
The Statistical Foundations of Machine Learning and Data Science


Key Point: Modern machine learning (ML) and data science are not only computational domains but are indeed based on a statistical theory foundation[2]. This paper explains how statistical methods are the basis of core ML workflows, from model building and testing to inference and validation.

Statistics and machine learning are synergistic by nature. The field emerged from two separate cultures: data modeling (statistics) and algorithmic modeling (computer science), as indicated by Breiman (2001) [1]. However, the algorithmic ML models trace their origin back to statistics. Statistics provides the paradigm for data-driven learning, dealing with uncertainty, and population inference from samples, which is the essence of ML [2] (Hastie, Tibshirani, & Friedman, 2009). Statistical uses of machine learning include regression analysis and multivariate analysis.

Statistics are unliveable when building and testing models. Probabilistic theory underpins the majority of algorithms; for instance, logistic regression is a statistical theory of maximum likelihood estimation based model for classification [2]. Statistical theory is also essential in measuring model performance. Techniques like cross-validation, used to estimate a model's predictive performance on new data, are taken directly from statistics in an attempt to prevent overfitting—a core issue within both disciplines [3] (James, Witten, Hastie, & Tibshirani, 2013).

Statistical inference is key to feature selection and model validation. Hypothesis tests and correlation estimates guide useful feature selection, dimensionality reduction, and improved model generalizability [3]. Model validation is a statistical procedure that relies on p-values and confidence intervals for testing the significance of model coefficients and predictability of a model, ensuring findings are not by chance (Efron & Hastie, 2016) [4].

[bookmark: _GoBack]In short, classical statistical tools are not replaced but scaled and integrated into present-day data science pipelines. Tools like linear regression, Bayesian inference, and analysis of variance (ANOVA) continue to be workhorse tools [2], [3]. Big data have also made people more reliant than ever on good statistical literacy to ensure that the patterns discovered by sophisticated algorithms are meaningful, stable, and valid, solidifying statistics as data science's language [4].
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