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Abstract. The rapid integration of Electronic Health Records (EHR) demands the efficient 
processing of high-resolution medical images. However, deep learning architectures applied to 
mammography classification often produce massive, high-dimensional feature spaces 
susceptible to the curse of dimensionality and anatomical noise. Furthermore, conventional 
dimensionality reduction approaches tend to cause over-reduction, which destroys crucial 
microcalcification textures. To address these challenges, this study proposes a CPU-efficient 
hybrid dimensionality reduction framework integrating Mean Vector Projection (MVP) and 
Principal Component Analysis (PCA) on features extracted by SqueezeNet. The MVP layer acts 
as a crucial pre-conditioner to stabilize intra-class variance before PCA decomposition. 
Experimental results demonstrate that the proposed MVP-PCA framework successfully 
linearizes the feature space and achieves an extreme compression rate of 99.11%, reducing 
264,702 features to 2,355 essential components. The peak accuracy reaches 97.58% with a 
minimal False Negative rate (2 cases), providing a sustainable diagnostic solution for healthcare 
facilities with limited technological resources. 
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1.   Introduction  

The global transition toward digital-first healthcare ecosystems through Electronic Health Records 
(EHR) has transformed clinical workflows [1], [2], driven by an exponential surge in diagnostic imaging 
data [3]. However, the massive volume of high-resolution visual data generated daily places an 
unprecedented computational burden on radiology infrastructures [4]. While the Digital Imaging and 
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Communications in Medicine (DICOM) standard is indispensable for data exchange [5], [6], the sheer 
scale of these repositories presents formidable challenges for rapid data retrieval, making high-
dimensional datasets a significant technological bottleneck for AI integration [7].  

Convolutional Neural Networks (CNNs) have emerged as the gold standard for medical image 
classification due to their proficiency in autonomous feature extraction [8, 9]. These architectures excel 
at identifying complex pathological patterns that may be invisible to the human eye [10]. However, as 
deep learning models increase in depth and complexity to capture finer details, they often project data 
into an excessively high-dimensional feature space [11]. This phenomenon triggers the "curse of 
dimensionality," where the presence of anatomical noise and redundant features can obscure the actual 
diagnostic signal and degrade the performance of predictive models [12]. 

Furthermore, the deployment of sophisticated deep learning models typically necessitates high-
performance hardware, such as GPU clusters, which consume significant energy and require substantial 
financial investment [13], [14]. This dependency creates a technological divide, limiting the accessibility 
of advanced AI diagnostics in resource-constrained clinical settings [15]. Consequently, there is an 
urgent need for sustainable and computationally efficient feature engineering techniques that can 
maintain high diagnostic precision while operating effectively on standard CPU-based infrastructures 
[16]. 

To address these limitations, conventional dimensionality reduction methods like PCA and LDA are 
widely utilized for data compression [17- 20]. However, their effectiveness is often hindered by the non-
linear distribution of raw CNN features [21], [22]. To overcome this limitation, several nonlinear 
dimensionality reduction techniques, including Kernel PCA [23] and deep feature compression methods 
[24], have been introduced to better preserve complex feature relationships. Although improve feature 
representation, they incur higher computational costs, increased memory requirements, or additional 
trainable parameters, making them less suitable for resource-constrained environments. In lightweight 
CNN architectures, most of the work is still aimed at optimizing network parameters rather than 
improving the statistical structure of the feature space extracted before dimensionality reduction [25]. 

Motivated by this gap, this study proposes a sustainable hybrid dimensionality reduction framework 
that combines the lightweight SqueezeNet architecture with a Mean Vector Projection (MVP) 
preprocessing stage before PCA. The framework utilizes SqueezeNet, a lightweight CNN architecture 
optimized for parameter efficiency [26]. Instead of replacing PCA with a more complex nonlinear 
alternative, the proposed MVP conditions the extracted feature space through global mean centering and 
class-wise feature alignment, aiming to reduce irrelevant variance and improve feature organization 
before covariance-based projection. This strategy preserves the computational efficiency and 
interpretability of linear dimensionality reduction while enhancing feature separability for breast cancer 
classification in resource-constrained healthcare environments. 

