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Abstract

Background: Breast cancer is the leading cause of cancer-related mortality in
females, with 2.3 million new cases diagnosed annually. Machine learning
(ML) algorithms have the potential to improve diagnostic accuracy through the
analysis of high-dimensional data. However, the lack of standardized bench-
marks across different algorithmic families impedes informed model selection
for clinical deployment.

Aim: This study addresses critical gaps in understanding the trade-off between
classification performance and computational efficiency factors that are essen-
tial for implementing algorithms in resource-constrained healthcare settings.
The research aims to compare the performance of different ML algorithms for
breast cancer classification in a high-dimensional feature space.

Patients and Methodology: The performance of 13 ML algorithms including
conventional classifiers, ensemble methods, Gradient Boosting (GB), neural
networks (NNs), and meta-ensembles was evaluated on the Database for Mas-
tology Research with Infrared (DMR-IR) multimodal breast imaging dataset
comprising 5,794 instances and 1,280 features. After excluding unconfirmed
cases, the final analysis included 5,602 instances. A hybrid feature extraction
pipeline combined deep features from three pre-trained convolutional neural
networks (VGG16, ResNet50, DenseNet121) with handcrafted color, texture,
and region-of-interest descriptors. Performance was assessed using accuracy,
F1-score, and training time on a stratified 80:20 split with 5-fold cross-valida-
tion.

Results: Ensemble methods significantly outperformed conventional classifi-
ers. The Voting ensemble achieved the highest accuracy (99.62%) and F1-
score (0.9962), followed by Stacking (99.58%) and Extreme Gradient Boost-
ing (XGBoost) (99.58%). The Histogram Gradient Boosting (HGB) classifier
demonstrated the optimal balance between accuracy (99.54%) and training
time (5.98 seconds). Ensemble algorithms outperformed conventional classifi-
ers by 9-10% in accuracy. Notably, the computationally efficient k-nearest
neighbors (KNN) algorithm achieved 98.59% accuracy with only 0.02 seconds
training time when applied to the hybrid feature representation.

Conclusion: Ensemble methods demonstrate superior performance for high-
dimensional breast cancer classification, with the Voting ensemble achieving
maximum accuracy and HGB offering optimal practicality. Preliminary evi-
dence-based model selection considerations are provided for different deploy-
ment contexts, from resource-constrained primary care to centralized reference
centers.

Keywords: Breast Cancer Detection, Machine Learning, Ensemble Methods, Compu-
tational Efficiency, Multimodal Imaging.
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1. Introduction

Breast cancer remains the most commonly diagnosed
malignancy among women worldwide and the leading
cause of cancer-related mortality in this population, with ap-
proximately 2.3 million new cases diagnosed annually [1].
The relationship between early detection and improved sur-
vival has been firmly established: five-year survival rates
exceed 95% for localized disease but drop to approximately
25% for metastatic disease [2]. This disparity underscores
the critical importance of accurate, accessible, and timely
diagnostic screening.

Current diagnostic protocols rely primarily on imaging
modalities—mammography, ultrasound, magnetic reso-
nance imaging, and histopathology—each with characteris-
tic strengths and limitations[3]. Mammography interpreta-
tion exhibits substantial inter-observer variability, with sen-
sitivity ranging from 62% to 87% depending on breast den-
sity and radiologist expertise [3]. Histopathological grad-
ing, while considered the gold standard, is inherently sub-
jective, with discordance rates of 25-30% documented be-
tween pathologists examining the same specimens [1], [2].
These limitations are compounded by resource constraints
that impede population-level screening implementation,
particularly in transitioning healthcare systems where spe-
cialist radiologists and pathologists are scarce [22].

ML offers the potential to transcend these limitations
by providing consistent, objective, and highly accurate anal-
yses of medical images [13], [14]. The evolution of ML ap-
plications in breast cancer diagnostics has progressed from
traditional statistical learning methods [6] through ensem-
ble approaches [11], [17] to contemporary deep learning ar-
chitectures [1], [21]. Convolutional neural networks, in par-
ticular, have revolutionized medical image analysis by au-
tomatically learning hierarchical feature representations di-
rectly from image data [1], [7].

