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Abstract001

Large Language Models (LLMs) have enabled002
dynamic reasoning in automated data analyt-003
ics, yet recent multi-agent systems remain lim-004
ited by rigid, single-path workflows that restrict005
strategic exploration and often lead to subopti-006
mal outcomes. To overcome these limitations,007
we propose SPIO (Sequential Plan Integration008
and Optimization), a framework that replaces009
rigid workflows with adaptive, multi-path plan-010
ning across four core modules: data prepro-011
cessing, feature engineering, model selection,012
and hyperparameter tuning. In each module,013
specialized agents generate diverse candidate014
strategies, which are cascaded and refined by015
an optimization agent. SPIO offers two op-016
erating modes: SPIO-S for selecting a single017
optimal pipeline, and SPIO-E for ensembling018
top-k pipelines to maximize robustness. Ex-019
tensive evaluations on Kaggle and OpenML020
benchmarks show that SPIO consistently out-021
performs state-of-the-art baselines, achieving022
an average performance gain of 5.6%. By ex-023
plicitly exploring and integrating multiple so-024
lution paths, SPIO delivers a more flexible,025
accurate, and reliable foundation for automated026
data science.027

1 Introduction028

Automated data analytics and predictive modeling029

have emerged as pivotal components in modern030

data-driven research (Erickson et al., 2020; Ebadi-031

fard et al., 2023; Hollmann et al., 2023; Guo et al.,032

2024), empowering practitioners to extract mean-033

ingful insights from complex, high-dimensional034

datasets (Drori et al., 2021; Hollmann et al., 2023;035

Hassan et al., 2023; Yang et al., 2024). Tradition-036

ally, constructing robust analytics pipelines has ne-037

cessitated extensive manual design and iterative038

refinement, relying heavily on domain expertise039

and coding practices with established libraries and040

frameworks (Bergstra and Bengio, 2012; Elsken041

et al., 2017; Sparks et al., 2017; De Bie et al.,042
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Figure 1: SPIO framework overview. Given dataset
descriptions, SPIO produces baseline code and results
for each pipeline module. A sequential planning agent
then proposes candidate improvements per module, after
which SPIO either selects a single best end-to-end path
(SPIO-S) or ensembles the top-k paths (SPIO-E) to
generate the prediction file.

2021). This conventional paradigm, while effective 043

in certain settings, often imposes rigid workflow 044

structures that limit strategic exploration and im- 045

pede the integration of diverse solution paths, ulti- 046

mately constraining the scalability and robustness 047

of predictive systems (Sparks et al., 2017; Xin et al., 048

2018; Maymounkov, 2018; Nikitin et al., 2022). 049

Large Language Models (LLMs) have become 050

powerful tools for automating data analytics 051

and predictive modeling, addressing prior chal- 052

lenges via natural language instructions (Zhang 053

et al., 2023; Guo et al., 2024; Xu et al., 2024a; 054

Tayebi Arasteh et al., 2024; Gu et al., 2024). By 055

translating high-level instructions into executable 056

code, LLM-based systems greatly reduce the need 057

for specialized programming skills and simplify 058

the design of complex analytical workflows (Ni- 059

jkamp et al., 2022; Joel et al., 2024; Xu et al., 060

2024b). Recent frameworks include Spider2v (Cao 061

et al., 2024), which automates analysis by gen- 062

erating SQL/Python code and manipulating GUI 063

components, and OpenAgents (Xie et al., 2023), a 064

platform that integrates diverse AI agents for uni- 065

fied data analysis and web search (Xie et al., 2023). 066

More recently, multi-agent systems such as 067
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Agent K v1.0 (Grosnit et al., 2024), AutoKaggle (Li068

et al., 2024), and Data Interpreter (Hong et al.,069

2025) automate end-to-end data analytics. Agent K070

v1.0 coordinates agents for cleaning, feature engi-071

neering, modeling, and hyperparameter tuning; Au-072

toKaggle follows a six-stage pipeline from explo-073

ration to planning; and Data Interpreter constructs074

task graphs that decompose subtasks and dependen-075

cies to guide actions. More general-purpose agent076

frameworks, including OpenHands (Wang et al.,077

2024) and AIDE (Jiang et al., 2025), further incor-078

porate execution-driven loops for autonomous code079

generation and refinement. However, these meth-080

ods still (1) rely on single-path execution that limits081

exploration, (2) follow rigid, predefined workflows082

that struggle with complex tasks, and (3) lack mech-083

anisms to aggregate multi-dimensional feedback,084

reducing their ability to exploit nuanced signals for085

optimal predictions.086

To address these limitations, we propose SPIO087

(Sequential Plan Integration and Optimization),088

a framework for automated data analytics and089

predictive modeling. Unlike rigid single-path or090

fixed multi-agent workflows, SPIO organizes the091

pipeline into four modules: data preprocessing,092

feature engineering, model selection, and hyperpa-093

rameter tuning, and performs sequential planning094

within each module. At each stage, SPIO records095

intermediate outputs such as transformed data sum-096

maries or validation scores, which interact with097

results from previous stages. Based on these accu-098

mulated plan records, SPIO applies LLM-driven099

selection and ensembling to optimize end-to-end100

performance. Code-generation agents first produce101

executable solutions from a data description D and102

a task description T . A sequential planning agent103

then revises these solutions using data statistics for104

preprocessing and feature engineering, and valida-105

tion score for model selection and hyperparameter106

tuning. Finally, SPIO supports two variants: SPIO-107

S, which selects a single best pipeline for execution,108

and SPIO-E, which selects the top k pipelines and109

ensembles their predictions.110

Extensive experiments on regression and clas-111

sification benchmark datasets, including Kaggle112

and OpenML demonstrate SPIO’s superiority over113

state-of-the-art methods. SPIO’s adaptive multi-114

path reasoning integrates diverse insights, over-115

coming the limitations of fixed workflows. Con-116

sequently, it improves predictive accuracy, adapts117

to varied data through iterative feedback, and en-118

hances execution reliability. These strengths make119

SPIO a valuable solution for business intelligence, 120

scientific research, and automated reporting, where 121

accuracy and flexibility are essential. 122

2 Related Work 123

2.1 Machine Learning and AutoML 124

Machine learning (ML) develops algorithms that 125

learn from data to make predictions or deci- 126

sions (Sutton et al., 1998; Bishop and Nasrabadi, 127

2006; Das et al., 2015; Helm et al., 2020). De- 128

spite major advances in ML algorithms (Kirkos 129

et al., 2008; El Naqa and Murphy, 2015; Xie 130

et al., 2016; Sarker, 2021), building effective sys- 131

tems still requires substantial manual effort: prac- 132

titioners must choose models, craft features, and 133

tune hyperparameters, which is time-consuming 134

and expert-dependent. Automated Machine Learn- 135

ing (AutoML) aims to reduce this burden by au- 136

tomating key steps of pipeline construction (Shen 137

et al., 2018; Wang et al., 2021; Feurer et al., 2022). 138

Early systems such as Auto-WEKA (Thornton 139

et al., 2013) and TPOT (Olson and Moore, 2016) 140

used Bayesian optimization and genetic program- 141

ming to search predefined model spaces, while 142

later frameworks (e.g., DSM (Kanter and Veera- 143

machaneni, 2015), OneBM (Lam et al., 2017), Au- 144

toLearn (Kaul et al., 2017), H2O AutoML (LeDell 145

et al., 2020)) incorporated meta-learning and en- 146

sembles. However, many AutoML solutions re- 147

main constrained by static search spaces, limiting 148

ptation to diverse data and evolving tasks. Thus, 149

scalability and flexibility remain open challenges. 150

2.2 Data Science Agents 151

Large Language Models (LLMs) have acceler- 152

ated automated data science agents for task un- 153

derstanding, data processing, and predictive mod- 154

eling. Tools such as LiDA (Dibia, 2023) and 155

GPT4-Analyst (Cheng et al., 2023) automate ex- 156

ploratory data analysis, while recent work further 157

leverages code-interpreting capabilities to enable 158

more flexible and complex analytics (Seo et al., 159

2025). Multi-agent systems extend this line to- 160

ward end-to-end pipelines: Agent K (Grosnit et al., 161

2024) decomposes for cleaning, feature engineer- 162

ing, modeling and tuning. AutoKaggle (Li et al., 163

2024) follows a multi-phase workflow, and Data In- 164

terpreter (Hong et al., 2025) structures subtasks as 165

dependency graphs; DS Agent Survey (Wang et al., 166

2025) provides a taxonomy linking agent design 167

to workflow stages, and Blackboard DS Discov- 168
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Figure 2: Sequential plan integration and optimization in SPIO (Titanic example). SPIO enumerates candidate
plans for preprocessing, feature engineering, model selection, and hyperparameter tuning (e.g., predictive Age
imputation, interaction/target-encoded features, RF/XGBoost/LogReg choices, and Optuna/Hyperopt search), then
composes them into complete pipelines. Compared with GPT-4o baselines (Zero-Shot ACC 0.78; CoT ACC 0.80),
SPIO selects the best single path (SPIO-S, ACC 0.84) or ensembles the top-k pipelines (SPIO-E, final ACC 0.86).