The main contributions of this study are threefold. First, we propose an MVP-based feature-space 
conditioning stage prior to PCA to improve the statistical organization of deep CNN features before 
covariance-based projection. Second, we integrate the proposed MVP-PCA framework with the 
lightweight SqueezeNet architecture to achieve computationally efficient breast cancer classification. 
Third, we demonstrate that the proposed framework preserves high diagnostic performance while 
substantially reducing feature dimensionality, making it suitable for resource-constrained healthcare 
environments. 

2.   Methods 

Figure 1 illustrates the proposed framework, including preprocessing, SqueezeNet feature extraction, 
MVP-PCA dimensionality reduction, classification, and evaluation. Two pipelines are evaluated: P1 
uses LDA as the final classifier, while P2 applies LDA for both reduction and classification. 
Experiments are conducted under CPU-based settings using stratified patient-wise data splitting to 
ensure fair and realistic evaluation. 
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2.1.   Datasets and Preprocessing 
This study uses the RSNA Screening Mammography Breast Cancer Detection dataset [27], containing 
malignant (1,158) and benign (53,548) mammographic images with standard CC and MLO views. A 
stratified patient-wise split was applied to prevent data leakage and patient-specific bias [28]. Raw 
DICOM images were converted to 8-bit grayscale PNG [27], resized and downsampled to 224×224 
pixels for feature extraction [29], and grayscale channels were replicated into three-channel RGB format 
to meet the input requirements of the pre-trained architecture. 
 
2.2.   Lightweight Feature Extraction via SqueezeNet 
To develop a CPU-efficient diagnostic framework, SqueezeNet was employed as the feature extraction 
backbone due to its parameter-efficient Fire Modules, which preserve robust feature representation 
while reducing computational overhead [26], [29].  After convolutional processing, Global Average 
Pooling (GAP) transforms the (𝐻 ×𝑊  × 𝐶) feature map into a one-dimensional vector for subsequent 
analysis. The overall workflow, including normalization, scaling, SqueezeNet processing, and GAP-
based feature projection, is illustrated in Figure 2. 

 
Figure 1. The complete workflow of the proposed hybrid dimensionality reduction framework, 

divided into Pipeline 1 (DirectClassification) and Pipeline 2 (Over-Reduction Analysis). 
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Figure 2. Feature extraction pipeline using SqueezeNet and Global Average Pooling (GAP) to 
transform normalized mammography images into one-dimensional feature vectors. 

2.3.   Proposed Hybrid Dimensionality Reduction (MVP-PCA) 
Prior to applying dimensionality reduction techniques such as Principal Component Analysis (PCA) and 
Linear Discriminant Analysis (LDA), a Mean Vector Projection (MVP) preprocessing stage is 
introduced to stabilize the SqueezeNet-derived feature distribution through two sequential linear 
transformations: global mean centering to remove dataset bias, followed by class-wise mean alignment 
to reduce intra-class variability. This two-stage transformation produces a more structured and 
consistent feature space, improving its suitability for subsequent orthogonal dimensionality reduction 
methods such as PCA and LDA. 

Before dimensionality reduction, the extracted deep features were first conditioned using the 
proposed Mean Vector Projection (MVP). Unlike conventional preprocessing that directly applies PCA 
to the extracted features, MVP performs sequential global and class-aware feature alignment to reduce 
irrelevant variance prior to covariance estimation. To avoid data leakage, all statistical parameters, 
including the global mean and class-wise means, were estimated exclusively from the training data and 
subsequently applied to transform both training and testing features. 
Stage 1: Global Mean Centering 
The global mean vector 𝜇    is first calculated to center the dataset distribution: 
 

𝜇 =
1
𝑛
,𝑥!

"

!#$

	 (1) 

 
where 𝜇 denotes the global mean vector computed from all training feature vectors, and 𝑛 represents the 
total number of training samples. The centered feature vector 𝑥!

($) is then obtained by: 
𝑥!
($) = 𝑥! − 𝜇	 (2) 

 
where 𝑥! is the original feature vector and 𝑥!

($) denotes the globally centered feature vector after mean 
subtraction. This step centers the feature distribution and facilitates covariance computation for PCA 
[30]. The global mean vector is computed exclusively from the training data and subsequently applied 
to transform both the training and testing feature sets, thereby preventing data leakage during 
preprocessing. 
Stage 2: Class-wise Mean Alignment 
To linearize the feature space, the features are adjusted based on their class-specific means 𝜇' : 

𝜇' =
1
𝑁'
,𝑥!

