How Statistics Guide Machine Learning and Data Science
A dominant theme in the literature is that statistical thinking provides the theoretical and methodological foundations for model building, evaluation, and feature selection in modern machine learning (ML) and data science. The question is: How do statistical methods render ML models trustworthy, valid, interpretable, and able to generalize?
Firstly, statistics supports model building and evaluation primarily in terms of concepts of inference, bias‐variance tradeoff, and model validation. For example, cross‐validation and resampling methods (e.g. bootstrap) rely on statistical ideas of sampling variability and are used to estimate how well a model will perform on new data. Statistical learning theory rigorously formalizes the trade‐off between accurately fitting training data (low bias) and not overfitting (low variance) for generalization. Bayesian methods, being strongly statistical, provide a probabilistic prediction and uncertainty quantification framework. Sambasivan et al. (2018) discuss many ML methods from a Bayesian perspective, showing that ML algorithms like Gaussian processes, Bayesian decision theory, and regularization are statistically interpretable by nature. [1]
Feature selection is inherently statistical, secondly. Modern workflows use filter, wrapper, embedded, and hybrid methods to reduce dimensionality, avoid overfitting, and increase interpretability. Filter methods use statistical measures such as correlation, variance, mutual information, hypothesis‐testing; embedded methods integrate feature selection and learning (e.g. regularised regression such as lasso), and wrapper methods evaluate feature subsets based on model performance. Pudjihartono et al. (2022) cover feature selection methods for disease risk prediction: in high‐dimensional genetic data (many more features than observations), statistical methods are used to identify informative SNPs, remove redundancy, and create models with good generalizability. [2] "Selective inference" is another statistical idea: after feature selection, one needs to correct inferential quantities (e.g. p‐values, confidence intervals) for the fact that selection was done on the data. Terada & Shimodaira (2019) recommend a multiscale bootstrap to compute approximately unbiased selective p‐values for selected features. [3]
Third, classical statistical methods continue to define data science workflows. Regression, generalized linear models, hypothesis testing, regularization (ridge, lasso), dimension reduction (PCA), and probabilistic modeling are still fundamental building blocks. Even in "big data" and deep learning settings, these statistical methods are used for pre‐processing, model diagnostics (e.g. residuals, diagnostics), and ensuring interpretability and fairness.
In summary, the literature shows that statistical thinking is not optional but is a component of machine learning—statistics supplies machinery for inference, model selection and validation guidance, and feature selection and uncertainty quantification techniques. ML models are likely to be overfitted, uninterpretable, or brittle without them.
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