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Abstract

Background Cervical cancer is the fourth most frequent cancer in women worldwide. Even though cervical cancer deaths
have decreased significantly in Western countries, low and middle-income countries account for nearly 90% of cervi-
cal cancer deaths. While Western countries are leveraging the powers of artificial intelligence (Al) in the health sector,
most countries in sub-Saharan Africa are still lagging. In Uganda, cytologists manually analyze Pap smear images for
the detection of cervical cancer, a process that is highly subjective, slow, and tedious. Machine learning (ML) algorithms
have been used in the automated classification of cervical cancer. However, most of the MLs have overfitting limitations
which limits their deployment, especially in the health sector where accurate predictions are needed.

Methods In this study, we propose two kernel-based algorithms for automated detection of cervical cancer. These algo-
rithms are (1) an optimized support vector machine (SVM), and (2) a deep Gaussian Process (DGP) model. The SVM model
proposed uses an optimized radial basis kernel while the DGP model uses a hybrid kernel of periodic and local periodic
kernel.

Results Experimental results revealed accuracy of 100% and 99.48% for an optimized SVM model and DGP model respec-
tively. Results on precision, recall, and F1 score were also reported.

Conclusions The proposed models performed well on cervical cancer detection and classification, and therefore suitable
for deployment. We plan to deploy our proposed models in a mobile application-based tool. The limitation of the study
was the lack of access to high-performance computational resources.
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1 Background

Cervical cancer ranks as the fourth most common cancer in women worldwide [1]. In 2022, more than 660,000 new
cases were diagnosed. Also, in the same year, an estimated 94% of 350,000 deaths due to cervical cancer occurred
in low and middle-income countries. The highest incidence and mortality rates from cervical cancer are reported
in sub-Saharan Africa, Southeast Asia, and Central America. Since cervical cancer mainly affects young women, it
is estimated that around 20% of children have been orphaned due to this disease [1]. Even though deaths from
cervical cancer have significantly declined in Western countries, about 90% of all cervical cancer deaths worldwide
occur in low- and middle-income countries. Again, in developing countries, the mortality rate from cervical cancer
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is 18 times more than in developed countries, while it accounts for 12% of female cancers worldwide [2, 3]. In Kenya,
cervical cancer has a recurrence rate of 20.5 per 100,000 women and forms the primary female cancer as well as
the cause of cancer growth-related death for women. It is estimated that new cases and mortality will increase by
75% by 2025 if appropriate attention and early detection methods are not applied for early treatment [4]. Uganda
has had the highest cases of cervical cancer in the world at 54.8 per 100,000 women, while in New Zealand it is 5.5,
and 6.6 in North America. Again, approximately 6413 women in Uganda develop cervical cancer annually, while an
estimated 4301 die of the disease [5]. It is possible to cure cervical cancer if detected early [6]. Cervical cancer cannot
be identified without routine screening, which involves looking for abnormal cells of the cervix that may become
cancerous. Cervical cancer screening includes cervical cytology, otherwise known as a Pap test or a Pap smear; the
Human Papillomavirus test; and co-testing, where the Pap smear is combined with the HPV test.

Early detection of cervical cancer through screening methods such as Pap smear tests has significantly reduced
mortality rates in especially higher-income countries [7, 8]. However, manual analysis of Pap smear images remains
labor-intensive, subjective, and prone to human error, particularly in regions with limited access to trained cytologists
[9, 101. This has led to a growing interest in applying machine learning (ML) and deep learning (DL) techniques to
automate the classification of cervical cancer from Pap smear images. Recently, machine learning in medical imaging
has gained much attention [9]. Given the capabilities for automatic feature extraction from images hierarchically,
CNNs have dominated [11]. This makes them very effective in certain tasks like tumor detection and the classifica-
tion of cancers [12-14]. The CNN-based architectures have been prominent in the detection of abnormalities within
Pap smear and colposcopy images toward cervical cancer diagnosis [15]. On the other hand, it also belongs to the
most important challenge for CNNs: overfitting a small dataset general limitation in medical imaging with respect
to the scarcity of labeled data [16].

To address this issue, transfer learning has been widely adopted [17, 18]. Transfer learning leverages pre-trained
models on large datasets and fine-tunes them on smaller domain-specific datasets [19]. Studies applying transfer
learning to cervical cancer classification have shown improved performance, particularly when coupled with CNN
architectures [20, 21]. Despite these advancements, CNNs are inherently deterministic and lack the ability to quan-
tify uncertainty, which is critical for applications in medical diagnostics, where uncertain or borderline cases should
be flagged for further investigation [22]. Beyond CNNs, other approaches such as Support Vector Machines (SVM)
and Random Forests have been used in medical image classification, often with feature engineering techniques like
texture analysis or histogram of oriented gradients (HOG) [23, 24]. While these models are effective on small datasets
and provide interpretable results, their performance is typically inferior to that of deep learning methods in complex
image classification tasks. Additionally, they lack the capability to model uncertainty, which is crucial for high-risk
medical decisions.

