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ABSTRACT

Feature scaling is a common preprocessing technique in machine learning but its effect
depends on the scaling strategy and the type of data used. In this paper, a performance
test of L2-regularized Logistic Regression was carried out on breast cancer classification,
based on three feature-scaling conditions, namely, no scaling, Min-Max scaling, and Z-score
standardization. The Wisconsin Diagnostic Breast Cancer (WDBC) dataset, consisting
of 569 observations and 30 predictors was used. By using five-fold cross-validation, all
the three conditions were examined based on the same model specification, the same folds
and the same evaluation criteria. In order to prevent leakage of data, only the training
portion of each fold was used to evaluate the scaling parameters, and later applied to its
validation part. The performance of the model was evaluated based on accuracy, sensitivity,
specificity, Fl-score, receiver operating characteristic area under the curve (ROC-AUC),
convergence, and computational measures. The findings of this research showed that Z-
score standardization recorded the highest mean accuracy of 0.9737, sensitivity of 0.9436,
specificity of 0.9916, F1-score of 0.9638, and ROC-AUC of 0.9937. Min—Max scaling recorded
the highest mean specificity of 0.9972, the lowest mean sensitivity of 0.8635 and F1-score of
0.9242, and the least computational cost. Across the five folds, all the three scaling conditions
achieved a 100% convergence rate. The findings of this study also revealed that different
feature-scaling conditions can perform differently when applied to the same L2-regularized
Logistic Regression model, though this is applicable only to the WDBC dataset and the
experimental configuration under consideration.
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1 Introduction

Breast cancer is a significant health problem worldwide and correct classification of the tumour is crucial
for diagnosis. The diagnosis of breast lesions as malignant or benign is an integral part of diagnosis.
Thus, machine learning methods have been widely investigated for breast cancer classification. Among
these approaches, logistic regression (LR) remains an appealing model for binary clinical prediction
because of its relatively simple formulation, computational efficiency, and interpretability. Evidence
from clinical prediction studies suggests that more complex machine learning techniques do not
necessarily outperform LR when valid comparisons are made [1].

The numerical scales of predictor variables can be important when fitting classification models.
Common feature-scaling methods include Min—Max scaling and Z-score standardization. Min—Max
scaling maps each predictor to a specified range, whereas Z-score standardization centers a predictor at
its mean and scales it by its standard deviation. Scaling can be important when regularization is used
since the regularization penalty acts on the model coefficients. For LR, there is a well-established form
of regularization, namely, ridge estimation [2]. Thus, changing the scaling condition while keeping
the classifier and regularization parameter fixed provides a meaningful way to investigate whether
preprocessing decisions are associated with differences in model performance.

Previous studies have shown that scaling does not necessarily have a consistent effect across different
datasets and classifiers. Cao et al. [3] compared scaling methods in biomedical classification tasks,
including the Wisconsin Diagnostic Breast Cancer (WDBC) dataset, with LR among the classifiers
considered. They reported that classification accuracy could vary across scaling conditions. Henderi et
al. [4] compared Min-Max and Z-score normalization based on k-nearest neighbors on WDBC and
found that Min—Max normalization recorded higher accuracy.

In breast cancer classification, previous studies have shown the importance of feature scaling because
different classifiers like the k-nearest neighbors and LR can have different performances, depending on
the scales of the predictors. But different datasets, models, preprocessing methods and experimental
setups have been applied to these studies. For example, the Red Wine Quality dataset was used
to investigate normalization techniques with LR in Adeyemo et al. [5] and LR was also found to
be effective on the WDBC dataset by other studies [6, 7]. In broader machine learning pipelines,
other preprocessing techniques, like Min—Max scaling and Z-score standardization have also been
used for breast cancer research [8, 9]. Thus, it is hard to determine the impact of different scaling
techniques on logistic regression with the WDBC breast cancer dataset. In this study, the LR model
and WDBC dataset are not changed, and the direct comparison of no scaling, Min—-Max scaling and
Z-score standardization is performed to address this gap.