Despite these advances, significant gaps persist in the
literature. First, most studies operate within narrow meth-
odological boundaries—comparing multiple variants of a
single algorithmic family rather than spanning diverse par-
adigms [13], [14]. Second, accuracy dominates as the pri-
mary evaluation metric, while computational efficiency—
critical for practical deployment—is rarely documented
[15]. Third, multimodal datasets that pair complementary
imaging modalities remain underutilized [20].
High-dimensional feature spaces present additional chal-
lenges. Medical imaging datasets often yield thousands of
features per instance, creating the "curse of dimensionality":
exponential expansion of hypothesis space, increased data
sparsity, and heightened overfitting risk [8]- [10]. Class im-
balance further complicates analysis, as pathological cases
constitute a minority in real-world populations [6], [15].
This study addresses these gaps through four major contri-
butions. First, an end-to-end preprocessing and feature en-
gineering pipeline is presented that combines Synthetic Mi-
nority Over-sampling Technique combined with Edited
Nearest Neighbors (SMOTEENN) for class imbalance han-
dling with mutual information-based feature selection—a
combination demonstrated to enhance generalization in
high-dimensional spaces [15], [16]. Second, a comprehen-
sive head-to-head comparison of 13 ML algorithms span-
ning five methodological families is conducted on the

DMR-IR dataset under identical experimental conditions,
addressing the methodological fragmentation identified in
the literature [13], [14]. Third, the trade-offs between clas-
sification accuracy and computational efficiency are sys-
tematically quantified, a dimension largely neglected in ex-
isting studies [15] providing preliminary evidence-based
model selection considerations for different deployment
contexts, Fourth, a hybrid feature extraction technique
combining deep features from multiple Convolutional Neu-
ral Network (CNN) architectures with handcrafted color,
texture, and Region of Interest (ROI) descriptors enables
multiple classifiers to achieve state-of-the-art performance
exceeding 99.5% accuracy, thereby establishing a new per-
formance baseline for the DMR-IR dataset and validating
the value of multimodal integration [20].

2. Related Work

2.1. Evolution of ML in Breast Cancer Diagnostics

The application of ML to breast cancer detection has
evolved substantially over the past two decades. Early ef-
forts focused on traditional statistical learning methods op-
erating on handcrafted features extracted from clinical data
and basic image characteristics [3]. Logistic regression
(RL) and linear discriminant analysis offered simplicity and
theoretical grounding [3]. Support vector machines gained
popularity due to their ability to create non-linear bounda-
ries using the kernel trick, enabling good performance on
moderately complex classification problems [13].

Ensemble methods marked a significant paradigm shift.
Random forests (RF) combine bootstrapping with random
feature selection to create decorrelated decision trees that
reduce variance while maintaining low bias [6]. GB meth-
ods, including AdaBoost and XGBoost, construct ensem-
bles sequentially, with each new model focusing on correct-
ing the errors of its predecessors [11], [17]. These ensemble
methods have proven exceptionally effective for biomedical
classification problems, where feature interactions are com-
plex and relationships are frequently non-linear [6], [11].

2.2. Deep Learning and Multimodal Approaches

Deep learning, particularly convolutional neural net-
works, has transformed medical image analysis by enabling
end-to-end learning of hierarchical feature representations
directly from pixel data [1], [21]. Architectures such as
VGG16, ResNet50, and DenseNet121 have achieved accu-
racy exceeding 95% for histopathological image classifica-
tion [1], [7] and improved sensitivity for mass detection in
mammography [3]. Multimodal imaging has emerged as a
promising direction for improving diagnostic accuracy.
Thermography captures functional information about meta-
bolic activity and vascularization through infrared emis-
sions [19], complementing the structural information pro-
vided by mammography [3], and enhanced image quality
for breast magnatic resonance imaging (MRI) at 1.5T [12].
The DMR-IR dataset uniquely pairs these modalities from
the same patients, enabling investigation of multimodal in-
tegration strategies [20].
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2.3. Hybrid Architectures and Ensemble Strategies

Hybrid architectures that combine the strengths of different
approaches have gained increasing attention. Maleki et al.
[5] proposed a DenseNet201-XGBoost hybrid for histo-
pathological image classification, using deep features ex-
tracted by the CNN as inputs to the GB classifier. Bal-
asubramanian et al. [7] demonstrated that ensemble deep
learning improves robustness for breast cancer subtype clas-
sification from whole-slide images. Hameed Alsaedi and
Akay [8] showed that feature-fused autoencoders combined
with weighted decision trees achieve high accuracy while
maintaining model simplicity. Similarly, Manali et al. [18]
employed decision fusion over deep learning features to im-
prove breast cancer detection accuracy.