ery (Salemi et al., 2025) coordinates specialists via169

a shared blackboard for scalable data-lake discov-170

ery; more general-purpose agent frameworks such171

as OpenHands (Wang et al., 2024) and AIDE (Jiang172

et al., 2025) adopt execution-driven iterative loops,173

refining LLM-generated code through repeated174

planning, execution, and feedback. Recent bench-175

marks (Tang et al., 2023; Chan et al., 2024; Huang176

et al., 2023; Nathani et al., 2025) have begun to177

standardize the evaluation of LLM-based data sci-178

ence agents on end-to-end AutoML tasks. How-179

ever, these systems typically follow a single rea-180

soning path with rigid workflows, which can limit181

adaptability to task-specific nuances. To address182

these limitations, we propose the SPIO framework.183

3 Methodology184

3.1 Preliminaries185

Our proposed SPIO framework, as shown in Fig-186

ure 2, integrates sequential planning and optimiza-187

tion into an automated analytics pipeline. The188

framework accepts two primary inputs: a Data189

Description D (detailing data shape, column types,190

length, and sample records) and a Task Description191

T (specifying the prediction type, target column,192

and relevant background). The framework is or-193

ganized into four key components, each playing a194

distinct role in the overall process:195

1. Fundamental Code Generation Agents gen- 196

erate baseline solutions for each module (pre- 197

processing, feature engineering, model selec- 198

tion, hyperparameter tuning) using D and T . 199

2. Sequential Planning Agent reviews the base- 200

line outputs and based on prior plans, pro- 201

duces up to n candidate strategies for further 202

improvement. 203

3. SPIO-S: Single-Path Selection leverages the 204

candidate plans to select one optimal solution 205

path for final execution. 206

4. SPIO-E: Ensemble of Sequential Paths ag- 207

gregates the top k candidates via an ensemble 208

approach to enhance predictive robustness. 209

3.2 Fundamental Code Generation Agents 210

In each module, the fundamental code generation 211

agent establishes a stable baseline by generating 212

executable code and producing a corresponding 213

description of the processed output. We specifically 214

denote each module’s output as a tuple (Ci, Di) 215

or (Ci, Vi), where Ci is the generated code, Di 216

is the description of the resulting data, and Vi is 217

the validation score (used in modeling and tuning 218

stages). For instance, given D and T , the data 219

preprocessing agent produces: 220

(Cpre, Dpre) = G(D,T ), (1) 221
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where Dpre encapsulates key details for data pre-222

processing such as data shape, column types, and223

sample records. The feature engineering agent then224

takes (Cpre, Dpre) along with T to generate:225

(Cfeat, Dfeat) = G(Cpre, Dpre, T ). (2)226

For model selection and hyperparameter tuning,227

the agents output both the generated code and a228

validation score. Specifically, the model selection229

agent processes (Cfeat, Dfeat, T ) to yield:230

(Cmodel, Vmodel) = G(Cfeat, Dfeat, T ), (3)231

and the hyperparameter tuning agent refines the232

model further by producing:233

(Chp, Vhp) = G(Cmodel, Dfeat, T ). (4)234

These outputs form the foundation for subsequent235

reflective improvement.236

3.3 Sequential Planning Agent237

After each fundamental code generation step, a238

sequential planning agent is applied to refine the239

outputs by proposing alternative strategies. In the240

data preprocessing and feature engineering mod-241

ules, the planning agent uses the current code Ci242

and its corresponding output description Di (for243

i ∈ {pre, feat}), along with D, T , and all previ-244

ously generated candidate plans P<i, to propose up245

to n alternative strategies:246

{P 1
i , P

2
i , . . . , P

n
i } = G(Ci, Di, D, T, P<i). (5)247

For the model selection and hyperparameter tun-248

ing modules, the planning agent incorporates the249

validation score Vi (with i ∈ {model, hp}) as a key250

performance indicator, generating:251

{P 1
i , P

2
i , . . . , P

n
i } = G(Ci, Vi, D, T, P<i). (6)252

This reflective planning mechanism systematically253

explores alternative solution paths, thereby support-254

ing subsequent optimization.255

3.4 SPIO-S: Single-Path Selection256

The SPIO-S variant employs an LLM-driven op-257

timization agent to directly identify and select the258

single optimal solution path from among candidate259

plans generated across all modules. Formally, let260

P =
⋃

i∈{pre, feat,model, hp}

{P 1
i , P

2
i , . . . , P

n
i }261

denote the complete set of candidate strategies. 262

Given the data description D, task description T , 263

and intermediate module outputs, the LLM au- 264

tonomously evaluates and selects the most effective 265

candidate plan: 266

P ∗ = SelectBestLLM(P, D, T ). (7) 267

The final executable code is subsequently generated 268

by applying the generative model to the chosen plan 269

P ∗: 270

Cfinal = G(P ∗, D, T ). (8) 271

Executing Cfinal yields the final predictive outcome. 272

3.5 SPIO-E: Ensemble of Sequential Paths 273

The SPIO-E variant enhances predictive robustness 274

by utilizing an LLM-driven optimization agent to 275

select the top k candidate plans for ensemble inte- 276

gration. Specifically, given the candidate plan set 277

P , along with descriptions D, T , and intermediate 278

module outputs, the LLM autonomously selects 279

and ranks the most promising k candidates: 280

{P ∗
1 , P

∗
2 , . . . , P

∗
k } = SelectTopKLLM(P, D, T ).

(9) 281

For each selected candidate plan P ∗
i , executable 282

code is independently generated: 283

Ci
final = G(P ∗

i , D, T ). (10) 284

For classification tasks, the ensemble prediction is 285

computed through soft voting: 286

ŷ = argmax
c∈C

(
1

k

k∑
i=1

pi(c)

)
, (11) 287

while for regression tasks, predictions are averaged 288

across the k models: 289

ŷ =
1

k

k∑
i=1

yi. (12) 290

4 Experiments 291

4.1 Setup 292

Models Used. We utilize GPT-4o (Achiam et al., 293

2023), Claude 3.5 Haiku (Anthropic, 2024)1,and 294

the open-weight LLaMA3-8B model (Dubey et al., 295

2024)2 for our generation tasks. Following 296

prior LLM-based data-science agents and code- 297

generation frameworks to balance exploration and 298

1https://www.anthropic.com/claude/haiku
2https://ai.meta.com/llama/
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execution reliability (Cao et al., 2024; Guo et al.,299

2024; Wu et al., 2024), we adopt a moderate sam-300

pling setup for SPIO to encourage diverse while301

maintaining stable, executable code: temperature=302

0.5, top_p= 1.0, and max_tokens= 4096.303

Experimental Datasets. We evaluate our304

approach on two widely used benchmarks:305

OpenML (Vanschoren et al., 2014) and Kaggle.3306

From OpenML, we use 4 popular datasets (3307

regression, 1 binary classification), partitioned into308

70% train, 10% validation, and 20% test due to309

the absence of predefined splits. From Kaggle,310

we use 8 datasets (7 classification, 1 regression).311

Since these provide leaderboard test sets, we split312

the given training data into 70% training and 30%313

validation data. The validation sets are utilized for314

planning and optimizing, while the leaderboard315

test sets are reserved for the main experiments.4316

Baseline Methods and Implementation De-317

tails. We compare our approach with two single-318

inference and five recently proposed representative319

multi-agent baselines, specifically:320

1. Zero Shot Inference: The LLM generates321

code tailored to the task, without intermediate322

reasoning.323

2. CoT Inference (Wei et al., 2022): The LLM324

generates an explicit step-by-step reasoning325

trace to derive the pipeline, then outputs the326

final executable code.327

3. Agent K v1.0 (Grosnit et al., 2024): uses a328

two-stage workflow that first prepares the data329

and submission artifacts, then trains models330

with hyperparameter tuning and ensembling.331

4. AutoKaggle (Li et al., 2024): follows a six-332

phase workflow: task/background understand-333

ing, exploratory analysis, data cleaning, fea-334

ture engineering, modeling, and final submis-335

sion generation, coordinated by specialized336

agents.337

5. OpenHands (Wang et al., 2024): a general-338

purpose autonomous agent framework that339

decomposes user instructions into tool-340

augmented action sequences. It iteratively341

plans, executes, and revises code using ex-342

ecution feedback, relying on a unified agent343

loop rather than task-specific phases.344

3https://www.kaggle.com/
4Detailed dataset descriptions are provided in Table 6.

