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Abstract

This work presents a novel mammography-based method for detecting breast cancer that combines dimensionality
reduction and feature extraction. A single representation is created by first extracting deep features from several
convolutional neural network (CNN) models that have already been trained. Conventional machine learning
classifiers are trained using this reduced feature set after the most informative features are chosen utilizing mutual
information with the class labels. The proposed methodology is evaluated with four classifiers: support vector
machine (SVM), random forest (RF), k-nearest neighbor (kNN), and neural network (NN). Among these, the NN
classifier achieves the best performance, reaching 92% accuracy on the recently released RSNA dataset. This dataset
includes two mammographic views and additional patient information, such as age, which contributes to the
observed performance gains. Comparative experiments against leading methods show that the proposed algorithm
provides superior accuracy and sensitivity. The method achieves 94.5% accuracy on the MIAS dataset and 96%
accuracy on the DDSM dataset, underscoring its effectiveness for reliable breast lesion diagnosis and its advantage

over existing techniques.
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1. Introduction

Breast cancer (BC) remains one of the most
widespread malignancies globally, contributing
substantially to both incidence and mortality. In
2020, approximately 2.3 million new cases were
reported, with an estimated 685,000 deaths attributed
to the disease. Despite the reduction in death rates
resulting from the adoption. The importance of
routine mammography screening, coupled with early
detection and timely treatment, continues to play a
pivotal role in reducing breast cancer—related
mortality rates [1-3]. Presently, the early
identification of breast cancer from radiological
images necessitates the proficiency of highly skilled
radiologists. A forthcoming deficit of radiologists in
multiple nations is expected to exacerbate this issue
[4-6]. Mammography screening resulted in a
significant occurrence of false positive outcomes.
These factors may lead to additional imaging
examinations, inconvenient follow-up visits, and
unwarranted patient anxiety, in some cases, tissue
sampling, typically via needle biopsy. In this regard,

machine learning methods, especially graph-based
clustering techniques, have demonstrated potential
for enhancing the analysis of multiview radiological
images [7—10]. Deep learning, a branch of machine
learning, has lately altered how diagnostic imaging
tests are interpreted [11]. The convolutional neural
network (CNN) is a key component of deep learning
architectures [12].

CNN-based computer-aided diagnostic (CAD)
systems  offer more rapid, reliable, and
comprehensive screening than traditional techniques.
CNNs have become a key tool for recognizing
patterns in image analysis [13]. They are widely used
in breast cancer detection across imaging techniques
such as MRI, X-ray mammography, and ultrasound
(US).

US images: A hybrid CNN-based method that
diagnoses BC using ultrasound images was proposed
n [14]. This system employed mRMR method for
selection of feature to identify the most relevant
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features after extracting and concatenating features
from ResNet50, MobileNetV2, and AlexNet.
Machine learning algorithms were then used to train
support vector machine (SVM) classifiers and k-
nearest neighbor (k-NN).

Consequently, 95.6% accuracy was attained. An
object recognition method involving feature
classification, selection, and extraction was used in
[15] to segment breast ultrasound (US) images into
smaller sections and automatically identify those
associated with breast cancer. Another approach [16]
presented a semantic and patch merging
classification-based method for segmenting images of
breast cancer. This approach entails cropping a
region of interest, improving it with filters and
clustering algorithms, extracting features, and then
classifying it using a a k-NN and neural network
classifier.

X-ray images: A pre-trained convolutional neural
network architectures are used in [17], namely
ResNet50 and InceptionV3, to  categorize
mammographic cancers as benign or malignant using
the DDSM dataset. The authors used transfer
learning, data augmentation, and pre-processing,
techniques to improve model performance because of
the small dataset size. Among the two models,
ResNet50 achieved the highest accuracy at 85.7%,
while InceptionV3 attained 79.6%.

MRI images: A 3D deep CNN supervised learning is
used for detecting and localizing breast cancer in
MRI dynamic contrast-enhanced images in [18],
achieving an accuracy of 83.7%. In another work
[19], a multi-layer CNN utilizing online data
augmentation and pixel-level information was
introduced to classify MRI images as benign or
malignant, reaching an accuracy of up to 98.33%.

