
StaƟsƟcal FoundaƟons and their roles in Machine Learning and Data Science 

IntroducƟon: In this era of digital transformaƟon, data science (DS) and machine learning 
(ML) have become indispensable disciplines driving innovaƟon, automaƟon, and intelligent 
systems. At the core of these disciplines is the solid foundaƟon of staƟsƟcs, which enables 
pracƟƟoners to perform inferences from data, build predicƟon models, and esƟmate their 
performance. This report presents the underlying applicaƟon of staƟsƟcal methods in ML and 
DS according to Kroese et al. [1] and James et al. [2], both sources of fundamental knowledge of 
staƟsƟcal learning theory, feature selecƟon, and model validaƟon. The goal is to demonstrate 
how staƟsƟcal thinking aids the end-to-end data science pipeline from data preprocessing 
through model interpretaƟon.  

 

DescripƟon: StaƟsƟcal learning provides the theoreƟcal foundaƟon for machine learning. It is 
worth reiteraƟng that supervised learning algorithms such as decision trees, regression, and 
Bayesian classifiers depend on inference and esƟmaƟon methodologies and probability 
distribuƟons [1, Ch. 6], [1, Ch. 9]. AddiƟonally, James et al. claim that while linear regression is a 
predicƟve model, it is also a staƟsƟcal process of understanding variables [2, Ch. 3].  
StaƟsƟcal learning methods are also used in data preprocessing and feature selecƟon. StaƟsƟcal 
methods such as Principal Component Analysis (PCA), hypothesis tests, and correlaƟon matrices 
research can be useful for reducing dimensionality without losing essenƟal informaƟon [1, Ch. 
11], [2, Ch. 10]. This improves algorithm efficiency and interpretability.  
StaƟsƟcal learning principles are not just inherent to machine learning algorithms but also used 
to evaluate and validate models. The bias-variance trade-off, cross-validaƟon, and confidence 
intervals are staƟsƟcally moƟvated procedures to assist with the generalizaƟon process and help 
avoid overfiƫng [1, Ch. 10], [2, Ch. 5]. These procedures ensure models behave correctly when 
used in pracƟce.  
Lastly, there are many scenarios where probabilisƟc reasoning and staƟsƟcal inference give 
pracƟƟoners the basis for dealing with uncertainty and making well-considered predicƟons as 
situaƟons evolve, parƟcularly with classificaƟon problems [1, Ch. 18]. 

 

Conclusion: This report has outlined the importance of staƟsƟcs in machine learning and data 
science. From staƟsƟcal learning theory, inference, and model evaluaƟon, it is clear that 
staƟsƟcal thinking is at the heart of building robust and generalizable models. The asserƟons 
made by Kroese et al. and James et al. indicate that classical staƟsƟcal designs have formed the 
foundaƟon for contemporary data-driven systems. 
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