6. Data Interpreter (Hong et al., 2025): con- 345

structs high-level task graphs and iteratively 346

refines them into executable action graphs, 347

translating abstract intent into step-by-step 348

code actions guided by intermediate results. 349

7. AIDE (Jiang et al., 2025): performs ML engi- 350

neering as code optimization, using execution 351

scores to search a solution tree. It iteratively 352

selects promising nodes, applies small fixes 353

or improvements, and evaluates new variants. 354

Compared to the baselines, our framework SPIO 355

utilizes LLM-driven planning ability across four 356

modules (preprocessing, feature engineering, mod- 357

eling, and hyperparameter tuning), generating up 358

to two candidate plans per module, where SPIO-S 359

selects the single best plan and SPIO-E ensembles 360

the top two plans. 361

Evaluation Metrics. For each task, we use stan- 362

dard, task-appropriate metrics. Root Mean Squared 363

Error (RMSE) is the primary metric for regression 364

tasks, and for computational convenience, we re- 365

port RMSE even when the official metric is MSE. 366

We additionally evaluate performance using ROC 367

metrics when applicable, and use Accuracy (ACC) 368

as the primary metric for classification tasks. 369

4.2 Experimental Analysis 370

4.2.1 Main Experiment Results 371

We compare our proposed framework SPIO with 372

several baseline methods. As shown in Table 1, 373

while ZeroShot provides quick initial solutions, it 374

typically yields inconsistent results due to its lack 375

of structured reasoning. CoT prompting slightly 376

improves interpretability by adopting step-by-step 377

reasoning but still remains limited by its single- 378

path exploration. Multi-agent frameworks such as 379

Agent K v1.0, Data Interpreter, and AutoKaggle 380

further enhance performance by decomposing the 381

workflow into specialized stages and coordinating 382

multiple agents; however, their stage schemas are 383

largely predefined and they typically refine within a 384

fixed pipeline template, which can limit systematic 385

exploration of diverse module-level alternatives 386

and their combinations. AIDE and OpenHands 387

further enhance performance through execution- 388

driven improvement loops; however, they rely heav- 389

ily on interaction with runtime feedback rather than 390

explicit plan reasoning, making results more sen- 391

sitive to execution budgets and offering weaker 392

plan-level traceability and control. 393
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Table 1: Performance comparison on 8 Kaggle datasets and 4 OpenML datasets for three LLM backends
(GPT-4o, Claude 3.5 Haiku, and LLaMA3-8B). Bold indicates the best; underline indicates the second-best.
Human expert denotes the best public Kaggle leaderboard score achieved by a human expert submission (i.e.,
the top-ranked result at the time of reporting). An asterisk (*) denotes a statistically significant improvement for
SPIO variants (paired t-test with Holm-Bonferroni correction, p < 0.05). Results for OpenHands and AIDE are
unavailable under LLaMA3-8B due to context-length constraints and the lack of native function-calling support.

Methods Titanic Spaceship Monsters Academic Obesity Kc1 Bank
Churn

Plate
Defect

House
Price Boston Diamond Sat11

(ACC↑) (ACC↑) (ACC↑) (ACC↑) (ACC↑) (ACC↑) (ROC↑) (ROC↑) (RMSE↓) (RMSE↓) (RMSE↓) (RMSE↓)

GPT-4o
ZeroShot 0.7464 0.7706 0.7051 0.8269 0.8864 0.8499 0.8192 0.8640 0.1509 4.6387 540.3852 1447.1177
CoT (2022) 0.7440 0.7718 0.7108 0.8280 0.8859 0.8373 0.8719 0.8654 0.1447 4.6387 540.3556 1447.1177
Agent K V1.0 (2024) 0.7608 0.7810 0.6673 0.7879 0.8356 0.8490 0.8796 0.8209 0.1437 3.6797 415.8068 1338.4025
Auto Kaggle (2024) 0.7781 0.7753 0.7253 0.8275 0.8864 0.8422 0.8742 0.8351 0.1441 4.2510 417.9387 1365.7454
OpenHands (2024) 0.7528 0.7860 0.7189 0.8164 0.8815 0.8503 0.8830 0.8632 0.1379 3.4234 569.5314 1355.3216
Data Interpreter (2025) 0.7679 0.7870 0.7289 0.8297 0.8986 0.8482 0.8836 0.8828 0.1415 3.3937 420.9826 1376.4327
AIDE (2025) 0.7775 0.7949 0.7088 0.8340 0.8973 0.8567 0.8877 0.8856 0.1310 3.8445 444.0037 1319.8435
SPIO-S (Ours) 0.7847* 0.8010* 0.7316* 0.8341* 0.9071 0.8590 0.8877* 0.8836* 0.1310* 3.0312 404.6253 1290.9073
SPIO-E (Ours) 0.7871* 0.8034* 0.7410* 0.8359* 0.9072 0.8687 0.8885* 0.8843* 0.1298* 2.9192 398.8893 1268.7817

Claude 3.5 Haiku
ZeroShot 0.7488 0.7904 0.7089 0.8281 0.8910 0.8594 0.7251 0.8657 0.1473 4.6387 543.1463 1446.9613
CoT (2022) 0.7488 0.7917 0.6994 0.8282 0.8904 0.8547 0.7454 0.8685 0.1467 4.6421 543.1463 1440.0644
Agent K V1.0 (2024) 0.7512 0.7928 0.7127 0.8288 0.8988 0.8639 0.8863 0.8813 0.1407 2.9710 546.9876 1445.1732
Auto Kaggle (2024) 0.7688 0.7884 0.7207 0.8182 0.8933 0.7427 0.8459 0.8243 0.1480 3.2183 789.4067 1288.3061
OpenHands (2024) 0.7727 0.7830 0.7051 0.8267 0.8894 0.8456 0.8656 0.8577 0.1445 3.1952 517.1757 1369.5845
Data Interpreter (2025) 0.7464 0.7940 0.6994 0.8282 0.8951 0.8578 0.8744 0.8642 0.1384 2.8378 565.1463 1350.7718
AIDE (2025) 0.7625 0.7893 0.7316 0.8335 0.8948 0.8706 0.8887 0.8856 0.1392 2.8556 560.4698 1273.8269
SPIO-S (Ours) 0.7780* 0.7996* 0.7278* 0.8336* 0.9058* 0.8626 0.8812* 0.8867* 0.1334* 2.8418 514.3608 1279.6327
SPIO-E (Ours) 0.7775* 0.8027* 0.7297* 0.8340* 0.9066* 0.8723 0.8863* 0.8830* 0.1332* 2.8409 511.2089 1270.2695

LLaMA3-8B
ZeroShot 0.7410 0.7704 0.6880 0.8148 0.8793 0.8294 0.7783 0.8554 0.1521 4.6387 547.8507 1450.8444
CoT (2022) 0.7434 0.7819 0.7002 0.8181 0.8789 0.8279 0.7839 0.8570 0.1497 4.6387 546.4380 1425.4643
Agent K V1.0 (2024) 0.7512 0.7803 0.7013 0.8052 0.8855 0.8310 0.8671 0.8488 0.1458 4.0728 544.0589 1408.9078
Auto Kaggle (2024) 0.7415 0.7787 0.7018 0.8150 0.8775 0.8293 0.8505 0.8501 0.1469 4.1962 542.8794 1372.6835
Data Interpreter (2025) 0.7536 0.7830 0.7022 0.8187 0.8855 0.8362 0.8695 0.8613 0.1452 4.3823 538.0820 1378.5213
SPIO-S (Ours) 0.7583* 0.7896* 0.7101 0.8208* 0.8935* 0.8424 0.8733* 0.8613* 0.1398* 3.6467 533.1050 1359.8238
SPIO-E (Ours) 0.7560* 0.7907* 0.7115* 0.8238* 0.8971* 0.8474 0.8785* 0.8739 0.1388 3.4386 524.1970 1353.8603

Human Expert - 0.8218 0.8072 0.8404 0.9116 - 0.9059 0.8898 - - - -

In contrast, SPIO overcomes the limitations of394

single-path and rigid multi-agent workflows by inte-395

grating sequential optimization with explicit multi-396

path exploration across data preprocessing, feature397

engineering, model selection, and hyperparameter398

tuning. By generating and evaluating multiple can-399

didate plans at each stage, SPIO improves adapt-400

ability and reduces the risk of suboptimal local401

decisions. Crucially, SPIO conditions later-stage402

decisions on intermediate evidence, rather than op-403

timizing each module in isolation. This staged plan404

trace also makes the final pipeline more transparent,405

since SPIO can attribute gains to specific module-406

level choices.5 In particular, SPIO-S employs an407

LLM-driven optimization agent to select the most408

effective end-to-end pipeline, while SPIO-E fur-409

ther enhances robustness by ensembling top-ranked410

plans to exploit complementary modeling strengths.411

As a result, SPIO consistently outperforms strong412

baselines across diverse datasets, achieving an av-413

erage performance improvement of 5.6% across 12414

5Experiments on datasets released after the language
model’s pretraining are provided in the Appendix A.

