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OPEN A hybrid learning network with

progressive resizing and PCA for
diagnosis of cervical cancer on WSI
slides

Nitin Kumar Chauhan?, Krishna Singh?, Amit Kumar3, Ashutosh Mishra*,
Sachin Kumar Gupta®, Shubham Mahajan®"“, Seifedine Kadry”:® & Jungeun Kim®**

Current artificial intelligence (Al) trends are revolutionizing medical image processing, greatly
improving cervical cancer diagnosis. Machine learning (ML) algorithms can discover patterns and
anomalies in medical images, whereas deep learning (DL) methods, specifically convolutional

neural networks (CNNs), are extremely accurate at identifying malignant lesions. Deep models that
have been pre-trained and tailored through transfer learning and fine-tuning become faster and

more effective, even when data is scarce. This paper implements a state-of-the-art Hybrid Learning
Network that combines the Progressive Resizing approach and Principal Component Analysis (PCA)
for enhanced cervical cancer diagnostics of whole slide images (WSI) slides. ResNet-152 and VGG-16,
two fine-tuned DL models, are employed together with transfer learning to train on augmented and
progressively resized training data with dimensions of 224 x 224, 512 x512, and 1024 x 1024 pixels

for enhanced feature extraction. Principal component analysis (PCA) is subsequently employed to
process the combined features extracted from two DL models and reduce the dimensional space of the
feature set. Furthermore, two ML methods, Support Vector Machine (SVM) and Random Forest (RF)
models, are trained on this reduced feature set, and their predictions are integrated using a majority
voting approach for evaluating the final classification results, thereby enhancing overall accuracy

and reliability. The accuracy of the suggested framework on SIPaKMeD data is 99.29% for two-class
classification and 98.47% for five-class classification. Furthermore, it achieves 100% accuracy for four-
class categorization on the LBC dataset.

Keywords Machine learning, Deep learning, Cervical Cancer, Progressive resizing, Principal component
analysis, Majority voting classifier

Abbreviations

Al Artificial intelligence
ML Machine learning

DL Deep learning

HPV Human papillomavirus

SVM Support vector machine

ANN Artificial neural network

CNN Convolutional neural networks
RF Random Forest

WSI Whole slide images
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GPU Graphics processing unit

SI Superficial-intermediate

P Parabasal

K Koilocytes

D Dyskeratotic

M Metaplastic

NILM  No Squamous Intraepithelial Lesion

LSIL Low-Grade Squamous Intraepithelial Lesion
SCC Squamous Cell Carcinoma

HSIL High-Grade Squamous Intraepithelial Lesion

Cervical cancer has become a major global health concern, ranking among the most serious gynaecological
diseases afflicting women today. This cancer develops as a result of the uncontrolled proliferation of abnormal
cells caused by human papillomavirus (HPV) infection of the cervix, the lowest section of the uterus that
connects to the vagina. According to the most recent Globo can 2022 data, there were about 661,021 new cases of
cervical cancer and 348,189 deaths globally in 2022!. The current incidence of this type of cancer is very high in
low- and middle-income countries and thus a heavy burden on the health systems. Cervical cancer has been one
of the significant issues in public health; by now; it is among the leading causes of death due to cancer in women.
It has been demonstrated that early treatment significantly reduces mortality rates and improves the quality of
life; thus, early detection and diagnosis are paramount to improving the results of the care of such patients.

The conventional methods for the diagnosis of cervical cancer have included the use of Pap smear testing and
HPV testing. Techniques such as these have, no doubt, been useful in diagnosing the disease; however, they are
not free from their limitations concerning the accuracy and precision of the actual tests or the need for competent
interpretation. On the other hand, pap smears are subject to human error and variability, and HPV testing,
although successful for diagnosis of infectious involvement, does not enable any prediction of progression to
malignant conditions®>. Modern developments in artificial intelligence offer some very interesting solutions for
these issues. AI has already been shown to be successful in changing medical diagnostics by including ML and
DL-based methods that would automate complex procedures and provide sophisticated insights from huge data
sets*. Systems such as these will increase diagnostic accuracy within the field of cervical cancer diagnosis with
Al software to analyze medical images like Pap smear slides or HPV test outcomes>®.

ML models can be developed, which recognize the anomalous patterns and features within medical imaging
that may indicate cervix malignancy’. The DL models have an excellent capacity for extracting and analyzing
complex data from images, thus improving the diagnosis of precancerous and malignancies®®. Finally, AI-driven
techniques in the analysis of patient-specific information and in the prediction of malignancy progression can
help in constructing personalized treatment strategies, thereby promoting earlier intervention and focused,
efficient management safeguards'®%,

Feature-based algorithms are the principal means of accomplishing this task of computer vision technology
in cervical cancer detection. Filtering techniques are first applied to image data to enhance pixel quality. Features
of importance are then selected, followed by cell nucleus segmentation to extract these features. Preprocessing
operations, such as removing vignetting effects, adjusting contrast, correcting pigmentation, removing stains,
smoothing images, standardizing, and translating, enhance image quality and reduce noise'?. Preprocessing
techniques include denoising, contrast correction, image enhancement, rotation, object detection, centralization,
and morphological procedures'.