2.4. Identified Research Gaps

Synthesis of the literature reveals several persistent
gaps.

Methodological Fragmentation: Studies typically operate
within narrow algorithmic families—comparing multiple
CNN variants against each other or evaluating several en-
semble methods against simple baselines—with broader
comparisons across algorithmic families remaining scarce
[13], [14].

Neglect of Computational Efficiency: Accuracy dominates
as the primary evaluation metric, while computational con-
siderations (training time, inference speed, hardware re-
quirements) are rarely documented despite their practical
importance for deployment [15].

Underutilization of Multimodal Datasets: Multimodal da-
tasets like DMR-IR, which pair thermography and mam-
mography images from the same patients, remain underuti-
lized in research exploring potential synergies between
functional and structural imaging [20].

Inadequate Imbalance Handling: Although class imbalance
is widely recognized as a critical issue in medical datasets,
systematic evaluation of imbalance correction methods
across different model families is limited [6], [15]. The
comparative summary of existing studies presented in Table
1.

Table 1: Comparative summary of existing studies

Ref. Study Focus Algorithms Used

Key Results

Identified Gaps

DL in breast histopathol-

>95% accuracy
Improved sensitivity
High AUC (>0.95)
98.2% accuracy

Improved robustness

Single modality; lacks mul-
timodal fusion
Mammography only; no ef-
ficiency analysis

No comparison with non-
DL methods
Single-algorithm hybrid; no
broad benchmarking
Limited to DL ensembles
only

No handcrafted feature inte-

[1] CNNs (VGG, ResNet)
ogy

[3] Mammography with DL CNN architectures

[4] Breast MRI w ith DL Various DL models
meta-analysis

5] bDreigseNet'XGBOOSt BY- DenseNet201 + XGBoost

[7] Ensemble DL for histo- Ensemble CNNs
pathology

8] Parallel channel DL sys- Multi-channel CNN
tem

[9] Multimodal fusion DL fusion networks

[11] Ez"kmg ensemble meth- o GyM. NN stacking

[16] Thermography + DL CNN on thermal images

[19] Thermography for breast ~ Passive and active ther-

cancer detection

mography (review)

Enhanced feature learning
AUC 0.97
Improved performance

Promising results

Comparative evidence of
thermography feasibility

gration

Complex multimodal align-
ment required

Limited to stacking; no time
complexity study

Single modality; no fusion
with mammography
Review only; no hybrid
deep feature extraction

3. Methodology

This segment describes the entire experimental process
utilized in this research, including the dataset, prepro-
cessing/feature engineering, model development, and eval-
uation. This process is carefully constructed with the aim of
being robust, reproducible, and balanced across various ML
paradigms, in compliance with existing best practices in
medical Al research [1], [6], [13], [15].

Figure 1. Schematic overview of the experimental work-
flow. The pipeline begins with the Dataset, followed
by Preprocessing consisting of Hybrid Feature Extraction

and SMOTEENN + Feature Selection + Normalization.
Data then proceed to Model Training and Classifica-
tion across five classifier families: Linear/Distance LR,
SVM, KNN], SGD), Tree-based (RF, Extra Trees
(ET), GB (XGBoost, HGB, RF), NN (MLP, Deep Random
Vector Functional Link (DeepRVFL), and Meta-Ensem-
bles (Voting, Stacking). Model outputs are assessed in
the Evaluation stage using Accuracy, Area Under the Re-
ceiver Operating Characteristic Curve (AUC-ROC), F1-
Score, Training Time, stratified 5-fold cross-validation,
learning curves, and model selection. The final Analy-
sis stage consolidates the results
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Figure 1: Schematic overview of the experimental workflow

(healthy vs. sick). The final analysis was conducted on
5,602 instances after removing Unknown cases. Table 2

3.1. Dataset Description

The DMR-IR dataset [20] comprises 5,794 images from
clinical examinations conducted in Brazil, pairing thermog-
raphy and mammography modalities from the same pa-
tients. The dataset contains three class labels: Healthy (ap-
proximately 72.5%), Sick (approximately 24.2%), and Un-
known (approximately 3.3%). Unknown instances were ex-
cluded from the analysis as they lack confirmed diagnostic
status and the study objective is binary classification

presents the dataset characteristics.
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Table 2: DMR-IR dataset characteristics