benchmark datasets (Table 1), which demonstrates 415

its effectiveness in complex, real-world scenarios. 416

4.3 Ablation Studies 417

To further validate the robustness and effectiveness 418

of SPIO, we conducted comprehensive ablation 419

studies focusing on three key aspects: (1) Perfor- 420

mance Comparison of Each Plan, (2) Ensemble 421

Validation, (3) and Module Impact Analysis. 422

4.3.1 Performance Comparison of Each Plans 423

We evaluate the predictive performance of candi- 424

date plans ranked by the LLM to verify the efficacy 425

of its selection strategy. We specifically compare 426

the relative ranks and weighted average scores of 427

the top-ranked plans generated at each stage. 428

As shown in Table 2, experimental results 429

demonstrated that the first-ranked plan consistently 430

achieved superior performance relative to other 431

lower-ranked alternatives across multiple datasets. 432

This finding validates that the LLM-driven ranking 433

method accurately captures the underlying qual- 434

ity of generated plans, confirming the reliability 435

and rationale behind its decisions. Leveraging the 436
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Table 2: Results of Ablation Studies: (1) Performance Comparison, (2) Ensemble Validation and (3) Module
Impact on SPIO-S and SPIO-E Variants Across GPT-4o, Claude 3.5 Haiku, and LLaMA3-8B. Bold text
indicates the best performance. Underlined text indicates the second-best performance.

LLM
GPT-4o Claude 3.5 Haiku LLaMA3-8B

ACC/ROC ↑ RMSE ↓ ACC/ROC ↑ RMSE ↓ ACC/ROC ↑ RMSE ↓

Performance Comparison
SPIO-S Top1 0.8361 424.6737 0.8344 449.2421 0.8187 474.1788
SPIO-S Top2 0.8308 448.2788 0.8339 469.6405 0.8025 480.1354
SPIO-S Top3 0.8248 501.7758 0.8203 504.4984 0.8052 496.9982
SPIO-S Top4 0.8193 454.9485 0.8176 596.6416 0.7931 498.5383

Ensemble Validation
SPIO-S 0.8361 424.6737 0.8344 449.2421 0.8187 474.1788
SPIO-E Ensemble2 0.8395 417.6800 0.8365 446.1131 0.8224 470.4087
SPIO-E Ensemble3 0.8375 427.0149 0.8476 460.0835 0.8140 486.7630
SPIO-E Ensemble4 0.8341 429.5985 0.8323 524.2414 0.8014 486.3129

Module Impact Analysis
(w/o) Preprocess 0.8310 434.4996 0.8276 472.4470 0.8331 497.3395
(w/o) Feature Eng. 0.8274 458.6899 0.8152 483.1569 0.8258 494.3421
(w/o) Model Select 0.8271 458.4007 0.8272 484.9608 0.8284 503.2921
(w/o) Hyper Param 0.8317 479.2854 0.8230 684.8432 0.8310 526.5389

LLM’s top-ranked plan selection ensures that SPIO437

effectively prioritizes the most robust strategies, im-438

proving overall predictive performance.439

4.3.2 Ensemble Validation440

We further explore the optimal number of ensem-441

ble (k) by analyzing predictive performance across442

ensembles comprising two to four candidate plans.443

Table 2 summarizes the results across different en-444

semble sizes of each model.445

The results clearly indicate that ensembles of446

two candidate plans consistently achieved the high-447

est predictive accuracy, providing an optimal bal-448

ance of diversity and precision. Ensembles with449

more than two plans introduced redundancy with-450

out significant performance gains, whereas a single-451

plan approach lacked the robustness afforded by452

ensemble diversity. We demonstrate that an ensem-453

ble consisting of the Top 1 and Top 2 plans yields454

the best performance.455

4.3.3 Module Impact Analysis456

We assess the contribution of each module within457

SPIO by removing, in turn, the data preprocessing,458

feature engineering, modeling, and hyperparameter459

tuning components and comparing performance.460

Table 2 results in a distinct contrast in how dif-461

ferent components support SPIO’s performance.462

When feature engineering or hyperparameter tun-463

ing is removed, the system’s gains largely disap-464

pear, resulting in a pronounced reduction in overall465

predictive accuracy. Meanwhile, eliminating data 466

preprocessing or the modeling module reduces per- 467

formance to a lesser extent, though the drop re- 468

mains clearly observable. This contrast suggests 469

that feature engineering and hyperparameter tun- 470

ing are the primary drivers behind SPIO’s robust, 471

high-quality results across varied datasets. 472

5 Qualitative Study 473

To complement quantitative benchmarks, we con- 474

ducted an expert qualitative study to assess the 475

practical acceptability of SPIO pipelines. We 476

considered 10 distinct LLM–datasets (e.g., GPT- 477

4o-Titanic) pairs and recruited 10 AI practition- 478

ers and graduate-level participants, yielding 100 479

dataset–participant evaluation pairs. For each 480

dataset, we evaluated six items ranging from the 481

preprocessing outcomes to the optimal methods se- 482

lected by SPIO-S and SPIO-E, and scored each 483

item using four predefined evaluation criteria. In 484

addition, we included a single forced-choice ques- 485

tion to collect expert votes on the most highly rated 486

item among the Top-1 to Top-3 candidates. 487

Evaluation Dimensions All Likert items are 488

grouped into four subjective dimensions: 489

• Plausibility: Is the SPIO pipeline reasonable 490

and safe? 491

• Interpretability: Are SPIO’s explanations 492
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Table 3: Expert subjective ratings (mean±std) for
the final optimal pipelines. ∗ indicates SPIO-E signif-
icantly outperforms SPIO-S (paired t-test with Holm-
Bonferroni correction; p < 0.05).

Dimension SPIO-S SPIO-E

Plausibility 4.38 ± 0.56 4.54 ± 0.29∗

Interpretability 4.21 ± 0.45 4.37 ± 0.30∗

Diversity & Coverage 4.10 ± 0.47 4.35 ± 0.30∗

Usability & Trust 4.28 ± 0.46 4.55 ± 0.26∗

and rationales clearer than typical AutoML493

tools?494

• Diversity and Coverage: Does the multi-path495

ensemble explore distinct strategies and cover496

the space well?497

• Usability and Trust: Would the participant498

trust and use SPIO in practice or research?499

Result of Metric-Wise Plan Rating : Partici-500

pants rated the metric-wise plans of final SPIO-S501

and SPIO-E pipelines on four dimensions using502

five-point Likert items. As shown in Table 3, All503

stage-wise components average above 4.0, and fi-504

nal pipelines score higher: SPIO-S = 4.24±0.18505

and SPIO-E = 4.45±0.15.506

Additionally, Table 3 figures out that SPIO-E is507

consistently higher across all dimensions, with sta-508

tistically significant gains (paired t-test with Holm-509

Bonferroni correction; p < 0.05). Finally, to test510

alignment between the LLM’s internal ranking and511

expert discrete choices, participants selected the512

best plan among the anonymized top-3 SPIO-E513

candidates per dataset: Plan 1 was chosen 72/100514

times (72%), versus 22 and 6 for Plan 2 and plan 3,515

indicating strong agreement with the top-1 recom-516

mendation generated from LLM.6517

6 Discussion518

Multi-Path Planning improved performance.519

Our experiments and ablation studies show that520

SPIO’s sequential multi-path planning substan-521

tially improves automated analytics and predictive522

modeling, enhancing not only accuracy but also in-523

terpretability and robustness. Compared to conven-524

tional single-path workflows, SPIO explores multi-525

ple candidate strategies at each stage. This system-526

atic yet flexible design produces robust, well-tuned527

models that better reflect real-world data complexi-528

ties and user-specific analytical goals.529

6Detailed qualitative evaluation results are provided in
Appendix C.

Method
Method 1
Method 2
Method 3

Stage
preprocessing
feature engineering

Figure 3: Distribution of Preprocessing and Feature
Engineering Method. PCA projection of embedded
preprocessing and Feature engineering methods.

