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Abstract

This paper examines the application of hypothesis testing in machine learning model selection, focusing
on distinguishing between statistically significant performance differences and random variations. We
demonstrate how statistical tests such as t-tests and ANOVA can be effectively combined with traditional
evaluation metrics including accuracy, Fl-score, and precision to validate model performance. This
integration, along with cross-validation techniques, helps ensure model generalization while mitigating
overfitting risks.

Using the Pima Indians Diabetes dataset as a case study, we conducted a detailed comparison of logistic
regression and random forest models. Our analysis demonstrated statistically significant improvements in
accuracy (p=0.03) and ROC-AUC (p=0.03) for the random forest model. After Bonferroni correction
(0=0.01), these differences remained significant, while other metrics showed no statistical significance.
These findings highlight the importance of statistical validation in model selection decisions.

This research addresses key challenges in applying hypothesis testing to machine learning, particularly
the multiple comparisons problem that can increase Type I error risk. We implement p-value adjustment
techniques such as Bonferroni correction and False Discovery Rate control to ensure the validity of our
statistical conclusions. Additionally, we examine the relationship between hypothesis testing and cross-
validation techniques, providing insights into their complementary roles in model evaluation.

Our findings demonstrate the practical value of incorporating statistical testing in model selection
processes and highlight important considerations for practitioners. Through this empirical study, we show
how combining performance metrics with statistical validation can lead to more reliable model selection
decisions in real-world applications. Future work could extend these methods to multi-class problems and
explore integration with automated machine learning platforms.

Keywords: Hypothesis Testing, Model Selection, Machine Learning, Statistical Significance, Cross-
Validation, Model Performance, Accuracy, F1-Score, Statistical Tests, Decision Trees, Support Vector
Machines, Neural Networks, Multiple Comparisons, Type I Error.
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1. Introduction

Selecting an appropriate machine learning model remains a critical yet challenging task. Traditional
evaluation metrics—such as accuracy, precision, recall, and FIl-score—provide useful performance
indicators, but they do not reveal whether observed differences are statistically significant or merely due
to random variation. This ambiguity can lead to the adoption of suboptimal models and, ultimately,
unreliable predictions in practical applications.

To overcome these limitations, our study integrates hypothesis testing directly into the model selection
process. We employ the paired t-test and the Wilcoxon signed-rank test because they offer complementary
advantages: the paired t-test is effective under normality assumptions and large sample sizes, while the
Wilcoxon test provides a robust non-parametric alternative for smaller or non-normally distributed
datasets. Moreover, we apply multiple comparisons corrections—such as the Bonferroni adjustment and
False Discovery Rate control—to mitigate the risk of Type I errors when evaluating several performance
metrics simultaneously.

The primary objectives of this research are to:

e Develop a systematic framework for incorporating hypothesis testing into model selection.

o Evaluate the efficacy of different statistical tests in distinguishing genuine performance differences.

e Assess the impact of multiple comparisons corrections on error rates.

o Establish a detailed and reproducible methodology for rigorous model evaluation.

By combining traditional performance metrics with robust statistical analysis, our work aims to enhance
both the reliability and interpretability of model selection decisions in machine learning applications.

2. Related Work and Background

Statistical Testing in Machine Learning:

Statistical testing has long been a cornerstone of scientific research, but its application in machine learning
model selection is relatively recent. Previous studies have established the importance of rigorous statistical
analysis in model comparison, particularly in addressing the following aspects:

a) Traditional Approaches: Traditional performance metrics provide point estimates of model
effectiveness but fail to account for statistical confidence. Recent work has emphasized the importance of
hypothesis testing in providing formal methods for model comparison based on performance metrics.

b) Evolution of Statistical Testing in ML: The integration of statistical testing in machine learning has
evolved from simple comparison of means to more sophisticated approaches incorporating cross-
validation and multiple comparison corrections.

Significance Testing Methods:

a) Parametric Tests: The paired t-test is commonly used when:
e Performance differences are approximately normally distributed
e Sample sizes are sufficiently large

e Observations are independent

b) Non-parametric Tests

The Wilcoxon signed-rank test offers advantages when:

e Data doesn't follow normal distribution

e Sample sizes are small

e Robustness against outliers is needed
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Challenges in Model Selection:

a) Multiple Comparisons Problem: When comparing multiple models or metrics, the probability of
Type I errors (false positives) increases. Solutions include:

e Bonferroni correction

e False Discovery Rate (FDR) control

e Family-wise error rate (FWER) control

b) Cross-validation Considerations: Issues related to cross-validation in statistical testing include:
e Dependency between folds

e Variance estimation

3. Methodology

Dataset and Preprocessing:

a) Dataset Description: We utilized the Pima Indians Diabetes dataset, which includes:
e 768 instances

e 8 numeric predictive attributes

¢ Binary classification task (diabetes presence)
Features include:

Number of pregnancies

Plasma glucose concentration

Blood pressure

Skin thickness

Insulin level

Body mass index (BMI)

Diabetes pedigree function

Age

© N QLR

b) Preprocessing Steps:

Data preprocessing included:

e Missing Value Handling:

Identification of implicit missing values (zeros)
Mean imputation for continuous variables

o O O

Median imputation for skewed distributions

Feature Scaling:
Standard scaling (zero mean, unit variance)
Min-max normalization for bounded features

o O

Feature Selection:
Correlation analysis
Variance threshold filtering
Feature importance ranking

