@ EKTU JOURNAL OF 1-toMm, 2-Hemip, maycbim, 2026.
INFORMATION AND
COMMUNICATION SCIENCES -34 - Tom 1, Ne 2, urons 2026.

Vol.1, Issue 2, June 2026.

https://doi.org/10.51885/3134-8025 JICS 2026 2 3
SRSTI 28.23.15

BREAST CANCER DETECTION USING LOGISTIC REGRESSION:
A COMPARATIVE STUDY OF OPTIMIZATION AND FINE-TUNING
METHODS

AOTUCTUKAABIK PETPECCUSIHBI KOAAAHA OTBIPHIII, CYT BE3I
OBBIPBIH AHBIKTAY: OHTAVI/IAHABIPY JKOHE 401 BAIITAY
OAICTEPIH CAABICTHIPMAABI 3EPTTEY

BBISIBAEHUE PAKA MO/A0OYHOMU >XEAE3bI C IIOMOIIbIO
AOTMICTUYECKOW PETPECCUU: CPABHUTEABHOE UICCAEAOBAHUE
METOA0B OIITUMM3AIINN 1 TOHKOV HACTPOVMKU

A.B. Aryn "= ¥, O.Zh. Mamyrbaev "= 2

ICaspian University, Almaty, Kazakhstan

ZInstitute of Information and Computing Technologies, Almaty, Kazakhstan
*Corresponding author: Aray Aryn, e-mail: arun_arai@mail.ru

Keywords: ABSTRACT

breast cancer, logistic Breast cancer is one of the most prevalent and life-threatening diseases
regression, hyperparameter worldwide, making accurate early diagnosis critical for improving
tuning, fine-tuning, patient outcomes. This study investigates the effectiveness of logistic
optimization methods, regression models for breast cancer detection using the Wisconsin Breast
machine learning. Cancer (Diagnostic) Dataset. Various optimization techniques, including

Ordinary Least Squares, Gradient Descent, Newton’s Method, L2
Regularization, Stochastic Gradient Descent (SGD), and GridSearch-
based fine-tuning, were applied to determine their impact on model
performance. Standard evaluation metrics — Accuracy, Precision, Recall,
and F1-score —were used to compare methods. The results demonstrate
that GridSearch-based fine-tuning consistently yields the highest overall
performance, highlighting the importance of systematic hyperparameter
optimization in enhancing model robustness and predictive accuracy.
These findings emphasize that even classical models like logistic
regression can achieve state-of-the-art results in medical data analysis
when combined with appropriate optimization strategies.

Tyiinai cesaep: TYUIHAEME

cyT GesiHiH KaTepai iciri, CyT Gesi kaTepai iciri 6ykia a1emae eH KeIl TapaAFaH >KoHe eMipre Kayin
AOTUCTUKAABIK Perpeccis, TOHAIpeTiH aypyaAapabiH Oipi 004bIn Tabblaaabl, Oya MallMeHTTepAiH
rMneprapaMmerpaepai HOTIKeAePiH JKaKcapTy YIIiH 494 epTe AMarHO34bl ©Te MaHbI3AbI eTeA.
Oarntay, 494 OanTay, bya seprrey Buckoncungeri CyT 6e3i KaTepai icirinig JuarHocTukaask,
OHTallAaHABIPY d4icTepi, Aepextep Xunarein (WBCD) maiigasaHa OTBIPBII, CYT 0Oe3i OOBIPLIH
MAaIVHAABIK OKBITY. aHBIKTay VINiH AOTUCTUKAABIK Perpeccusl yATidepiHiH TuiMAiairin