Diverse Planning Across Modules. To illustrate 530

that SPIO explores diverse strategies rather than 531

following a fixed workflow, we embed the natural- 532

language plans generated in each module using 533

text-embedding-ada-002 from OpenAI and project 534

them to 2D with PCA for visualization. Figure 3 535

shows that plans in Preprocessing and Feature En- 536

gineering spread broadly in the embedding space, 537

suggesting SPIO adapts its decision to dataset char- 538

acteristics instead of collapsing to a single preferred 539

pattern.7 540

7 Conclusion 541

SPIO advances automated data science by integrat- 542

ing sequential planning with multi-path exploration, 543

improving predictive accuracy by an average of 544

5.6% over state-of-the-art baselines. SPIO inte- 545

grates sequential planning, multi-path exploration, 546

and ensemble optimization across four modules, 547

using LLM-driven decisions to generate candidate 548

strategies that capture complex data and improve 549

robustness. Two variants, SPIO-S and SPIO-E, of- 550

fer flexible use. Our ablation studies validate these 551

gains: top-ranked plans outperform lower-ranked 552

alternatives, and a Top-k = 2 ensemble yields the 553

most reliable improvement, while removing key 554

modules degrades performance. Our discussion 555

highlights that SPIO explores diverse module-level 556

strategies rather than collapsing to a fixed workflow, 557

supporting robustness and interpretability in prac- 558

tice. Future work will extend SPIO to dynamic, 559

interactive data environments to enhance utility in 560

large-scale, real-world deployments. 561

7Additional module visualizations (model selection and
hyperparameter tuning) are provided in Appendix D.
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Limitation562

Although our baseline comparisons show that563

SPIO generally achieves stronger predictive per-564

formance than single-pass prompting and recent565

multi-agent frameworks, it does not guarantee that566

the selected or ensembled pipeline is always glob-567

ally optimal for every dataset. Since SPIO relies568

on LLM-generated plans and LLM-driven rank-569

ing to compose end-to-end solutions across pre-570

processing, feature engineering, model selection,571

and hyperparameter tuning, the final outcome can572

be sensitive to the LLM backend, prompt context,573

and generation stochasticity. In future work, we574

plan to develop more verification- and feedback-575

driven plan selection, improve efficiency through576

early pruning and cost-aware search, and expand577

the supported toolchains to enhance robustness and578

generalization across broader real-world settings.579

Ethics Statement580

SPIO can enhance automated data science through581

LLM-based planning and code generation, but also582

poses ethical and safety risks. Generated pipelines583

may encode bias or lead to unfair outcomes, and584

errors such as target leakage or poor validation585

can yield misleading results. SPIO is a research586

framework, not a fully audited system, so practi-587

tioners must implement governance and guardrails,588

including constraint-aware planning and automated589

checks, for responsible use.590

Use of AI Assistants591

We used general-purpose AI assistants only for592

feedback on writing quality and clarity, and not for593

experiment design, data analysis, or result genera-594

tion. All scientific content was written and revised595

by the authors.596

Reproducibility Statement597

We present comprehensive information on architec-598

tures, datasets, and evaluation protocols both in the599

main text and the Appendix. Additionally, our code600

and scripts required to replicate all experiments are601

available at https://anonymous.4open.scienc602

e/r/SPIO-E89C.603
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A Datasets Released After 2025892

Table 4: Performance on datasets released after
LLM pre-training. Results on three Kaggle datasets
published in 2025 (RainFall, BackPack, and Podcast),
which were unavailable during the pre-training of the
evaluated language models. Human expert denotes the
best public Kaggle leaderboard score achieved by a
human expert submission (i.e., the top-ranked result
at the time of reporting). Bold denotes the best re-
sult, and underline denotes the second-best result. Re-
sults for OpenHands and AIDE are unavailable under
LLaMA3-8B due to context-length constraints and the
lack of native function-calling support.

Methods RainFall BackPack Podcast
(ACC) ↑ (RMSE) ↓ (RMSE) ↓

GPT-4o
ZeroShot 0.8641 38.8250 12.3384
CoT 0.8655 38.8012 12.3158
Agent K V1.0 0.8691 38.7277 12.2849
Auto Kaggle 0.8879 38.7353 12.3042
OpenHands 0.8882 38.8392 12.4421
Data Interpreter 0.8884 38.7168 12.2549
AIDE 0.8932 38.8318 12.3371
SPIO-S (Ours) 0.8995 38.7071 12.1873
SPIO-E (Top 2 Ensemble) 0.9004 38.6823 12.1072

Claude 3.5 Haiku
ZeroShot 0.8439 38.8138 12.3419
CoT 0.8497 38.8038 12.3242
Agent K V1.0 0.8526 38.7419 12.2750
Auto Kaggle 0.8719 38.7290 12.2388
OpenHands 0.8789 38.9418 12.4609
Data Interpreter 0.8731 38.7249 12.1948
AIDE 0.8812 38.9195 12.5523
SPIO-S (Ours) 0.8874 38.7071 12.1914
SPIO-E (Top 2 Ensemble) 0.8923 38.6672 12.1823

LLaMA3-8B
ZeroShot 0.8420 38.8450 12.3700
CoT 0.8470 38.8320 12.3550
Agent K V1.0 0.8501 38.7890 12.2980
Auto Kaggle 0.8549 38.7840 12.3090
Data Interpreter 0.8564 38.7740 12.2760
SPIO-S (Ours) 0.8608 38.7520 12.2450
SPIO-E (Top 2 Ensemble) 0.8738 38.7380 12.2278

Human Expert 0.9065 38.6162 11.4483

Most datasets used in our main experiments were893

released prior to 2025. As a result, one might894

raise concerns that such datasets could have been895

included in the pre-training corpora of large lan-896

guage models, potentially introducing unintended897

data leakage. To explicitly address this concern,898

we additionally evaluate our framework on three899

Kaggle datasets released in 2025, consisting of one900

classification task and two regression tasks. These901

datasets are used solely to verify that the observed902

performance gains stem from the proposed method-903

ology rather than memorization or prior exposure904

during model pre-training.905

Specifically, we include the RainFall (classifi- 906

cation), BackPack (regression), and Podcast (re- 907

gression) datasets, all of which were published in 908

2025 and were therefore unavailable during the 909

pre-training of the evaluated language models. Ex- 910

perimental results on these datasets demonstrate 911

that SPIO continues to outperform strong base- 912

lines, confirming that the performance improve- 913

ments are driven by structured multi-path planning 914

and optimization rather than reliance on pre-trained 915

knowledge. Notably, on the RainFall classifica- 916

tion dataset, SPIO-E with GPT-4o achieves perfor- 917

mance within approximately the top 9% of the pub- 918

lic Kaggle leaderboard at the time of submission, 919

further highlighting the practical competitiveness 920

and robustness of our approach on contemporary, 921

real-world data. 922

B Supplementary of Main Experiments 923

Dataset Information Tables 5 and 6 summarize 924

the datasets used in our main experiments, includ- 925

ing their sizes, feature dimensionality, task types, 926

and data sources. These benchmarks cover a di- 927

verse set of real-world supervised learning tasks 928

from Kaggle and OpenML, spanning binary and 929

multi-class classification as well as regression, with 930

dataset sizes ranging from hundreds to millions of 931

instances. 932

Failure Rate Analysis. We report the failure rate 933

at K attempts (FR@K) for baseline methods and 934

SPIO variants. FR@K is defined as the proportion 935

of tasks that are not successfully completed within 936

at most K execution attempts. For example, FR@3 937

denotes the fraction of tasks that still fail after three 938

execution attempts. Table 7 summarizes FR@K 939

for representative baseline methods and SPIO-S 940

using GPT-4o and Claude 3.5 Haiku. Several 941

single-path or weakly validated approaches (e.g., 942

Agent K v1.0 and AutoKaggle) exhibit relatively 943

high initial failure rates (FR@1), indicating vul- 944

nerability to cascading errors caused by an incor- 945

rect first-generation output. More execution-driven 946

methods, such as AIDE and OpenHands, also show 947

non-negligible FR@1, reflecting instability in early 948

iterations despite iterative refinement. In contrast, 949

SPIO-S rapidly reduces failures, achieving FR@3 950

= 0 under both LLMs despite a non-zero FR@1. 951

This behavior demonstrates effective early recovery 952

enabled by SPIO’s multi-path candidate generation 953

and selection mechanism. All evaluated methods 954

converge to zero failure rates by K = 10. 955
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Table 5: Dataset statistics used in the main experiments. We report dataset sizes, feature dimensionality, task
types, and the fraction of missing values in the training and test splits.

Dataset #Train #Test #Features Label Task Null Ratio (Train/Test)

Kaggle Datasets
Titanic 891 418 11 Survived Classification 0.088 / 0.090
House Prices 1460 1459 80 SalePrice Regression 0.067 / 0.068
Spaceship Titanic 8693 4277 13 Transported Classification 0.021 / 0.020
Monsters 371 529 6 Type Classification 0.000 / 0.000
Academic Success 76518 51012 37 Target Classification 0.000 / 0.000
Bank Churn 165034 110023 13 Exited Classification 0.000 / 0.000
Obesity Risk 20758 13840 17 NObeyesdad Classification 0.000 / 0.000
Plate Defect 19219 12814 35 Class Multi-class 0.000 / 0.000
BackPack 3694318 200000 9 Price Regression 0.019 / 0.021
Rainfall 2190 730 11 Rainfall Classification 0.000 / 0.000
Podcast 750000 250000 10 Listening_Time_minutes Regression 0.031 / 0.031

OpenML Datasets
Boston Housing 506 – 13 MEDV Regression 0.000 / –
Diamonds 53940 – 9 Price Regression 0.000 / –
KC1 2109 – 21 Defects Classification 0.000 / –
SAT11 4440 – 117 Runtime Regression 0.000 / –

Table 6: Summary of datasets used in our experiments. The table includes benchmark datasets from Kaggle and
OpenML, covering a diverse range of supervised learning tasks.

