_name": "FacID","y_name": "count(*)","x_data": [[1121, 1148, 2192, 2311, 5718, 7134, 7271, 7712, 7723, 7792, 8423,
8721, 8722, 8723, 8741, 8772, 8918, 9172]],"y_data": [[3, 3, 4, 3, 2, 2, 2, 1, 1, 1, 1, 1, 3, 1, 1, 3, 1, 1]]

ANSWER: "1.平均指导学生人数：通过计算y_data中学生人数的平均值，可以得到教员平均指导的学生人
数。计算公式为：平均指导学生人数= 总学生人数/ 教员人数。由提供的数据计算得出，平均指导学生人数=
(3+3+4+3+2+2+2+1+1+1+1+1+3+1+1+3+1+1) / 18 = 2。这表明教员平均每人指导2名学生。","2.指导学生人数分布情
况：通过对y_data中的学生人数分布进行统计分析，我们可以了解教员指导学生数的集中趋势和离散情况。从数据
中可以看出，大多数教员指导的学生人数集中在1-2人，少数教员指导的学生人数达到3-4人，很少有教员指导的学
生人数超过4人。这可能意味着教学资源在教员之间分布不均。","3.教员指导学生数的离群值检测：在散点图中，可
以识别离群值，即那些与大多数数据点显著不同的点。在此数据集中，教员指导学生人数的平均值为2人，如果某位
教员指导的学生人数远高于或远低于这个平均值，那么这可以被认为是一个离群值。根据提供的数据，指导学生人
数为4的教员可能是潜在的离群值，需要进一步分析他/她的指导工作是否高效，或者是否有过多的工作负担。"结合
以上分析，建议学校管理部门：(1)平衡教员间的教学负担，以确保所有学生都能获得相同水平的指导和关注；(2)对
那些指导学生人数超出平均值的教员进行进一步评估，确定是否需要调整其工作量或提供更多支持；(3)定期监控教
员指导学生的数量，并在发现任何异常分布时采取适当的措施。

Table 11: The instruction and an example of Task 2-5 Data2Insigt.

INSTRUCTION: 如果给定的文本可以转换为Markdown语言的表格形式，其中包含上市公司年度报告的数据，并且能
够准确反映各个数据之间的逻辑关系（例如，从A值到B值的盈利情况），那么将其转化为表格。如果无法转换为表
格形式，则直接返回不支持。请注意，返回的内容要么是表格，要么是不支持，不会包含多余的内容。文本以换行
符分割。

QUERY: 报告期内公司在加强内部生产管理和客户开拓的同时,也大幅增加了研发力度。2019年公司研发费用总
额7,331万元,同比增长61.82%。截止到本报告期末,公司共有在研项目23项,主要研发方向包括新能源汽车用铝合金复
合材料研发、多金属复合材料复合机理及工艺研发、大规格高强铝合金铸造机复合技术研发等,部分项目研发成果已
经开始批量应用并获得了客户的广泛认可。

ANSWER:
|研发费用总额（万元）|同比增长|
|——————-|———|
| 7,331 | 61.82% |

Table 12: The instruction and an example of Task 2-6 Doc2Markdown.
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INSTRUCTION: According to the table schema and analyze goal, generate several SQL queries whose results can be view in
one of the following chart type:[’Table’, ’LineChart’, ’BarChart’, ’IndicatorValue’] and respond in the following json format:"[
"sql": "data analysis SQL", "title": "Data Analysis Title", "showcase": "What type of charts to show", "thoughts": "Current
thinking and value of data analysis" ]

QUERY: 确定最大毛重最高的飞机。Table schema:[’Aircraft_ID’, ’Aircraft’, ’Description’, ’Max_Gross_Weight’, ’To-
tal_disk_area’, ’Max_disk_Loading’]