($)
)!

!#$

, 	 𝑥!
($) ∈ 𝐶' 	 (2) 

 
where 𝜇' denotes the mean feature vector of class 𝑘, 𝑁' is the number of training samples belonging to 
class 𝑘, and 𝐶' represents the corresponding class. Furthermore, 𝑥!

(*)denotes the MVP-conditioned 
feature vector after class-wise mean alignment. 
 

𝑥!
(*) = 𝑥!

($) − 𝜇+(!)	 (3) 
This class-wise mean alignment is performed to reduce intra-class variability while preserving inter-
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class differences. The class mean is computed only from the training samples of each class and 
subsequently used to transform both training and testing features, ensuring that no information from the 
testing set contributes to the preprocessing stage. 
Stage 3: PCA Refinement for Noise Reduction 
PCA is applied to the stabilized features to eliminate redundant anatomical noise [31]. The eigenvalue 
problem is solved as: 
 

𝑆𝑣' = 𝜆'𝑣' 	 (4) 
 
where 𝑆𝑣' denotes the covariance matrix of the MVP-conditioned features, 𝜆' is the eigenvalue 
corresponding to the 𝑘-th principal component, and 𝑣'represents its associated eigenvector. The final 
projection is formulated as:  
 

𝑧! = 𝑊,+-
. (𝑥! − 𝜇),	 ∀𝑖 = 1,… ,𝑁	 (5) 

where 𝑊,+-
.  denotes the projection matrix formed by the selected principal eigenvectors, and 𝑧! is the 

reduced feature representation of sample 𝑖. Since the covariance matrix is estimated from the MVP-
conditioned features, the resulting principal components are expected to better represent discriminative 
information than those obtained from the original feature distribution. 
Stage 4: LDA Projection 
For comparison purposes, an additional dimensionality reduction stage using Linear Discriminant 
Analysis (LDA) was incorporated in Pipeline 2. Unlike PCA, which preserves the directions of 
maximum variance, LDA seeks a projection that maximizes class separability according to Fisher's 
criterion [32], [33]:  

 

𝑊/0- = argmax
1

|𝑊.𝑆2𝑊|
|𝑊.𝑆3𝑊|	

(6) 

where 𝑆2 and 𝑆3 denote the between-class and within-class scatter matrices, respectively, and 𝑊/0- 
represents the optimal projection matrix maximizing Fisher's discriminant criterion. The LDA projection 
serves as an additional benchmark to evaluate whether further supervised dimensionality reduction 
improves the representation obtained from MVP-PCA. In addition, KNN and SVM classifiers are 
employed to assess the generalization capability of the extracted features under different classification 
mechanisms. 

To improve reproducibility, the overall implementation procedure of the proposed MVP-PCA 
framework is summarized in Algorithm 1. The algorithm describes the sequential process from feature 
preprocessing through dimensionality reduction before classification. 
 

Algorithm 1. Proposed MVP-PCA Framework Pseudocode 
Input : 
    CNN feature matrix X 
    Class labels Y 
 
Output : 
    Reduced feature matrix Z 
 
1: Compute global mean μ 
2: Center all feature vectors 
       Xc = X − μ 
3: For each class c 
4:      Compute class mean μc 
5:      Align all samples belonging to class c 
6: End 
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7: Apply PCA on aligned features 
8: Select principal components 
9: Return reduced feature matrix Z 

 
2.4.   Classification Strategy and Evaluation Metrics 
In the final stage, the transformed feature representations 𝑧 are evaluated using LDA, KNN, and SVM 
to assess linear separability. LDA performs class assignment by maximizing the discriminant function 
as defined in Equation (13) [33], where  Σ	 denotes the covariance matrix, 𝜇4  represents the mean vector 
of class 𝑐	, and  𝑃4corresponds to the prior probability. 

