The Role of Statistical Methods in Modern Machine Learning and Data Science
Introduction
Key question: How do statistical methods underpin the development, evaluation, and interpretation of modern machine learning (ML) and data science techniques? Statistics provides the theoretical foundation for dealing with uncertainty, identifying relationships in data, selecting useful variables, and evaluating whether a model generalises beyond the data used for training. Although modern ML often focuses on prediction, many of its techniques are strongly influenced by classical statistical principles.
Statistics in Model Development and Evaluation
Statistical thinking is fundamental to model development because ML models learn patterns from samples rather than complete populations. Concepts such as probability distributions, estimation, sampling, variance, and bias help researchers understand uncertainty and potential sources of error. Hastie, Tibshirani, and Friedman describe ML as closely connected to statistical learning, where the objective is to estimate relationships between input variables and an outcome while controlling prediction error [1].
Statistical methods also support model evaluation and validation. Techniques such as cross-validation divide available data into training and validation subsets to estimate how well a model is likely to perform on unseen observations. Cross-validation is particularly important because a model can achieve high performance on training data while performing poorly on new data, a problem associated with overfitting [1], [2]. Evaluation measures such as accuracy, precision, recall, mean squared error, and confidence intervals provide quantitative evidence for assessing model performance.
Feature Selection and Statistical Inference
Statistics also influences feature selection by helping determine which variables provide meaningful information about the target outcome. Correlation analysis, hypothesis testing, regression analysis, and regularisation can be used to identify relevant predictors and reduce unnecessary variables. Tibshirani's work on the Least Absolute Shrinkage and Selection Operator (LASSO) demonstrated how regularisation can simultaneously improve prediction and perform variable selection [3].
Furthermore, statistical inference allows data scientists to distinguish observed patterns from relationships that may have occurred by chance. However, modern high-dimensional datasets create challenges for traditional inference because large numbers of variables and repeated analyses can increase the risk of misleading results [4].
Influence on Current Data Science Workflows
Classical statistical methods remain embedded in contemporary data science workflows. Exploratory data analysis, originally formalised by Tukey, encourages researchers to examine distributions, relationships, anomalies, and patterns before constructing predictive models [5]. Consequently, modern data science combines statistical reasoning with computational ML methods to support reliable prediction, model validation, and evidence-based interpretation.
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