seprreiiai. OHTalAaHABIPYABIH 9pTypAi odicrepi, coHpIH imiHae
KapaIaibIM eH Killli KBagpaTTap a4ici, rpagueHTTik Tycy, HpioToH a4idi,
L2- peryaspusanmscel, CTOXacTUKaABIK, IpagueHTTiH Tycyi (SGD) xone
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0/apAablH MOJeAb ©HiMJiairiHe acepin anmpikTay ymiH GridSearch-re
HeTizgeareH 494 OanTay KOAAaHBIAABL OAicTepAi CaABICTBIPY YIIiH OaFa-
AayAblH CTaHAAPTTHl KOpceTKimTepi — 4944iK, TOABIKTBIK, Ce3iMTaa-
ABLABIK >koHe Fl-xepcertkimi koasansiagel. Hotiokeaep GridSearch-re
HeTi3jeAreH Joa OanrTay MoJAeAbaepaiH ceHiMAiairi meH Ooaxay
ADAAITiH apTTRIPY YILIH IUIleplapaMeTpaepai XKyiieai oHTallaaHABIPY-
ABIH MaHBI3ABLABIFBIH KOpCeTe OTBHIPHIIL, €H JKOFaphl JKaAIlbl OHIMAIAiKTi
AdVIeKTi TypAe KaMTaMachl3 eTeTiHiH kepceTedi. Bya Hotmxeaep aoruc-
TUKAABIK perpeccusl CUsAKTBI KAacCUKaABIK MoJdeabJepAe TUIiCTi OHTali-
AaHABIPY CTpaTerusidapbIMeH YyiidecKeHAe MeJMIIMHAABIK JepeKTepai
TaajayAa 3aMaHayM HoTIKeJepre K04 JKeTKi3e adaThIHbIH KopceTedi.

Kaiouessie caoBa: AHHOTANII U

paK MOAOYHOI >KeAe3bl, Pak M0.104YHOI1 >KeAe3blI SIBASETCSI O4HMM 13 Hanbo.1ee pacpocTpaHeHHbIX
AOTUCTUYECKasl perpeccus, U OTIaCHBIX AAs KVM3HU 3aD0A€BaHNII BO BCEM MIpe, 9TO JeaaeT TOYHYIO
HacTpoliKa PaHHIOIO AMarHOCTUKY KPUTUIECKY Ba>KHOM A5 yAydIlIeHs] pe3yAbTaToB
rMneprapaMeTpoB, TOHKAs AedeHNsl TIalleHToB. B »ToM mccaegosanuy usydaercs dPpQPeKTUBHOCTD
HaCTPOIIKa, METOAbI MOJeAell AOTUCTUYECKON perpeccum AAsl BBUABAEHUs paka MOAOYHOM
ONTUMM3AIINY, MaIIHHOE >Keae3bl C JCIOAb30BaHMEM Habopa JaHHBIX IO AVATHOCTMKE paka
oOyueHnue. MOAOYHOI >Keae3pl mTata Buckoncun (WBCD). Jas onpejeaenus mx

BAVLSTHILT Ha IPOM3BOANTEABHOCTh MOAEAY OBLAY IIPVIMEHEHHI Pa3AdHbIe
METOABl ONTMMM3ALINY, BKAIOYasl OOBIYHBIE METOABl HaVMEHbIIIIX
KBaApaToB, IPasVeHTHBIN CIycK, MeToa HpiotoHa, peryasapusaumio L2,
CTOXaCTUYeCKMiI rpadueHTHBINI ciyck (SGD) m TOHKyIO HacTpolKy Ha
ocHoBe GridSearch. AJas cpaBHeHUS MeTOAOB  UCITOAB30BAAVICH
CTaHAApTHBIE ITIOKa3aTeAV OLIEHKM — TOYHOCTD, IT0/HOTA, 9yBCTBUTEABHOCTD
1 ioka3zateas F1. Pe3yabTaTsl A€ MOHCTPUPYIOT, YTO TOYHAs HaCTpOYIKa Ha
ocHoBe GridSearch HemsMeHHO oOecIteuMBaeT BBICOYANIIYIO OOIIYIO
MIPOM3BOAUTEABHOCT,  ITOAYEpPKMBas  BaXXHOCTb  CHCT€MaTUYeCKOI
ONTUMM3ALINI TUIIepIIapaMeTPOB AAS TOBBIIIEHIT HadeSKHOCTY MOA@AN
Y TOYHOCTH IIPOTHO3MPOBaHILSL. DTI pe3yAbTaThl IOAY€PKUBAIOT, 4TO AaKe
KJAacCHJYecKe MoJeAM, TaKue KaK /JOTVCTUMYECKasl pPerpeccus, MOTYT
obecriednTh caMble COBpPeMeHHbIe Pe3yAbTaThl aHaAM3a MeAVITMHCKIX
AQHHBIX B COYETaHUU C COOTBETCTBYIOIIVIMY CTPATEIMAMIU OITHMMU3ALIVIL