Recent developments in machine learning methods for medical imaging include the usage of probabilistic models
such as Deep Gaussian Processes [25]. Similarly, DGP extends GP to multiple layers, hence enabling complex data
modeling using hierarchical representations while keeping a Bayesian framework that naturally includes uncertainty
[26, 27]. The diverse applications of DGPs range from natural language processing to image classification. The prob-
ably biggest advantage of using DGPs over CNNs within a medical setting is that they are able to provide uncertainty
estimates for each prediction [22]. However, the major disadvantage of using DGPs at the moment is that these
models are computationally expensive and hard to train on large datasets, thus limiting their applicability unless
combined with more efficient models or techniques such as transfer learning [28].

This study leverages such advances through the integration of transfer learning with two independent machine
learning models, namely Deep Gaussian Processes and Support Vector Machines, to optimize cervical cancer clas-
sification from Pap smear images. Such a limitation in a small dataset is overcome by transfer learning, allowing
DGP and SVM to effectively perform better when only a few labeled Pap smear images are available. The DGP model
supports uncertainty estimation, which is essential in medical applications since cases with low confidence should
flag further review. On the other side, the classical robust model is SVM, serving as a lower bound for comparing
against other more complicated probabilistic models such as DGP in this application. Although several CNN-based
methods have been proposed earlier for cervical cancer classification, this work offers unique value addition in
probabilistic model evaluation and that of classical methods, such as SVM, hence filling a gap in the literature. This
study has been developed for SDG 3: "Ensure healthy lives and promote well-being for all at all ages," within the theme
of artificial intelligence for development.
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1.1 The novelty and organization of the paper

The novelty of the study lies in the following aspects: (1) Transfer Learning for Enhanced Performance: Applying
transfer learning in conjunction with DGP and SVM for cervical cancer classification introduces a novel approach.
Transfer learning enables models to leverage pre-trained neural networks, particularly useful for medical image
data, which is often limited in quantity. This transfer learning strategy helps boost the performance of both mod-
els, especially in complex diagnostic tasks. (2) Independent Evaluation of DGP and SVM: The study introduces the
application of Deep Gaussian Processes (DGP) and Support Vector Machines (SVM), evaluated independently, for
cervical cancer classification from Pap smear images. While both techniques are known in machine learning, using
them in this specific context with transfer learning offers a fresh perspective, particularly in comparing how each
performs on medical image data.

The rest of the paper is structured as follows: Sect. 2 provides an overview of Deep Gaussian Processes and Sup-
port Vector Machines. This includes subsections like 2.1 on Gaussian Processes, 2.2 on kernel functions, and 2.3
on Support Vector Machines. Section 3: Materials and Methods; Subsections 3.1: Dataset and Preprocessing tech-
niques; 3.2: Proposed Kernel Function for the Deep Gaussian Process model; 3.3: Optimization of the SVM through
the kernel function; 3.4: Proposed Models; and 3.5: Model Evaluation. The results of this study are presented in
Sect. 4, with subsections on the parameters of pre-trained models, the performance of the pre-trained model on
the Pap smear dataset, training versus validation accuracy, and training versus validation loss. Section 5 discusses
the findings and Sect. 6 concludes this paper.

2 Literature review
2.1 Gaussian processes

The Gaussian process (GP) is a very powerful, yet structured non-parametric method applied to many statistical
analysis and machine learning problems. It extends the Gaussian probability distribution into a Gaussian process
[29]. GP models have been applied in Classification tasks [28]. This research covers GP classification. Essentially, a
GP sets up a prior over functions and updates it to obtain a posterior over functions given the data. Although that
looks like it would be hard to describe distribution over a function, actually turns out that all we need is to be able
to define a distribution over the function values at a finite but arbitrary collection of points, say,x;, ..., Xy. A Gaussian
Process assumes that p(f(x;), ... f (xy)) is jointly Gaussian with mean p(x) and covariance X(x) given by, = k(x;, x;),
where k is a positive definite kernel function. Also, if x; and x; are similar, the output of the function at those points
is similar [30]. The prior classification function of GP is denoted by:

f(x) ~ GP(m(x), k(x,x")) M

where m(x) = E[f(x)]represents the mean function, and k(x, x/) = E [(f(x) —mx))(f(xr) — m(xl))] denotes the kernel or
covariance function, which is positive definite [28]. A kernel function is defined as a real-valued function with two argu-
ments, k(x, x/) € R, for x, x/e y. Normally, it is symmetric, that is, k(x, x/) = k(x/, x), and nonnegative, that is, k(x, x/) > 0
so that it can be considered as a measure of similarity [31]. More so, a function k(x, x/) is said to be a kernel function if it
is defined solely in terms of inner products in the input space [32].

