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Bu calisma, veri bozulmasmin makine Ogrenmesi (ML) simiflandirma
algoritmalarinin performans: Ttzerindeki etkisini sistematik bir bigcimde
incelemektedir. Aragtirmanin odagi; aykiri deger oranlari, veri boyutlulugu ve
farkli 6znitelik Ol¢ekleme teknikleri arasindaki karmasik etkilesimdir. Bu
kapsamda, ¢ok degiskenli lojistik regresyona dayali kapsamli bir faktoriyel
simiilasyon tasarimi olusturulmus ve yaygin olarak kullanilan dért ML
algoritmast (XGBoost, Random Forest, LightGBM ve SVM), sekizi farkli
Olcekleme yontemi ve biri normalizasyon uygulanmamig referans durum
olmak tizere toplam dokuz On-isleme kosulu altinda karsilastirmali olarak
degerlendirilmistir. Calismanin temel amaci; 6rneklem biiyiikligi, degisken
sayis1 ve veri bozulma siddeti arttik¢a en yiiksek diizeyde saglamligi koruyan
normalizasyon stratejisinin belirlenmesidir. Bulgular, Medyan/MAD (MD)
yonteminin, ozellikle aykir1 deger oranmin yiiksek oldugu durumlarda
(%50’ye kadar), Z-Score gibi geleneksel yontemlerde gbzlenen performans
dististini etkili bi¢cimde telafi ederek tutarli bigimde iistiin bir dayaniklilik
sundugunu agik¢a ortaya koymaktadir. Her ne kadar aga¢ tabanli topluluk
yontemleri (XGBoost, Random Forest ve LightGBM) dogalar1 geregi aykir
degerlere karsi ¢ekirdek tabanli SVM’ye kiyasla daha toleransli olsa da
SVM’nin MD gibi saglam bir dlgekleyici ile birlikte kullanilmasi, yiiksek
derecede kirlenmis veri kiimelerinde modelin kararliligint belirgin bigimde
artirmaktadir.
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Robust statistics

This research provides a systematic investigation into how data corruption
impacts the performance of Machine Learning (ML) classification algorithms.
Our focus is on the complex interplay between outlier ratios, data
dimensionality, and various feature scaling techniques. We constructed a
comprehensive factorial simulation based on multivariate logistic regression,
benchmarking four widely-used ML algorithms (XGBoost, Random Forest,
LightGBM, and SVM) under nine preprocessing conditions: eight feature-
scaling methods and one unnormalized baseline. The primary goal was to
identify the normalization strategy that maintains the highest level of
robustness as data size, feature count, and corruption severity escalate. The
findings clearly indicate that the Median/MAD (MD) method demonstrates
consistent robustness, especially when the outlier ratio is substantial (up to
50%), effectively counteracting the significant performance degradation seen
with conventional methods like Z-Score. While ensemble tree methods
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(XGBoost, Random Forest, LightGBM) naturally tolerate outliers better than
the kernel-based SVM, pairing a robust scaler like MD with SVM dramatically
improves the latter's stability in highly contaminated datasets. This work
emphasizes the necessity of context-aware data preprocessing, offering
empirically-grounded recommendations for practitioners seeking to build
resilient models in data science applications.

To Cite: Yalgm H., Oztiirk 1. The Robustness of Normalization Methods to Outliers and Their Impact on Machine Learning

Performance: A Systematic Simulation Study. Osmaniye Korkut Ata Universitesi Fen Bilimleri Enstitiisii Dergisi 2026; 9(2):

1129-1140.

1. Introduction

Machine learning (ML) algorithms have become indispensable tools for tackling complex pattern
recognition and prediction problems across a vast spectrum of applications, from scientific research to
industrial operations (Bischl et al., 2021). However, the efficacy of any ML model depends critically on
the quality of the training data and the rigor of the preprocessing pipeline (Cetin and Yildiz, 2022).
Within this pipeline, two steps stand out as paramount: feature scaling (normalization) and the effective
management of outliers.

Feature scaling is the process of transforming variables of different magnitudes into a standard range or
distribution, ensuring that each feature contributes equitably to the learning process. This step is
particularly vital for distance-based algorithms (e.g., SVM) and those relying on gradient descent
optimization (Huang et al., 2023). The literature presents numerous scaling techniques, such as Z-Score
(Standardization), Min-Max Scaling, and Pareto Scaling (Singh and Singh, 2022).