Dataset Link
Kaggle Datasets
Titanic https://www.kaggle.com/competitions/titanic
House Prices https://www.kaggle.com/competitions/house-prices-advanced-regression-techniques
Spaceship Titanic https://www.kaggle.com/competitions/spaceship-titanic
Monsters https://www.kaggle.com/competitions/ghouls-goblins-and-ghosts-boo
Academic Success https://www.kaggle.com/competitions/playground-series-s4e6
Bank Churn https://www.kaggle.com/competitions/playground-series-s4e1
Obesity Risk https://www.kaggle.com/competitions/playground-series-s4e2
Plate Defect https://www.kaggle.com/competitions/playground-series-s4e3
BackPack https://www.kaggle.com/competitions/playground-series-s5e2
Rainfall https://www.kaggle.com/competitions/playground-series-s5e3
Podcast https://www.kaggle.com/competitions/playground-series-s5e4
OpenML Datasets
Boston Housing https://www.openml.org/d/531
Diamonds https://www.openml.org/d/42225
KC1 https://www.openml.org/d/1067
SAT11 https://www.openml.org/d/41980

To further analyze robustness under constrained956

model capacity, we measure FR@K at each957

pipeline stage using LLaMA-3 8B (Table 8). The958

uniformly high initial failure rates (FR@1 = 1.0959

across all stages) reflect the difficulty for a smaller960

LLM to generate fully executable plans or code961

on the first attempt without iterative refinement.962

Nevertheless, failure rates decrease sharply with963

K, often reaching zero by K = 20 and, in some964

cases, much earlier. Bold entries denote the lowest965

FR@K values within each column, corresponding966

to the earliest recovery among pipeline stages.967

Token Usage Analysis. Figure 4 illustrates the968

step-wise token usage of all compared frameworks,969

decomposed into input tokens (prompts, intermedi-970

ate plans, and execution context) and output tokens971

(generated code and predictions). Token counts are 972

shown on a logarithmic scale to accommodate the 973

wide variation across methods. 974

Single-pass baselines such as ZeroShot and CoT 975

exhibit low and stable token usage due to the ab- 976

sence of iterative planning. In contrast, multi-agent 977

pipelines (Agent K, AutoKaggle, and Data Inter- 978

preter) consume substantially more tokens as tasks 979

are decomposed into multiple stages with inter- 980

mediate representations. OpenHands and AIDE 981

show higher token consumption, with interactions 982

dominated by execution and environment feedback 983

rather than explicit algorithmic planning. 984

SPIO and its variants maintain bounded per-step 985

token usage while supporting sequential planning 986

and selective exploration across modules. This 987
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Table 7: Failure rate at K attempts (FR@K) across
methods using GPT-4o and Claude 3.5 Haiku (lower
is better).

Score FR@1 FR@3 FR@5 FR@10

GPT-4o
ZeroShot 0.08 0 0 0
CoT 0 0 0 0
Agent K V1.0 0.33 0.16 0.08 0
Data Interpreter 0 0 0 0
Auto Kaggle 0.50 0.08 0.08 0
AIDE 0.33 0.08 0 0
OpenHands 0.50 0.16 0.08 0
SPIO-S (Ours) 0.33 0 0 0

Claude 3.5 Haiku
ZeroShot 0 0 0 0
CoT 0.25 0 0 0
Agent K V1.0 0.17 0.08 0 0
Data Interpreter 0.08 0.08 0 0
Auto Kaggle 0.58 0.17 0 0
AIDE 0.33 0.17 0 0
OpenHands 0.58 0.08 0 0
SPIO-S (Ours) 0.33 0.08 0 0

Table 8: Failure rate of LLaMA3-8B at K attempts of
each stage.

Step FR@1 FR@3 FR@5 FR@10 FR@15 FR@20

Feature Engineering 1.00 0.89 0.80 0.70 0.35 0
Preprocess 1.00 0.84 0.75 0.56 0.25 0
HyperParameter 1.00 0.80 0.69 0.47 0.25 0
Model Selection 1.00 0.73 0.59 0.35 0.10 0

result indicates that structured, stage-aware multi-988

path planning can achieve a favorable balance be-989

tween expressiveness and token efficiency com-990

pared to unconstrained autonomous-agent frame-991

works.992

Performance–Token Cost Trade-off. Figure 5993

analyzes the trade-off between predictive perfor-994

mance and token cost across different frameworks.995

Each point represents the average performance996

(ACC/ROC for classification and RMSE for regres-997

sion) as a function of the corresponding token con-998

sumption, plotted on a logarithmic scale. Single-999

pass baselines achieve low token cost but relatively1000

weaker performance, whereas multi-agent systems1001

improve accuracy at the expense of increased token1002

usage. OpenHands and AIDE incur substantially1003

higher token costs with comparatively limited per-1004

formance gains. In contrast, SPIO-S and SPIO-E1005

consistently achieve superior performance under1006

comparable or lower token budgets, illustrating that1007

structured multi-path planning yields a more favor-1008

able performance–efficiency balance.1009
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Figure 5: Performance versus token cost trade-off
across different frameworks. Left: classification per-
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Right: regression performance measured by RMSE
(lower is better). Token cost is shown on a logarith-
mic scale.

Qualitative Planning Analysis. We present a 1010

concrete comparative example of SPIO’s multi- 1011

stage, multi-candidate reasoning on the Mon- 1012

sters dataset (Claude-3.5 Haiku variant). This 1013

dataset has a moderate size and feature complex- 1014

ity, making it suitable for analyzing the inter- 1015

pretability of alternative solution paths. At each 1016

critical stage—preprocessing, feature engineering, 1017

model selection, and hyperparameter optimiza- 1018

tion—SPIO enumerates multiple candidate strate- 1019

gies, evaluates them on validation splits, and re- 1020

tains only the highest-performing pipelines. Ta- 1021

ble 9 summarizes the top four ranked solution 1022

paths (Top 1–Top 4) automatically generated and 1023

selected. 1024

Key Distinctions Across Ranked Paths. The 1025

top-ranked pipelines differ along four principal 1026

axes: (i) the depth and rigor of normalization and 1027

distribution diagnostics, (ii) the sophistication of 1028

categorical and probabilistic encoding strategies, 1029

(iii) the exploitation of interaction or polynomial 1030
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Table 9: Representative high-performing solution
paths generated by SPIO on the Monsters dataset
using Claude 3.5 Haiku.

Rank Score Pipeline Configuration

Top 1 0.7973 Preprocess: feature normalization,
distribution-aware scaling
Feature: interaction terms, polynomial
expansion
Model/HPO: XGBoost + Random Forest
ensemble (0.5/0.5), Optuna

Top 2 0.6667 Preprocess: categorical encoding, feature
generation
Feature: probabilistic encoding
Model/HPO: XGBoost + SVM ensemble
(0.5/0.5), Bayesian optimization (Hyper-
opt)

Top 3 0.6800 Preprocess: robust scaling, outlier han-
dling
Feature: anomaly-aware feature construc-
tion
Model/HPO: Random Forest + SVM en-
semble (0.5/0.5), grid search (CV)

Top 4 0.7255 Preprocess: feature normalization
Feature: probabilistic encoding
Model/HPO: XGBoost + Random Forest
ensemble (0.5/0.5), Bayesian optimization
(Hyperopt)