The significance of feature scaling in machine learning applications has been restated in recent
studies. Pinheiro et al. [10] studied the impact of 12 feature-scaling methods on 14 datasets and 16
machine learning algorithms, and found that the impact of feature scaling differed depending on the
machine learning algorithm, with Logistic Regression being one of the algorithms that was sensitive to
the feature scaling method. In the same way, Watrianthos et al. [11] used Z-score standardization in a
Logistic Regression model for breast cancer classification on the WDBC dataset and added threshold
optimization and probability calibration to their method. While these studies offer valuable insights
into the impact of feature scaling on machine learning and breast cancer classification, they do not
directly compare no scaling, Min—Max scaling and Z-score standardization under the same experimental
setup and in the same L2-regularized Logistic Regression framework. This provides further motivation
for the present study.

In terms of optimisation, the difference between Z-score standardization and Min—Max scaling could
affect the numerical properties of L2-regularized LR. If the predictor variables are on very different
scales, the contributions of the variables to the gradient and Hessian of the objective function can be
very different, which can impact the conditioning of the optimisation problem. Z-score standardization
is a method for scaling predictors to have a mean of zero and a variance of one, which puts them on a
more comparable scale and may make them more numerically conditioned. Min—-Max scaling, however,
is based on the minimum and maximum values observed, and is sensitive to extreme observations that
can cause the range of most observations to be compressed. Outliers also affect the mean and standard
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deviation of the data, but they have a different effect on the Z-score standardization. Moreover, the L2
penalty directly affects the model coefficients, and changes in the scales of the predictors can affect
the effective regularization applied to the model coefficients when the same penalty parameter is used.
The above considerations give a theoretical justification for studying if Z-score standardization and
Min—Max scaling give different predictive and computational performance in L2-regularized LR.

The WDBC dataset contains digitized images of fine-needle aspirates of breast masses. The dataset
has 569 observations and 30 real-valued predictors. It can be used for the comparison of scaling
techniques in a controlled manner. The data is available from the UCI Machine Learning Repository
[12] and its nuclear feature information are provided by Street et al. [13]. Earlier research has examined
scaling and normalization either separately or as part of a larger LR analyses. However, no study
has compared the three scaling conditions (no scaling, Min—-Max scaling, and Z-score standardization)
under the same experimental condition and for the same L2-regularized LR model. Consequently, the
aim of this paper is not to discuss normalization itself, but to answer the methodological question.

The WDBC dataset from the breast cancer classification problem is used throughout this paper
to analyse the effect of three preprocessing conditions (no scaling, Min-Max scaling and Z-score
standardization). The three conditions were evaluated with an identical classifier, regularization
parameter, data partitions, and evaluation criteria. The research used stratified five-fold cross-validation
for the main analysis to avoid leakage of data. Thus, each training fold was used to evaluate the scaling
parameters and then applied to the corresponding validation fold. Some commonly used performance
measures are accuracy, sensitivity, specificity, F1-score and receiver operating characteristic area under
the curve (ROC-AUC). The aim of this study, therefore, is to provide an empirical comparison of
the most commonly used scaling options, rather than proposing a new classifier or a more complex
preprocessing method.

2 Materials and Methods

2.1 Dataset

This study used the WDBC dataset from the UCI Machine Learning Repository [12], comprising 569
observations and 30 real-valued predictors derived from digitized fine-needle aspirates (FNA) of breast
masses [13]. There were 212 malignant and 357 benign cases. Benign cases were assigned 0, and
malignant cases were assigned 1. No feature construction, dimensionality reduction, feature selection,
or resampling was applied, and the same 30 predictors were retained for all experimental conditions.