Segmentation of cells and nuclei from WSI cervix images can be achieved using various approaches, such
as model-based methods, thresholding, edge detection, region-based techniques, pixel-based methods, and
both ML-based and DL-based strategies!*"!°. Following cell segmentation from WSI cervix slides, features are
recovered to capture the image’s distinguishing characteristics, structural details, and levels of importance!”-%.
The post-processing phase is critical for improving these features since it employs techniques such as feature
selection, normalization, and sparsification to identify the most relevant properties for analyzing complicated,
high-dimensional datasets®*>.

The histopathological images are categorized using a variety of classification algorithms following post-
processing. ML approaches such as SVM?%-28, decision trees”??, RF**-32, etc. identify intricate, high-dimensional
data using engineered traits. Ensemble learning improves cervical cancer diagnosis by utilizing predictions
from numerous approaches and employing strategies such as bagging, boosting, and stacking for enhanced
diagnosing precision as well as reliability*>-*. DL approaches, particularly CNNs, are highly useful in cervical
cancer screening due to their ability to automatically extract characteristics from histopathological data,
allowing for early and precise diagnosis®’~*!. Recurrent Neural Networks (RNNs)**** and Long Short-Term
Memory (LSTM)* models are also useful for analyzing sequential data and identifying temporal trends in
cancer progression.

Transfer learning optimizes cervical cancer detection rates by adapting pre-trained networks for certain
databases, even with limited labeled health data. Several studies have used transfer learning with fine-tuning in
cervical cancer detection to minimize computing costs and improve precision*>~*°. Feature fusion is currently
becoming increasingly common in histopathological image identification for cervical cancer screening®®>!. The
integration of features extracted from multiple AI methods enables a more thorough and precise evaluation of
the disease, leading to early diagnostic and personalized therapy regimens. Hybrid learning approaches integrate
numerous algorithms for ML and DL methods to enhance diagnostic efficacy. These methods frequently
integrate supervised learning algorithms, unsupervised learning, and feature extraction methods to improve
the predictability and resilience of diagnostic systems. The combination of DL methods with conventional ML
allows for capitalizing on the benefits of both methodologies®>*.
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Usually, the first step in the analysis of Whole Slide Images (WSI) is cell segmentation, which involves
identifying and isolating each cell on these medical test samples. These segmented cell visuals are then utilized
to conduct classification analyses, detecting whether the cells are normal or suggest problems like malignancy.
However, cell segmentation is intrinsically complex and difficult, owing to the heterogeneity in the quality and
features of WSI produced in various clinical situations and test scenarios. This heterogeneity makes it challenging
for one algorithm to offer consistently adequate efficacy across all settings. The WSI analysis for cancer diagnosis
faces significant challenges, including the lack of detailed patch-level annotations and inconsistencies caused by
variations in staining techniques. To address these issues, a dual-curriculum contrastive multi-instance learning
(MIL) approach® is introduced. The method incorporates two key strategies: saliency-guided weakly-supervised
instance encoding to capture fine-grained details across different magnifications and contrastive learning to
minimize label noise and redundancy. Tested on three public datasets, the approach demonstrates improved
prognosis inference but faces computational challenges when handling large gigapixel WSIs. Additionally, a
semi-supervision signal with Compact and Debiased Negative Embedding®” is utilized to reduce slide variability
and enhance MIL algorithms. However, its effectiveness depends on the availability of normal patches, and
scaling to larger datasets or more complex models remains a challenge.

In this study, a novel hybrid learning algorithm for the categorization of pap smear WSI slides is introduced
to overcome these challenges. This model, which combines advanced neural systems with standard ML
approaches, enhances cell classification efficacy and reliability despite the heterogeneity of WSI data. Enhanced
abnormality detection allows for more effective downstream studies, which contributes to improved cervical
cancer screening and early diagnostics. The key findings of the article are as follows:

1. To extract deep features, Implement progressive resizing on augmented training data for training two fine-
tuned DL networks, ResNet-152 and VGG-16.

2. PCA is utilized to transform concatenated features into a lower-dimensional space along with a majority
voting classifier based on two prominent ML algorithms, SVM and RE, to classify pap smear slides.

3. The proposed model is tested using the SIPaKMeD database for 2-class (binary) and 5-class (multiclass)
classification, and LBC data for 4-class (multiclass) classification.

4. The suggested and baseline deep networks are evaluated using McNemar’s test, which assesses the p-value.

Experimental methods
Datasets
This study employs the publicly accessible SIPaKMeD database®®, which contains 966 images of WSI pap smear
slides and 4,049 cropped cell images taken with an OLYMPUS BX53F microscope and Lumenera’s INFINITY-1
camera. The dataset is classified into five categories: ‘superficial-intermediate (SI)’ and ‘parabasal (P)’ for ‘normal;
‘koilocytotic (K)* and ‘dyskeratotic (D)’ for ‘abnormal; and ‘metaplastic (M)’ for ‘benign’ Experiments were
carried out using WSI slides, which were divided into five classes and two categories (normal and abnormal).
The framework was also evaluated using Mendeley’s liquid-based cytology (LBC) dataset available publicly®’.
This database includes 962 WSI LBC images that are categorized as ‘no squamous intraepithelial lesion (NILM)’
for ‘normal; ‘low-grade squamous intraepithelial lesion (LSIL), ‘high-grade squamous intraepithelial lesion
(HSIL), and ‘squamous cell carcinoma (SCC)’ for ‘abnormal’ The samples of each class for the data are shown
in Figs. 1 and 2.
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Fig. 1. Sample Images belong to SIPaKMeD data (a) Superficial-Intermediate (b) Parabasal (c) Koilocytotic
(d) Metaplastic (e) Dysketarotic.
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Fig. 2. Sample Images belong to LBC data (a) NILM and (b) LSIL (c) HSIL and (d) SCC.