ANSWER: [
{"sql": "SELECT Aircraft_ID, Aircraft, Description, Max_Gross_Weight FROM Aircraft ORDER BY Max_Gross_Weight
DESC LIMIT 1",
"title": "Aircraft with Maximum Gross Weight",
"showcase": "Table",
"thoughts": "通过查询飞机的最大起飞重量来找出最大的飞机。为了实现这个目标，我们选择从飞机数据库中选择飞
机ID，飞机名称，描述和最大起飞重量字段，并按照最大起飞重量进行降序排序，然后只选择最大重量的那一架飞
机。这个分析通过直接展示表格结果形式最为直观。"},

{"sql": "SELECT AVG(Max_Gross_Weight), AVG(Total_disk_area), AVG(Max_disk_Loading) FROM Aircraft",
"title": "Statistics of key features",
"showcase": "Table",
"thoughts": "通过计算各航空器的总平均最大载重，总磁盘面积和最大磁盘载荷，我们可以得到重要特征的平均统
计数据。这对于理解整体航空器性能具有重要指导价值。此分析结果适合表格形式展示，利于读者快速获取关键数
据。"}
]

Table 13: The instruction and an example of Task 2-7 NL2ViSQL.
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A.3 BI Knowledge Applying Tasks821

INSTRUCTION: 你是一个精通MySQl语法的SQL工程师，可以根据数据库的表结构和实际问题写出准确的、可以直
接运行的MySQL查询语句。

QUERY: 回答结果为一个符合语法的SQL语句。在理解下面给出的数据库结构中各个数据表和数
据项的含义后，生成解决问题的SQL语句（SQL语句尽可能简洁）:说出1945年上映的电影名称。按
电影受欢迎程度的降序对列表进行排序。回答的格式为：xxxxx（SQL语句）该查询将在具有以下
结构的数据库上运行: 数据表:数据表:’lists’: ’数据项’: [’user_id’, ’list_id’, ’list_title’, ’list_movie_number’,
’list_update_timestamp_utc’, ’list_creation_timestamp_utc’, ’list_followers’, ’list_url’, ’list_comments’, ’list_description’,
’list_cover_image_url’, ’list_first_image_url’, ’list_second_image_url’, ’list_third_image_url’], ’movies’: ’数据项’: [’movie_id’,
’movie_title’, ’movie_release_year’, ’movie_url’, ’movie_title_language’, ’movie_popularity’, ’movie_image_url’, ’di-
rector_id’, ’director_name’, ’director_url’], ’ratings_users’: ’数据项’: [’user_id’, ’rating_date_utc’, ’user_trialist’,
’user_subscriber’, ’user_avatar_image_url’, ’user_cover_image_url’, ’user_eligible_for_trial’, ’user_has_payment_method’],
’lists_users’: ’数据项’: [’user_id’, ’list_id’, ’list_update_date_utc’, ’list_creation_date_utc’, ’user_trialist’, ’user_subscriber’,
’user_avatar_image_url’, ’user_cover_image_url’, ’user_eligible_for_trial’, ’user_has_payment_method’]

ANSWER:

SELECT movie_title
FROM movies
WHERE movie_release_year = 1945
ORDER BY movie_popularity DESC;

Table 14: The instruction and an example of Task 3-1 Text2SQL.

INSTRUCTION: Please help me analyze and summarize the task data.

QUERY: This dataset contains the historical data from 1960 to 2021 of the GDP by country, additionally its growth rate per year
is calculated.The data is obtained from the World Bank data, the dataset is downloaded, a pre-processing was carried out in
which geographic data such as regions, subregions were added and the % variation per year and country was calculated.The main
objective of this dataset is to serve as a data source for the population analysis that I am developing to better understand the
factors that affect population growth.

ANSWER:

# This Python 3 environment comes with many helpful analytics libraries installed
# For example, here’s several helpful packages to load

import numpy as np # linear algebra
import pandas as pd # data processing, CSV file I/O (e.g. pd.read_csv)

# Input data files are available in the read-only "../input/" directory
# For example, running this (by clicking run or pressing Shift+Enter) will list all files under the input directory

import os
for filename in filenames:

print(os.path.join(dirname, filename))

# exploratory data analysis code
.....

# show figure
df.plot()
df.hist()

Table 15: The instruction and an example of Task 3-2 Exploratory Data Analysis.
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