A CNN model that combines data from numerous
craniocaudal (CC) and mediolateral oblique (MLO)
views was used by the authors in [20]. Using multi-
scale features and a penalty term, the model's
accuracy on the DDSM dataset was 82.02%. A BC
detection technique based on the CBIS-DDSM image
dataset was presented in [21]. Following image pre-
processing, a number of CNN models, including and

Inception ResNet, GooglLeNet, ResNet, VGGI6,
AlexNet, were used to extract features. A neural
network classifier was then used to assess the
extracted features, and it produced an accuracy of
88%.

Reducing false negatives is crucial for BC detection
in order to guarantee correct diagnosis and avoid
cases of missed positive cases that causes potential
harm. In this work, we mainly concentrate on X-ray
imaging datasets and offer a novel CNN-based
technique to improve BC identification accuracy. By
fixing the flaws in previous research, proposed
method enhances overall detection performance
drastically by reducing false negatives. Improving
patient outcomes and advancing medical imaging
diagnostics can be achieved by creating a more
sophisticated and dependable breast cancer detection
system.

There are two important contributions of the
proposed work that enhanced the existing literature.
First, it builds a feature vector by adding
supplementary data, like age, and extracts a variety of
features for various perspectives from multiple pre-
trained CNNs. Second, it uses a dimensionality
reduction technique that eliminates weak features
according to how well they match the ground truth.
There are 4 foundation models: ConvNeXtSmall,
MobileNetSmall, ResNet50, and EfficientNet. For
optimal classification, a model of NN is created by
combining the properties of these models. This
approach has the potential to improve BC
categorization accuracy. The remaining paper is
organized as follows: Section 2 describes the
convolutional neural network; Section 3 presents the
data set; Section 4 discusses the proposed
methodology; Section 5 discusses the results on
different datasets; followed by comparative analyses
and conclusion in Section 6 and Section 7
respectively.

2. Convolutional Neural Network

One of the typical ANN that can handle input in a
grid-like structure is the convolutional neural
network, sometimes referred to as CNN or ConvNet.
Unlike the net- work’s name, which implies the
mathematical operation known as convolution it does
not precisely correspond to the definition as in
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engineering or pure mathematics [10-11].
Convolution or convolving is the process of scaling
down the input without loss of information.It is built
on the ideas of parameter sharing, sparsity of
connections and backpropagation.

The history of ConvNets goes back to the late 1980s
for the first time CNN is used to recognize
handwritten zip codes sourced from the US Postal
Service, thus creating LeNet. Due to the limitation of
datasets and computational resources CNNs and the
connectionism lost momentum until when [13] comes
first in the Large-Scale ImageNet. ILSVRC-2012
Visual Recognition Challenge [14] contest using his
new design AlexNet. With ConvNets becoming more
popular, many attempts have been made by the
community of computer vision that improve the
performance of the original architecture resulting in
ZFNet [15], GoogleNet [16], VGGNet [17], ResNet
[18]. A concise summary of the different ConvNet
architectures are tabulated in Table. I.

Table. I Popular CNN architectures [1]

Name Ref. | Year | Layers | Contribution

AlexNet [13] | 2012 | 8 Fast  feature
extraction,
data
compression,
SVM
classifier.

ZFNet [15] | 2013 | 8 Visualization
of deep
features,
invariance of
features,
evolution  of
features, and
significance of

features

GoogleNet | [16] | 2014 | 22 Global
average
pooling,
auxilary

classifier

VGGNet [17] | 2014 | 19 Using ReLU,
increased

network depth

ResNet [18] | 2015 | 118 Introduction
of residual

network, skip

| connections

CNN is made up of several layers, fully connected
layers, pooling, and including convolutional. The
output of one layer is fed into the other sequentially.
Apart from these three main components, the CNN
also contain dropout layers and an output layer.
Theselayers are briefly explained below:

1. Convolutional Layers: This layer is mainly used
to perform the featuring extraction task. CNN takes
an m x n image as input and slides the kernel weights
or convolution filter of dimension f % f over the I/P
image. The convolution operation involves the dot
product sum of the kernel K and input I, where j and I
are the indices. The resultant 2D output is called
feature map or feature vector. Initially the kernel
weights are initialized at random, then modified later
throughout the training process.
illustrates the convolution process.

2. Pooling Layer: This layer performs down-sample
of the input feature vector without the loss of
information. The Pooling layers are often affixed
between convolutional layers to minimize the overall
quantity of the parameters. The average, maximum,
and minimum pooling methods are the most well-
known and often used pooling algorithms. Figure
1(b) illustrates the maximum pooling operation.