Modeling with GPs depends to a great extent on the choice of kernel. Commonly used stationary kernels result in
low-quality models. Deep Gaussian processes can model networks of GP nodes, and performance can be improved,
which are multi-layer extensions of Gaussian processes. While DGPs are more flexible and powerful than shallow
GPs, they can produce degenerate models in case the individual GP layers are not invertible, hence limiting their
potential [33]. GPs can be categorized into two major types: single-layer and deep Gaussian processes. Single-layer
GPs model data with a single function defined by a mean and covariance function that captures simple relationships
in the data [34]. Deep Gaussian processes (DGPs), on the other hand, stack multiple layers of GPs, allowing them to
model complex, hierarchical structures [35, 36]. This multi-layer approach enhances flexibility and representation
power. While single-layer GPs are easier to interpret and compute, DGPs offer greater expressiveness at the cost of
increased computational complexity and potential issues with non-invertible layers [37].
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2.2 Kernel functions used in Gaussian processes

Several Kernel functions are used when modeling with Gaussian processes. The common Kernel functions include the
periodic kernel, locally periodic kernel, squared exponential (SE) kernel, Matern kernel, and Rational Quadratic Kernel.
For details, refer to [28, 31, 38, 39]. In this study, we used periodic kernels and locally periodic kernels to develop a
hybrid kernel that was used in this study. This study was motivated to use the periodic and locally periodic kernels
since their exclusive representation capability captures repeating patterns and local variation in the data, a very
important property in medical imaging, in particular in the case of Pap smear images for cervical cancer classification
[28]. In this context, periodic kernels are effective in modeling periodic or repeating structures in data. In Pap smear
images, cellular structures are likely to be regularly distributed in space-for example, patterns in the cytoplasm or
nucleus distribution. These types of repeating features are among the most informative priors for distinguishing cells
as normal or abnormal. Locally Periodic Kernels This model integrates the strengths of periodic kernels for periodic
or repeat patterns and squared exponential kernels to manage smooth nonperiodic variations [28]. The combination
shall be especially effective for medical images, where periodic patterns may exist on a global scale but local varia-
tions are of prime importance for classification, including very subtle variations in cell shape, size, or texture. In Pap
smear images, while there could be some structures that may present periodicity, localized variations have proved
critical indicators of abnormalities, such for instance, those in cell shape. This will make a locally periodic kernel more
flexible and effective in modeling both the regular structures and the local deviations in complex image data. We
discuss them in detail below.

2.2.1 The periodic Kernel

The periodic kernel [28, 31, 38, 39], as defined in Eq. 2, is useful for modeling functions that exhibit exact repetition. Its
parameters are straightforward:

2sin’(z|x — x’
per (x,X') = 0% exp <_ sin (7r|fx2 X |/p> 2)

where the period p determines the interval between repetitions of the function, similar to the SE kernel, the lengthscale
¢ dictates the function’s lengthscale.

2.2.2 The locally periodic Kernel

The Locally Periodic Kernel The overwhelming majority of periodic functions do not repeat exactly. We can combine a
local kernel, such as the squared exponential, with our periodic kernel to add flexibility to our model [28, 31, 38, 39]. This
would allow us to model only locally periodic functions where there is variation over time in the shape of the repeating
component. Equation 3 gives the locally periodic kernel:

in? ’ 72

£? 2¢2

2.3 Support vector machines

Support vector machines (SVM), continue to be among the most widely used and accurate classifiers [40]. It is now a
widely used method for classification tasks. SVMs are thought to be the most well-known example of kernel approaches,
which use linear estimating techniques on a high dimensional feature space to handle challenging machine learning
problems [40]. In this study, we considered SVM for multi-class diagnosis of cervical cancer.

Given a set of training patterns 7= {x,- eR"i=1,... ,N}, and their corresponding labels from two classes
y; € {—=1,1},i = 1,...,N.The classification problem is then formulated as y(x) = w” ¢(x) + b, where ¢ is the feature space
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transformation and b is the linear classification bias. SVM looks for the best hyper-plane with the biggest possible margin
between the closest positive and negative samples. The expression for this search is:

arg min% | wl?, subjectto : y,(w'p(x)+b) > 1 )
w,b

In this study, we adopt the formulation by [40] that introduced a Lagrange multiplier a = {a,-},i =1,...,Nthat con-
verts the formulation in Eq. (4) into a maximization problem with respect to a. Even with well-known kernels capable of
representing non-linear decision boundaries, a problem with high levels of noise may become extremely challenging
to solve computationally. See Sect. 3.3 for details on the optimization of the SVM.

2.4 Review of machine learning in cancer detection and classification

The study [41] conducted a systematic review of real-world applications of machine learning, such as the classification
of cancer. It also covered the use of supervised, unsupervised, and reinforcement learning algorithms on medical data
to classify various cancer types and predict their prognoses. It was discovered that machine learning has a great deal of
promise to advance cancer diagnosis and treatment by accurately classifying different cancer types, predicting patient
outcomes, and identifying prospective therapeutic targets.

To assess the risk factors of malignant cervical development, the study [42] proposed a method called CervDetect,
which makes use of machine learning algorithms. CervDetect selects important features by using the random forest
(RF) feature selection technique. Lastly, CervDetect employs a hybrid strategy to identify cervical cancer by fusing shal-
low neural networks with radiofrequency technology. With a 93.6% accuracy rate, a mean squared error (MSE) error of
0.07111, a false-positive rate (FPR) of 6.4%, and a false-negative rate (FNR) of 100%, the results demonstrate how well
CervDetect diagnoses cervical cancer.

The study [13] proposed a model named Lightweight Ensemble for Brain Cancer-Grading and Classification, results
revealed that the proposed model achieved 93.0% accuracy, 0.94 precision, 0.93 recall, 0.94 F1 score, and an area under
the Receiver Operating Characteristic Curve (AUC-ROC) value of 0.984.