SIPaKMeD and LBC Whole Data Splitting
Slide Image dataset (Training, validation & testing)
Image resizing Two-stage data augmentation
Training data (224x224, 512%x512, (1) Image augmentation pipeline

1024x1024 pixel) (2) Real-time data augmentation

Fig. 3. Preprocessing steps in the proposed framework.

1 aug_func rotate (-60, 60), shear (-3, 3), translation {’x-axis™ (-0.2, 0.2), ‘y-axis’: (-0.2, 0.2)}, scale {*x-axis: (0.7, 1.3), ‘y-axis: (0.7, 1.3)}, v_flip (1.0), h_flip (1.0)
2 canny_func canny (alpha = (0.6, 0.9), sobel_kernel_size = (2, 8))

3 color_func add_hue_saturation (-60, 60), channel_shuffle (1.0), hue_n_saturation (0.6, 1.4), kmeans_color (n_colors = (5, 15), grayscale (1.0)

4 sharp_func lightness = (0.8, 1.4)), sharpen (alpha = (0.3, 0.7)

5 contrast_func | contrast (LinearContrast (0.8, 1.4)), brightness (0.4,1.5), brightness_channel ((0.6, 1.4), per_channel =0.8)

6 green_func green_channel (Add ((20, 90), rotate = (0, 60))

7 clahe_func clip_limit (2, 10), gamma_contrast (1.0, 3.0), tile_grid_size (4, 20), channel_clahe

8 blue_func blue_ channel (Add ((20, 90), rotate = (0, 60))

9 flip_func histogram_equalization, h_flip (1.0), v_{flip (1.0)

10 edge_func edge_detect (alpha = (0, 0.4), direction = (0.0, 1.0)), directed_edge_detect (alpha = (0, 0.4)

Table 1. Arguments of augmentation pipeline.

Preprocessing
The preprocessing procedures employed in this study, which include splitting, resizing, and augmentation of
image data, are described in this section as shown in Fig. 3.

Image splitting and resizing

Images from the two datasets are reduced from 2048 x 1536 pixels to 224 x224, 512512, and 1024 x 1024
pixels for computational efficiency and compliance with DL models. After resizing, the images are divided into
training, validation, and test sets in a 3:1:1 ratio: 60% for training, 20% for validation, and 20% for testing. This
division encourages effective network training and evaluation.

Data augmentation

To train DL networks effectively, an extensive amount of data is required. A two-stage data augmentation
procedure is used to increase the size of the training data on the scaled images. Initially, the training data is
substantially augmented using an extensive pipeline that includes augmentation strategies such as Gaussian noise
addition, hue and saturation changes, blurring, cropping and padding, region dropout, contrast modifications,
affine transformations, etc. As shown in Table 1, this pipeline comprises 10 separate augmentation functions,
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Class SI |P |K M D Total
Train 750 | 640 | 1420 | 1620 | 1330 | 5760
Validation | 25 | 22 48 54 45 | 194
Test 26 | 22 48 55 45 | 196

Table 2. Organization of enhanced SIPaKMeD data.

Class NILM | LSIL | HSIL | SCC | Total
Train 3660 670 | 970 440 | 5740
Validation | 123 23 33 15 194
Test 123 23 33 15 194

Table 3. Organization of enhanced LBC data.

each generating 10 enhanced images from the initial training sample. The ImgAug 0.4.0 library®® fully overviews
these augmentation approaches.

The augmentation pipeline includes numerous operations that aim to improve image diversity and model
performance. The ‘aug_func’ performs geometric translations such as rotation (-60° to 60°), shearing (-3 to 3),
translation along both the x and y axes (-0.2 to 0.2), and scaling (0.7 to 1.3), which contribute to variations in
image alignment and dimensions. Furthermore, horizontal and vertical flipping (probability=1.0) is included
to add diversity. The ‘canny_func’ improves edge structures by combining Canny edge detection with an alpha
range of 0.6 to 0.9 and a Sobel kernel (size 2 to 8) to effectively highlight image boundaries. The ‘color_func’
modifies color attributes by changing hue and saturation (-60 to 60), shuffles color channels (probability =1.0),
and scales hue and saturation values (0.6 to 1.4). It also has K-means color reduction (5 to 15 colors) which
simplifies color representation and grayscale conversion (probability=1.0) to produce monochromatic images.
The ‘sharp_func’ increases image clarity by changing lightness (0.8 to 1.4) and sharpening (alpha=0.3 to 0.7),
allowing finer features to stand out more clearly. The ‘contrast_func’ improves image contrast and brightness
using linear contrast adjustments (0.8 to 1.4), brightness scaling (0.4 to 1.5), and per-channel brightness tuning
(0.6 to 1.4, applied with probability 0.8). This ensures flexibility in different illumination conditions.

