Understanding the Role of Statistics in Machine Learning and Data Science
The Role of Statistics in Machine Learning and Data Science.
Statistics and machine learning can be viewed as complementary rather than competing approaches [1]. Statistical methods support modern data analysis by helping to identify and validate meaningful patterns [2], quantify predictive uncertainty [3], and evaluate the reliability of machine-learning models [4]. While machine learning enables the discovery of complex patterns and the generation of predictions, it does not indicate whether the result is reliable. 
Descriptive statistics help researchers understand data characteristics and distribution before conducting more complex analyses [5]. Metrics such as the mean, median, and mode describe central tendency, while the analysis of variation and outliers provides additional information about the dataset [6]. Consider, for example, what is shown in Figure 1:  hospital waiting times of 10, 12, 13, 15, 16, 18, and 70 minutes; the mean is 22 minutes, yet the median is only 15 minutes. The unusually long wait of 70 minutes inflates the mean and can create a misleading impression of the typical patient experience.
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Figure 1.Hospital waiting time example
An important point arises here: different metrics are not interchangeable. The mean accounts for all numerical observations but is sensitive to extreme values; the median is more robust in the presence of skewed distributions; and the mode is particularly valuable for categorical data. Consequently, there is no single, universally "best" descriptive statistic. The appropriate choice depends on the characteristics of the specific dataset.
Bhadra et al. demonstrate this integration through a framework in which deep learning extracts complex features from high-dimensional data, while a probabilistic statistical layer supports prediction and uncertainty estimation [1]. This approach combines distinct strengths within a single model rather than treating statistics and machine learning separately, although its effectiveness depends on the specific data and modelling context.
High accuracy does not necessarily indicate a reliable model. For example, if only 10 of 1,000 patients have a disease, a model predicting every patient as healthy would achieve 99% accuracy but 0% recall. Rainio et al. [4] therefore emphasise that model evaluation should consider multiple appropriate metrics and statistical testing. This shows that performance metrics must be interpreted in relation to the data and the model's purpose.
Allen et al. further highlight that validation is essential to determine whether identified patterns are stable and generalise beyond the data used to develop the model [2].
Prediction alone is incomplete without understanding its uncertainty. Tyralis and Papacharalampous show that uncertainty estimation provides information about the confidence associated with ML predictions [3]. Overall, the evidence reviewed suggests that statistics strengthens machine learning by supporting appropriate data interpretation, model evaluation, validation and uncertainty assessment, making predictions more informative and reliable.
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