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An Empirical Analysis of Feature Scaling Sensitivity Across Machine Learning Models

Abstract
Feature scaling is one of the most common preprocessing steps in machine learning, but it is often applied automatically without much explanation. Although it is generally known that some algorithms are more affected by feature scale than others, there is still limited consistent evidence comparing scaling effects across different model types under the same experimental conditions.
The aim of this research is to test how sensitive selected machine learning models are to feature scaling in both regression and classification tasks. Two benchmark datasets will be used: the Wine Quality dataset for regression and the Breast Cancer Wisconsin dataset for classification. The study will compare four scaling conditions: no scaling, min–max scaling, standardisation, and robust scaling. Models from different algorithm families will be evaluated using 5-fold cross-validation and repeated experiments with fixed random seeds to measure performance and stability. For gradient-based models, convergence behaviour will also be examined using solver iterations and training time.
The expected outcome is that distance-based and gradient-based models will show larger performance changes under different scaling methods, while tree-based models will remain more stable. Overall, this study will provide practical guidance on when feature scaling is necessary and which scaling approach is most suitable for different machine learning models.

Introduction
Machine learning models are widely used across many application areas, and their performance often depends on how the input data is prepared before training. One of the most common preprocessing steps is feature scaling, which adjusts input features so that they fall within similar numerical ranges. In practice, scaling is often applied automatically as part of standard machine learning workflows, without much consideration of whether it is necessary for a specific model [1].
It is generally accepted that feature scaling can influence the behaviour of some machine learning algorithms. For example, distance-based methods such as k-Nearest Neighbours depend directly on distance calculations, meaning that features with larger numerical ranges can dominate the model if scaling is not applied [2]. Similarly, gradient-based algorithms such as linear and logistic regression may be affected by feature scale because it can influence optimisation and convergence behaviour [3]. In contrast, tree-based models are often described as less sensitive to feature scaling because their decision rules rely on threshold-based splits rather than distances or gradient updates [6].
Although these ideas are widely mentioned in textbooks and applied machine learning resources, there is still a lack of consistent empirical evidence comparing the effect of different scaling methods across multiple model families under controlled experimental conditions [4]. Many existing studies focus on one algorithm at a time or use limited datasets, which makes it difficult to draw broader conclusions about scaling sensitivity [5]. In addition, fewer studies examine whether scaling choices affect performance stability across repeated experiments, which is important when machine learning systems are deployed in real-world settings. This is important because inappropriate scaling choices can lead to misleading performance comparisons, slower training, and less reproducible results when models are retrained or deployed.
This research aims to address this gap by empirically analysing how different machine learning models respond to feature scaling techniques using two benchmark datasets: the Wine Quality dataset for regression and the Breast Cancer Wisconsin dataset for classification [6]. By comparing model performance across multiple algorithms under consistent experimental settings, the study aims to provide clearer evidence on when feature scaling matters and how it affects machine learning performance in practice.

Objectives
The main objective of this research is to evaluate how sensitive different machine learning models are to feature scaling techniques, with particular attention to predictive performance, stability, and suitability for real-time and time-constrained applications. 
The specific objectives of this study are to:
· Quantitatively analyse the impact of different feature scaling methods on the predictive performance of selected machine learning models.
· Compare the sensitivity of distance-based, gradient-based, and tree-based algorithms to feature scaling under controlled experimental conditions.
· Investigate how feature scaling influences convergence behaviour and numerical stability, particularly in gradient-based learning algorithms.
· Assess whether the impact of feature scaling is consistent across both regression and classification tasks using two benchmark datasets.
· Evaluate the consistency of model performance across repeated runs, with relevance to real-time and continuously updated machine learning systems.
· Derive practical and technically grounded recommendations for feature scaling in machine learning pipelines, including scenarios involving real-time data processing.
Importance of Research
Feature scaling is a basic step in many machine learning pipelines, but it is often treated as a routine process rather than a decision that needs justification. This research is important because it aims to provide clearer evidence on how feature scaling influences machine learning model behaviour across different algorithm families and task types.
From a scientific perspective, the study contributes to a better understanding of how data representation affects learning behaviour in machine learning models. By empirically analysing the effect of scaling on optimisation, convergence, and performance stability, the research helps connect theoretical assumptions with observed results. This is particularly relevant in Artificial Intelligence research, where model robustness and reproducibility are increasingly important.
From a practical perspective, the findings are useful for real-world deployment of machine learning models, especially in time-sensitive or continuously updated systems. In these environments, inappropriate scaling choices may lead to unstable performance, slower training, or inconsistent outputs. By identifying which models are most sensitive to scaling and whether certain scaling methods produce more reliable results, this research supports more informed preprocessing decisions and stronger machine learning system design.
Overall, this study provides both theoretical insight and practical guidance, making it relevant to researchers and practitioners working with machine learning models in applied and real-time environments.