The ‘green_func selectively increases green channel intensity, adding values ranging from 20 to 90 and
applying rotation (0° to 60°), which can highlight specific aspects in green-dominant images. The ‘clahe_func’
uses Contrast Limited Adaptive Histogram Equalization (CLAHE) for local contrast enhancement, with clip
limits ranging from 2 to 10 and tile grid sizes from 4 to 20. Gamma contrast adjustments (1.0 to 3.0) help
to manage overall brightness and contrast. The ‘blue_func’ increases blue channel intensity by adding values
ranging from 20 to 90, with a rotation range of 0° to 60°, which might be useful in images where blue tones
are dominating. The “flip_func’ adds diversity by flipping images horizontally and vertically (probability =1.0)
and using histogram equalization to improve contrast. The ‘edge_func is concerned with recognizing and
strengthening edges through edge detection (alpha=0 to 0.4, direction=0.0 to 1.0) and directed edge detection
(alpha=0 to 0.4), which aids in the identification of crucial structural details. Together, these augmentation
strategies increase dataset diversity, allowing the model to generalize more well across diverse imaging settings,
ultimately boosting adaptability and accuracy.

After augmentation, the training set grows by a factor of 11. Tables 2 and 3 provide the updated training,
validation, and test data distributions for the LBC and SIPaKMeD databases following augmentation and scaling.
In addition, real-time image augmentation is performed employing the Keras library’s ‘TmageDataGenerator’
function. The above function arbitrarily modifies images, ensuring the algorithm is trained on several images for
each epoch. The function’s arguments are set up as follows: zoom_range = 1.2, rotation_range = 20, horizontal
flip = True, featurewise_center = False, brightness_range = (0.4, 1.4), fill_mode = nearest, width_shift_range=0.2,
vertical_flip="True, height_shift_range=0.2, and channel_shift_range=20.

Methodology
The following part explains the method described in this research for analyzing cervix images to detect cancer
cells. Figure 4 shows the framework of the suggested hybrid learning model.

DL-based feature extraction with transfer learning optimization and model fine-tuning
Feature extraction employing DL algorithms with transfer learning and fine-tuning is extremely efficient
compared to traditional ML algorithms. DL-based feature extraction is significant as it enhances efficacy
on image processing tasks by automating the extraction of intricate and hierarchical characteristics from
unprocessed information. It requires less manual intervention than conventional ML, which relies on manual
feature engineering®. The methodology uses ResNet-152°° and VGG-16%, two renowned DL networks, to
classify cervical cancer images. Figure 5 depicts the feature maps from the distinct layers of these networks for
a dataset sample image.

Given the amount of computational power needed, large data, and extended time due to processing with a
GPU about the categorization of images, this makes DL in general resource-costly, reducing productivity when
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Fig. 4. Framework of the proposed model.

applied in this field. Transfer learning allows us to use models trained on related tasks so that the training time
remains short while improving performance and minimizing errors®!. That's how, in computer-aided diagnostics
(CAD), one common route for the transfer or adaptation of models to smaller datasets is through the transfer
of knowledge from a model pre-trained on large, published datasets. Fine-tuning is the process by which the
prototyped pretrained DL model gets tuned for a specific task of image classification by alternately freezing some
of the layers and unfreezing the rest®2. Transfer learning fine-tunes the process, making it much more efficient
and accurate with small datasets, something that would otherwise take huge amounts of data and extensive
retraining, all that with the features learned in the past.

This investigation uses the pre-trained weights taken from the ImageNet repository to train the DL algorithms:
ResNet-152 and VGG-16. The algorithms learned previously on ImageNet are fine-tuned in this work to classify
the enhanced pap-smear WSI images. The methodology involves freezing the initial layers of each model in
the transfer learning step, up to ‘block4_pool” in VGG-16 and up to ‘conv4_block18_out’ in ResNet-152, while
enabling the rest of the layers for the update. Fine-tuning minimizes the number of parameters that must be
trained: 7,612,933 for VGG-16 and 37,222,405 for ResNet-152, out of an overall parameter count of 15,251,269
and 60,486,533, respectively.

The DL networks integrate additional layers, such as batch normalization, dropout, global max pooling, and
dense layers, which allow 1024 attributes to be extracted from each one. Figure 6 depicts the architectures of the
two fine-tuned deep networks, ResNet-152 and VGG-16. The two algorithms are trained with the parameters:
learning rate=10" 4, epochs =100 iterations, batch size=32, and optimizer = Adam, batch size (validation and
testing) =1.