The fundamental challenge arises because most conventional methods, including Z-Score and Min-Max,
rely on statistics (mean and standard deviation, or min and max values) that are highly susceptible to
outliers (Alshdaifat et al., 2021). The presence of these extreme values can severely distort the scaling
process (Mishra et al., 2020). For instance, Min-Max scaling is highly sensitive to extreme outliers,
which can greatly inflate the feature range and compress normal data variation, causing significant signal
loss (scikit-learn developers, 2025).

Outliers, defined as observations that deviate significantly from the general pattern of the data, can
profoundly degrade the performance and interpretability of ML models (Dash et al., 2023; Khan et al.,
2024). They skew both statistical estimates and model parameters, undermining the model's ability to
generalize effectively (Khan et al., 2024). The degree of impact varies significantly depending on the
algorithm. Kernel-based classifiers like Support VVector Machines (SVM) are highly sensitive to outliers,
whereas ensemble tree methods are inherently more robust (Wyatt et al., 2022). This dichotomy has
driven researchers to develop robust feature scaling technigues, notably those based on the Median and
Median Absolute Deviation (MAD), which are designed to be resistant to extreme values (Tseng et al.,
2025).

Existing research often examines the interaction between scaling and outliers within the confines of a
single algorithm or a specific real-world dataset (Kandanaarachchi et al., 2020). However, a systematic,
factorial simulation that isolates the effects of key data characteristics—specifically sample size, feature

count, and outlier ratio—is crucial for developing universal, empirically-grounded guidelines for
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preprocessing strategy selection (Li et al., 2023; Glotsos et al., 2025). The core objective of this study
is to use a rigorous simulation framework to scientifically compare the effect of various normalization
methods and outlier ratios on the performance of diverse ML classification algorithms. Our work offers
substantial empirical evidence and practical guidance for data scientists and practitioners, particularly
those operating in domains characterized by high data noise (Sujon et al., 2024; Kalinina et al., 2025).

2. Material and Methods

This section details the systematic simulation design, the data generation process, and the specific
feature scaling and machine learning methods employed in this study. The entire simulation was
conducted using Python 3.11 with the scikit-learn, pandas, and numpy libraries to ensure full

reproducibility. The computational environment used Python 3.11 and the following key libraries:
scikit-learn 1.8.0, NumPy (>1.24.1), SciPy (>1.10.0), joblib (>1.3.0), and pandas (>1.5.0). XGBoost and
LightGBM were implemented using xgboost (v3.1.1) and lightgbm (v4.6.0), respectively, via their
scikit-learn—compatible estimator interfaces (xgboost. XGBClassifier and lightgbm.LGBMClassifier).

2.1. Factorial Simulation Design
We utilized a comprehensive factorial simulation design to investigate the effects of four key factors on
classification performance. This approach allows for a thorough examination of not just the main effects
but also the interactions between factors.
« Sample Size: The number of observations in each dataset was varied across four levels: 100,
250, 500, and 1000.
» Feature Count: The number of predictor variables was set to five levels: 5, 10, 20, 30, and 50.
» Qutlier Ratio: The proportion of contaminated data points was tested at five levels: 0% (a clean
baseline), 5%, 10%, 20%, and 50% (extreme contamination).
» Normalization Method: Nine conditions were tested, including eight distinct scaling methods
and one un-normalized baseline (Table 1).
» ML Algorithm: Four popular and structurally different classification algorithms were used.
This design resulted in atotal of 4 x 5 x 5 x 9 x 4 = 3,600 unique scenarios. Each scenario was replicated
20 times with different random seeds to ensure the stability and reliability of the results, leading to a

total of 72,000 model training and evaluation runs (Glotsos et al., 2025).

2.2. Data Generation and Contamination
To ensure the findings are generalizable, we generated synthetic data for a two-class classification

problem.

Data Generation: For each scenario, a dataset with a specified sample size and feature count was

generated. The predictor variables, X, were drawn from a multivariate normal distribution with a mean
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vector of zeros and a covariance matrix X. To introduce a realistic level of multicollinearity, the
covariance matrix was structured such that the correlation coefficient between any two variables was
fixedatr = 0.70. Accordingly, X was set to an equicorrelation (compound-symmetry) matrix with unit
variances (Zii = 1) and constant off-diagonal correlation (Zjj = p = 0.70, i #j). The binary class label, y,

was then generated using a logistic regression model:

1
P& =1X) = TG

where the intercept 3, was set to 0 and the coefficient vector 8 was randomly generated from a uniform
distribution U(—1,1) for each replication. All elements of  were generated independently from U(—1,
1) at each replication. This parameterization ensures that the resulting datasets are class-balanced
(approximately equal distribution of positive and negative classes). Consequently, the outliers
introduced in the subsequent step affect the feature space distribution but do not alter the class

prevalence, effectively isolating the impact of feature corruption from the class imbalance problem.