feature expansions, and (iv) the ensemble structure1031

and chosen hyperparameter optimization backend.1032

Interpretive Factors Driving Top Performance.1033

The Top 1 solution outperforms lower-ranked alter-1034

natives primarily due to:1035

1. Meticulous normalization and outlier han-1036

dling, which reduces variance amplification1037

in downstream interaction terms;1038

2. Explicit modeling of nonlinear feature in-1039

teractions via polynomial and cross features,1040

improving class separability;1041

3. Balanced tree-ensemble composition (het-1042

erogeneous inductive biases of XGBoost and1043

Random Forest), yielding a favorable bias–1044

variance trade-off; and1045

4. Efficient hyperparameter optimization (Op-1046

tuna), producing well-tuned depth, learning1047

rate, and regularization settings within the al-1048

located budget.1049

Lower-ranked pipelines rely more heavily on cat-1050

egorical embeddings or simpler ensemble combina-1051

tions (e.g., Random Forest with SVM) and employ1052

less exhaustive interaction generation. As a result,1053

they achieve modestly lower validation accuracy 1054

despite remaining methodologically sound. This 1055

case study illustrates how SPIO’s evidence-driven 1056

“generate–evaluate–select” loop at each stage pro- 1057

duces robust, high-quality solutions that surpass 1058

fixed or less adaptive baselines. The diversity 1059

of candidate plans—ranging from normalization- 1060

centric to probabilistic encoding and anomaly- 1061

aware strategies—also contributes to robustness, 1062

as even non-top pipelines remain competitive. 1063

All plans are generated under identical infer- 1064

ence settings (temperature 0.5, maximum tokens 1065

4096). For each ranked plan, we log preprocess- 1066

ing transformations, feature engineering steps, se- 1067

lected model families, ensemble weights, and hy- 1068

perparameter optimization configurations (algo- 1069

rithm, budget, and final parameters). Serialized 1070

JSON descriptors are retained for auditability. 1071

C Qualitative Expert Evaluation 1072

Participants and Procedure. We recruited 10 1073

participants who either work in AI-related pro- 1074

fessional roles or hold graduate-level degrees in 1075

relevant fields. Each participant evaluated SPIO- 1076

generated pipelines on 10 datasets (the same 1077

datasets used in the quantitative benchmarks), re- 1078

sulting in a total of 100 dataset–participant evalua- 1079

tion pairs. 1080

For each dataset, SPIO generates plans 1081

for the main stages of the data science 1082

pipeline—preprocessing, feature engineering, 1083

model selection, and hyperparameter tuning—as 1084

well as two final “optimal” pipelines: one selected 1085

by the sequential single-path framework (SPIO-S) 1086

and one selected by the ensemble framework 1087

(SPIO-E). Participants completed twenty 5-point 1088

Likert-scale questions (1 = strongly disagree, 5 = 1089

strongly agree) and one multiple-choice question 1090

per dataset. 1091

Stage-wise Results. Table 10 reports the average 1092

subjective ratings for each SPIO pipeline compo- 1093

nent and for the two final optimal pipelines, aggre- 1094

gated across all datasets and participants. 1095

Plan-Choice Task (Discrete Agreement with 1096

LLM Ranking). While Likert-scale ratings cap- 1097

ture graded preferences, they do not directly assess 1098

whether the LLM’s internal ranking of candidate 1099

plans aligns with experts’ discrete choices. To eval- 1100

uate this alignment, we included a multiple-choice 1101

plan-selection task. 1102
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Table 10: Average subjective ratings (mean and stan-
dard deviation) for each SPIO pipeline component
and final optimal method (1 = strongly disagree, 5 =
strongly agree).

Pipeline component Mean Std. dev.

Preprocessing 4.07 0.17
Feature engineering 4.13 0.17
Model selection 4.20 0.17
Hyperparameter selection 4.09 0.19

Optimal method (SPIO-S) 4.24 0.18
Optimal method (SPIO-E) 4.45 0.15
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Figure 6: Histogram of subjective Likert ratings ag-
gregated over participants, datasets, pipeline stages,
and final methods.

For each dataset, SPIO-E generates three can-1103

didate “optimal” pipelines (Plan 1–Plan 3), corre-1104

sponding to the top-3 combinations according to1105

the LLM’s internal scoring. As shown in Figure 7,1106

participants were shown these three anonymized1107

pipelines and asked to select the one they consid-1108

ered best suited for the given dataset. This pro-1109

cedure yields 10 datasets × 10 participants = 1001110

independent selection tasks. Aggregated results1111

show that Plan 1 was selected in 72 cases, whereas1112

Plan 2 and Plan 3 were chosen 22 and 6 times,1113

respectively.1114

Statistical Testing. To compare SPIO-S and1115

SPIO-E on the final optimal pipelines, we con-1116

ducted paired t-tests for each subjective evaluation1117

dimension and applied the Holm–Bonferroni cor-1118

rection to control the family-wise error rate across1119

dimensions. We report statistically significant dif-1120

ferences at p < 0.05 after correction.1121

D Diversity Visualization Details1122

Embedding and PCA Procedure. We visualize1123

the diversity of SPIO generated plans by embed-1124

ding each plan’s textual description using the text-1125
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Figure 7: Expert choices among the top-3 final plans
generated by SPIO-E (Plan 1-3). Bars show how often
each plan was chosen versus not chosen across all choice
tasks.

embedding-ada-002 model from OpenAI. For a 1126

given set of plan texts within a module, we obtain a 1127

fixed-dimensional embedding vector for each plan 1128

and apply principal component analysis (PCA) to 1129

project the embeddings into two dimensions for 1130

visualization. 1131

These visualizations are intended as qualitative 1132

indicators of diversity. A broad spatial spread 1133

and the presence of multiple regions in the two- 1134

dimensional projection suggest that the generated 1135

plans differ substantially in their semantic content, 1136

rather than being minor variations of a single tem- 1137

plate. 1138

Additional Module Distributions. In addition 1139

to the preprocessing and feature engineering visu- 1140

alizations presented in the main paper (Figure 3), 1141

we also visualize the distributions of plans gener- 1142

ated for the Model Selection and Hyperparameter 1143

Tuning modules. Figure 8 illustrates how the top 1144

candidate plans emphasize different model fam- 1145

ilies and hyperparameter optimization strategies. 1146

Although individual plans may prioritize specific 1147

design choices, the candidate sets collectively span 1148

a wide range of approaches, indicating that SPIO 1149

explores diverse alternatives rather than converging 1150

on a single preferred tool or configuration. 1151

Interpretation Notes. The PCA-based visualiza- 1152

tions provide qualitative evidence of plan diversity 1153

and should not be interpreted as calibrated or quan- 1154

titative diversity metrics. In particular, distances 1155

in the two-dimensional projection do not necessar- 1156

ily preserve all relationships in the original high- 1157

dimensional embedding space, and the embedding 1158

model itself induces a specific semantic geome- 1159
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Figure 8: Distribution of Model and Hyperparameter
selection. Distribution of methods across the top-3
candidate model-selection and hyperparameter plans.

try. Nevertheless, the consistently broad spread1160

observed across modules suggests that SPIO does1161

not collapse to a rigid, single-path pipeline, but in-1162

stead generates multiple distinct and semantically1163

diverse candidate strategies.1164

E Used Libraries in each Module 1165

Table 11: Whitelisted Python libraries/classes by
pipeline step. Only these modules (and Python standard
library utilities) are invoked by agent-generated code.

Step Libraries / Classes / Functions

Preprocessing numpy, pandas
Feature Engineering numpy, pandas,

sklearn.impute:SimpleImputer,
sklearn.preprocessing:LabelEncoder,
MinMaxScaler, PolynomialFeatures,
RobustScaler, StandardScaler, warnings

Model Selection numpy, pandas,
sklearn.compose:ColumnTransformer,
sklearn.ensemble:GradientBoostingRegressor,
RandomForestClassifier,
RandomForestRegressor,
sklearn.impute:SimpleImputer,
sklearn.linear_model:Lasso,
LinearRegression, LogisticRegression,
Ridge, sklearn.metrics:accuracy_score,
classification_report,
mean_absolute_error, mean_squared_error,
r2_score, roc_auc_score,
sklearn.model_selection:train_test_split,
sklearn.multioutput:MultiOutputClassifier,
sklearn.pipeline:Pipeline,
sklearn.preprocessing:LabelEncoder,
OneHotEncoder, StandardScaler

Hyperparameter
Tuning

All of the above +
sklearn.model_selection:GridSearchCV,
sklearn.svm:SVC, xgboost:XGBClassifier
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F Prompt 1166

Table 12: Prompt for Planning Agent.

Prompt Template

Your task:

• Your task is to perform: {task}.

• Focus solely on {task}. Performing any unrelated task is strictly prohibited.

• Generate a simple and executable code for {task}, including explanations of the data and task.

• Important: Never drop any rows with missing values in the test data. The length of the test set
must remain unchanged.

• Your final output should save the preprocessed data as CSV files.

Input files (read using read_csv):

• Train data file path: {train_input_path}

• Test data file path: {test_input_path}

Output files (save using to_csv) — only for preprocessing or feature engineering:

• Train data output path: {train_output_path}

• Test data output path: {test_output_path}

Summarized Original Data: {data}
Task: {task}
Previous Code (excluding preprocessing): {code}

Table 13: Prompt for Code Agent.

Prompt Template

Your task:

• You are an expert in {task}. Your goal is to solve the task using the given information.

• Propose up to two alternative methods (plans) to achieve the task.

• For each method, clearly explain:

– In which scenario it is most suitable
– Why it is recommended

• Identify and recommend the best solution based on the provided context.

Preprocessing Code: {pp_code}
Summarized Data: {pp_data_result}
Task Description: {task}
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Table 14: Prompt for SPIO-S Optimal Method Agent.