The study [43] also used federated learning and leveraging the U-Net-based model architecture in Enhancing Brain
Tumor Segmentation Accuracy, the experimental results showcase the remarkable effectiveness of federated learning,
significantly improving specificity to 0.96 and the dice coefficient to 0.89 with the increase in clients from 50 to 100.

The study [44] reviewed machine learning algorithms for predicting the survival of cervical cancer patients. The most
popular machine learning models, according to the results, were deep learning, ensemble and hybrid learning, logistic
regression, random forest, and support vector machines. Furthermore, the prediction of cervical cancer survival can be
greatly influenced by the use of machine learning approaches with heterogeneous multidimensional data. It was also
discovered that, despite machine learning’s advantages, one of the main obstacles is still interpretability, explainability,
and imbalanced datasets.

More so, the study [45] proposed a hybrid method that combined the handcrafted features and the features identified
by CNN in different pathways to a new CNN in Brain Tumor Segmentation, the proposed model achieved an accuracy
of 95%.

The study [21] proposed a novel approach that uses pre-trained deep neural network models, such as Alexnet,
Resnet-101, Resnet-152, and InceptionV3, for feature extraction in order to meet the need for effective and intelligent
screening. These models can successfully extract important information from the complex realm of Pap smear images
because they have been meticulously calibrated through training on Pap smear images. Alongside the fine-tuning of
these models, a variety of machine learning methods were incorporated. ResNet152 demonstrated remarkable perfor-
mance, attaining an astounding accuracy rate of 98.08%.

The study [46] proposed a revolutionary cascaded strategy that intelligently supplies CNN with past information
from handmade feature-based ML algorithms for brain tumor segmentation, The proposed GCNN architecture with two
parallel CNNs, CSPathways CNN (CSPCNN) and MRI Pathways CNN (MRIPCNN), segmented BraTS brain tumors with high
accuracy. The proposed model achieved a Dice score of 87% higher than the state of the art.

The study [47] found that while cervical cancer can be detected using a variety of approaches, new diagnostic tech-
nologies that enhance patient quality of life must be introduced by the clinical sector. These cutting-edge technologies
use machine learning as a quantitative approach and spectroscopy as a qualitative one. The study also showed that the
approaches and procedures that enable and hold potential as a novel screening instrument for the identification of
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cervical cancer. Furthermore, it was discovered that, once taught, the algorithms can be repeated endlessly, unlike the
years of training that are necessary for every single pathologist (not to mention how simple it is to make a spectroscope).

3 Methods
3.1 Dataset and preprocessing techniques

The dataset used in this study is composed of liquid-based cytology Pap smear images [48]. The dataset consists of a
total of 963 images which are sub-divided into four sets representing the four classes: (malignant and pre-malignant) as
NILM (Negative for Intraepithelial lesion or malignancy) with 613 images, LSIL (Low-grade intraepithelial lesions) with
163 images, HSIL (High-grade intraepithelial lesions) with 113 images, and SCC (Squamous Cell Carcinoma) with 74
images. Also, the proposed models were fine-tuned using a dataset obtained in Uganda. Data preprocessing was done
on all the Pap smear images to maintain uniform quality and relevance for model training. For example, to improve the
diversity of the dataset, data augmentation approaches can be employed, including rotation, flipping, and scaling. This
increases the generalization capability of the models. The pixel values are finally normalized into a standard range; for
example, from [0, 1], to ensure that the nature of the input provided to machine learning algorithms is always uniform.
These preprocessing steps attempt to improve the quality of images and make the dataset suitable for the accurate
classification of cervical cancer.

3.2 The hybrid Kernel function for the deep Gaussian process model

In this study, we proposed to use a hybrid of a periodic kernel and a locally periodic kernel. The motivation for using a
hybrid kernel that combines periodic and locally periodic kernels is to model both global and local structures in the data.
While the periodic kernel models repeating patterns, such as cell organization in Pap smear images, the locally periodic
kernel captures smooth variations that occur locally, such as subtle changes in cell shape or texture features critical in
abnormality detection. This combination enhances the model’s flexibility and accuracy in classifying cervical cancer
because the possible large-scale and fine-grained patterns may be learned effectively. In this section, we describe how a
hybrid kernel function for use with the Deep Gaussian Process model was developed. There have been many approaches
developed for creating new kernels from existing kernels [28, 31, 38, 39]. The most intuitive approach to creating new
kernels from existing ones is to multiply them together, especially when they are defined over different inputs to the
function. Multiplying two kernels together has some similarities with performing an AND operation. Therefore, given
two valid kernelsK; (x,x) andK, (x, x'), their product is also a kernel, as shown in Eq. 8.

ky X ky = Ky (% X') X ky(x,X') 8)

The proposed hybrid function in Eq. 9 is the product of a periodic kernel and a locally periodic kernel:

i02 v 12 ! _x)?
Knybria (X, X') = 6” exp <_25|n (7[';2 : |/p> laz exp <—25m (7[|f)(2 X I/p> exp <——(X2;§ ) >] 9)

Here, 7 is the length scale, 62 is the output variance, and the weighting of large-scale and small-scale fluctuations is
determined by the parameter a. Default values for these parameters were used in the experiments. For more details on
kernel design, refer to the sources [28, 30, 31].