Outlier Injection: To simulate real-world data corruption, outliers were injected into the predictor
variables. For a given outlier ratio, a corresponding percentage of observations were randomly selected.
For each selected observation, a random subset of its features (between 1 and the total number of
features) was chosen to be contaminated. The value of each chosen feature was then shifted by a random
amount drawn from a uniform distribution between +5 and +10 standard deviations of that feature's
original distribution. The shift direction (positive vs. negative) was selected at random with equal
probability. This method ensures that outliers are both extreme and sporadic, mimicking measurement

errors or other anomalies (Dash et al., 2023).

2.3. Normalization Techniques

The study compares eight different normalization methods that are robust against both traditional and
outlier values. Normalization transforms the value (x) of each variable (x;) into a new value (x") (Table
1).
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Table 1. Normalization methods, formulas, and explanations are shown.

Scaling

Abbreviation Method Reference Description
ZS Z-Score Scales the data to a mean of zero and a standard
X X~ U deviation of one. It is highly sensitive to outliers
T oo because p and o are affected by outliers (Singh and
Singh, 2022).
MM Min-Max . Scales the data to the range [0, 1]. It is sensitive because
. X —min . . .-
Scaling '=————  the minand max values are affected by outliers (scikit-
max — Mmin  |earn developers, 2025).
MD Median/M , _x—medyan It uses the median and median absolute deviation
AD x = MAD (MAD). It is the most robust method against outliers.
MC Centered It centers the data around the mean. Preserves variance.
Around X{ =X — U Sensitive to outliers.
the Mean
PS Pareto x—p Similar to ZS, but uses the square root of the standard
Scaling x' = Nr deviation in the denominator. Reduces the effect of
g outliers somewhat compared to ZS.
VSS Variable X—pu p Aims to stabilize the variance of variables. Sensitive to
Stability x' = -— outliers.
Scaling o 9
MS Maximum X = x Divides the data by the max value. Sensitive to a single
Scaling "~ max outlier distorting the max value.
DS Decimal X = X Divides the data by 10%. Sensitive to outliers.
Scaling T 10k
UN Unnormali Raw data without normalization. A critical reference
zed x' = x point for testing the inherent robustness of tree-based

algorithms.

2.4. Machine Learning Algorithms and Evaluation
Four structurally different algorithms were chosen to assess the impact of normalization across various

model families:

» Ensemble Tree-Based: XGBoost, Random Forest, and LightGBM. These are known for their
high performance and relative robustness (Choudhury et al., 2024).
+ Kernel-Based: SVM with a radial basis function (RBF) kernel. This algorithm is known to be

powerful but sensitive to feature scaling and outliers (Thakur et al., 2025).

For Random Forest and SVM, we used scikit-learn estimators (Pedregosa et al., 2011). For XGBoost
and LightGBM, we their scikit-learn  API (xgboost. XGBClassifier
lightgbm.LGBMClassifier). Unless explicitly stated, hyperparameters were left at their library defaults;

used wrappers and

only reproducibility-related settings (e.g., random_state and verbosity/logging controls) were fixed. .

While hyperparameter tuning (e.g., optimizing the regularization parameter C in SVM) can enhance
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model robustness, this study intentionally utilizes default settings to isolate the specific impact of feature
scaling techniques. Introducing hyperparameter optimization would introduce a confounding variable,
making it difficult to decouple the performance gains attributed to normalization from those achieved
through model tuning. Furthermore, given the factorial design comprising 72,000 distinct experimental
runs, per-scenario optimization was computationally out of scope.

Model performance was evaluated using 10-fold cross-validation. The primary performance metric was
the Area Under the Receiver Operating Characteristic Curve (ROC-AUC), which is well-suited for
binary classification problems. Given that the synthetic datasets are class-balanced, ROC-AUC provides
a comprehensive measure of separability that is invariant to decision thresholds. Unlike F1-score or
Precision-Recall, which require a fixed threshold (e.g., 0.5) that may not be optimal across all 72,000
diverse scenarios, ROC-AUC evaluates the fundamental ranking quality of the model produced by each

normalization technique.