KNN serves as a non-parametric baseline using Euclidean proximity and majority voting among the 
nearest neighbors, while SVM is incorporated to further validate separability by constructing an optimal 
margin-based decision boundary [34], Both linear and Radial Basis Function (RBF) kernels are 
evaluated to determine whether the transformed feature space remains linearly structured or requires 
non-linear mapping. Performance is assessed using Accuracy, Precision, Recall (Sensitivity), F1-score, 
and confusion matrix analysis, with particular emphasis on minimizing false negatives (FN) in medical 
diagnosis [35]. 

𝑔4(𝑧) = 𝑧.Σ5$𝜇4 −
1
2
𝜇4.Σ5$𝜇4 + ln(𝑃4) (7) 

 
2.5.   Experimental Setup and Hyperparameter Configuration 
To ensure reproducibility, this section details the hyperparameter configuration and experimental 
protocol used throughout the study. Feature scaling was performed using Min-Max normalization, fitted 
exclusively on the training fold to prevent data leakage. For PCA, the number of components was set to 
80 based on cumulative explained variance. LDA, when used as a dimensionality reducer (Pipeline 2), 
was constrained to C−1 components, where C denotes the number of classes. The KNN classifier used 
k=5 neighbors with Euclidean distance. For SVM, hyperparameters (C, kernel, gamma) were optimized 
via GridSearchCV over the grid {C: [0.1, 1, 10, 100], kernel: [linear, rbf], gamma: [scale, auto, 0.1, 1]}, 
using stratified 5-fold cross-validation on the full dataset prior to final evaluation. All experiments were 
conducted using Python 3.12 and scikit-learn 1.6.1, with a fixed random seed (123) to ensure 
reproducibility across runs. Final performance evaluation used independent stratified 5-fold cross-
validation. 
 
2.6.   Computational Complexity Analysis 
To quantitatively validate the framework's claim of CPU-efficiency, computational cost was measured 
for each combination of dimensionality reduction method and classifier across all cross-validation folds. 
Two metrics were recorded: (1) training time, measured as the wall-clock time required to fit the 
classifier on the transformed training features, and (2) inference time per sample, measured as the 
average wall-clock time required to generate a prediction for a single test instance, computed by dividing 
the total prediction time for a fold by the number of samples in that fold's test set. 

Computational runtime was measured using Python's time.perf_counter(), which provides a 
high-resolution monotonic wall-clock timer suitable for benchmarking elapsed execution time. All 
experiments were conducted on a system equipped with an Intel Core i5-8250U CPU and 16 GB of 
RAM without GPU acceleration to emulate a resource-constrained clinical computing environment. To 
ensure a fair comparison among dimensionality reduction and classification methods, the one-time 
feature extraction stage using SqueezeNet was excluded from the runtime analysis, as it remains 
identical across all evaluated methods and does not affect the relative computational efficiency of the 
proposed framework. 
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3.   Results and Discussion 

3.1.   Experimental Setup 
The proposed MVP-PCA pipeline reduced the feature space from 264,702 dimensions to 2,355 principal 
components, corresponding to a dimensionality reduction of approximately 99.11%. This substantial 
compression indicates that the transformed feature space retains informative structure while 
significantly reducing computational complexity during classification. 

3.2.   Comparative Performance Analysis 
To evaluate the specific contribution of the MVP layer, a rigorous ablation study was conducted. The 
performance comparison between the two experimental pipelines is summarized in (Table 1). The data 
reveals that the integration of MVP as a pre-conditioner for PCA (Pipeline 1) is the critical factor in 
achieving high accuracy. 
 

Table 1. Classification Performance Comparison (Pipeline 1 vs. Pipeline 2) 
Feature Reduction Stage Pipeline Architecture Final Classifier Accuracy 
PCA Pipeline 1 LDA 0.8942 
MVP + PCA Pipeline 1 LDA 0.9758 
PCA + LDA Pipeline 2 LDA 0.8120 
MVP + PCA + LDA Pipeline 2 LDA 0.8315 
 

As shown in Table 1, the highest accuracy (0.9758) is achieved by Pipeline 1 using MVP+PCA. 
These results show that applying MVP before PCA successfully improves classification performance 
compared to applying PCA alone. These findings demonstrate that conditioning the feature space prior 
to covariance-based projection allows PCA to retain more discriminative information, resulting in a 
more informative low-dimensional representation for subsequent classification. In contrast, Pipeline 2 
exhibits a noticeable performance degradation to 0.8120 after the additional LDA reduction stage. 
Because LDA projects the data into a subspace with at most 𝐶 − 1 dimensions, applying LDA after 
PCA substantially compresses the feature representation. This aggressive reduction likely removes 
informative variance that is still relevant for classification, explaining the lower predictive performance. 