Literature Review 
Feature scaling is widely discussed in machine learning literature as an important preprocessing step, particularly for algorithms that rely on distance calculations or gradient-based optimisation. Differences in feature magnitude can distort the learning process, allowing certain features to dominate model behaviour if scaling is not applied appropriately [6], [7]. As a result, techniques such as standardisation and min-max scaling are commonly recommended in applied machine learning workflows.
Distance-based algorithms such as k-Nearest Neighbours are consistently described as highly sensitive to feature scaling, since distance metrics are directly affected by feature magnitude [8]. If one feature has a much larger range than others, it can dominate the distance calculation and reduce the contribution of smaller-scale features [9], [10]. This means that scaling is not only a performance improvement step, but often a requirement for distance-based methods to behave as intended.
Similarly, gradient-based models, including linear and logistic regression, can be affected by feature scale because it influences optimisation behaviour and convergence speed [11]. When features are poorly scaled, gradients may become poorly conditioned, which can slow training or lead to unstable optimisation [12]. Feature scaling can also influence the behaviour of regularisation, since penalties such as L1 and L2 are applied relative to coefficient size, which is directly linked to feature scale [11].
In contrast, tree-based models such as Decision Trees and Random Forests are often considered scale-insensitive because their splitting criteria rely on threshold comparisons rather than distances or gradient updates [13], [14]. This has led to the common assumption that scaling has little or no impact on tree-based algorithms. However, some research suggests that indirect effects may still exist, for example through numerical precision issues, interactions within ensemble learning, or changes in feature distributions caused by preprocessing [15]. This suggests that the scale-invariance of tree-based models may not always be absolute.
Another important issue discussed in preprocessing literature is that scaling must be applied carefully to avoid data leakage. If scaling parameters are fitted using the full dataset rather than only the training data, it can introduce bias and inflate reported performance [16]. Robust scaling is often recommended when datasets contain outliers or heavy-tailed feature distributions, since min–max scaling and standardisation can be strongly affected by extreme values [16].
Although feature scaling is widely discussed in textbooks and practitioner resources, much of the existing empirical work focuses on individual algorithms or evaluates scaling using a limited number of datasets [17]. Comparative studies that systematically analyse scaling sensitivity across multiple model families under consistent experimental conditions remain relatively limited [18]. Overall, the literature supports the theoretical importance of feature scaling but highlights a gap in controlled, comparative empirical evaluation across algorithm families and task types. This research aims to address this gap by providing a systematic analysis of scaling sensitivity across multiple models using both regression and classification benchmark datasets.
Hypotheses / Research Questions
This study is guided by the following research questions and hypotheses, all of which can be empirically evaluated using analytical and statistical methods.
Research Questions
· RQ1: To what extent does feature scaling affect the predictive performance of different machine learning models across regression and classification tasks?
· RQ2: Which machine learning algorithm families (distance-based, gradient-based, or tree-based) demonstrate the highest sensitivity to changes in feature scaling, and how consistent are these effects across the two datasets?
· RQ3: How does feature scaling influence optimisation behaviour, including convergence speed and numerical stability, in gradient-based machine learning models?
· RQ4: Does feature scaling introduce performance variability across repeated training runs that could impact the reliability of machine learning models in real-time or low-latency applications?


Hypotheses
· H1: Distance-based and gradient-based machine learning models exhibit significantly greater performance variation under different feature scaling methods compared to tree-based models.
· H2: Appropriate feature scaling leads to faster convergence and improved numerical stability in gradient-based learning algorithms.
· H3: Inconsistent feature scaling increases performance variability across repeated experiments, reducing the reliability of certain machine learning models for real-time deployment.
Methodology
This research adopts a quantitative, experimental methodology to evaluate the sensitivity of machine learning models to feature scaling. Controlled experiments will be conducted to isolate the effect of feature scaling while keeping other variables constant.
Experimental Framework
This study will follow a controlled experimental framework to measure how strongly different machine learning models respond to feature scaling. The key idea is to keep the dataset, evaluation strategy, and model settings consistent, and change only the scaling method. This ensures that any differences in model performance can be attributed mainly to feature scaling rather than other factors.
To avoid data leakage, scaling will be applied using a pipeline-based approach. For each experiment, the scaler will be fitted only on the training data within each cross-validation fold and then applied to the validation fold. This ensures that no information from the validation data influences the scaling parameters, which is important for producing reliable results.
The study will compare four scaling conditions: no scaling, min–max scaling, standardisation, and robust scaling. Each scaling method will be tested using the same set of machine learning algorithms, covering distance-based, gradient-based, and tree-based families. Performance will be evaluated using task-appropriate metrics for classification and regression, and the same evaluation strategy will be applied for all models.
To measure scaling sensitivity in a structured way, the study will compute a scaling sensitivity score for each model. This will be calculated as the performance range across scaling methods (maximum performance minus minimum performance). A higher range will indicate that the model is more sensitive to scaling choices. In addition, stability will be analysed by repeating experiments across multiple random seeds and measuring the variability of results across runs.
For gradient-based models, convergence behaviour will also be analysed using solver iteration counts and training time, since these measures reflect how scaling influences optimisation efficiency and numerical stability.