Prompt Template
Your task: Select one best plan from each of the following: preprocessing, feature engineering,
model selection, and hyperparameter tuning. Combine these into a single pipeline aimed at achieving
the highest validation score. For model selection, you may use multiple models in an ensemble —
each model should have equal weighting. Your goal is to determine the best-performing pipeline
configuration.
Data Summary: {data}
Task Description: {task}
Preprocessing Plans: {preprocess_plan}
Feature Engineering Plans: {feature_engineer_plan}
Model Selection Plans: {model_select_plan}
Hyperparameter Tuning Plans: {hyper_opt_plan}

Table 15: Prompt for SPIO-E Optimal Method Agent.

Prompt Template
Your task: Select the top two pipelines by combining one plan from each module: preprocessing, fea-
ture engineering, model selection, and hyperparameter tuning. For model selection, you may include
ensembles — each model must be equally weighted. Return the result strictly in JSONL format (a
list of JSON objects), without any additional explanation or text. Each value must exactly match the
corresponding original content — no summarization, simplification, or paraphrasing is allowed. All
fields ("preprocess", "feature_engineering", "model_selection", "optimal_hyper_tool")
must be clearly and precisely filled.
Data Summary: {data}
Task Description: {task}
Preprocessing Plans: {preprocess_plan}
Feature Engineering Plans: {feature_engineer_plan}
Model Selection Plans: {model_select_plan}
Hyperparameter Tuning Plans: {hyper_opt_plan}

Example Output Format:
[
{

"rank": "top1",
"best_combine": {
"preprocess": "...",
"feature_engineering": "...",
"model_selection": "...",
"optimal_hyper_tool": "..."

}
},
...

]

Ensure that the output is valid JSON that can be parsed using json.load().
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SPIO-S | Input information description 

@ Task Description
- Prediction Type
- Target Column
- Relevant Background

@ Raw data & Description Method

Description of 
Train and Test set

Preprocess

@ Preprocess Code Agent
- Base preprocess code
- Preprocessed data description

@ Preprocess Plan Agent
- Method 1: Advanced Handling of Missing Values and Outliers
      1. Handling Missing Value
      2. Outlier Detection and Treatment
      3. Appropriate Circumstances & Reason for Recommendation

- Method 2: Encoding Categorical Variables and Feature Scaling
      1. Encoding Categorical Variables
      2. Feature Scaling
      3. Appropriate Circumstances & Reason for Recommendation

- Method 3: Feature Engineering and Dimensionality Reduction
      1. Feature Engineering
      2. Dimensionality Reduction
      3. Appropriate Circumstances & Reason for Recommendation

Feature Engineering

@ Feature Engineering Code Agent
- Base feature engineering code
- Preprocessed data description

@ Feature Engineering Plan Agent
- Method 1: Advanced Encoding of Categorical Variables
      1. Encoding Categorical Variables
      2. Appropriate Use Case & Reason for Recommendation

- Method 2: Interaction Features and Polynomial Features
      1. Interaction Features
      2. Polynomial Features
      3. Appropriate Use Case & Reason for Recommendation

- Method 3: Feature Selection and Dimensionality Reduction
      1. Feature Selection
      2. Dimensionality Reduction
      3. Appropriate Use Case & Reason for Recommendation

Model Selection

@ Model Selection Code Agent
- Base Model Selection code
Validation Accuracy: 0.8972382787411689

@ Model Selection Plan Agent

Model 1: Random Forest Classifier
- Reason for Recommendation
- Appropriate Use Case

Model 2: Gradient Boosting Classifier
- Reason for Recommendation
- Appropriate Use Case

Model 3: Support Vector Machine (SVM)
- Reason for Recommendation
- Appropriate Use Case

Hyper Parameter Selection

@ Hyper Parameter Code Agent
- Base Hyper Parameter code
Best Parameters: 
{'max_depth': 20, 'min_samples_split': 5, 'n_estimators': 100}
Best Score: 0.8982107825125398

@ Hyper Parameter Plan Agent

Grid Search with Cross-Validation (GridSearchCV)
- Reason for Recommendation
- Appropriate Circumstances

Random Search with Cross-Validation (RandomizedSearchCV)
-     Reason for Recommendation
- Appropriate Circumstances

Bayesian Optimization 
(e.g., using the `BayesianOptimization` package or `Optuna`)
-     Reason for Recommendation
- Appropriate Circumstances

Best Combination Method

@ Preprocess Plan: 
Method 2: Encoding Categorical Variables and Feature Scaling
*Reason

@ Feature Engineering Plan:
Method 1: Advanced Encoding of Categorical Variables
*Reason

@ Machine Learning Model Recommendation:
Model 1 – Random Forest Classifier
Model 2 - Gradient Boosting Classifier
*Reason

@ Hyperparameter Optimization Plan
Method 3: Bayesian Optimization 
*Reason

Final Code Generation

@ Import Library
@ Load Data
@ Separate features and target
@ Preprocessing and Feature Engineering
@ Define Models
@ Hyperparameter tuning using Optuna
@ Train final model with best hyperparameters
@ Predict on test set
@ Prepare submission

Figure 9: An overview of the SPIO-S pipeline, illustrating how agents perform preprocessing, feature
engineering, model selection, and hyperparameter tuning. Among all possible strategies, the system identifies a
single best combination plan, which is then used to generate the final executable code.
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SPIO-E | Input information description

@ Task Description
- Prediction Type
- Target Column
- Relevant Background

@ Raw data & Description Method

Description of 
Train and Test set

Preprocess

@ Preprocess Code Agent

@ Preprocess Plan Agent
- Method 1: Advanced Imputation and Encoding
      1. Missing Value Imputation
      2. Encoding Categorical Variables
      3. Appropriate Use Case & Reason for Recommendation

- Method2 :Feature  Scaling and Normalization
      1. Feature Scaling
      2. Normalization
      3. Appropriate Use Case & Reason for Recommendation

- Method3 : Outlier Detection and Handling
      1. Outlier Detection
      2. Handling Outliers
      3. Appropriate Use Case & Reason for Recommendation

Feature Engineering

@ Feature Engineering Code Agent
- Base feature engineering code
- Preprocessed data description

@ Feature Engineering Plan Agent
- Method 1: Advanced Imputation and Encoding
      1. Missing Value Imputation
      2. Encoding Categorical Variables
      3. Appropriate Use Case & Reason for Recommendation

- Method2 :Feature Scaling and Normalization
      1. Feature Scaling
      2. Normalization
      3. Appropriate Use Case & Reason for Recommendation

- Method3 : Outlier Detection and Handling
      1. Outlier Detection
      2. Handling Outliers
      3. Appropriate Use Case & Reason for Recommendation

- Base preprocess code
- Preprocessed data description

Model Selection Hyper Parameter Selection

@ Model Selection Code Agent @ Hyper Parameter Code Agent
- Base Model Selection code
Validation Accuracy: 1

@ Model Selection Plan Agent

Model 1: Random Forest Classifier
- Reason for Recommendation
- Advantages

Model 2: Gradient Boosting Classifier
- Reason for Recommendation
- Advantages

Model 3: Support Vector Machine (SVM)
- Reason for Recommendation
- Advantages

Best parameters found:  {'max_depth': None, 
'min_samples_split': 2, 'n_estimators': 100}
Best Score:  0.8949805219271387

@ Hyper Parameter Plan Agent

GridSearchCV (Scikit-learn)
- Reason for Recommendation
- Circumstances for Use

RandomizedSearchCV (Scikit-learn)
- Reason for Recommendation
- Circumstances for Use

Bayesian Optimization 
(e.g., using the `hyperopt` or `Optuna` library)
- Reason for Recommendation
- Circumstances for Use

Best Combination Method Agent Final Code Generation Agent

"rank": "top1",
    "best_combine": {
      "preprocess": "Advanced Imputation and Encoding",
      "feature_engineering": "Advanced Imputation and Encoding",
      "model_selection": "Random Forest Classifier and Gradient Boosting 
      Classifier with ensemble weight 0.5 each",
      "optimal_hyper_tool": "GridSearchCV (Scikit-learn)"

"rank": "top2",
    "best_combine": {
      "preprocess": "Feature Scaling and Normalization",
      "feature_engineering": "Advanced Imputation and Encoding",
      "model_selection": "Random Forest Classifier and Gradient Boosting 
      Classifier with ensemble weight 0.5 each",
      "optimal_hyper_tool": "RandomizedSearchCV (Scikit-learn)"

@ Top1

@ Top2

@ Import Library
@ Load Data
@ Prepare Data
@ Identify categorical and numerical columns
@ First pipeline
     @ Model
     @ Pipeline
@ Second pipeline
     @ preprocessing
     @ Model
     @ Pipeline 
@ Hyper parameter tuning using Optuna
@ Train pipelines
@ Predict and ensemble results
@ Ensemble Predictions

Figure 10: An overview of the SPIO-E pipeline, illustrating how agents perform preprocessing, feature
engineering, model selection, and hyperparameter tuning. Based on their outputs, the system selects the 2 best
combination plans and produces the final code for execution.
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