Figure 3 further supports this interpretation by illustrating the cross-validation accuracy distributions 
across all evaluated pipelines. The MVP-PCA pipeline demonstrates not only the highest median 
accuracy but also the narrowest interquartile range, indicating that the proposed preprocessing strategy 
produces more stable predictive performance across different validation folds. 
 

 
Figure 3. Cross-validation accuracy distribution across folds. 

Overall, these findings indicate that the contribution of MVP does not lie in replacing PCA with a 
more sophisticated dimensionality reduction algorithm, but rather in conditioning the feature 
distribution before covariance estimation. This preprocessing step enables conventional linear projection 
to operate on a statistically better-organized feature space, providing improved predictive performance 
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without introducing additional optimization procedures or trainable parameters. 

3.3.   Computational Efficiency Analysis 
To validate the framework's efficiency claims quantitatively, Table 2 summarizes the computational 
cost of each dimensionality reduction method paired with its best-performing classifier. 
 

Table 2. Computational Complexity Comparison (Best Classifier per Method) 
Feature Reduction Reduction 

Time (s) 
Best 
Classifier 

Classifier 
Train 
Time (s) 

Total 
Pipeline 
Time (s) 

Inference 
Time/Sample 
(ms) 

PCA 0.213 LDA 0.012 0.225 0.0037 
MVP + PCA 0.179 LDA 0.017 0.196 0.0030 
PCA + LDA 0.370 SVM 

(tuned) 
0.003 0.372 0.0041 

MVP + PCA + 
LDA 

0.456 KNN 0.002 0.458 0.1220 

 
Among all evaluated methods, the proposed MVP+PCA framework achieved the lowest overall 

computational cost, requiring only 0.196 s for the complete training pipeline, compared with 0.225 s for 
conventional PCA, 0.372 s for PCA+LDA, and 0.458 s for the complete MVP+PCA+LDA framework. 
Interestingly, the proposed method also exhibited a shorter feature reduction time (0.179 s) than standard 
PCA (0.213 s), suggesting that the MVP preprocessing stage effectively stabilizes the feature 
distribution prior to PCA, allowing the subsequent dimensionality reduction process to converge more 
efficiently despite the additional preprocessing step. 

Inference efficiency further supports the suitability of the proposed framework for resource-
constrained environments. MVP+PCA required only 0.0030 ms per sample, representing the fastest 
inference among all evaluated methods while maintaining competitive classification performance. In 
contrast, incorporating an additional LDA projection increased both the total pipeline time and inference 
latency, with the MVP+PCA+LDA configuration reaching 0.1220 ms per sample. These findings 
indicate that although additional supervised feature transformations may improve feature discrimination 
in certain cases, they introduce extra computational overhead. Consequently, the proposed MVP+PCA 
framework provides a more favorable balance between computational efficiency and classification 
capability, supporting its applicability for CPU-based medical image analysis where low runtime and 
minimal computational resources are essential. 

3.4.   Proof of Feature Linearization and Kernel Comparison 
A core scientific objective of this study was to prove that the MVP layer successfully linearizes the 
feature space. This is validated by comparing the performance of Linear and Non-Linear kernels, as 
presented in (Table 3). 
 

Table 3. Performance Comparison of SVM and LDA 
Algorithm Kernel/Parameter Accuracy 
LDA Default 0.9758 
SVM (Tuned) Linear 0.9744 
SVM (Default) RBF 0.9120 

 
The comparable performance between LDA (97.58%) and Linear SVM (97.44%), together with the 

lower accuracy obtained by the RBF kernel, suggests that the proposed MVP-PCA preprocessing 
effectively reduces the complexity of the original CNN feature distribution. Since Linear SVM assumes 
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a linear decision boundary, its competitive performance indicates that the transformed feature space has 
become sufficiently organized for linear classification without requiring nonlinear kernel mapping.  