Research Design
The study follows a comparative experimental design. For each selected dataset, multiple machine learning models will be trained and evaluated under different feature scaling conditions. To ensure fair comparison, model architectures, hyperparameters, and evaluation procedures will remain consistent across scaling methods.
Datasets
Two publicly available benchmark datasets will be used in this study to represent both regression and classification tasks:
· Wine Quality dataset (UCI Repository) - used for regression, where the target variable is wine quality score
· Breast Cancer Wisconsin dataset - used for binary classification (malignant vs benign)
These datasets were selected because they contain numerical features with different scales and are widely used in machine learning research. Using two datasets also allows the study to test whether scaling sensitivity is consistent across different task types and data characteristics.
Feature Scaling Techniques
The following feature scaling methods will be applied consistently across experiments:
· No scaling (baseline)
· Min–max scaling
· Standardisation (z-score normalisation)
· Robust scaling using median and interquartile range
Each scaling method will be applied only to the training data, and the same scaling parameters will then be applied to the test data to prevent data leakage.

Machine Learning Models
The study will evaluate representative models from different algorithm families:
· Linear and logistic regression (gradient-based learning)
· k-Nearest Neighbours (distance-based learning)
· Support Vector Machines
· Decision Trees
· Random Forests
These models are selected to capture varying theoretical sensitivity to feature scaling.
Evaluation Metrics
Model performance will be evaluated using task-appropriate metrics. For classification tasks, accuracy, precision, recall, and F1-score will be used. For regression tasks, Mean Squared Error (MSE) and Root Mean Squared Error (RMSE) will be applied. K-fold cross-validation will be used to improve robustness, and experiments will be repeated with fixed random seeds to analyse performance stability.
Analysis Approach
Sensitivity to feature scaling will be assessed by comparing performance metrics across scaling methods for each model. Performance variability across repeated runs will be analysed to evaluate stability, which is particularly relevant for real-time and continuously updated machine learning systems.
Research Limitations
This research has several limitations that should be acknowledged. First, the study focuses on a selected set of traditional machine learning models and does not include deep learning architectures. As a result, the findings may not generalise to neural networks, where feature scaling can interact differently with learning dynamics.
Second, only a limited number of feature scaling techniques are examined. While commonly used methods such as standardisation, min–max scaling, and robust scaling are included, other preprocessing approaches or feature transformations are outside the scope of this study due to time and computational constraints.
Third, although two benchmark datasets are used to improve generalisability, the results may still not fully represent all real-world domains, particularly data streams with concept drift, missing values, or high noise levels. This may limit direct applicability to certain real-time deployment scenarios.
Finally, hyperparameter tuning will be controlled to ensure fair comparison across scaling methods, but it will not be exhaustively optimised for every model under every scaling condition. This may affect absolute performance results, although the relative comparisons between scaling strategies remain valid for addressing the research questions.
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The project timeline is structured to ensure the research can be completed within the available weeks while allowing enough time for implementation, evaluation, and report writing. In Weeks 1–3, the focus will be on refining the proposal and strengthening the literature review to ensure a clear research direction. Weeks 4–5 will be used for dataset selection and preprocessing, including cleaning, splitting, and building the scaling pipelines. During Weeks 6–8, the selected machine learning models will be implemented and tested to confirm correctness and reproducibility. Weeks 9–12 will involve running the full set of experiments across all scaling methods, models, and repeated runs. Weeks 13–15 will be dedicated to analysing results, including performance comparisons, stability analysis, and convergence behaviour. Finally, Weeks 16–18 will focus on writing the final report, revising based on feedback, and preparing the final submission.



Expected Findings
The study is expected to show that the impact of feature scaling differs across machine learning algorithm families. Distance-based and gradient-based models are likely to show noticeable changes in performance and training behaviour under different scaling methods, while tree-based models are expected to remain relatively stable.
It is also expected that appropriate feature scaling will improve convergence behaviour and performance stability in gradient-based algorithms, leading to more consistent results across repeated experiments. In contrast, inconsistent scaling is expected to introduce greater performance variability, which may reduce reliability in real-time or low-latency settings.
In addition, the results are expected to show that scaling sensitivity may differ between the two datasets, particularly due to differences between regression and classification tasks and differences in feature distributions. Overall, the findings are expected to provide clearer evidence on when feature scaling matters and which scaling techniques are most suitable for different model families.
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