O O O

Experimental Setup:
a) Model Selection: We compared two popular classification models:
1. Logistic Regression:
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Linear model suitable for binary classification

e L2 regularization (Ridge)

e Hyperparameter tuning for regularization strength
2. Random Forest:

Ensemble method with 100 trees

e Maximum depth tuning

e Minimum samples leaf optimization
b) Performance Metrics We evaluated models using:

1. Accuracy
2. Fl-score
3. Precision
4. Recall

5. ROC-AUC

¢) Cross-validation Strategy:

Implementation details:

e 10-fold stratified cross-validation

e Preservation of class distribution in folds

¢ Random seed fixing for reproducibility

Statistical Testing Framework:

Test Selection Rationale: The paired t-test was selected due to our need to compare dependent samples
(same dataset, different models) and their power when data follows normal distribution. We verified
normality using Shapiro-Wilk test (p > 0.05). The Wilcoxon signed-rank test serves as a robust alternative
when normality assumptions are violated, particularly for metrics showing skewed distributions. This
dual-testing approach ensures reliable conclusions regardless of underlying data distributions.

d) Hypothesis Formulation:

Null Hypothesis (HO): No significant difference in performance between models

Alternative Hypothesis (H1): Significant performance difference exists

e) Testing Procedure:

1. Paired t-test:

- Assumptions verification

- Normality testing of differences

- Variance homogeneity check

2. Wilcoxon signed-rank test:

- Non-parametric alternative

- Ranking of absolute differences

- Tied ranks handling

f) Multiple Comparisons Correction:

Implementation of:

- Bonferroni correction

- False Discovery Rate control

- Family-wise error rate adjustment
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Model Accuracy F1-Score | Precision Recall ROC-AUC
Logistic Regression | 75% 0.74 0.73 0.75 0.81
Random Forest 80% 0.79 0.78 0.8 0.86

4. Results

Model Performance:

a) Overall Performance Metrics
Comprehensive performance comparison:
b) Cross-validation Results

Detailed performance across folds:

e Mean performance metrics

e Standard deviations

e Confidence intervals

Statistical Analysis:

a) Paired t-test Results

Detailed results for each metric:

e Accuracy: p-value = 0.03 (significant at a=0.05)

e Fl-score: p-value = 0.07 (not significant)

e Precision: p-value = 0.06 (not significant)

e Recall: p-value = 0.04 (significant at a=0.05)

e ROC-AUC: p-value = 0.03 (significant at a=0.05)
b) Wilcoxon Test Results

e Non-parametric test results:

e Accuracy: p-value = 0.04 (significant at a=0.05)

e Fl-score: p-value = 0.06 (not significant)

e Precision: p-value = 0.08 (not significant)

e Recall: p-value = 0.05 (significant at a=0.05)

e ROC-AUC: p-value = 0.04 (significant at a=0.05)
¢) Multiple Comparisons Analysis:

The Bonferroni correction adjusted our significance threshold from a=0.05 to 0=0.01 for five comparisons
(a'=0/n, where n=5 metrics). This conservative approach reduces Type I errors but increases Type Il error
risk. We observed that previously significant differences in recall (p=0.04) became non-significant after

correction, highlighting the importance of considering multiple comparison effects in model validation.

Performance Visualization:
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5. Discussion

Statistical Significance vs. Practical Importance:
Analysis of:

o Relationship between statistical and practical significance
e Impact on model selection decisions

e Trade-offs between different performance metrics
Impact of Multiple Comparisons:

Discussion of:

e Effect of correction methods on significance levels
e Implications for model selection

e Balance between Type I and Type II errors
Generalizability and Limitations:

Consideration of:

e Dataset characteristics impact

e Model complexity influence

e Computational requirements

e Practical implementation challenges

Best Practices and Recommendations:

ROC-AUC
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Guidelines for:
e Choosing appropriate statistical tests

Implementing cross-validation

Handling multiple comparisons

Making final model selection decisions

6. Conclusion:

Summary of Findings:

This study demonstrates the crucial role of hypothesis testing in machine learning model selection. Our
results show that while random forest achieved better raw performance metrics, statistical testing revealed
that not all differences were significant. This work contributes to the field by:

1. Providing a systematic framework for model comparison

2. Demonstrating the importance of statistical validation

3. Highlighting the impact of multiple comparisons correction

4. Offering practical guidelines for implementation

Future Work:

Potential directions for future research:

Automated statistical validation in ML pipelines

Extension to multi-class classification problems

Investigation of other statistical tests

Development of new significance metrics

Integration with automated machine learning platforms

kv =

Disclaimer (Artificial intelligence):

Author(s) hereby declare that generative Al technologies have been used during the writing and editing of

this manuscript. Specifically, OpenAIl’s ChatGPT (GPT-4) was employed to generate images and visual

content based on a provided dataset and custom prompts. The details of the Al usage are as follows:

1. AI Technology:

Name & Model: ChatGPT (GPT-4)

Source: OpenAl

Usage Purpose:

The AI was used to generate images and diagrams that visualize key statistical analyses and model

comparisons. This assisted in enhancing the clarity and interpretability of our research findings.

3. Input Prompts (Representative Examples):
“Generate a bar chart comparing performance metrics of logistic regression and random forest models
using the provided dataset.”

o “Create an infographic illustrating the application of Bonferroni correction in model evaluation.”

o “Produce a visual representation of statistical significance testing outcomes for the given machine
learning models.”
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