Figure 4 further supports this observation by showing that the decision boundary produced by the 
linear classifier separates the two classes with only limited overlap. This behavior indicates that MVP 
does not simply compress the feature space but also improves the spatial organization of class 
distributions before PCA projection. 

 
Figure 4. SVM decision boundaries on the MVP-PCA feature space, showing superior linear 

separability with the linear kernel. 
 
Similarly, the t-SNE visualization in Figure 5 reveals more compact intra-class clusters and greater 

inter-class separation after MVP-PCA transformation. Although t-SNE serves only as a visualization 
technique rather than a quantitative evaluation, the observed cluster organization is consistent with the 
superior performance achieved by the linear classifiers, suggesting that the proposed preprocessing 
reduces irrelevant feature variance while preserving discriminative information. 
 

 
Figure 5. t-SNE visualization showing improved cluster separation after MVP-PCA transformation. 

3.5.   Clinical Impact and Error Analysis 
the context of breast cancer detection, the sensitivity of the model, specifically the ability to minimize 
False Negatives (FN), is the most critical metric for patient safety. The detailed diagnostic outcomes for 
the best-performing configuration (Pipeline 1: MVP-PCA + LDA) are captured in the confusion matrix 
shown in (Figure 6). 
 

The model successfully identified 145 true benign cases and 98 true malignant cases while producing 
only two false negatives, indicating that most malignant lesions were correctly recognized. he remaining 
false-negative cases may correspond to malignant lesions with imaging characteristics that closely 
resemble benign tissue, resulting in overlapping feature representations even after MVP-PCA 
transformation. In addition, subtle lesion characteristics may contribute only a small proportion of the 
overall feature variance and therefore become less prominent after dimensionality reduction. While 6 
False Positive cases were recorded, this is clinically acceptable as it favors further diagnostic verification 
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over a missed diagnosis. 

 
Figure 6. Confusion matrix of the proposed P1 architecture, showing high sensitivity with only 2 false 
negatives. 

Despite the promising results, this study has several limitations. First, the proposed framework was 
evaluated using only a single public mammography dataset without external validation. Although the 
cross-validation results demonstrate good robustness, the generalizability of the proposed MVP-PCA 
framework across different imaging protocols, acquisition devices, and patient populations remains to 
be further investigated. Future studies should validate the proposed approach on multiple independent 
datasets to better assess its clinical applicability and robustness. 

Second, this study focuses on comparing the proposed MVP-PCA framework with conventional PCA 
and LDA pipelines, while comparisons with more recent dimensionality reduction techniques, such as 
Kernel PCA, UMAP, or deep feature compression methods, have not yet been conducted. Furthermore, 
the current framework is limited to binary breast cancer classification. Future work will include broader 
benchmarking against state-of-the-art dimensionality reduction methods and extend the framework to 
multi-class breast cancer classification, including different malignancy grades, to evaluate its 
effectiveness in more clinically realistic scenarios. 

4.   Conclusion 

This study demonstrates that conditioning the feature space before dimensionality reduction can 
substantially improve the effectiveness of conventional linear projection for breast cancer classification. 
By integrating Mean Vector Projection (MVP) with Principal Component Analysis (PCA), the proposed 
framework reduces irrelevant feature variance and improves the statistical organization of deep features 
extracted by SqueezeNet, enabling PCA to preserve more discriminative information without 
introducing additional trainable parameters or computationally intensive nonlinear transformations. 

Experimental results show that the proposed MVP-PCA framework consistently outperforms the 
conventional PCA pipeline, achieving a classification accuracy of 97.58% while compressing the 
original feature representation by 99.11% into only 2,355 principal components. The comparable 
performance between linear classifiers and the observed reduction in cross-validation variability further 
suggest that feature conditioning before covariance-based projection improves the stability and 
separability of the transformed feature space. These findings indicate that the proposed framework 
provides an efficient and sustainable alternative for resource-constrained medical image analysis 

Future research should validate the proposed framework on multiple independent breast cancer 
datasets and benchmark its performance against recent dimensionality reduction techniques, such as 
Kernel PCA, UMAP, and deep feature compression methods, to further evaluate its generalizability and 
computational efficiency. In addition, extending the framework to multi-class breast cancer 
classification involving different malignancy grades would provide a more comprehensive assessment 
of its clinical applicability. 
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