3. Fully Connected Layer: This FC-layer forms the
last few layers of the ConvNet. Much like the
conventional neural networks, nodes in this mapping
of all the activations of the layer that has be formed
before in a mesh-like topology. This structure makes
it easy to use matrix multiplication and bias offset to
determine the activations.

Although convolutional neural networks have
achieved great success, there are some inherent
limitations. To obtain good performance, ConvNets

Figure 1(a)

require a huge amount of training data. Being a deep
learning algorithm, the training process is time
consuming and requires heavy computational power.
In addition, annotated medical imaging datasets are
scarce unlike the natural image.
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Figure 1 Operations in CNN Layers

3. Data Set

The North America Radiological Society dataset for
this study was obtained from a recent Kaggle
competition [22]. It includes 54,713 DICOM images
collected from around 11,000 patients. At least four
photos from various laterality and perspectives are
available for every patient. Images from right and left
laterality as well as two distinct viewpoints, CC and
MLO, were supplied for every topic. The
photographs come in a variety of sizes, styles, and
formats, including monochrome-1 and monochrome-
2, as well as jpeg and jpeg2000. The dataset offers
additional variables, including age, implant,
BIRADS, and density, some of which are useful for
categorization. Although this dataset serves as the
foundation for our study, it has not yet been utilized
in any published studies due to its novelty. Therefore,
we employ two more well-known datasets, MIAS
and DDSM, for comparison. Any classification
method is biased because only 2% of the images in
our dataset are taken by cancer patients. To
compensate for this imbalance, to compensate for this
imbalance, we only employ 2,320 images from
negative cases in addition to all available positive
examples. Figure 2 Illustrative samples from the
RSNA dataset showing image (a) with cancer, (b) a
healthy.

(a) (b)
Figure 2 Illustrative samples from the RSNA dataset
showing image (a) with cancer, (b) a healthy subject
The Mammographic Image Analysis Society (MIAS)
dataset [23] is a well-established benchmark
frequently employed in the development and testing
of computer-aided diagnosis (CAD) systems for
breast cancer detection. It comprises 322
mammogram images, each accompanied by ground
truth annotations that specify whether the detected
abnormality is benign or malignant. Because the
MIAS dataset encompasses both normal and
abnormal mammograms, along with variations in
breast tissue density and diverse lesion categories, it
serves as a particularly valuable resource for
researchers developing machine learning—based
approaches to breast cancer detection. Its
heterogeneity enables algorithms to be trained and
evaluated across a broad spectrum of clinical
scenarios. Figure 3 illustrates two representative
samples from the collection, depicting a malignant
case and a normal mammogram for comparison. Of
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the 55,890 photos in the DDSM [24], 86% are
negative and 14% are positive. The pictures were
shrunk to 299 x 299 after being tiled into 598 x 598
patches from a subset of this dataset known as CBIS-
DDSM, experts have identified and separated regions
of interest that correlate to positive cases. In this
work, instead of using CBIS-DDSM, we use the
original DDSM dataset to classify images from both
healthy people and cancer patients. Two sample
photos from this collection are shown in Figure 4 for
both normal and cancerous instances. Table II
compiles these three datasets.

(a) (b)
Figure 4 Illustrative samples from the DDSM dataset
showing image (a) with cancer, (b) a healthy subject
Table. II Details of datasets

No. of Images Types of Images Size of Image
55,890 JPGE 598x598

322 PGM 1024 x 1024
54,713 Variable Variable

(a) (b)
Figure 3 Illustrative samples from the MIAS dataset
showing image (a) with cancer, (b) a healthy subject

4. Proposed Methodology

In this study, we propose a methodology that
leverages the concatenation and extraction of features
from multiple convolutional neural network (CNN)
architectures. The features obtained from these
models are subsequently reduced, ensuring that the
classification process between normal and malignant
mammograms is driven exclusively by the most
discriminative (positive) traits. Figure 5 depicts the
general structure of the suggested system. As
depicted, mammographic images from different
datasets undergo preprocessing before being passed
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through several CNN models for feature extraction.
The resulting feature sets are then subjected to
dimensionality reduction; The refined features are
then divided into two groups: cancer and non-cancer.
Each block in the system architecture is explained in
detail in the ensuing subsections [25].