Attribute

Description

Dataset name

DMR-IR (Breast Thermal Image Dataset)

Source Clinical examinations, Brazil

Imaging modalities

Class labels

Total instances

Original feature dimensionality
Selected features (after MI) 100
Image dimensions (after resizing)
ROI dimensions

224 x 224 pixels
128 x 128 pixels

Thermography (dynamic sequences, static images); Mammography
Healthy, Sick (Unknown excluded)

5,602 (after excluding Unknown)

1,280 (before selection)

3.2. Data Preprocessing

A preprocessing pipeline was implemented to trans-
form raw images into a structured format suitable for anal-
ysis. Automated discovery traverses the directory structure,
parsing file paths to extract metadata (patient identifier, visit
number, modality, diagnostic label) into a structured Data-
Frame. Image loading accommodates multiple formats and
color spaces. Color images are converted from BGR to
RGB; grayscale images are retained for texture analysis. All
images are normalized to 224x224 pixels using bilinear in-
terpolation, matching the input size expected by pre-trained
CNN models and enabling consistent feature extraction.

3.3. ROI Segmentation

ROI segmentation isolates breast tissue from back-
ground using adaptive thresholding. For a grayscale image
I, the adaptive threshold at pixel (x,y) is given by Equation
(1):

(%, ¥) = Hwingow (x,y) — C (D
Where T(x,y) is the adaptive threshold at pixel (x,y),
Uwindow (X, ) 1s the local mean within an 11 X 11 window
and C = 2 is a constant. Contour detection identifies the
largest connected component, and its bounding box extracts
the ROI, resized to 128 X 128 pixels.

3.4. Feature Extraction Framework

The feature extraction methodology employs a hybrid
approach combining deep learning-based features with tra-
ditional handcrafted descriptors, designed to capture com-
plementary aspects of breast tissue characterization.

3.4.1. Deep Feature Extraction

Deep features are extracted using an ensemble of
three pre-trained convolutional neural networks: VGG16,
ResNet50, and DenseNetl121. All networks are used with
ImageNet-pre-trained weights as fixed feature extractors
(no fine-tuning). From each network, the output of the last
global average pooling layer is extracted, yielding a 256-
dimensional feature vector per network. These three vectors
are concatenated to form a 768-dimensional deep feature
representation.

3.4.2. Handcrafted Feature Extraction

Three categories of handcrafted features are computed
Color Features: For each RGB channel, statistical moments
(mean, standard deviation, skewness, kurtosis) and pairwise
correlations between channels are computed. Histogram-
based features (32 bins per channel) augment these statis-
tics.

Texture Features: Local Binary Patterns (LBPs) (P =
8,R = 1) produce a 256-bin histogram. Sobel gradients
provide magnitude and orientation histograms. Haar wave-
let transform captures multi-scale texture information.
Canny edge detection quantifies edge density and orienta-
tion. Principal Component Analysis (PCA) was applied to
reduce dimensionality from approximately 400 to 200 fea-
tures while preserving 95% of the variance. The PCA trans-
formation was fitted exclusively on the training data and ap-
plied to both training and test sets.

ROI Features: Within the segmented breast region, intensity
statistics (mean, median, standard deviation, variance, min,
max, range), distribution shape (skewness, kurtosis), per-
centiles (25th, 50th, 75th), a 32-bin histogram, and ROI-
specific LBP features are computed. Table 3 presents a de-
tailed breakdown of the handcrafted features.

Table 3: Detailed breakdown of handcrafted features

Feature Category Technique Specific Features Count
Color Features RGB statistics Mean, std dev, skewness, kurtosis (per 12
channel)
Cross-channel correlations (R- 3
G, R-B, G-B)
RGB histograms 32-bin histogram (per channel) 96
Color Features Total 111 (padded to 200)
Texture Features LBPs 256-bin LBP histogram (P=8, R=1) 256
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Sobel gradients

Haar wavelet
Canny edges
Texture Features Total

Gradient magnitude histogram (36 bins) 36
Gradient orientation histogram (36 bins) 36
Statistics at multiple scales 48
Edge density, orientation histogram 24
400 (reduced to 200 via PCA)

Mean, median, std dev, variance, min,

ROI Features Intensity statistics 7
max, range
Distribution shape Skewness, kurtosis 2
Percentiles 25th, 50th, 75th percentiles 3
ROI histogram 32-bin intensity histogram 32
ROI LBPs LBPs within ROI 68
ROI Features Total 112 (padded to 200)

