the relationship between statistics and machine learning or data science/AI
The central question addressed in this report is: How do statistical theories and methods form the foundation of contemporary machine learning and data science techniques? This inquiry is crucial because popular narratives often credit computational power or engineering advances alone for the rise of modern AI, whereas the theoretical underpinnings are deeply statistical.
A core body of literature frames statistical learning theory as the mathematical foundation bridging statistics and machine learning. Classical treatments of this theory, such as Vapnik’s The Nature of Statistical Learning Theory, formalise learning as the problem of inferring predictive functions from data under uncertainty and finite samples. This framework introduces critical concepts like VC (Vapnik–Chervonenkis) dimension and generalisation bounds, which quantify how well a model learned from finite data will perform on unseen examples — a fundamental statistical concern about inference and prediction. (Massachusetts Institute of Technology)
Recent systematic reviews of theoretical foundations confirm the pivotal role of statistical learning theory within intelligent systems research. For example, Payton and Shiloh (2024) synthesise literature highlighting how statistical and computational learning theories together support guarantees about generalisation, learnability, and uncertainty modelling — all statistical constructs treated at scale in machine learning frameworks. (medikom.iocspublisher.org)
The literature also emphasises probabilistic inference and Bayesian paradigms as linking statistical decision theory with machine learning practices. Studies adopting a Bayesian perspective argue that many modern techniques (like Gaussian processes and Bayesian networks) emerge from interpreting learning as statistical inference, especially in high-dimensional or big data contexts. (arXiv)
Furthermore, applied reviews of classification and regression methods underscore that traditional statistical techniques (e.g., logistic regression, PCA) reappear as special cases within machine learning algorithm families, reflecting shared statistical principles in model design and evaluation. (ResearchGate)
In summary, the literature consistently depicts modern machine learning as an extension and generalisation of statistical reasoning. Key statistical ideas — probability models, uncertainty quantification, generalisation theory, and inferential frameworks — remain central to both theory and practice in machine learning and data science. These statistical foundations are indispensable for understanding, developing, and evaluating machine learning algorithms that perform reliably on real-world data.
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