Dataset

CNN Model

i i

[ L] L] v

I i

| ‘ AlexNet ‘ ‘ ResNet50 ‘ ConvNeXtSmallv| | EfficientNet | |

| |

| |
Features Extraction“

¥ Y I

Fc8_preFlatte avg_pool ‘ ‘ head layer avg_loop ‘

I |

Features
Concatenation

I I
Fc8_preFlatte

Classifier
-~ Rendom Forest, SVM, K- -
Nearest Neighbour, NN

head layer avg_loop

Features Selection

Decision
Cancer/Non-Cancer

Figure 5: Block diagram of system under
consideration.
Preprocessing: The photos used in this study come
from different sources, and their resolutions and sizes

vary.

Normalization: Mammography in different formats,
such as 16-bit and 12-bit depth per pixel, are included
in the RSNA collection. Furthermore, the dataset
offers MONOCHROME]1 and MONOCHROME?2,
two different photometric interpretations. Grayscale
pixel values rise from bright to dark in the former,
while they rise from dark to bright in the latter. All
MONOCHROMEI!I photos are converted to the
MONOCHROME?2 format to provide uniformity
throughout the dataset.

Following this conversion, intensity normalization is
applied to standardize pixel values. Specifically, the
values are rescaled to an 8-bit range (0-255), thereby
producing uniform grayscale levels across the RSNA
dataset.  This normalization step enhances
comparability between images and facilitates reliable
feature extraction. By contrast, the DDSM and MIAS
datasets already store mammograms in 8-bit format
with pixel values ranging from 0 to 255.
Consequently, no additional normalization is required

for these datasets, as their pixel intensity distributions
are already suitable for subsequent processing [26].

The mammography image is first subjected to a
global thresholding procedure in order to identify the
breast region for additional analysis. The largest
connected item in the picture, which corresponds to
the breast region, may be identified thanks to this
step. The contour of this object is then extracted and
used for obtaining a binary mask. By applying this
mask, the images are cropped to retain only the
relevant breast tissue, thereby defining the specific
region of interest for subsequent examination and
feature extraction.

Image Alignment: There are two different laterality
groups in breast cancer datasets: left and right. We
orient all laterality labels to the left in order to
increase analysis accuracy and consistency. To
provide a consistent orientation throughout the
datasets, all left breast photos are flipped
horizontally. We provide a dependable and consistent
dataset for additional investigation and analysis by
standardizing the laterality representation [27].

Feature extraction: The generated features by
pretrained convolutional neural network (CNN)
models, as outlined in Section 2.2. For each network,
feature extraction is performed at the penultimate
layer, i.e., the layer immediately preceding the final
fully connected (FC) layer. The final FC layer's
output is explicitly trained on the 1000 ImageNet
classes, which have nothing to do with the
mammography domain, which is why this decision
was made. By bypassing this layer, we obtain more
generalizable representations that capture high-level
image characteristics without being biased toward
ImageNet categories.

Table III summarizes the specific penultimate layers
utilized for each CNN model in this study, along with
the dimensionality of the extracted feature vectors.
These features serve as the foundation for subsequent
dimensionality reduction and classification tasks.

Feature concatenation: To construct a unified
representation, the one-dimensional (1D) feature
vectors obtained in the preceding stage are
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concatenated into a single composite feature vector.
It is crucial to remember that characteristics are taken
from two different mammography perspectives for
each CNN model: cranio-caudal (CC) and medio-
lateral oblique (MLO). By combining the features
from both views, the resulting vector captures
complementary information, thereby enhancing the
discriminative power of the representation for
subsequent classification tasks. Ten 1D vectors are
thus concatenated in this instance. This creates a
vector that is 18,384 in size. We have an extra helpful
characteristic for the patient age in the RSNA dataset
that serves as the foundation for our study. The
RSNA dataset's age feature distribution for both
cancer and non-cancer participants is shown in Figure
6. As is evident, aging can also be regarded as a
desirable  characteristic. By normalizing the
concatenated feature vectors and incorporating
patient age as an additional attribute, the final
representation comprises a total of 18,385 features.

