Understanding the Role of Statistics in Machine Learning and Data Science
The primary question this article aims to address is how statistical methods support the development, validation, and interpretation of machine learning and data science models. Modern machine learning (ML) and data science systems are often seen as prediction engines, although their foundation is still firmly based in statistics.
Many of the fundamental ML tasks are based on statistical reasoning. First, a statistical generative model is frequently assumed in model building (e.g., regression, classification), where outputs Y are thought to relate to inputs X plus random error. Y = f(X) + ε, where ε is an irreducible noise term, is a common way to express supervised learning [1]. Sample data is used to estimate the model f, and inference (such as parameter estimations and confidence ranges) is stillstatistical relationships in complex, high‑dimensional settings.
One activity where statistics are crucial is feature selection. Poor generalization, multicollinearity, and overfitting can result from having too many characteristics. Features can be chosen or reduced with the aid of traditional statistical methods like correlation filtering, penalized regression (e.g., Lasso), or univariate hypothesis testing [2]. Model performance or statistical criteria are used to pick features in filter, wrapper, and embedding approaches, according to feature selection reviews [3]. In order to find variables with actual influence, causal inference techniques have been developed more recently for feature selection, going beyond simple correlation [4].
Another area where statistics are crucial is model evaluation. Although metrics like accuracy, precision, recall, mean squared error, AUC, and others are calculated, statistical hypothesis testing (e.g., paired t-tests, bootstrap confidence intervals) is used to determine whether one model is "significantly better" than another [5]. Furthermore, balancing model complexity and generalization error is still guided by the bias–variance tradeoff, a traditional statistical concept [6]. Classical bias-variance concepts are extended and reconciled with new empirical behaviors by contemporary occurrences such as "double descent" in big models [7].
The whole data science workflow is also impacted by statistical techniques, ranging from uncertainty measurement to sampling and estimate, managing missing data, and creating validation schemes (bootstrapping, cross-validation). In conclusion, statistical foundations continue to be essential for guaranteeing that models are accurate, interpretable, and dependable, even if machine learning offers significant algorithmic advancements.
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