Progressive resizing

With progressive resizing, the CNN-based DL models are trained with lower-quality images first and gradually
increased them to higher resolutions as training progresses. This strategy accelerates training, allowing the
model to learn wider characteristics at lower resolutions before fine-tuning smaller aspects at higher resolutions,
resulting in more efficient generalization and model efficacy®®. Here, in this investigation, the two DL models
ResNet-152 and VGG-16, are trained on three different sets of data for feature extraction. There are three datasets
of progressive scaled images from the pap smear WSI data at different resolutions. The three iterations give the
three iterations in which these data are located: a set of features formed at the first iteration of feature extraction
in training the two DL models on datasets having resolutions of (224 x 224) pixels. This collection of features
gives the base for the first level of feature extraction. The next step will then be feature extraction with the help of
more advanced training data. In the set of features, transfer learning is created through the process of gradually
resizing the training data from 224 x 224 pixels to 512 x 512 pixels. It is in this stage that the model can increase
its potential for feature extraction by adding features from different resolutions. Third would be the feature
extraction improvement using scaled data with larger dimensions: (224 x 224, 512 x 512, and 1024 x 1024) pixels.
Gradually increasing the resolution would allow the model to capture and utilize finer features, thus increasing
both the quality and resiliency of feature extraction in the pap smear data. Feature extraction for a given image
(I) with resolution (R) can be represented as follows:

FR) =1(LR) (1)
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Fig. 5. Feature Maps of a certain layer in ResNet-152 and VGG-16.

The resolution R, here is in the form R1, R2, and R3 for the three iterations, respectively. R, is (224 x224),
R, is (224 x224, 512x512) and R, is (224 x224, 512512, 1024 x 1024) for first, second, and third iteration
respectively.

2.3.3. Feature concatenation

Feature concatenation is the process of merging multiple feature vectors side by side to create a single vector.
This is often used to concatenate different data sources or feature sets. This method increases the dimensionality
of the data, but it will then provide more information to the framework. Let X1and X5 be two feature vectors

defined as:
J17(11) 99(12)
1 2
x| | x| @

where X1 € R™ and X3 € R™. The concatenated feature vector X, is obtained by joining X; and X»
horizontally

X.=X10 Xo (3

~

where @ depicts the concatenation operation. The concatenated vector X will have a dimension of n + m:
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Fig. 6. Layered architectures of ResNet-152 and VGG-16 networks.
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Xe = by | € Rr™" (4)

where

6
P - forn+1 <i<n+m ©

() { mgl); for 1< i <mn
x, =
i—n?

This would reflect that the first n elements of X_come from X, and the next m from X,. For the initial iteration, let
the features f;, and f,, be extracted from the ResNet-152 and VGG-16 DL architectures. Their combined feature
set shall then be denoted as f|. The vectors for the individual sets f,| and f , are (1 x 1024) in size while that of the
concatenated feature vector is (1 x 2048), which implies they are twice that length. Likewise, concatenated feature
sets f, and f; were produced in the second iteration, as well as in the third iteration respectively.

PCA-based dimensionality reduction

PCA aims to reduce the dimensions of a large dataset while maintaining as much variability as possible. It
reduces the dimensions of data by changing its original variables into a new set of variables called the principal
components and correlating them in decreasing order concerning the amount of variance they capture. PCA
also works very well in such applications as data visualization, noise reduction, and improving the performance
of computer vision algorithms by removing redundant or irrelevant characteristics®*. Moreover, it will help find
out intrinsic information structure with an easy understanding of complicated datasets and find out concealed
connections between variables. In PCA, the mathematical expression for converting an input feature vector (f)
of size (1xm) into its principal components is given by:

7z =W (7)

Where: f= [f},f,, ..., f,,] is the input feature vector with m features. W indicates the weight matrix (eigenvectors
of the covariance matrix of the input data), with dimensions n x m, where n is the number of principal
components selected. z = [z}, z,, ..., z,] is the vector of principal components. This mapping projects the original
feature vector (f) onto the new subspace defined by the principal components, thus reducing the dimensionality
from m to n, where m<n. In the current investigation, PCA is employed for dimensionality reduction of the
concatenated feature vectors f;, f, and f;. The reduced feature vectors are selected based on the criterion of
retaining approximately 95% of the variance.

Majority voting classifier

A majority voting classifier aggregates the predictions of several different classifiers to get a final decision-
making. The output class is determined by tallying the votes cast for that class. This ensemble method improves
predicted performance and robustness by combining the capabilities of many models. In the proposed method,
SVM and RF are used as two classifiers for predicting the class of the pap smear test set.

SVM is an approach to supervised learning utilized for regression and classification analyses. SVM seeks to
identify the ideal hyperplane that divides data into classes with the greatest margin, characterized by the distance
between the hyperplane and the nearest data points from each class, referred to as support vectors*. For binary
classification, the mathematical formulation is:

o1 2 n
= C. ;
minimize || w]|” + Z {i:1}§ i (8)

With constraint

vi (W'xi+b) > (1 - &) )
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where w is the weight vector, C is the regularization parameter, §; are slack variables, x, is the feature vector,
and y, is the class label. SVM can be expanded for multiclass classification with One-vs-Rest (OvR), which trains
binary classifiers for K classes. Each classifier generates a score, and the class with the highest score is chosen.

y = argmax (wr'x + by) (10)

Here, w, and bk are the weight vector and bias for class k.

