Understanding the Role of Statistics in Machine Learning and Data Science

Because statistics offers techniques for inference, model evaluation, and decision-making, it serves as the cornerstone of contemporary machine learning (ML) and data science. Statistical techniques guarantee that models are comprehensible, trustworthy, and generalizable to unknown data, whereas machine learning (ML) prioritizes predictive performance.

A gap between traditional statisticians, who emphasize inference and relationship understanding, and machine learning researchers, who place a higher priority on predictive accuracy, was brought to light by Breiman's seminal paper on "the two cultures" [2]. Despite this difference, there are strong connections between the two domains: ML mainly relies on statistical concepts for feature selection, hypothesis testing, and model validation. Model evaluation is one area where statistical thinking is essential. To estimate model performance and prevent overfitting, statistically based probabilistic techniques like bootstrapping and cross-validation are employed [3]. More recently, techniques like Accumulated Local Effects (ALE) have been put forth to explain black-box machine learning systems without regard to model.
 In order to enable robust statistical inference from ML models, particularly when working with small datasets, Okoli [1] showed how ALE can be combined with bootstrapped confidence intervals and effect size measures. This demonstrates how traditional statistical methods are still being developed to address contemporary data science issues.

Quantifying uncertainty is another crucial function of statistics in machine learning. Hüllermeier and Waegeman [5] made a distinction between epistemic uncertainty (lack of knowledge) and aleatoric uncertainty (inherent data randomness).
Quantifying uncertainty is another crucial function of statistics in machine learning. Hüllermeier and Waegeman [5] made a distinction between epistemic uncertainty (lack of knowledge) and aleatoric uncertainty (inherent data randomness). These ideas, which have their roots in statistics, enable practitioners to assess the confidence of predictions in addition to making predictions, which is a crucial skill in safety-critical fields like healthcare and finance.

By combining past knowledge with observed data, Bayesian statistics enhance machine learning and produce predictions that are better informed. Murphy [4] highlighted the importance of probabilistic modeling, in which algorithms ranging from simple Bayes classifiers to sophisticated Bayesian neural networks are based on statistical inference. By adopting a probabilistic viewpoint, machine learning systems can advance from point predictions to more comprehensive, distributional insights.
In summary, statistical techniques are still essential to the practice of machine learning today and are not merely its forerunners. Statistics guarantees that machine learning models are comprehensible, reliable, and based on sound logic, whether through evaluation metrics, uncertainty analysis, or Bayesian inference. The literature repeatedly emphasizes that statistics and machine learning are not distinct fields, but rather form a continuum where the development of advanced AI techniques is guided by classical principles.
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