INTRODUCTION

Breast cancer remains one of the most prevalent and life-threatening diseases worldwide,
necessitating accurate and timely diagnostic tools (Ghasemi et al.,, 2024; Aémun & I'epmames,
2024). Traditional machine learning approaches, particularly logistic regression, have been
widely employed for binary classification tasks due to their simplicity, interpretability, and
efficiency (Aryn et al., 2025; Watrianthos et al., 2025). However, the predictive performance of
logistic regression models can be limited if parameters are not carefully optimized or thresholds
are not properly calibrated (Benghazouani et al., 2025; Won et al., 2025). Watrianthos et al. (2025)
proposed a threshold-optimized and calibrated logistic regression approach, demonstrating that
systematic adjustment of model parameters and decision thresholds can significantly improve
classification accuracy in breast cancer detection. This approach underscores the potential
benefits of combining classical statistical models with fine-tuning techniques to enhance
predictive reliability in clinical applications (Watrianthos et al., 2025).

Recent advances in hyperparameter optimization (HPO) have highlighted the critical role
of efficient tuning in improving machine learning model performance (Won et al., 2025; Ahmad
et al., 2026). Won et al. (2025) provide a comprehensive review of multi-fidelity HPO,
emphasizing approaches that leverage low-fidelity evaluations to reduce computational costs
while maintaining effective model optimization. Their study categorizes existing HPO methods
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according to underlying strategies, discusses the benefits of considering multiple fidelity levels,
and identifies practical challenges that remain unaddressed. These insights underscore the value
of systematic hyperparameter tuning in machine learning models, particularly when optimizing
performance metrics such as accuracy, precision, recall, and Fl-score (Won et al, 2025;
Benghazouani et al., 2025; Ahmad et al., 2026).

Benghazouani et al. (2025) investigated the enhancement of logistic regression models
through hybrid nature-inspired optimization techniques, combining genetic algorithms and
swarm intelligence to optimize model weights and improve feature selection. Their proposed
method, EGASI-RL, demonstrated high predictive performance on breast and lung cancer
datasets, achieving substantial improvements in accuracy, precision, recall, and F1-score
compared to standard logistic regression. The study highlights the potential of integrating global
search and adaptive optimization strategies to overcome limitations of weight estimation in high-
dimensional or noisy datasets. These findings reinforce the importance of systematic
optimization of logistic regression parameters and feature selection, providing a conceptual
foundation for applying fine-tuning techniques such as GridSearch and regularization in
predictive modeling tasks.

Ghasemi et al. (2024) conducted a systematic scoping review on the application of
explainable artificial intelligence (XAI) in breast cancer detection and risk prediction. Their study
emphasizes the importance of interpretability and transparency in Al models used in medical
settings, highlighting techniques such as SHapley Additive exPlanations (SHAP) for explaining
predictions of complex models. While their focus is primarily on tree-based ensemble models, the
findings underscore a broader principle relevant to any predictive modeling, including logistic
regression: optimizing model performance through careful tuning of parameters and weights
should be complemented by strategies that maintain model interpretability and trustworthiness.
This perspective supports the rationale for systematically evaluating different optimization
methods, regularization, and fine-tuning approaches to improve both predictive accuracy and
reliability in breast cancer classification tasks.

Demin and Germashev (2024) review the application of machine learning techniques in
breast cancer diagnosis, highlighting their utility in supporting diagnostic tasks, patient state
assessment, and risk prediction. The study emphasizes that classical machine learning methods,
such as support vector machines, random forests, and convolutional neural networks, have been
effectively employed for tasks ranging from image segmentation in mammography to predictive
modeling based on clinical and genomic data. The review demonstrates that these approaches
can improve diagnostic accuracy, efficiency, and reliability, and underscores the importance of
selecting appropriate features and optimizing model parameters. Such findings provide a
foundation for systematically applying logistic regression and exploring optimization
techniques, including weight tuning, regularization, and fine-tuning, to enhance predictive
performance in breast cancer detection tasks.