3.4.3. Feature Integration

The final 1280-dimensional feature vector is obtained
through the following concatenation process:
Step 1: Deep Features (768 dimensions) — Features from the
three pre-trained CNN architectures are extracted and con-
catenated: VGG16 global average pooling layer: 256 fea-
tures; ResNet50 global average pooling layer: 256 features;
DenseNet121 global average pooling layer: 256 features;
Total deep features: 768 dimensions.
Step 2: Color Features (200 dimensions) — Color statistics
and histograms are computed as described in Section 3.4.2.
Raw color features (111 dimensions) were augmented with
additional color space transformations (HSV, LAB) and
padded with zeros to achieve exactly 200 dimensions for
consistent concatenation.
Step 3: Texture Features (200 dimensions) — Multiple tex-
ture analysis techniques (LBP, Sobel, Haar wavelet, Canny)
produce approximately 400 raw texture features. PCA was
applied to reduce dimensionality to 200 while preserving
95% of the variance. The PCA transformation was fitted ex-
clusively on the training data and applied to both training
and test sets.
Step 4: ROI Features (112 dimensions, padded to 200) —
ROI-specific features are computed exclusively within the
segmented breast region. To maintain uniform dimension-
ality across feature types, these are padded with zeros to
reach 200 dimensions.
Final Concatenation: All feature vectors are concatenated as
shown in Equation (2):

Ftotal =
[Faeep(768)||Footor (200) || Frexture (200)||Fro;(200)] €
RIZSO (2)

where F;,:q; 18 the final 1,280-dimensional feature vector,
Fyeep (768 dimensions) denotes the concatenated deep fea-

tures, F.q10r (200 dimensions) denotes the color features,

Fioxture (200 dimensions) denotes the texture features, Fgo;
(200 dimensions) denotes the padded ROI features,
and || denotes vector concatenation.

This hybrid approach ensures that complementary infor-
mation from multiple representation paradigms is preserved
while maintaining a fixed-dimensional representation suita-
ble for ML algorithms.

3.5. Feature Selection and Class Imbalance Handling

Mutual information-based feature selection reduces di-
mensionality from 1280 to 100 features. Mutual infor-
mation quantifies statistical dependence between feature X
and class label Y as shown in Equation (3):

IGY) = Teex Zyer PCe Ylog (F52) - (3)

where I(X;Y)is the mutual information between fea-
ture X and class label Y, p(x,y) is the joint probability dis-
tribution of X and Y, and p(x) and p(y) are the marginal
probability distributions of X and Y, respectively. Features
are ranked by mutual information score, and the top 100 are
retained for modeling.

Class imbalance is addressed using SMOTEENN, com-
bining Synthetic Minority Oversampling Technique
(SMOTE) with Edited Nearest Neighbors (ENN) cleaning.
SMOTE generates synthetic minority samples through in-
terpolation between existing instances. ENN removes sam-
ples whose class differs from the majority of their k nearest
neighbors, cleaning noisy regions of the feature space.

3.6. Experimental Design

3.6.1. Model Selection

13 classifiers spanning five methodological families
were selected as summarized in Table 4:

Table 4: Implemented ML models by category

Category Models Count
Linear / Distance-Based LR, SVM, KNN, SGD 4
Tree-Based Ensembles RF, ET 2

GB Methods XGBoost, HGB, XGBRF 3
Neural Networks MLP, Deep RVFL 2
Meta-Ensembles Voting Classifier, Stacking Classifier 2
Total 13
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Hyperparameters were selected based on literature recom-
mendations and preliminary experiments and are repre-
sented in Table 5:

Table 5: Models hyperparameters

Model Hyperparameters

RF n_estimators = 200, max_depth = 10, class_weight = 'balanced'
XGBoost n_estimators = 200, max_depth = 5, learning_rate = 0.1

HGB max_iter =200

MLP hidden layer sizes = (28, 5), alpha = 0.1

Deep RVFL n_layer =3, n_nodes = 2000, lam = 0.01

Voting Soft voting with HGB, MLP, KNN, XGBoost

Stacking Base learners (RF, XGBoost, MLP), meta-learner (LogisticRegres-

sion), cv =5

For scale-sensitive models (LR, SVM, KNN, SGD, MLP),
StandardScaler was applied within a Pipeline to prevent
data leakage.

