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1. Introduction
Statistics plays a fundamental role in machine learning (ML) and data science because it provides methods for understanding data, identifying relationships, estimating uncertainty and evaluating predictions. Although modern ML is often associated with computational algorithms, many of its methods are rooted in statistical learning. G. James, D. Witten, T. Hastie, and R. Tibshirani accessible overview of statistical learning, covering modelling and prediction techniques, inference, model assessment and selection, as well as methods such as regression, classification, neural networks and support vector machines [1]. Therefore, statistical thinking remains important throughout the ML workflow, from preparing data and selecting variables to validating models and interpreting their performance.
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Fig. 1.  Statistics within the machine-learning workflow.

2. Literature Review
2.1 Feature Selection
A key contribution of statistics to ML is feature selection. Remeseiro and Bolón-Canedo identify three major objectives of variable selection: improving prediction performance, making predictors more efficient, and improving understanding of the process that generated the data [2]. This demonstrates that statistical reasoning can help reduce irrelevant or redundant information before model training. Feature selection is particularly important when datasets contain very large numbers of variables, because unnecessary features can increase complexity and make models harder to interpret.
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Fig. 2.  Objectives of variable and feature selection [2].

2.2 Model Validation and Evaluation
Statistics is also central to model validation and evaluation. Statistical learning literature treats model assessment and selection as important stages because performance on training data alone does not establish how well a model will generalise to unseen data [1]. Cross-validation is widely used for estimating predictive performance; however, Bates et al, show that using cross-validation for model selection can introduce bias into error estimation [3], shows on figure 3 below. This finding highlights the need to design validation procedures carefully rather than assuming that a single performance measure always provides an unbiased estimate of real-world performance.
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Fig. 3.  Single-loop versus nested cross-validation [3].

2.3 Classical Statistics and Modern ML
Efron further illustrates the relationship between classical statistics and modern ML by distinguishing between data-modelling approaches based (explain below in figure 4) on assumed stochastic models and algorithmic approaches that treat the data-generating mechanism as unknown [4]. This suggests that ML has expanded the statistical modelling toolkit rather than simply replacing traditional statistical methods. Overall, the literature indicates that statistics supports ML by providing principles for data analysis, feature selection, uncertainty, model assessment and reliable prediction.


[image: ]
Fig. 4.  Data-modelling and algorithmic approaches [4].



3. Statistics versus Machine Learning

Table 1.  Statistics and machine learning compared.
	Aspect
	Statistics
	Machine learning

	Main goal
	Focuses on interferences, hypothesis testing, and understanding relationships between variables 
	Focuses on prediction, accuracy and generalization to unseen data

	Treatment of the data-generating process
	Assume data comes from a specified stochastic model
	Treats the mechanism as a complex, unknown black box

	Model assessment
	Evaluated via goodness-of-fit tests, p-values, and residual analysis
	Evaluated via out-of-sample cross-validation and prediction error metrics
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