RF is an ensemble learning technique that builds several decision trees throughout training and provides
the mean prediction (for regression) or the mode of the groups (for classification) of each tree. It improves
prediction precision and resilience by aggregating the findings of numerous trees, reducing overfitting problems
inherent in single decision trees’. Mathematically, the best possible prediction is determined by the majority vote
across all trees. The prediction for the t-th tree is given by:

g = Tree, (z) (11)
For binary class, the prediction of the RF classifier is:
y = mode(Y1,Y2, - ,yr) (12)

Where T indicates the total number of trees, and mode represents the most common class name among the
trees.
The RF algorithm predicts its output for multiclass classification:

5= argmax (3 L1 = ¥) (13

Here, 1(%: = k) is an indicator function that returns 1 if the t-th tree predicts class k and 0 otherwise. The class
k with the most votes will be the final predicted outcome.

A majority voting classifier aggregates the outputs of the two classifiers to integrate predictions made by SVM
and RF algorithms. Let Yg1,5; and Vg5 be the prediction from the SVM and RF classifiers. The final prediction
Y Mra jority 15 obtained by combining the predictions of the two separate classifiers. It can be expressed for
k-classes as:

/};]Wajority = argmgx (Votesy) (14)

Consider Votesy here is the number of classifiers that vote for class (k). The idea is to count, for every classifier,
how many votes it has given to some particular class in SVM and REF, and then select the class with maximum
votes.

Results and implications

Experimental setup

The proposed framework is developed on a Windows 10 machine equipped with an Nvidia Tesla V100 graphics
processor and 16 GB of GPU memory. All the exploratory activities were conducted within the Python 3.7
programming environment, exposing an exhaustive list of libraries and tools. The solution of ML tasks will be
done using Scikit-learn 1.3.2, while for algorithms of DL, will be using TensorFlow 2.13.1 with Keras 2.14.0. It
also is powered by CUDA together with cuDNN for GPU acceleration, NumPy for numerical computations, and
Matplotlib for data visualization. Such a system can be stable and flexible for building, training, and evaluating
models.

Evaluation metrics

The classifier’s efficiency has to be cross-checked with another category of measures, to find a measure that acts
more efficiently. More precisely, major measures like precision, sensitivity, accuracy, and F-score give different
insights into the working order of the proposed framework in the present research study®. Precision is defined
as the likelihood of forecasting positive. Sensitivity is a measure of the rate of actual positive cases compared with
all cases that are predicted to be positive. This is such an important statistic, maybe the most important, when the
false-positive rate is high. Sensitivity is the same as recall and measures how well the model finds the true positive
cases. This measure computes the average positive example correctly identified to the total required positives. It
suggests how well the algorithm is capturing the positive scenarios. Percent accuracy is the proportion of totally
correctly predicted cases concerning the total number of cases. This gives an overview of how well the classifier
has worked within each category. The Matthews correlation coefficient (MCC) is a robust metric used to assess
binary classification performance, particularly in imbalanced datasets. It ranges from — 1 to + 1, where + 1 means
perfect predictions, 0 reflects random guessing, and —1 signifies entirely incorrect predictions. The F-score is a
measure of performance that hence covers a compromise between precision and sensitivity. This is one of the
very useful statistics through which one can be presented with a well-balanced view regarding the efficacy of
the classifier, more so in cases where the consequences of making wrong and right predictions of positives and
negatives are high.
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True Class

.. Ptrue
Precision = ———— 15
Ptrue + Pfalse ( )

P Tue
Sensitivity = ———“¢ (16)

Ptrue + Nfalse

Pirue + Nirue
A =
ceuracy Pirue + Pfalse + Nirue + Nfalse (17)

(Ptrue X Ntrue) - (Pfal.se + Nfalse)
\/( Ptruc + Pfalse) + ( Ptruc + Nfalse) + (Ntrue + Pfalse) + (Ntrue + Nfalse)

MCC =

2 x P jon * S itivit
F— score — resion x Sensitivity

Precision + Sensitivity
Here, Pirye = True Positive, Nirue = True Negative, Pyqise = False Positive, Nyq1se = False Negative

Results
This section discusses in detail the experimental results obtained from the testing of the SIPaKMeD WSI slides
and LBC WSI images. In this respect, testing results for two baseline deep learning algorithms (ResNet-152
and VGG-16) and the proposed framework have been employed, considering their performance individually to
evaluate the proposed algorithm’s efficiency. Each model is experimented with in three iterations: Iteration 1 with
aresolution of 224 x 224, Iteration 2 with resolutions of 224 x 224 and 512 x 512, and Iteration 3 with resolutions
of 224 x 224, 512x 512, and 1024 x 1024. The confusion matrices for binary and multiclass classification of the
SIPaKMeD dataset in iterations 1, 2, and 3 are shown correspondingly in Figs. 7, 8, 9, 10, 11 and 12. In Tables 4
and 5, there are classification results for the SIPaKMeD data in the 5-class and 2-class cases correspondingly.
These tables show the efficiency of the classification algorithms and the proposed Hybrid Learning method.
All three iterations are compared with the fine-tuned versions of ResNet-152 and VGG-16. The implemented
framework performs well, with an accuracy score of 98.47% in the 5-class categorization and 99.29% in the
2-class assignments. The model achieves a precision of 98.72%, sensitivity of 98.97%, and F-score of 98.82%
in accurately classifying cervix images in the 5-class classification. In the 2-class classification, the model
outperforms all other classifiers, with a precision of 98.92%, a sensitivity of 100%, and an F-score of 99.46%.
Furthermore, the proposed approach was tested using the LBC WSI image database. Figures 13, 14 and 15
show the confusion matrices for Iterations 1, 2, and 3, allowing us an illustration of the model’s efficiency across
each iteration on the LBC data. Table 6 shows a comprehensive performance assessment of the suggested model
alongside the baseline classifiers, ResNet-152 and VGG-16. Notably, the suggested technique achieved excellent
classification by accurately identifying all test images in the data set. These results demonstrate how well the
suggested method handles a range of classification challenges due to its resilience and predictability.