3.3 Optimization of the SVM through the Kernel function

In this section, we discuss how a radial basis kernel function was optimized. In this study, we adopt the formulation by
[40] that introduced a Lagrange multiplier @ = {ai},i =1, ..., Nthat converts the formulation in Eq. (4) into a maximiza-
tion problem with respect to «. Even with well-known kernels capable of representing non-linear decision boundaries,
a problem with high levels of noise may become extremely challenging to solve computationally. The ideal strategy for
handling challenging issues is to introduce control parameters that permit margin limitations to be violated. This is known
as the "soft-margin problem," and the dual formulation that follows can be used to define the optimization problem:
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N N N 0<a <CVi
1 . S0 =
m(?XDy(a) = 21 a — > 21 JZ‘ oa y,yj y .)subjectto : { Yya=0 Vi (5)
i= i= = i=1
where ky denotes the radial basis function kernel with the formulation:
k,,y)=exp (—y Il x—y II?) ©6)

The regularization term, parameter C, manages the permitted misclassification level for the training samples. Small
values of C cause the optimizer to search for a hyperplane with a wide margin separation, which could lead to some
points being misclassified. On the other hand, large values of C search for a smaller margin to improve the classifica-
tion of all training points. Also, it was shown that for any fixed kernel k, the quantity mo?ny(a) is an upper bound on

the miscalculation probability. The computed multipliers a and b* allow the determination of the class of any test
sample x € R" by using the formulation below:

f(x) = sign<2y,-ai*ky (x.x;) + b*> 7)

ieS

where S is the support vectors’set of indices.
The radial basis kernel function was optimized using the kernel hyperparameter y. The optimal value of y is found
by minimizing maxD, («) with respect toy. Also, D, («) is maximized with respect to « but also minimized with respect
a

to y. This results in a double optimization problem with the formulation below:

) ' 0<aq <CVi=1,...,N
myln <mfny(a)> subjectto : Z%YIO‘/ =0 Vi=1,...,N (10)
i=

In this study, we adopted the minimization with respect to y using the gradient descent approach that was earlier
proposed by the study [40]. In this approach, the quantity D, () for the current value of « is assumed to be the suit-
able approximation of maxD, (). As such, the traditional steps of maximization about a are interleaved by steps of

minimization concerning y. The need for interleaving arises from the fact that attempting to determine the optimal
y value that minimizes D, (a) at every step would result in non-convergence when the recalculated value causes jumps
in the reduction process. As a result, the gradient of D, with respect to D, must be computed for the gradient descent
method'’s update step as shown below:

oD, (a)

_1
dy 2

N N
DY aayy, lxi—x 12 exp (=7 I x—x |12)

i=1 j=1

N
2
2 xayy; I X = x; 117 k, (x:,%)

1 j=1

Nl—‘
M=

The gradient descent adaptation rule’s update step is therefore expressed as:

oD, (@)
0

Verr =7 —M (12)

yt

where t is the time step and 7 is the learning rate. Also, the regularization term C is an input hyperparameter that is not
optimized using the formulations above.

The gradient descend method’s learning rate parameter, 5, is adapted as follows: (1) The learning rate is increased
by afactor{™ : n = {*pif the minimum was not reached, and (2) decreased by a factor ™ : n = {5 if the minimum
was obtained but the algorithm did not converge, or if the actual n is too high. In this study, the validation set was
used to choose the update factors, which were set at {~=0.1 and {* = 1.01. Similarly, the learning rate’s initial value
was set to n=0.01. For details, refer to [40].
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3.4 The proposed models

In this study, we were mostly interested in the application and fine-tuning of two popular machine learning models
i.e. the Deep Gaussian Processes (DGP) and Support Vector Machines (SVM) rather than developing new models from
scratch. We also developed a hybrid kernel function using periodic and locally periodic kernels for DGP discussed
in Sect. 3.2, and we optimized the RBF kernel for SVM discussed in Sect. 3.3, to improve the model performance for
catching more complex patterns in cervical cancer classification. Moreover, through the process of transfer learning,
we integrated a pre-trained InceptionV3 backbone to make use of the feature extraction capabilities of the network.
In this way, we fine-tuned the existing InceptionV3 architectures to perform optimally on our dataset. Although no
new model architectures were developed in this work, the approach presented in this study is an adaptation and
optimization of already existing techniques for the task of cervical cancer detection using Pap smear images. All
implementations were carried out using Google Colab. The Deep Gaussian Process (DGP) model was implemented
with Python libraries GPflow [49] and GPflux [50], while the Support Vector Machine (SVM) model was developed
using the Keras library.

3.5 Hyperparameter optimization of the proposed models

The hyperparameters of the SVM were optimized as follows. In this study, an optimized radial basis function (RBF)
kernel was used for the SVM model. The hyperparameters of the RBF which are the kernel coefficient (gamma) and
regularization parameter (C) were optimized using a grid search approach. a grid search over Cof [0.1, 1, 10, 100] was
done and a value of 10 was found to be optimal during the experimental results. Also, fivefold cross-validation was
done to ensure generalization across training data. For the Gamma (Kernel Coefficient), A grid search over y values
of [0.01,0.1,1] was done. The value y=0.1 was found to be optimal. Therefore, the regularization parameter C=10
and the Gamma value y=0.1 were used in all our experiments.