2.2 Logistic Regression and Scaling Conditions

The classifier used was binary logistic regression. For observation a;, where a; denotes the vector of
predictor values for the ith observation, the probability of the positive class is defined as
1
- , (1)
1+ exp[—(70 + af ¥)]

In the above equation, v represents the vector of feature coefficients and ~y represents the intercept.
To estimate the model parameters, the L2-regularized logistic loss given by

bi

n
T0) = =3 Lzilog(pi) + (1~ =) log(1 — pi)] + 513 )

i=1
was minimized, where n is the number of observations, z; € {0,1} is the class label, and o = 0.01 is
the regularization parameter. The L2 penalty was not applied to the intercept ~g. The L2 formulation
is consistent with the standard ridge approach to LR [2]. Initial values for the model parameters were
set to zero, and the parameters were estimated using a deterministic damped Newton method with
Armijo backtracking. The maximum number of iterations was 100, and convergence was defined as the
infinity norm of the gradient being less than or equal to 10~8. The backtracking factor and Armijo
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parameter were set to 0.5 and 1074, respectively. All scaling conditions were evaluated using the same
model specification, regularization parameter, optimization settings, and convergence criteria.

The observations were categorized as positive when the predicted probability was > 0.5 and as
negative when the predicted probability was < 0.5. The three preprocessing conditions were compared.
The first used the original predictors (no scaling). The second applied Min-Max scaling,

Aj5 — A4 min
a* — J ], , (3)
Gj max — @jmin

and the third used Z-score standardization,

a/. .=
ij A
0j

Here, a;; denotes the original value of the jth predictor for the ith observation, and a;; denotes the
corresponding scaled value. The quantities a;min and a;jmax are the minimum and maximum values
of the jth predictor, respectively, while ;1; and o; denote its mean and standard deviation. Only the
training data is used to estimate the scaling quantities for each fold and thereafter applied without
change to the corresponding validation data.

2.3 Stratified Five-Fold Cross-Validation

To evaluate performance, stratified five-fold cross-validation was used. Across the five folds, the class
ratio of malignant to benign was about the same, with stratification. Four folds were used for training
and the fifth used for validation for each iteration. All three scaling conditions were applied with the
same fold assignments for a fair comparison.

The scaling parameters were estimated in each training fold to avoid leakage of data. No data
was added to the calculation of the minimum, maximum, mean, and standard deviation used for
preprocessing in the validation fold. A fixed random seed of 20260817 was used to ensure reproducibility.
There was no addition of oversampling, feature selection or other classifiers.

2.4 Evaluation Metrics and Experimental Protocol

The main evaluation metrics are accuracy, sensitivity, specificity, F1 score and ROC-AUC. The
percentage of observations that are correctly classified is the accuracy, and the percentage of malignant
and benign cases that are correctly identified is the sensitivity and specificity, respectively. F1-score gives
an alternative measure of positive-class classification performance. The assessment of discrimination
across classification thresholds was performed using ROC-AUC [14].

Predictions and performance measures were recorded for each fold and scaling condition. The
main results are presented as the mean and standard deviation of the five fold-level values. To obtain
aggregate confusion-matrix-based performance measures, pooled out-of-fold predictions were also
retained. All experiments were implemented in MATLAB using the same LR implementation and
experimental settings for the three conditions. Thus, the main experimental variable was feature
scaling.

3 Results and Discussion

3.1 Five-Fold Cross-Validation Results

All the main results were obtained using stratified five-fold cross-validation, and the same folds and LR
specification were used for all three scaling conditions. Table 1 shows the mean and standard deviation
of the fold-level performance measures.
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Table 1: Five-fold cross-validation results for the three scaling conditions; ROC-AUC denotes receiver
operating characteristic area under the curve.

Condition Accuracy Sensitivity Specificity F1-score ROC-AUC

No scaling  0.9510 % 0.0240 0.9204 £ 0.0670  0.9692 + 0.0117  0.9324 + 0.0348 0.9897 £ 0.0085

Min-Max 0.9474 + 0.0160 0.8635£0.0336  0.9972 £0.0062  0.9242 + 0.0239 0.9895 £ 0.0077
Z-score 0.9737 £0.0163 0.9436 £0.0354 0.9916 £0.0076 0.9638 £0.0225 0.9937 £ 0.0056

Z-score standardization produced the highest mean accuracy (0.9737 +0.0163), sensitivity (0.9436 +
0.0354), Fl-score (0.9638 & 0.0225), and ROC-AUC (0.9937 + 0.0056). The corresponding values for
the no-scaling condition were 0.9510, 0.9204, 0.9324, and 0.9897, respectively, which were slightly lower.
Min-Max scaling achieved the lowest mean accuracy (0.9474), sensitivity (0.8635) and the highest
mean specificity (0.9972), but the lowest mean F1-score (0.9242). Thus, the Min-Max condition showed
high specificity for benign observations but lower sensitivity in identifying malignant observations.