Cristea et al. (2025) investigated optimized logistic regression models for analyzing
complex gastroenterological images, comparing their performance against state-of-the-art
approaches. The study emphasizes that careful tuning of model parameters can significantly
enhance predictive accuracy, even when using relatively simple models like logistic regression,
highlighting the continued relevance of classical methods when optimized properly. Similarly,
Khan et al. (2026) explored hybrid machine learning techniques for breast cancer prediction,
combining multiple algorithms and optimization strategies to maximize model performance
across various metrics. Both studies converge on the insight that systematic parameter
optimization and hybridization strategies can substantially improve the robustness and accuracy
of predictive models in medical applications, demonstrating the importance of fine-tuning,
feature selection, and integration of complementary methods in high-stakes diagnostic tasks.
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Recent studies have demonstrated that systematic hyperparameter tuning can
substantially enhance the performance of logistic regression models across diverse datasets
(Ahmad et al., 2026). By carefully adjusting parameters such as regularization strength, solver
type, and iteration limits, predictive accuracy and robustness can be significantly improved.
Inspired by these findings, this study explores the application of logistic regression for breast
cancer detection, incorporating multiple optimization techniques and fine-tuning strategies to
maximize model performance and reliability (Ahmad et al, 2026). This study provides a
comprehensive evaluation of logistic regression models for breast cancer diagnosis, highlighting
the benefits of systematic optimization and fine-tuning (Watrianthos et al., 2025; Benghazouani
et al,, 2025; Ahmad et al., 2026). The findings aim to inform future applications of logistic
regression in medical data analysis, demonstrating how classical models can achieve high
predictive performance when coupled with appropriate optimization strategies (Cristea et al.,
2025; Khan et al., 2026).

MATERIALS AND METHODS

Dataset Description

The Breast Cancer Wisconsin (Diagnostic) Dataset serves as a standard benchmark in
medical machine learning research. It comprises 569 samples derived from fine needle aspiration
(FNA) of breast masses. Due to its structured feature space and moderate dimensionality, the
dataset is highly suitable for the evaluation of linear and probabilistic classifiers, including
logistic regression. Furthermore, the clinical interpretability of its features facilitates a rigorous
comparative analysis of optimization strategies and regularization techniques.

The structural attributes of the dataset, encompassing 30 clinical features alongside
identification and diagnostic labels, are detailed in Table 1. This summary includes the non-null
count and the data representation format for each attribute, ensuring data integrity for
subsequent preprocessing.

Table 1. Detailed dataset attributes

No Column Name Data Type
0 id int64
1 diagnosis object
2 radius_mean float64
3 texture_mean float64
4 perimeter_mean float64
5 area_mean float64
6 smoothness_mean float64
7 compactness_mean float64
8 concavity_mean float64
9 concave points_mean float64
10 symmetry_mean float64
11 fractal_dimension_mean float64
12 radius_se float64
13 texture_se float64
14 perimeter_se float64
15 area_se float64
16 smoothness_se float64
17 compactness_se float64
18 concavity_se float64
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End of Table 1

Neo Column Name Data Type
19 concave points_se float64
20 symmetry_se float64
21 fractal_dimension_se float64
22 radius_worst float64
23 texture_worst float64
24 perimeter_worst float64
25 area_worst float64
26 smoothness_worst float64
27 compactness_worst float64
28 concavity_worst float64
29 concave points_worst float64
30 symmetry_worst float64
31 fractal_dimension_worst float64
32 Unnamed: 32 float64

The dataset defines a binary classification task where samples are categorized as either
malignant (M) or benign (B). The feature space comprises 30 real-valued numerical attributes
representing the morphological characteristics of cell nuclei derived from digitized images. These
attributes—including radius, texture, perimeter, area, smoothness, compactness, concavity,
symmetry, and fractal dimension—are quantified using three statistical measures: the mean,
standard error (SE), and the "worst" (mean of the three largest values) measurement.

During the preprocessing phase, the unique identifier and an auxiliary null column were
excluded from the feature set, as they provide no predictive utility. To ensure compatibility with
the learning algorithms, the categorical target labels were numerically encoded.

The class distribution exhibits a moderate imbalance, as illustrated in the sample
breakdown: 357 observations (62.7%) are classified as benign, while 212 observations (37.3%) are
malignant. Although the dataset is not perfectly balanced, the representation of the minority class
is statistically sufficient to support robust model training and evaluation without the requirement
for synthetic resampling or data augmentation techniques.

Data Preprocessing and Feature Standardization

Prior to model training, the dataset was divided into feature variables and a target variable.
All numerical attributes were assigned to the feature matrix X, while the diagnostic outcome
(diagnosis) was selected as the target vector y.

The target variable was encoded into numerical format to represent a binary classification
problem, where one class corresponds to benign tumors and the other to malignant tumors [9].