Feature selection: Most of the extracted features are
redundant, offering little discriminative value and
unnecessarily increasing system complexity. Figure 7
provides examples of both informative and
non-informative features. As shown, weak features
exhibit similar distributions for malignant and normal
cases, resulting in zero mutual information and thus
contributing no useful knowledge to the classification
process. In contrast, strong features display clear
differences in distribution between the two classes,
indicating that they contain modest yet meaningful
information capable of improving the performance of
classifiers in the subsequent stage. We employ the
method in [28] to calculate mutual information.
Empirically, we discovered that a threshold of 0.02
yields the best outcomes. It is important to highlight
that a range of feature selection strategies were
employed in this study, with mutual information
serving as the primary criterion for empirical
evaluation. Table IV displays the number of features
retained for each dataset both after and before feature
selection is used.

Classification of characteristics: By selecting the
most informative features, we proceed to their
classification. Several machine learning algorithms
were evaluated, including k-Nearest Neighbors

(k-NN), Random Forest (RF), Support Vector
Machine (SVM), and Neural Networks (NN). In our
experiments, the RF classifier demonstrated superior
performance when configured with specific
parameters: an ensemble of 100 trees, a maximum of
five features taken into account per tree, two samples
needed to divide a node, and a maximum tree depth
of four. These parameter settings were chosen to
optimize diagnostic accuracy and enhance breast
cancer detection in the mammographic datasets.

With the regularization value C=1, we used a linear
kernel for the SVM classifier. This choice balances
training accuracy with decision boundary complexity,
while the linear kernel facilitates learning a linear
separation between classes.

Two fully connected (FC) layers were used to create
the NN classifier: a final single-neuron output layer
for binary classification and a hidden layer of 96
neurons. In order to ensure classification based on the
majority vote among the five nearest neighbours, the
kNN classifier was finally set to k=5. We employ a
sigmoid activation function for the classification
layer, which distinguishes between malignant and
Nnon-cancerous cases
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Figure 6: Illustrative age distribution of RSNA
dataset for cancer and noncancer.
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5. Results Analysis

This section includes a synthesis of all datasets, as
well as the results obtained from the three datasets
described using the models presented in Section 3.
For every dataset, we used k-fold cross-validation.
where k is equal to 10. Using 90% of the data for
training and 10% of the data for testing, the method
was trained and tested ten times.

Table V examines the performance characteristics of
several CNN models using the RSNA dataset. In
terms of precision, sensitivity, accuracy, F-Score, and
AUC, EfficientNet routinely performs better than the
other CNN models. Its architecture, which allows it
to gather pertinent data and generate precise
predictions on the RSNA dataset, is responsible for
its extraordinary performance. When it comes to
correctly categorizing medical images in the RSNA
dataset, EfficientNet outperforms all other models.
The final row of the table illustrates how each
performance parameter is much enhanced by the
suggested concatenation method. For example, the
accuracy achieved is 6% higher than the best CNN
model, EfficientNet.

@ ) Table. V Performance evaluation for RSNA dataset
) with NN
Figure 7: shows two CNN-§xtracted features for Different Pr( Sn( Acc( - AU
cancer and non-cancer cases in the DDSM dataset.
. . . . Models %) %) %) scor | C
Feature (a) is informative, with better class separation
and a mutual information of 0.035. Feature (b) shows - ©
. . EfficientNet 88 92 86 0.90 | 0.92
strong overlap and has zero mutual information,
e . . . . ConvNeXtS 83 87 79 0.85 | 0.83
indicating it provides no useful information for
classification. mall
Table. I1I Description of CNN model Used AlexNet 87 87 81 0.86 | 0.82
Layer Name CNN Models No. of Features Miﬁ)lleNets 81 85 7 0.83 | 0.81
avg_pool EfficientNet 1280 ma
ResNet50 86 90 84 0.88 | 0.89
head_layer ConvNeXtSmall 768 Proposed 92 96 92 0.94 | 0.96
fc8 preflatten AlexNet 4096 Model
Logits MobileNetSmall 1000
] ResNoi50 2048 The results employing the kNN classifier with k = 5
avep O(fr e TV Tes 13 tained are summarized in Table VI. When compared to the
ave. otal datasets obtaine NN model, the results demonstrate a significant
Dataset Before F?ature After Fe.ature decline in performance. In particular, the maximum
Selection Selection accuracy is obtained without feature concatenation
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with AlexNet, which is 13% less accurate as the top-
performing. The EfficientNet model is 8% less
accurate. Additionally, the preciseness of the
concatenated model employing with neural network
NN classifier is 14% higher than that of the
concatenated model.