The mean performance measures for the three conditions are compactly compared in Figure 1.

Mean performance across the three scaling conditions
T T T

T
1.1F [-Nn scaling [ Min--Max -Z—scumj 4

1.05 .

0.95

Mean five-fold performance

0.85

0.8
ACC“XBPJ qeﬂé\‘w\w g(\e;;'\{‘c.\w w ’S'cm-c R()C’ BOC

Figure 1: Mean five-fold performance across the three scaling conditions.

The fold-level results also showed variability across the five validation folds. The accuracy with
no scaling ranged from 0.9217 to 0.9735. The accuracy with Min—Max scaling ranged from 0.9217 to
0.9646. The accuracy with Z-score standardization ranged from 0.9565 to 1.0000. Correspondingly,
sensitivity ranged from 0.8372 to 1.0000 for no scaling, from 0.8140 to 0.9048 for Min—Max scaling,
and from 0.9070 to 1.0000 for Z-score. These ranges signify that there are differences in the observed
performance across the five validation folds instead of getting report from just one validation fold,
respectively.

3.2 Pooled Out-of-Fold Performance

The predictions from the five validation folds were combined to get pooled out-of-fold predictions. There
were 346 true negatives, 195 true positives, 11 false positives, and 17 false negatives, for no-scaling
condition, leading to an accuracy of 0.9508, a specificity of 0.9692, a sensitivity of 0.9198, an ROC-AUC
of 0.9889, and an F1-score of 0.9330.
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In the pooled confusion matrix, there were 356 true negatives, 183 true positives, 1 false positive
and 29 false negatives for Min—Max scaling. The accuracy was 0.9473, with a specificity of 0.9972,
sensitivity of 0.8632, ROC-AUC of 0.9899, and F1-score of 0.9242.

For the Z-score condition, there were 200 true positives, 354 true negatives, 3 false positives, and
12 false negatives. The pooled accuracy was 0.9736, with a sensitivity of 0.9434, specificity of 0.9916,
F1-score of 0.9639, and ROC-AUC of 0.9934. Overall, the pooled results showed the best predictive
performance for Z-score standardization.

3.3 Convergence and Computational Performance

All five folds converged under all three scaling conditions, giving a convergence rate of 100% for each
condition. The mean numbers of iterations were 10.2 for no scaling, 6.0 for Min-Max scaling, and 9.0
for Z-score standardization. The average CPU times for training were 0.0171 s, 0.0037 s, and 0.0054 s,
respectively.

In this implementation, the lower number of iterations and shorter execution time for Min—Max
scaling indicate lower computational cost. The choice of scaling should not be based on computational
speed alone. Min—Max scaling had lower sensitivity and F1-score than both no scaling and Z-score
standardization, so it did not provide the best overall predictive performance. Z-score standardization
achieved the highest classification accuracy, while all three scaling conditions had a convergence rate of
100%.

3.4 Discussion

The results indicate that feature scaling had an impact on the performance of the L2-regularized LR
model on the WDBC dataset, but the impact was not uniform across all evaluation measures. The
highest mean accuracy, sensitivity, F1-score and ROC-AUC were achieved by z-score standardization,
and the highest specificity and the lowest computational cost were achieved by Min—-Max scaling.
These results suggest that the scaling strategy can affect the trade-off between various components of
classification performance, even with the same classifier and regularization parameter.