Performance comparison

Table 7 shows a comparison of the proposed method with the most recent studies in the literature for 5-class and
2-class classification of STIPaKMeD WSI slides. This assessment will facilitate the knowledge of the position of the
framework under development, as well as the other state-of-the-art techniques within the field, and will clearly
render the baseline of its performance. However, Table 8 presents the class-wise performance of the proposed
model against LBC WSI data for adaptability. The similar results of the comparisons have firm implications for
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Fig. 7. Confusion matrices (Iteration-1) of (a) ResNet-152, (b) VGG-16, and (c) Proposed Method on
SIPaKMeD data (5-class).
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Fig. 8. Confusion matrices (Iteration-2) of (a) ResNet-152, (b) VGG-16, and (c) Proposed Method on
SIPaKMeD data (5-class).
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Fig. 9. Confusion matrices (Iteration-3) of (a) ResNet-152, (b) VGG-16, and (c) Proposed Method on
SIPaKMeD data (5-class).
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Fig. 10. Confusion matrices (Iteration-1) of (a) ResNet-152, (b) VGG-16, and (c) Proposed Method on
SIPaKMeD data (2-class).
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Fig. 11. Confusion matrices (Iteration-2) of (a) ResNet-152, (b) VGG-16, and (c) Proposed Method on
SIPaKMeD data (2-class).
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Fig. 12. Confusion matrices (Iteration-3) of (a) ResNet-152, (b) VGG-16, and (c) Proposed Method on
SIPaKMeD data (2-class).

Iteration | Algorithm Precision (%) | Sensitivity (%) | Accuracy (%) | MCC | F-Score
ResNet-152 93.84 94.6 93.37 092 | 094
Iteration-1 | VGG-16 95.86 95.73 94.9 094 | 0.96
Proposed method | 97.99 98.06 97.45 0.97 ]0.98
ResNet-152 94.91 94.75 93.88 092 |0.95
Iteration-2 | VGG-16 96.3 96.51 95.41 094 | 0.96
Proposed method | 98.36 98.5 97.96 0.97 ]0.98
ResNet-152 95.26 95.52 94.39 093 |0.95
Iteration-3 | VGG-16 97.11 97.28 96.43 096 |0.97
Proposed method | 98.72 98.97 98.47 0.98 |0.99

Table 4. Evaluation metrics for the SIPaKMeD data (5-class). Significant values are in bold.

the validity and reliability of the ability to categorize cervical cancer cases properly. Such findings indicate that
the model could be used in enhancing the effectiveness or competence of cervical cancer diagnosis.

On the other side, a limitation may arise from the need for pre-training DL models, since said models are not
reported to be soundly adjusted for the medical image features, with derived features being hence inaccurately
computed. Transfer learning of pre-trains, along with fine-tuning, is applied in the development of cervical
cancer detection tasks and enhancements of model capacity to a great extent in feature recognition. Though
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Iteration | Algorithm Precision (%) | Sensitivity (%) | Accuracy (%) | MCC | F-Score
ResNet-152 93.55 98.86 95.04 090 |0.96
Iteration-1 | VGG-16 95.7 100 97.16 094 |0.98
Proposed method | 97.85 100 98.58 0.97 ]0.99
ResNet-152 94.62 100 96.45 093 097
Iteration-2 | VGG-16 96.77 100 97.87 095 |0.98
Proposed method | 98.92 100 99.29 0.98 |0.99
ResNet-152 94.62 100 96.45 093 | 097
Iteration-3 | VGG-16 96.77 100 97.87 095 |0.98
Proposed method | 98.92 100 99.29 0.98 |0.99

Table 5. Evaluation metrics for the SIPaKMeD dataset (2-class). Significant values are in bold.
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Fig. 13. Confusion matrices (Iteration-1) of (a) ResNet-152, (b) VGG-16, and (c) Proposed Method on LBC
data (4-class).
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Fig. 14. Confusion matrices (Iteration-2) of (a) ResNet-152, (b) VGG-16, and (c) Proposed Method on LBC
data (4-class).

this is not an explicit problem, it is rather a very important computational demand of the strategy. The other
approach allows for progressive resizing, but at the cost of amortizing the computational demand of feature
extraction and modulating the rise of computing needs that increased quality images result in when choosing
this technique used during training.
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Fig. 15. Confusion matrices of (a) ResNet-152, (b) VGG-16, and (c) Proposed Method on LBC data (4-class).