Table. VI Performance evaluation for RSNA dataset
with KNN

The findings displayed in Tables IV-VII make it
evident that the NN classifier achieves optimal
performance. We employed the set value to evaluate
the suggested strategy with the existing techniques.
To the best of our knowledge, no previously
published works have made use of the RSNA dataset.
As a result, we used the MIAS and DDSM datasets to
compare our suggested model with current
approaches for the purposes of this section, and Table
VIII summarizes the findings. On the MIAS and
DDSM datasets, it is evident that our proposed model
has outperformed state-of-the-art algorithms in terms
of accuracy and sensitivity. Our system outperformed
the other two performance criteria, even though the
approach outlined in [29] showed considerably
higher precision for the MIAS dataset.

Table. VIII Comparison of model performance with

CNN Models | Pr( Sn( Acc( | F- AU

%) %) %) scor | C

e

EfficientNet | 74 78 73 0.72 | 0.75
ConvNeXtS 70 74 62 0.67 | 0.67
mall
AlexNet 72 70 71 0.68 | 0.68
MobileNetS 67 71 60 0.65 | 0.64
mall
ResNet50 71 75 69 0.68 | 0.71
Proposed 79 81 78 0.78 | 0.80
Model

The outcomes of the suggested approach utilizing the
SVM classifier are shown in Table VII. The table
makes it clear that, out of the four techniques
examined, SVM has the lowest accuracy. In
particular, the SVM-based approach's accuracy is
19% less than thatof the NN-based approach.
Additionally, the concatenated model's accuracy
dropped by 5% when compared to the KNN and RF-
based systems.

Table. VII Performance evaluation for RSNA dataset
with RF

CNN Models | Pr( Sn( | Acc( F- | AU
%) %) %) scor | C

EfficientNet 66 70 68 0.68 | 0.68

ConvNeXtS 61 65 62 0.63 | 0.63

mall
AlexNet 63 61 62 0.62 | 0.62
MobileNetS 59 63 60 0.61 | 0.60
mall

ResNet50 63 66 64 0.64 | 0.65

Proposed 72 75 73 0.73 | 0.74
Model

6. Comparative Analysis

experts
Method | Numbe | Datase | Pr Sn AC
r of | t (%) | (%) | C
Images (%)
CNNs 11,218 | MIAS 86.5 | 82.2 | 85.8
[29] & 9 8 2
InBreas
t
CNN 10,480 | MIAS NA | NA 93.5
[30]

CNN-4d | 547 Mini- 83.6 [90.6 | 89.0
[31] MIAS 7 3 5
dataset
Voting 322 Mini- NA | NA 85

Classifie MIAS

r[32]

KNN 120 MIAS NA | NA 92
[33]

GMM 90 Mini- NA | NA 92.5
& SVM MIAS

[34]

LQP & | 95 DDSM | NA | NA 94
SVM

[35]

SVM & | 322 DDSM | 92.8 | 80.6 | 86.1
Hough &206 1 7 3
[36]

Our 55890 DDSM | 97 94.7 | 96
Method 0

+ NN
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Our 322 MIAS | 91.8 | 963 | 945
Method 0 2

+ NN

Our 54,713 | RSNA | 92 96 92
Method

+ NN

7. Conclusion

In order to accurately diagnose breast cancer using
mammography images, we have created a new
technique. In our method, features are extracted and
chosen from many pre-trained CNN models, and then
different machine learning algorithms-NN, RF, SVM,
and kNN, are used for classification. The outcomes
for several datasets show how successful our
suggested plan. After analyzing the results, it is
observed that the best results in the proposed method.
Specifically, for the DDASM, MIAS, RSNA, and
datasets, we attained remarkable accuracies of 96%,
94.5%, and 92%, respectively. These outcomes
outperform those of current techniques, highlighting
the superiority of our method in terms of sensitivity
and accuracy.

We hope to improve our approach in a number of
ways in the future. First, investigating cutting-edge
deep learning methods like attention mechanisms
could enhance the model's functionality even more.
Second, looking into the incorporation of more
genetic and clinical data may improve our system's
precision and prediction power. Last but not least,
thorough validation on bigger datasets from other
healthcare facilities would offer stronger proof of the
method's efficacy and generalizability.
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