The observed performance pattern with Z-score standardization is in line with the literature, which
indicates that feature scaling can influence the performance of classifiers, especially when the numerical
ranges of the predictor variables are significantly different. Cao et al. [3] demonstrated that scaling
might impact the classification accuracy of Logistic Regression and Support Vector Machine models
in biomedical datasets, such as the WDBC dataset. Their study, however, took into account several
datasets, scaling methods and classifiers. The present study makes a more specific comparison between
the WDBC dataset and an L2-regularized LR model.

The findings of the present study can also be compared with the WDBC study of Henderi et al.
[4] which found that the k-nearest neighbours algorithm achieved better accuracy with Min-Max
normalization than with Z-score normalization. The difference in the results observed could be
attributed to the classifiers used in the two studies. K-nearest neighbours is distance-based, and so
depends directly on the distances between observations, while LR is based on a linear decision function
with estimated coefficients. The comparison indicates that the impact of a preprocessing method could
be different for different classification methods.

Adeyemo et al. [5] also explored normalization techniques for LR, but with a different dataset.
They have a similar example of the effect of normalization on LR performance. In breast cancer
classification, scaling has also been applied as a part of larger preprocessing steps [8, 9]. In the present
study, the scaling condition is varied while keeping the other experimental conditions fixed, which is
different from these investigations.

From a diagnostic point of view, sensitivity is of particular interest because a false-negative
classification is a case where a malignant case is misclassified as benign. The present experiment showed
that Min—Max scaling had higher specificity and lower sensitivity than the other two conditions. This
means that the higher specificity was associated with a higher percentage of missed malignant cases.
The results highlight the need to take both sensitivity and specificity into account when evaluating the
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performance of classification, especially in applications where the failure to classify a malignant case is
a major concern.

The computational results revealed differences in the efficiency of the three scaling conditions. The
mean number of iterations and the average CPU time were the lowest for Min—-Max scaling, and all
three conditions converged 100%. The above observations indicate that the Min—Max scaling needed
less computational effort under the experimental conditions studied. However, in selecting a scaling
strategy, computational efficiency must be taken into account along with predictive performance.

There are some limitations to this study. First, only one benchmark dataset and one classifier were
used in the analysis, so the results cannot be extrapolated to other breast cancer datasets, clinical
populations or classification algorithms without further investigation. Second, only three scaling
conditions were explored, and other scaling methods, nonlinear transformations and feature-selection
methods were not considered. In addition, the regularization parameter was set to a = 0.01 in all the
experiments and the sensitivity of the results to other values of the regularization parameter was not
explored. Therefore, the impact of feature scaling on the observed effects might be partly due to the
regularization parameter used, and future research should investigate this relationship with a variety
of regularization strengths. Lastly, the WDBC dataset is not from a clinical study, and the results are
not intended to be used as evidence of clinical efficacy.

The findings support the importance of considering feature scaling when applying L2-regularized LR
to the WDBC dataset. This study is an empirical comparison of the relationship between predictive and
computational performance of different preprocessing choices, while keeping the classifier, predictors,
validation folds and regularization parameter fixed and varying the scaling condition. The study does
not propose a new classification algorithm, but rather provides evidence of the effect of feature scaling
on the performance of a well-defined LR model.

4 Conclusion

In this study, the Wisconsin Diagnostic Breast Cancer dataset was used to investigate the impact of
feature scaling on the predictive and computational performance of L2-regularized logistic regression.
The three conditions were: No scaling, Min—Max scaling and Z-score standardization. The results
showed that the Z-score standardization had the highest mean accuracy, sensitivity, F1-score and
ROC-AUC, while the Min—Max scaling had the highest mean specificity and the lowest computational
cost. The convergence rate was 100% for all three conditions.

The results indicate that the scaling strategy may affect the performance of logistic regression in
various aspects, even if the classifier, regularization parameter and experimental conditions are fixed.
In particular, the results suggest that different scaling approaches could be more effective in terms of
predictive performance and computational efficiency, depending on the measure used.

This study could be expanded to other breast cancer datasets, classification algorithms, and scaling
techniques in future studies. It would also be interesting to explore the interaction between feature
scaling and various regularisation strengths and optimisation methods. These studies may yield a more
general understanding of the influence of preprocessing decisions on regularized classification models.
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