3. Results
This section presents the key findings from proposed comprehensive simulation study, focusing on how

different factors influence the ROC-AUC performance metric.

3.1. The Global Impact of Outliers and a Visual Overview

Initially, a global analysis reveals that outliers significantly impede model performance. Across
all our tests, the more we contaminated the data with outliers, the worse our models performed. The
average ROC-AUC score dropped from a respectable 0.9756 in clean datasets to a much lower 0.8133
when half the data was corrupted. This observation validates the fundamental principle that data quality
directly constrains model performance.

To give a more detailed picture, Figure 1 shows a heatmap of the ROC-AUC scores for every single
scenario we tested. This provides an effective visual representation of how the different algorithms and
normalization methods held up as we systematically increased the outlier ratio and changed the data

size.
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Figure 1: Heatmap of ROC-AUC scores across all simulation scenarios. The color gradient from purple (low
AUC) to yellow (high AUC) visually represents the performance, clearly showing how performance degrades with
increasing outlier ratios (x-axis) and varies across algorithms and normalization methods (y-axis).

As you can see from the heatmap, the right side of each panel, which represents the highest outlier ratios,
is consistently darker, indicating poorer performance. But you can also see some methods and algorithms

seem to resist this degradation better than others.

3.2. Performance of Normalization Methods
A detailed investigation underscores the critical importance of normalization strategy selection when
processing heterogeneous or non-normally distributed data (Vafaei et al., 2022). Table 2 shows the

average performance of each normalization method as the outlier ratio increases.
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Table 2. Mean ROC-AUC of Normalization Methods by Outlier Ratio.

Outlier
Ratio

0% 09756 09756 09755 09756 09756 09756 09756 0.9746  0.9756
5% 0.9708 09708 09712 09707 09707 09708 09708 0.9691  0.9707
10% 0.9609 09609 09621 09609 0.9609 0.9609 0.9609 0.9589  0.9609
20% 0.9361 0.9361 0.9385 0.936 0.9361 0.936 0.9361 0.933 0.936
50% 0.8133 0.8132 0.8194 0.8131 0.8133 0.8132 0.8133 0.8092 0.8132

DS MC MD MM MX PS UN VSS ZS

On clean data, the choice of nhormalization method yielded negligible performance variance. But as soon
as we started adding outliers, the MD method consistently outperformed other techniques (Tseng et al.,
2025). This provides compelling evidence that the utilization of robust statistics renders the method
more effective at mitigating the distorting effects of outliers (Tseng et al., 2025).

3.3. Algorithmic Resilience
We also saw some big differences between the algorithms themselves. Table 3 summarizes their

performance.
Table 3. Performance Comparison of Algorithm Groups.
Outlier Ratio Tree-Based (Average) SVM
0% 0.9743 0.979
5% 0.968 0.9783
10% 0.9579 0.9689
20% 0.9333 0.9429
50% 0.8201 0.7908

Interestingly, on clean data, the SVM was actually the best performer. But it was also the most fragile
(Thakur et al., 2025). At the 50% outlier ratio, its performance had experienced a precipitous decline,
while the tree-based models, though also impacted, held up much better (Wyatt et al., 2022). This
crossover confirms that algorithms like Random Forest and XGBoost are just structurally more robust
to outliers than SVM (Choudhury et al., 2024).

3.4. Critical Interaction

The most interesting result, though, is what happens when you combine a sensitive algorithm like SVM
with a robust scaling method like MD. We found that MD scaling effectively preserves SVM stability.
At 50% contamination, using MD scaling boosted SVM's performance significantly compared to using
the standard Z-Score. This shows that a strategic preprocessing selection can mitigate the limitations of

a powerful but sensitive algorithm from failing in a noisy environment (Ashraf et al., 2024).
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4. Discussion

The findings underscore the impact of scaling methodologies on model robustness, especially in the
presence of the non-Gaussian distributions typical of field-acquired data (Cetin and Yildiz, 2022). The
efficacy of normalization depends not merely on its application, but on the specific methodology
employed. The results underscore the value of robust statistics in the preprocessing pipeline (Bilal et al.,
2022).

The empirical success of Median/MAD scaling within high-outlier environments aligns with theoretical
expectations regarding robust estimators. The median and MAD are theoretically established robust
estimators. What our study does is provide strong, broad empirical evidence for this, showing it holds
true across different data sizes, feature counts, and for different ML algorithms (Tseng et al., 2025). The
traditional methods like Z-Score and Min-Max exhibited significant instability when the data got noisy,
which should be a critical cautionary indicator for anyone using them as a default (Alshdaifat et al.,
2021).