3.6.2. Evaluation Protocol

Data was divided into stratified 80:20 train-test splits.
Stratified 5-fold cross-validation was performed on the
training set. Performance metrics included accuracy, preci-
sion, recall, Fl-score, Cohen's kappa, and training time.
Learning curves were constructed by incrementing training
set size from 10% to 100% in 10% increments.

All preprocessing steps, including feature extraction,
mutual information-based feature selection, and
SMOTEENN balancing, were applied exclusively to the
training set after the stratified 80:20 split to prevent data
leakage. The trained feature selector and SMOTEENN pa-
rameters were subsequently applied to the test set without
refitting.

4. Results

4.1. Key Findings Summary

e Ensemble Superiority: Top ensemble methods achieve
99.5-99.6% accuracy, outperforming conventional classi-
fiers by 9-10%

e Optimal Balance: Histogram GB offers 99.54% accu-
racy with only 5.98 seconds training time

e Simple Classifier Viability: KNN achieves 98.59% ac-
curacy with 0.02 seconds training time on hybrid features
e Balanced Errors: Top models exhibit equal false posi-
tive and false negative rates (clinically desirable)

e Feature Complementarity: Deep, color, texture, and
ROI features all contribute discriminative information.

4.2. Exploratory Data Analysis

Application of SMOTEENN substantially altered the
class distribution. The training set (4,635 instances) was
transformed to 6,720 instances with balanced classes (50%
healthy, 50% sick), eliminating the original 3:1 healthy:sick
imbalance.

4.3.  Feature Engineering Outcomes

Mutual information analysis revealed a long-tail distri-
bution: few features possess high discriminative power
(>0.3 MI score), while many contribute little. The top 20
features include a mix of deep features from all three archi-
tectures and handcrafted features (ROI statistics, color, tex-
ture), confirming that all feature families contribute valua-
ble information.

4.4. Comprehensive Model Performance

Table 6 presents the comparative performance of all
classifiers on the test set.

Table 6: Comparative performance of all classifiers on test set

. Training
Model Accuracy  Precision Recall F1-Score Kappa Time (s)
Voting Ensemble 99.62 99.62 99.62 99.62 0.9962 27.91
Stacking Ensemble 99.58 99.58 99.58 99.58 0.9958 196.24
XGBoost 99.58 99.58 99.58 99.58 0.9958 12.33
Histogram GB 99.54 99.54 99.54 99.54 0.9954 5.98
Deep RVFL 99.24 99.24 99.24 99.24 0.9924 33.48
MLP 99.16 99.16 99.16 99.16 0.9916 9.68
RF 98.90 98.90 98.90 98.90 0.9890 25.67
KNN 98.59 98.59 98.59 98.59 0.9859 0.02
ET 98.36 98.37 98.36 98.37 0.9837 2.45
SVM 97.98 97.98 97.98 97.98 0.9798 11.89
XGBRF 92.96 92.93 92.96 92.92 0.9292 13.58
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RL 90.38 90.36
SGD 89.31 89.28

90.38 90.35 0.9035 8.57
89.31 89.27 0.8927 0.74

Several key findings emerge:

e Ensemble Superiority: The top five classifiers are ensem-
ble methods (Voting, Stacking, XGBoost, HGB) or neural
networks with ensemble characteristics (Deep RVFL). This
confirms the theoretical advantage of combining multiple
models to reduce variance and improve generalization.

e Meta-Ensemble Performance: The Voting classifier
achieves the highest overall accuracy (99.62%), marginally
outperforming the more complex Stacking ensemble
(99.58%). The simpler probability averaging approach
achieves equivalent or better performance with substan-
tially lower computational cost (27.91s vs. 196.24s).

e GB Efficiency: HGB achieves 99.54% accuracy with
only 5.98 seconds training time, representing the optimal
balance of accuracy and efficiency for practical deploy-
ment.

e Neural Network Competitiveness: Both MLP (99.16%)
and Deep RVFL (99.24%) perform competitively, demon-
strating that relatively simple neural architectures can
achieve excellent results with well-engineered features.

e Simple Classifier Viability: KNN achieves 98.59% ac-
curacy with only 0.02 seconds training time, underscoring
the quality of the hybrid feature representation.

e Performance Gap: Ensemble methods outperform con-
ventional classifiers (LR, SGD) by 9-10%, reflecting the in-
ability of linear models to capture complex, non-linear rela-
tionships.