Iteration | Algorithm Precision (%) | Sensitivity (%) | Accuracy (%) | MCC | F-Score
ResNet-152 93.33 97.3 97.94 096 |0.95
Iteration-1 | VGG-16 98.13 97.6 98.97 098 |0.98
Proposed method | 98.33 99.27 99.48 0.99 |0.99
ResNet-152 95 97.92 98.45 097 | 0.96
Iteration-2 | VGG-16 98.33 99.27 99.48 099 |0.99
Proposed method | 100 100 100 1.00 | 1.00
ResNet-152 96.67 98.57 98.97 0.98 0.98
Iteration-3 | VGG-16 98.33 99.27 99.48 0.99 |0.99
Proposed method | 100 100 100 1.00 | 1.00

Table 6. Evaluation metrics for the LBC dataset (4-class). Significant values are in bold.

Accuracy (%)

Author Year | Method 2-class | 5-class
Kiran®’ 2019 | ResNet-34+ PCA + Classifier - 96.37
Win?® 2020 | Ensemble Method 98.27 | 94.09
Wang*® 2021 | DenseNet-121+RCAN - 91.09
Hardatin® | 2021 | ResNet-50 - 91
Manna®’ 2021 | Xception +Inception-v3+ DenseNet-169 | 98.55 | 95.43
Kutty®® 2022 | Correlation-based features + RF - 97.01
Chauhan®! | 2023 | HDFCN 99.29 97.45
Yadav®® 2023 | Topo-ML - 94.21
Khanarsa’® | 2024 | Ensemble Approach (ResNet152V2) - 97
This work | 2024 | Proposed Method 99.29 | 98.47

Table 7. Model comparison on SIPaKMeD WSI data classification. Significant values are in bold.

McNemar's analysis
The McNemar Test is crucial for assessing the efficacy of a hybrid learning model to baseline DL algorithms,
especially when both models are applied to the same dataset. The statistical examination is specifically developed
to determine whether observed variations in model efficacy are statistically significant, with an emphasis on
scenarios when the models produce different results for the same data points. Table 9 shows the p-value computed
employing McNemar’s analysis for the proposed hybrid learning framework and the two originating classifiers,
ResNet-152 and VGG-16. If the obtained p-value is less than 0.05, it means that the suggested framework and the
baseline classifiers are substantially distinct in their feature extraction abilities. All computed p-values for both
sets of data are less than this threshold, thereby the null hypothesis is ruled out, demonstrating the suggested
algorithm outperforms the baseline DL algorithms. This analysis demonstrates the efficacy and validity of our
suggested approach for categorizing pap-smear WSI slides.
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Accuracy (%)

Author Year | Method (4-class)
Manna®’ 2021 | Xception + Inception-v3 + DenseNet-169 99.23
Yaman'® 2022 | Shallow Classifier (Cubic SVM) 99.47
Chauhan®® | 2022 | CNN 96.89
Zhao”! 2022 | T2T-ViT with Transfer Learning 98.79
Chauhan®! | 2023 | HDFCN 99.49
Attallah®® | 2023 | DL Methods + Handcrafted Features+PCA | 100
Attallah” | 2023 | CerCan-Net 100
Das’”? 2023 | O-bHSA 99.58
Pacal™ 2024 | MaxCerVixT 99.48
This work | 2024 | Proposed Method 100

Table 8. Model comparison on LBC WSI data classification. Significant values are in bold.

p-value
McNemar’s Analysis of Proposed Method vs. Baseline DL Algorithms | STPaKMeD data | LBC data
ResNet-152 0.0104 0.0073
VGG-16 0.0045 0.0011

Table 9. McNemar’s analysis.

Conclusion and future work

This paper implements a Hybrid Learning Network which employs Progressive Resizing and PCA approach for
enhanced cervical cancer screening with WSI data. The system optimizes feature extraction from augmented
images of varying resolutions by combining DL networks, ResNet-152 and VGG-16, with transfer learning and
fine-tuning. PCA lowers dimensionality, and the consequent features are analyzed by SVM and RF algorithms,
with final predictions combined via majority voting. The framework has high accuracy rates, including
99.29% for two-class and 98.47% for five-class classifications on SIPaKMeD data, as well as 100% for four-class
classification on the LBC dataset, indicating its efficacy and robustness. These improved detection capabilities
lay the foundation for a more extensive and intelligent examination of the WSI image data. Future research will
concentrate on integrating more advanced feature selection approaches, which will aid in selecting the most
appropriate characteristics while reducing dimensionality, ultimately enhancing model efficiency and reducing
computational costs. In addition, we intend to investigate progressive ensemble techniques, which entail
sequentially merging multiple frameworks or algorithms to capitalize on their respective capabilities.

Data availability

This study includes two publicly accessible cervical cancer WSI datasets: (a) SIPaKMeD Pap Smear database
available at https://www.cs.uoi.gr/~marina/sipakmed.html. (b) LBC dataset available at https://data.mendeley.
com/datasets/zddtpgzv63/4. The code developed for data processing and analysis in this research is available at
GitHub. (https://github.com/nitinchauhan7201/HDL-Progressive-Resizing-and-PCA-for-Cervical-Cancer-Det
ection).
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