The DGP model in the study uses a hybrid kernel that combines periodic and local periodic kernels to handle the
non-stationarity of the data. The Bayesian optimization optimization was used to determine the optimal values for
the hyperparameters. The Length Scale of 2 for the proposed kernels was used, the noise variance was 0.01, and the
number of layers of the DGP model was 2. Also, stochastic gradient descent was used for optimization and the Adam
optimizer with a learning rate of 0.001 was used.

3.6 Model evaluation

The proposed models were assessed based on accuracy, cross-entropy loss, precision, recall, F1-score, and the loss
function. Accuracy is measured by the ratio of correctly predicted outcomes to the total number of predictions [51].
Since accuracy provides a quick measure of a model’s performance and is particularly effective for classification
problems, it was selected for evaluating this task. Also, the cross-entropy metric measures the model’s error and dis-
similarity between predicted and actual values. The performance metrics are calculated using the formulas below:

TP+ TN
TP+ TN + FP + FN

ccuracy = (13)

27P
F1 —_ = —
ST = b FP+ FN (14)

TP

Precisi —
recision TP+ FP

TP
TP+ FN

Recall, Sensitivity =
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Fig. 1 The pseudo-code of the
proposed model
1: Import necessary libraries
Import GPflow, TensorFlow, Keras, sklearn, numpy, pandas, matplotlib
2: Load and preprocess the dataset
Load cervical cancer dataset
3: Preprocess the dataset
Resize images to a standard size, Normalize image pixel values, Perform
data augmentation
4: Define the Transfer Learning Model
Load a pre-trained model (InceptionV3) without the top layers
5: Fine-tune the Transfer Learning Model
Train the model on train_data
Validate the model on val_data
6: Extract Features using the Trained Model
Remove the final classification layers from the model
Pass the data through the model to get feature representations
6: Train the Kernel Methods (SVM, Deep Gaussian Processes)
Train a Support Vector Machine (SVM) with the extracted features
Train a Deep Gaussian Process model with the extracted features
7: Evaluate the Models
Make predictions on the test_data
Calculate evaluation metrics (accuracy, precision, recall, F1 score, AUC)
Generate a confusion matrix

where TP, TN, FP, andFN stand for true positive, false positive, and negative, respectively. In this study, the implementations
were performed using Python 3.12.4, TensorFlow 2.16.0, and Keras 3.4.1. The work was conducted on a Windows 11 laptop
equipped with an Intel Core i7 processor running at 2.50 GHz, 16 GB of RAM, and a 2 GB NVIDIA GeForce MX150 GPU.

3.7 The pseudo code of the proposed models

The pseudocode in Fig. 1 describes a workflow that applies transfer learning and kernel-based methods, notably SVM and
Deep Gaussian Processes, to classify cervical cancer from Pap smear images. Firstly, the required libraries are imported
followed by the preprocessing. A pre-trained InceptionV3 model loaded and fine-tuned on the cervical cancer dataset,
adapting its learned features for this particular task. In this fine-tuned model, the final classification layers of the Incep-
tionV3 are removed after which data is passed through the model to extract feature representations. Both Support Vec-
tor Machine and Deep Gaussian Processes models are trained on extracted features and further evaluated on test data
based on accuracy, precision, recall, F1 score, AUC, and confusion matrices.

4 Experimental results
4.1 Pre-trained transfer learning model parameters

In this study, we compare the performance of the two proposed models, these are (1) a model that integrates a pretrained
transfer learning model (InceptionV3) with SVM, and (2) a model that integrates a pretrained transfer learning model
(InceptionV3) with DGP. Both models were built by first leveraging a pretrained Deep learning model to extract high-level
features from the Pap smear images. This transfer learning model was then fine-tuned on the cervical cancer dataset to
adjust to domain-specific features. After feature extraction, the deep network’s final layer was replaced with a Support
Vector Machine (SVM), and DGP classifiers respectively for (1) and (2) models above. This required the determination of
model parameters, including total parameters, trainable parameters, and non-trainable parameters. As shown inTable 1,
the most total and trainable parameters were in ResNet50 among all these pre-trained models, and that of MobileNetV2
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Table 1 Transfer learning Model Trainable parameters Non-trainable param- Total parameters
model parameters oters
InceptionV3 21,802,784 21,768,352 34,432
MobileNetV2 2,257,984 2,223,872 34,112
ResNet50 23,534,592 53,120 23,587,712
VGG16 14,714,688 14,714,688 0
DenseNet201 18,092,928 229,056 18,321,984
VGG19 20,024,384 20,024,384 0
Table 2, Performance of the Model Training accuracy ~ Validation accuracy  Training loss Validation loss
pre-trained models (%) (%)
VGG16 83.45 72.75 0.82 0.90
VGG19 82.66 71.14 0.63 0.94
ResNet50 70.50 64.52 0.88 2.20
InceptionV3 98.80 85.26 0.22 2.58
DenseNet201 95.72 82.33 0.35 2.73
MobileNetV3 97.81 88.84 0.12 2.95

was the lowest. Both VGG16 and VGG19 cleared with no non-trainable parameters, whereas DenseNet201 came out to
be the model with the least non-trainable parameters.