4.5. Statistical Significance

McNemar's test revealed that Voting, Stacking,
XGBoost, and HGB are statistically indistinguishable from
each other (p > 0.05), while significantly outperforming all
other models (p <0.01). This indicates that any of these four
ensemble methods can be selected based on secondary cri-
teria without sacrificing statistically significant perfor-
mance.

4.6. Error Analysis

Top models exhibit nearly equal false positive and false
negative rates (Voting: 3 vs. 3 errors out of 1,159 test cases).
This balanced error distribution is clinically desirable, indi-
cating no systematic bias toward overdiagnosis or underdi-
agnosis. The equalized error rates confirm that
SMOTEENN successfully addressed the original class im-
balance.

4.7. Learning Dynamics

Learning curves reveal that most models achieve
>97% accuracy with only 20% of training data, indicating
that the feature space is well-structured. The gap between
training and validation curves is remarkably small for top
models (0.001-0.003), demonstrating excellent generaliza-
tion with minimal overfitting.

4.8. Computational Efficiency

Training times vary dramatically—from 0.02 seconds
(KNN) to 196.24 seconds (Stacking)—among models with
similar accuracy. Three operational regions are identified:
Maximum Efficiency (0.01-1s): KNN (98.59%, 0.02s) of-
fers excellent accuracy with virtually zero training time,
suitable for resource-constrained settings.

Balanced Performance (1-30s): HGB (99.54%, 5.98s) of-
fers optimal accuracy-efficiency ratio; Voting (99.62%,
27.91s) provides maximal accuracy at moderate cost.
Maximum  Accuracy (30-200s): Stacking  (99.58%,
196.24s) achieves top-tier accuracy at substantial computa-
tional cost, justifiable for one-time training of production
models.

5. Discussion

5.1. Interpretation of Key Findings

5.1.1. Superiority of Ensemble Methods

The results provide clear evidence that ensemble meth-
ods outperform conventional classifiers for high-dimen-
sional breast cancer classification. This finding aligns with
both theoretical expectations and empirical literature [6],
[11], [17]. Ensemble methods reduce variance through av-
eraging (bagging-based methods) and reduce bias through
sequential error correction (boosting-based methods). For
the complex, non-linear relationships present in medical im-
aging data, these variance and bias reductions translate di-
rectly to improved generalization.

The near-equivalence of top ensemble methods (Vot-
ing, Stacking, XGBoost, HGB) suggests that for this dataset
and feature representation, the specific ensemble architec-
ture matters less than the ensemble principle itself. This has
practical importance: practitioners can select among these
methods based on secondary criteria without sacrificing
performance.

5.1.2. The Accuracy-Efficiency Trade-off

The results reveal a clear trade-off landscape with dis-
tinct operational regions. The Pareto frontier of optimal
models includes HGB (optimal efficiency), XGBoost (bal-
anced), and Voting (maximal accuracy). The existence of
multiple Pareto-optimal solutions is valuable, as different
deployment contexts prioritize different objectives. The
dramatic efficiency of KNN (98.59%, 0.02s) demonstrates
the power of the hybrid feature representation: with suffi-
ciently informative features, even a simple, non-parametric
classifier can approach state-of-the-art performance. For se-
verely resource-constrained settings, KNN offers a viable
path to high-quality classification.
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5.1.3. Role of Hybrid Feature Representation

The high performance of even simple classifiers with
the hybrid feature set indicates that the features themselves
capture discriminative information effectively. The mutual
information analysis showing top features from all families
confirms that deep features, color statistics, texture
measures, and ROI characteristics all contribute valuable,
complementary information. The hybrid approach success-
fully bridges the gap between representation learning and
domain-expert feature engineering, proving particularly
valuable for medical imaging applications where datasets
are typically smaller than those required for end-to-end deep
learning [1], [5].

5.2. Comparison with Existing Literature

The 99.62% accuracy achieved in this study exceeds
previously reported results on comparable tasks (Jiang et al.
[1]: >95%; Maleki et al. [5]: 98.2%). Several factors likely
contribute:

1. Multimodal Integration: The DMR-IR dataset's pairing
of thermography and mammography provides complemen-
tary functional and structural information [16].

2. Hybrid Feature Representation: Combining deep fea-
tures from multiple architectures with diverse handcrafted
features creates a rich representation capturing multiple as-
pects of tissue characterization.