The dataset was then split into training and testing subsets in order to evaluate model
generalization performance on unseen data. The training set was used for model fitting, while
the test set was reserved exclusively for performance evaluation.

Feature standardization was applied to ensure that all input variables contribute equally
to the learning process. Since the dataset contains features with different physical scales and
magnitudes, standardization is particularly important for optimization-based models such as
logistic regression, which rely on gradient-based and second-order optimization methods.

Standardization was performed using z-score normalization, where each feature was
transformed by subtracting its mean and dividing by its standard deviation, computed from the
training data:
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where y and o denote the mean and standard deviation of each feature in the training set,
respectively. The same transformation parameters were applied to the test set to prevent data
leakage.

Models and optimization methods

In this study, a baseline logistic regression model was employed as the primary
classification algorithm for breast cancer detection. Logistic regression is a widely used
probabilistic model for binary classification tasks and serves as a strong baseline due to its
simplicity, interpretability, and solid theoretical foundation.

The model estimates the probability of class membership by applying a sigmoid function
to a linear combination of input features. During training, the model learns a set of weight
parameters that maximize the likelihood of observing the given class labels.

In the baseline configuration, logistic regression was applied without explicit
regularization or hyperparameter tuning, allowing the model to learn weights solely based on
the training data. The standardized feature set was used as input to ensure numerical stability
and efficient convergence during optimization.

The logistic regression model was trained using the standardized training dataset. After
model fitting, predictions were generated for the test dataset to assess classification performance
on previously unseen data.

The performance of the logistic regression model was evaluated using standard
classification metrics, including accuracy, precision, recall, and F1-score. These metrics were
computed on the test dataset to assess the predictive performance of the model.

To investigate the effect of different optimization strategies on logistic regression
performance, several methods for estimating model weights were applied and evaluated. Each
method was trained on the standardized training dataset, and predictions were generated for the
test dataset. Model performance was assessed using the same evaluation metrics for consistency.

Ordinary Least Squares (OLS)

As an initial optimization approach, the Ordinary Least Squares (OLS) method was applied
to estimate model parameters. Although OLS is traditionally used for linear regression, it was
employed in this study as a baseline optimization technique to examine its behavior in a binary
classification setting.

After training, predictions were obtained on the test dataset, and classification
performance metrics were computed.

Gradient Descent

The Gradient Descent optimization method was used to iteratively update the model
weights by minimizing the loss function with respect to the training data. This approach relies on
the first-order derivative of the loss function and updates parameters in the direction of the
negative gradient.

The optimized model was then evaluated on the test dataset using the selected
performance metrics.

Newton Method

The Newton Method was applied as a second-order optimization technique that utilizes
both first and second derivatives of the loss function. By incorporating curvature information
through the Hessian matrix, this method aims to achieve faster convergence compared to first-
order methods.

Model predictions were generated for the test set, and performance metrics were
subsequently calculated.
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Regularization (L2)

To control model complexity and reduce the risk of overfitting, L2 regularization was
applied to the logistic regression model. This technique introduces a penalty term proportional
to the squared magnitude of the model weights into the optimization objective.

The resulting predictions were evaluated using the same set of classification metrics.

Stochastic Gradient Descent (SGD)

In addition to batch optimization methods, Stochastic Gradient Descent (SGD) was
employed as an alternative optimization strategy. Unlike standard gradient descent, SGD
updates model parameters using individual samples or small batches, which can improve
computational efficiency and scalability for larger datasets.

Fine-tuning

In the final stage of the study, fine-tuning was applied to the logistic regression model in
order to improve its predictive performance. Fine-tuning refers to the systematic optimization of
model hyperparameters that are not directly learned during training but significantly influence
model behavior and generalization ability.

In this work, fine-tuning was performed using GridSearchCV, which conducts an
exhaustive search over a predefined grid of hyperparameter values combined with cross-
validation.

The following hyperparameters of the logistic regression model were tuned:

- Regularization strength (C): values ranging from 0.01 to 100 were evaluated. This
parameter controls the trade-off between fitting the training data and model complexity. Smaller
values of C correspond to stronger regularization, while larger values allow the model to fit the
data more closely.

- Optimization solver: three solvers (Ibfgs, newton-cg, and saga) were considered. These
solvers implement different numerical optimization strategies for estimating model parameters
and may affect convergence behavior and performance.

- Penalty type: L2 regularization was selected to ensure numerical stability and
compatibility with all chosen solvers.