It is acknowledged that the performance of kernel-based methods, particularly SVM, is heavily
influenced by hyperparameter settings. For instance, adjusting the regularization parameter (C) can relax
the margin to accommodate outliers (soft margin). However, the results demonstrate that even with
default settings, the choice of normalization is a dominant factor in model stability. Using a robust scaler
like Median/MAD provides a foundational layer of resilience, ensuring that the model performs
adequately even before expensive hyperparameter optimization processes are applied. This suggests that
robust normalization should be viewed as a prerequisite step that stabilizes the optimization landscape
for subsequent tuning.

We also confirmed the well-known structural differences in how algorithms handle outliers. The tree-
based models (XGBoost, Random Forest, LightGBM) exhibited inherent resilience (Suenaga et al.,
2023). This makes sense, as their splitting decisions are less affected by extreme values than SVM's
hyperplane, which is influenced by every point (Zhang and Gong, 2020). Li and Zhang (2023) proposed
a high-dimensional ensemble outlier detection approach based on entropy-weighted subspaces,
demonstrating that the robustness of ensemble methods importantly depends on data dimensionality (Li
and Zhang, 2023). It seems that in high-dimensional, noisy data, the natural robustness of the tree models
becomes even more of an advantage (Defilippis et al., 2024).

However, the most significant finding here is the synergy between preprocessing and algorithm choice.
Algorithm and scaler selection cannot be performed in isolation; rather, they must be treated as
interdependent components of the modelling pipeline. Our finding that MD scaling can substantially
mitigate the otherwise pronounced fragility of SVM provides a clear example (Ashraf et al., 2024). It
suggests that practitioners can still use powerful but sensitive algorithms like SVM, as long as they're
smart about their preprocessing (Thakur et al., 2025). Ashraf et al. (2024) tried to tackle this by
developing a hybrid rule-extraction system, but our results suggest that simply choosing a more robust

scaler might be a more direct and effective solution (Ashraf et al., 2024). This is a practical finding.
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It is worth noting that while ROC-AUC is the optimal metric for assessing general separability in
balanced scenarios, specific real-world applications with high class imbalance or asymmetric
misclassification costs might benefit from alternative metrics such as the F1-score or Precision-Recall
curves. However, in this controlled simulation with balanced classes, ROC-AUC offers the most
consistent benchmark for comparing normalization robustness.

Looking at the broader context, our work fits into a growing body of research that emphasizes the need
for more rigorous and systematic evaluation of ML pipelines (Bischl et al., 2021). A 2021 paper by
Bischl et al. on the OpenML platform argued for exactly this kind of large-scale, systematic comparison.
Recent systematic reviews have emphasized the persistent challenges of data quality in real-world
machine learning applications and the need for more robust preprocessing strategies (Sujon et al., 2024;
Kalinina et al., 2025). Our study answers that call directly, providing a clear, data-driven comparison of
scaling methods under precisely controlled conditions of data contamination (Glotsos et al., 2025).
Ultimately, this study is a reminder that this study reinforces the 'No Free Lunch' theorem's relevance to
preprocessing applies just as much to preprocessing as it does to modeling. There's no single best method
for all situations. The optimal choice depends on the expected level of data contamination, the size and

shape of the data, and the chosen algorithm (L. et al., 2023).

5. Conclusions

The systematic simulation study conclusively demonstrated that the choice of normalization method can
have a huge impact on the performance of machine learning models, especially when the data is
contaminated with outliers. We found that the Median/MAD scaling method is the optimal method in
terms of robustness, providing a crucial buffer that can keep a model from failing (Tseng et al., 2025).
The study also reinforces the idea that there’s no “one-size-fits-all” solution in machine learning.
Furthermore, results indicate that the optimal approach is inherently context-dependent, and an informed
practitioner needs to think carefully about the interplay between their data, their preprocessing methods,
and their choice of algorithm. The clear, empirical evidence provided in this study will help practitioners
make more informed decisions and build more robust and reliable models. A limitation of this study is
the use of fixed hyperparameters. Future research should investigate the interaction between robust
normalization methods and automated hyperparameter optimization strategies (e.g., Bayesian
optimization) to determine if tuning can further mitigate the effects of extreme outlier contamination

observed in this study.
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