4.2 Performance of the pre-trained transfer learning models

Some of the pre-trained transfer learning models fine-tuned on the dataset utilized in this study for cervical cancer are
shown in Table 2. These models have been pre-trained and hence these can leverage feature representations learned on
such a large and diverse dataset. In order for these learned features of the model to adapt to this specific classification
task, the final layers of each model were replaced and further retrained using the cervical cancer dataset. Fine-tuning
entails updating, especially the higher layers, of model parameters while keeping fixed or with small learning rates
those earlier layers that pick out more general features such as edges and textures. The authors measured the training
accuracy, validation accuracy, training loss, and validation loss for each of the models after subjecting them to fivefold
cross-validation to assess their generalization on unseen data. Fine-tuning allowed the models to specialize in feature
detection relevant to the diagnosis of cervical cancer using Pap smear images. InceptionV3 showed an overall best per-
formance and was therefore selected as the model of choice in this study.

4.3 Experimental results of the proposed models

In this section, we report results obtained from our two proposed models. Our two proposed models are (1) the DGP
model with a hybrid kernel function presented in Sect. 3.2; and (2) an SVM with an optimized kernel function pre-
sented in Sect. 3.3. The proposed models were integrated with an InceptionV3 pre-trained transfer learning model
where each of the proposed models works as the prediction layer. In this work, the authors performed a fine-tuning
of an InceptionV3 model that was pre-trained on ImageNet, on the dataset of Pap smears to perform cervical cancer
classification. First, they removed the final fully connected layers of the InceptionV3 model, which are specific to
ImageNet classes. Then, they kept previous layers, since these layers capture general features of the visual appear-
ance, like edges and textures, which could be easily transferred to medical imaging tasks. This model was then fine-
tuned-retraining the latter layers of InceptionV3 on the Pap smear images. The latter layers were initialized with a
small learning rate as a way of preventing overwriting of pre-trained weights and allowing these layers to adapt
to unique features of the Pap smear dataset. The network was then trained on selected classes of cervical cancer,
which were normal, pre-cancerous, and cancerous classes. The network applied augmentation techniques to develop
robustness in the model through rotation, flipping, and scaling. Finally, the fully connected layers were replaced by
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Table 3 Classification report

Classification report: Precision Recall f1-score Support
for the DGP model P PP
High squamous intra-epithelial lesion 1.00 0.97 0.98 33
Low squamous intra-epithelial lesion 1.00 1.00 1.00 22
Negative for Intraepithelial malignancy 1.00 1.00 0.97 123
Squamous cell carcinoma 0.94 1.00 0.97 15
Accuracy 0.99 193
Macro avg 0.98 0.99 0.99 193
Weighted avg 1.00 0.99 0.99 193
Table4 Classification report Classification report: Precision Recall f1-score Support
for the SVM model
High squamous intra-epithelial lesion 1.00 1.00 1.00 33
Low squamous intra-epithelial lesion 1.00 1.00 1.00 22
Negative for Intraepithelial malignancy 1.00 1.00 1.00 123
Squamous cell carcinoma 1.00 1.00 1.00 15
Accuracy 1.00 193
Macro avg 1.00 1.00 1.00 193
Weighted avg 1.00 1.00 1.00 193
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a classifier (SVM or DGP) suitable for the task of cervical cancer, and retraining of the whole model on the target
dataset was performed to allow the pre-trained weights to adapt to the specific patterns of the Pap smear images
while preserving powerful feature extraction capabilities learned from the large-scale ImageNet data. Table 3 below
shows the classification report for the DGP model, and Table 4 for the optimized SVM model. The experimental results
indicated that the optimized SVM model was better with respect to the classification reports given in Tables 3 and 4.
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Fig.3 The confusion Matrix Confusion Matrix - SVM
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The following results on the confusion matrix also show the performance of the proposed models. The results show
that the DGP model accurately classified all the categories except only one instance where a high squamous intra-epi-
thelial lesion was classified as squamous cell carcinoma as shown in Fig. 2. The optimized SVM model correctly classified
all the instances as shown in Fig. 3.

5 Discussion of the findings

In this study, we proposed two Kernel-based algorithms i.e. a DGP model and an optimized SVM model. The DGP model
used a hybrid kernel function discussed in Sect. 3.2 while the SVM model used an optimized radial basis function dis-
cussed in Sect. 3.3. We first tested several pre-trained models of transfer learning with different performances. This study
considers six models: VGG16,VGG19, ResNet50, InceptionV3, DenseNet201, and MobileNetV2. Among these, InceptionV3
performed better, and thus in this task, we adopt it as the transfer learning model with our proposed models. The transfer
learning approach has been used in related studies such as early-stage brain tumor detection [52] and results reveal
performance improvements. The accuracy results in this study showed that our proposed optimized SVM model, along
with the pre-trained model, achieved an accuracy of 100%, whereas the DGP model, along with the pre-trained model,
had an accuracy of 99.48%. More results are shown in Table 5. However, an optimized SYM model had an overall better
performance when compared to the DGP model.