A 5-fold cross-validation strategy was employed during the grid search to ensure robust
estimation of model performance across different training subsets. The F1-score was used as the
optimization criterion, as it provides a balanced measure of precision and recall and is well suited
for binary classification problems with moderate class imbalance.

RESULTS AND DISCUSSION

This section presents the experimental results obtained using logistic regression models
and different optimization methods.

To evaluate and compare the performance of the models, the following classification
metrics were used: Accuracy, Precision, Recall, and F1-score.

The results obtained for logistic regression models trained using various weight
optimization techniques are summarized in Table 2. These techniques include the method of least
squares (OLS), gradient descent (GD), Newton’s method, L2 regularization, stochastic gradient
descent (SGD), as well as the baseline logistic regression model.

The OLS and gradient descent-based models demonstrated identical performance,
achieving an accuracy of 0.9649 and an F1-score of 0.95. Newton’s method resulted in lower
classification performance, with an accuracy of 0.9035 and an F1-score of 0.8642.

The logistic regression model with L2 regularization achieved an accuracy of 0.9649, a
precision of 0.975, and an Fl-score of 0.9512, matching the performance of the baseline logistic
regression model. The stochastic gradient descent-based model showed comparable results, with
an accuracy of 0.9561 and an F1-score of 0.9398.
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The quantitative results for all optimization methods are summarized in Table 2.
For better visualization, Figure 1 presents a graphical comparison of the optimization
methods based on the selected evaluation metrics.

Table 2. Performance comparison of logistic regression models
using different weight optimization methods

index Accuracy Precision Recall Fl1-score
OLS 0.9649122807017544 {1.0 0.9047619047619048 | 0.95
GD 0.9649122807017544 |1.0 0.9047619047619048 | 0.95
Newton 0.9035087719298246 | 0.8974358974358975 |0.8333333333333334 | 0.8641975308641975
L2 Regularization |0.9649122807017544 |0.975 0.9285714285714286 |0.9512195121951219
SGD 0.956140350877193 |0.9512195121951219 |0.9285714285714286 |0.9397590361445783
Logistic Regression |0.9649122807017544 |0.975 0.9285714285714286 |0.9512195121951219
(baseline)
Comparison of optimization methods by metrics
1.0
0.8 -
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e
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Figure 1. A visual comparison of the evaluated optimization methods across the selected

Note — compiled by the authors

performance metrics

To improve the performance of the logistic regression model, a fine-tuning procedure was
applied using grid search with cross-validation. The optimization was performed by varying key
hyperparameters of the logistic regression model, including the regularization strength,
optimization solver, and regularization type.

The base model was defined as follows:

maximum number of iterations: max_iter = 1000

random seed: random_state = 42

The hyperparameter search space included:
C (inverse regularization strength): {0.01, 0.1, 1, 10, 100}
solver: {Ibfgs, newton-cg, saga}
penalty: L2 regularization
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A 5-fold cross-validation strategy was employed, and the Fl-score was selected as the
optimization criterion. The grid search was conducted on the standardized training dataset, and
the best hyperparameter configuration was selected based on the cross-validated performance.

After identifying the optimal hyperparameters, the tuned model was used to generate
predictions on the test dataset. Figure 2 shows the performance metrics of the baseline and
GridSearch-optimized logistic regression models.

Baseline and GridSearch Logistic Regression

1.0 4
0.8 1
@
E 0.6 1
[
>
=)
=
[1F)
=
0.4
0.2 7 Accuracy
Precision
Recall
Fl-score
0.0 -

Baseline Logistic Regression GridSearch Logistic Regression

Model

Figure 2. Comparison of baseline and fine-tuned logistic regression models
Note — compiled by the authors

To provide a rigorous comparative assessment of the implemented optimization
paradigms, the performance metrics for each methodology were aggregated and analyzed. The
experimental framework evaluated the following optimization approaches: Ordinary Least
Squares (OLS), Gradient Descent (GD), Newton’s Method, Baseline Logistic Regression (LR), LR
with L2 Regularization, Stochastic Gradient Descent (SGD), and Fine-tuned LR via
GridSearchCV.The comparative performance results are tabulated in Table 3, which details the
Accuracy, Precision, Recall, and F1-score achieved by each algorithm on the sequestered test
dataset. These metrics provide a multidimensional view of the classifiers' ability to generalize to
unseen clinical data.

