	
	
	



Introduction

Statistics is foundational to machine learning (ML) and data science (DS), offering the theoretical framework to analyze, interpret, and model complex data. Methods like hypothesis testing, probability theory, regression analysis, and statistical inference are essential at all stages of the ML/DS pipeline. These techniques guide model development, feature selection, and evaluation, ensuring the validity and reliability of data-driven decisions.
Model Development and Evaluation
Statistical methods such as probability and regression analysis are key to model training, validation, and construction. For example, linear regression, looks to finding relationships and predicting based on these relationships respectively between dependent and independent variables: [1]. Classification methods like naive Bayes and Hidden Markov models also rely on probability to deal with uncertainty. The hypothesis test includes the use of p-values and t-tests to ensure that model features are useful and independent [2]. The bias-variance trade off aims to balance how much underfit and overfitting is used, when designing models. Cross validation is a resampling procedure to assess how the results of statistical analysis will generalize to an independent data set [3].
Feature Selection, Inference, and Validation
Feature selection, inference, and validation depend on statistical procedures to a great extent. Approaches to feature selection, such as causal inference, correlation, and variance thresholds, aim to find features that drive changes in the model which influence the model outputs [1]. Statistical inference such as confidence intervals, p-values, and the like are used for model conclusions to understand the reliability or significance of our model [2]. Resampling methods, such as k-fold cross-validation and bootstrapping, determine the extent of generalizability, reduce overfitting and increase confidence in the model's ability to make predictions [3].


Classical Statistics in Modern Data Science
Classical statistical methods, including linear regression, logistic regression, and principal component analysis (PCA), remain vital in modern data science due to their interpretability and efficiency [1], [3]. Even advanced machine learning models, such as support vector machines (SVMs) and neural networks, incorporate statistical principles like regularization and optimization [3]. Bayesian statistics, crucial in probabilistic programming, also plays a key role in AI decision-making [3].
Conclusion
In conclusion, statistics is essential to the development of machine learning and data science, ensuring the reliability, interpretability, and effectiveness of models. As the field evolves, statistical literacy remains a crucial skill for developing robust and trustworthy AI systems.
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