In comparison to the related works, the study [53] used deep convolutional neural networks and achieved an overall
accuracy of 94% while the study [54] used convolutional neural networks and achieved an accuracy of 93.3%. However, most
of the studies in the literature did not report their results on other performance metrics like precision, recall, and F1 score.
Studies that did not use image data to detect and predict cervical cancer were not considered in this study while discussing

Table 5 The summary of the Model

Accuracy (%) Precision (%) Recall (%) F1 Score (%)
results
DGP 99.48 99.51 99.48 99.49
SVM 100.00 100.00 100.00 100.00
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our findings. To further contextualize the performance of the two models, we extended the comparison to transformer-
based architectures. This model class has recently reported state-of-the-art results in various medical imaging tasks due
to their intrinsic ability to learn long-range dependencies in images. A specific approach combining Low-Rank Adaptation
with the Vision Transformer model, for digital pathology classification, has been proposed in [55], reaching an accuracy as
high as 98.9%. The work in [56] proposed a model, ViT-PSO-SVM, to better the results of the ViT by effectively integrating it
with PSO and SVM, after which the proposed model achieved 99.112% accuracy. Though these transformer-based models
compete well [57], they have very high computational overhead; hence, it can limit their deployment to real clinical settings,
especially in resource-constrained environments. On the other hand, DGP and SVM are more computationally efficient while
still offering robust performance metrics, hence their practicality for clinical use.

5.1 Mitigating overfitting in SVM and DGP

Optimized RBF kernel handled overfitting in the SYM model. The selection of the optimal value for both the regularization
parameter, C, and the kernel coefficient, y, was determined through grid search cross-validation. This includes the search
over C=[0.1,1,10] and y=[0.01,0.1,1]. It selected C=10 and y=0.1, considered to be an optimal balance between the model
complexity and accuracy without risking overfitting. In this regard, the regularization parameter, C, is used to find a good
trade-off between the maximization of the margin and the correct classification of the training points. A higher value of C
emphasizes fewer misclassifications. The value of y in the RBF kernel controls the influence of a single training point; smaller
values of y will make the decision boundary smoother, hence reducing overfitting. To ensure further that our SYM model
generalizes well to new data, we applied fivefold cross-validation across the Pap smear dataset. This was the approach fol-
lowed: dividing the data into five subsets of training on four and testing on one, then cycling through all. This will decrease
variance, decrease bias, and give the ability to generalize well. Moreover, tests on the validation set were performed separately
to check whether the selected hyperparameters perform well on sets other than the training set.

To address the issue of overfitting in DGP, we utilized a hybrid kernel that was comprised of periodic and local periodic
within the model to enable the model to capture the global and local periodicities in Pap smear images, which are so critical
in cervical cancer classification. We further used Bayesian optimization to determine that the kernel length scale of 2 and
noise variance of 0.01 provide a good trade-off between model complexity and accuracy. Bayesian regularization helped to
prevent overfitting by placing priors on the model parameters, thereby not being too confident in high-dimensional data.
We are quite sure the model will be robust; thus, we implemented fivefold cross-validation and set an early stopping criterion
for performance checks during training.

5.2 Computational resource requirements, integration with existing medical workflows, and scaling
for large datasets

To address the challenge of the demand for computational resources, we resorted to using cloud-based solutions: Google
Collab and GPUs during training. Besides that, we are going to suggest deploying this model on Amazon Web Services with
parallel processing. The approach we are going to propose would reduce the computational load during inference; thus, it
could make an application feasible in real-time clinical use. Also, models can work much more efficiently on limited hardware,
such as edge devices, which can be often utilized within medical settings.

In developing this, Integration with the Existing Medical workflow, models were designed to be interoperable-out-of-the-
box according to industry standards such as HL7 FHIR and DICOM. These standards will easily enable our models to interface
with the present medical imaging and record-keeping systems, thus easily deploying them in hospitals and clinics.

We rely on transfer learning for handling large-scale datasets, where large pre-trained models are used, requiring
only fine-tuning on domain-specific Pap smear images. This reduces the need for large computational resources and
hastens model deployment in resource-constrained environments. In addition, we further propose online learning for
continuous model updates to adapt to changing data distributions and clinical environments.

6 Conclusions
The study proposed two Kernel-based algorithms. The two algorithms are an optimized SVM model and a DGP model.

The SVM model used an optimized radial basis kernel function while the DGP model used a hybrid kernel. Also, the
InceptionV3 transfer learning model was used together with our proposed models. Experimental results revealed that
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the optimized SVM model performed better than the DGP model using the accuracy, precision, recall, and F1 score
metrics. However, the optimized SVM model exhibited overfitting issues while the DGP model was robust to overfitting.
The main limitation of this study was the insufficient computational resources for rapid model training. All experiments
were conducted on a standard laptop, which caused some experiments to take several minutes to complete before
producing results.

6.1 Future research directions

We propose applying the developed methods to other forms of cancer detection such as breast or lung cancer and
extending the work to a wider range of medical imaging datasets (e.g., MRI, CT scans), which would demonstrate the
broader applicability of the models and provide a foundation for improving diagnostic tools across various medical
fields. Also, we propose to develop an ensemble model that combines the strengths of Deep Gaussian Processes (DGP)
and Support Vector Machines (SVM) to create hybrid approaches that may further improve classification performance
and robustness.
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