Table 3. Performance comparison of optimization methods for breast cancer detection

Methods Accuracy Precision Recall Fl1-score

oLS 0.9649122807017544 | 1.0 0.9047619047619048 |0.95

Gradient Descent | 0.9649122807017544 | 1.0 0.9047619047619048 |0.95

Newton Method | 0.9035087719298246 | 0.8974358974358975 | 0.8333333333333334 | 0.8641975308641975
Logistic Regression | o 19127807017544 [0.975 0.9285714285714286 |0.9512195121951219
(Baseline)

E"L“;zlsm Regression | 0649122807017544 | 0.975 0.9285714285714286 |0.9512195121951219
E‘;géﬁ“: Regression| ) 05¢140350877193 |0.9512195121951219 | 0.9285714285714286 |0.9397590361445783
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End of Table 1
Methods Accuracy Precision Recall Fl-score

Logistic Regression +
GridSearch
Note — compiled by the authors

0.9736842105263158|0.975609756097561 |0.9523809523809523 | 0.963855421686747

Figure 3 illustrates a comparative visualization of the evaluation metrics obtained for all
optimization methods considered in this study.

The chart enables a clear comparison of model performance across different optimization
strategies using Accuracy, Precision, Recall, and F1-score.

Comparison of Optimization Methods by Metrics
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Figure 3. Comparison of Optimization Methods for Breast Cancer Detection
Note — compiled by the authors

Fine-tuning via GridSearch yielded the best overall performance, achieving the highest
values across all evaluation metrics (Accuracy = 0.9737, Recall = 0.9524, F1-score = 0.9639), which
highlights the importance of systematic hyperparameter optimization.

Ordinary Least Squares (OLS) and Gradient Descent demonstrated strong and stable
performance, both achieving Accuracy = 0.9649 and Fl-score = 0.95, with perfect precision
(Precision = 1.0) and slightly lower recall (Recall = 0.9048), making them comparable to the
baseline logistic regression model.

Newton’s Method was the least effective approach in this study, resulting in noticeably
lower performance (Accuracy = 0.9035, Recall = 0.8333, Fl-score = 0.8642) compared to other
optimization techniques.

L2 regularization and stochastic gradient descent (SGD) improved model robustness and
maintained competitive performance; however, their results (F1-score = 0.9512 for L2 and 0.9398
for SGD) did not surpass those obtained with fine-tuned logistic regression.

Overall, logistic regression proved to be a robust and effective model for breast cancer
detection, particularly when combined with appropriate optimization strategies and fine-tuning,
consistently achieving high accuracy and balanced precision-recall trade-offs.

CONCLUSION

This study investigated the effectiveness of logistic regression for breast cancer detection
using the Breast Cancer Wisconsin (Diagnostic) dataset, with a particular focus on optimization
techniques and fine-tuning strategies for model weights.
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A baseline logistic regression model was first implemented and evaluated, demonstrating
strong classification performance in terms of accuracy, precision, recall, and F1-score. To further
analyze the impact of different optimization strategies, several methods for weight estimation
were applied, including ordinary least squares, gradient descent, Newton’s method, L2
regularization, and stochastic gradient descent. The experimental results showed that
optimization methods such as ordinary least squares and gradient descent achieved comparable
performance to the baseline logistic regression model, while Newton’s method exhibited
relatively lower performance, indicating potential sensitivity to data characteristics or numerical
stability in this setting.

Regularization techniques and stochastic optimization provided stable results and helped
control model complexity; however, they did not significantly outperform the baseline model in
terms of overall classification metrics. The most notable improvement was achieved through fine-
tuning using GridSearch with cross-validation, which optimized key hyperparameters of the
logistic regression model. This approach resulted in the highest overall performance, particularly
in terms of accuracy and F1-score, demonstrating the importance of systematic hyperparameter
optimization.

Overall, the findings confirm that logistic regression remains a strong and reliable baseline
for breast cancer detection, especially when combined with appropriate data preprocessing and
fine-tuning techniques. The comparative analysis highlights that while different optimization
methods may lead to similar performance levels, hyperparameter tuning plays a crucial role in
achieving optimal classification results. These results emphasize the value of combining classical
statistical models with modern optimization and validation techniques in medical data
analysis.hypotheses need to be tested, or which applied aspects may be implemented in the
future.
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