3. Comprehensive Preprocessing: ROI segmentation, mu-
tual information selection, and SMOTEENN imbalance
handling optimize the data for learning.

4. Ensemble Methodology: Top-performing models lever-
age ensemble principles to reduce variance and improve
generalization.

5.3. Clinical Implications

5.3.1. Model Selection Guidelines

Table 7 presents model selection recommendations
by deployment scenario.

Table 7: Model selection recommendations by deployment scenario

. Recommended Accuracy Training .
Deployment Scenario Model (%) Time (s) Rationale
R§source-constra1ned KNN 98.59 0.02 No tralnlng rpqulred; runs on bqsw hafd— .
primary care ware; preliminary findings require validation
Regional hospital HGB 99 54 508 Optimal accuracy-efﬁmen.cy balance; experi-
(moderate resources) mental results show promise
Centralized reference Voting 99.62 2791 Max?mum accuracy J'ustl.ﬁes longer training;
center requires external validation
Research institution Stacking 99.58 196.24 Benchmark performance; analyzable meta-

learner

ilg/terpretabﬂlty POt pp 98.90 25.67 Native feature importance; visualizable trees

5.3.2. Implications for Resource-Constrained Settings

KNN's 98.59% accuracy with virtually zero training
time has particular significance for healthcare systems in
transitioning countries [22]. In settings where specialist ra-
diologists are scarce, computational infrastructure is lim-
ited, and budgets are constrained, a KNN-based system of-
fers a promising path that warrants further investigation for
computer-aided diagnosis. The model requires no training,
can run on basic hardware, and provides predictions through
simple distance computations.

5.4. Limitations

Several limitations should be acknowledged
1. AUC Calculation: Technical challenges prevented re-
liable AUC-ROC computation for certain ensemble mod-
els (Voting and Stacking ensembles) due to probability
calibration inconsistencies across base learners. Future
work will address probability calibration to enable com-
prehensive AUC-ROC reporting alongside other metrics.
2. Single Dataset: The study is delimited to a single da-
taset (DMR-IR). While this dataset provides rich multi-
modal information, findings may not generalize to other

populations, imaging protocols, or acquisition conditions.
External validation on independent multi-center datasets
is essential before any clinical implementation.

3. Inference Time: While training time is comprehen-
sively reported, inference time was not systematically
evaluated. For real-time applications, prediction latency
may be as important as training efficiency.

4. No Fine-Tuning: Pre-trained CNNs were used as fixed
feature extractors without fine-tuning. Fine-tuning might
yield deep features more specifically adapted to breast tis-
sue characterization.

5. Binary Classification: The study addresses binary
classification (healthy vs. sick) rather than multi-class
subtyping or grading. Characterization (molecular sub-
type, histological grade) is equally important for treatment
selection.

6. Conclusions

This study investigated the performance of 13 ML al-
gorithms spanning five methodological families for breast
cancer classification on the multimodal DMR-IR dataset.
Ensemble methods significantly outperform conventional
classifiers, with top models (Voting, Stacking, XGBoost,
HGB) achieving 99.5-99.6% accuracy. Statistical analysis
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confirms these four methods are indistinguishable from
each other while outperforming linear models by 9-10%.
This demonstrates that for high-dimensional medical data,
ensemble aggregation is more important than specific archi-
tectural choices. Training times vary by four orders of mag-
nitude (0.02s to 196s) among models with similar accuracy.
HGB offers the optimal balance (99.54% accuracy, 5.98s
training), while KNN provides a highly efficient alternative
(98.59% accuracy, 0.02s training) suitable for resource-con-
strained settings. The combination of deep features from
three CNN architectures with handcrafted color, texture,
and ROI descriptors creates a rich representation that ena-
bles even simple classifiers to achieve excellent perfor-
mance. All feature families contribute discriminative infor-
mation, validating the hybrid approach. The balanced error
rates of top models (equal false positives/negatives) indicate
no systematic bias toward overdiagnosis or underdiagno-
sis—a clinically essential property. Preliminary evidence-
based model selection considerations are provided for dif-
ferent deployment contexts. Finally, the 99.62% accuracy
achieved by the Voting ensemble establishes a new perfor-
mance baseline for the DMR-IR dataset, demonstrating the
potential of multimodal integration and hybrid feature rep-
resentation.
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