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Abstract: Cervical cancer (CC) remains a significant health issue, especially in low- and middle-income countries

(LMICs). While Pap smears are the standard screening method, they have limitations like low sensitivity and

subjective interpretation. Liquid-based cytology (LBC) offers improvements but still relies on manual analysis.

This study explored the potential of deep learning (DL) for automated cervical cell classification using both Pap

smears and LBC samples. A novel image segmentation algorithm was employed to extract single-cell patches

for training a ResNet-50 model.The model trained on LBC images achieved remarkably high sensitivity (0.998),

specificity (0.997), and accuracy (0.997), outperforming previous CNN models. However, the Pap smear dataset

model achieved significantly lower performance (0.694 sensitivity, 0.838 specificity, 0.834 accuracy). This suggests

that noisy and poor cell definition in Pap smears pose challenges for automated classification, whereas LBC

provides better classifiable cells patches. These findings demonstrate the potential of AI-powered cervical cell

classification for improving CC screening, particularly with LBC. The high accuracy and efficiency of DL models

combined with effective segmentation can contribute to earlier detection and more timely intervention. Future

research should focus on implementing explainable AI models to increase clinician trust and facilitate the adoption

of AI-assisted CC screening in LMICs.
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1. Introduction

Cervical cancer (CC) markedly affects the mortality rate of females worldwide [1]. This type of
cancer is associated with a greater number of cancer-related deaths per year than breast cancer [2].
Various scientific studies have shown the existence of an inequality in the incidence of CC between
different parts of the world [3,4] as shown by the fact that this it is the most common type of cancer
and the leading cause of mortality from cancer in Latin America [5,7,8]. The incidence rates of CC have
been steadily increasing over the past years [8].

CC is 99% linked to the human papillomavirus (HPV) [9,11,12]. CC is an almost asymptomatic
disease in its first two stages, which are the only two stages in which it is possible to treat the disease
effectively [6,7]. For this reason, the early detection and management of early lesions are essential [12].
However, over the past years, the mortality rate associated with CC has remained high in all Latin
American countries, reflecting the inefficiency of programs and screening techniques [3].

The early and accurate detection of CC remains a challenge in developing countries and CC
continues to be a major health concern [6,13,14]. The costs of diagnosis, treatment and control are
among the highest in medicine; thus, this disease is considered catastrophic both collectively and
institutionally [14].
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The diagnosis of CC depends on initial screening with Papanicolaou (Pap) smear cytology [3].
The Pap smear consists of collecting cervical cells and examining them under a microscope to identify
abnormalities [4]. To date, It has been demonstrated that this type of screening has an efficacy of 70%
in reducing the mortality rate of associated with CC and its sensitivity ranges from 50 to 75% [15,16].
The Pap smear has a low sensitivity for pre-neoplastic events, such as grade 1 cervical intraepithelial
neoplasia (CINI), and for the same reason, numerous clinicians decide to perform a colposcopy with
biopsy following a positive HPV test [3]. The Pap smear has several limitations that undermine its
performance: High human capital and time requirements, since it requires cytotechnologists or trained
pathologists to manually review numerous slides. This technique is subjective and inconsistent, as
different observers may have different interpretations about the cellular material. It is very prone
to human error, such as misclassification, false negatives, false positives, or omissions. It has a low
sensitivity and specificity, since subtle or rare abnormalities are usually omitted or it can confuse some
benign conditions with malignant ones [4].

In recent years, the improved detection of CC has been observed in developed countries owing to
the implementation of liquid-based cytology (LBC). This is a novel method of the preservation and
handling of cytological samples that can replace the traditional Pap smear, overcoming its limitations
[16–18]. In LBC, the sample is transferred to the fixative fluid, which increases the cytological detection
of squamous intraepithelial lesions and reduces the number of unsatisfactory smears [13]. In LBC,
cells are filtered and transferred to the slide in a thin layer containing only one cell level, considered
representative of the entire sample (monolayer). This facilitates the analysis of the sample compared
to the conventional Pap test [19], improving the quality and interpretation of the slides, reducing the
number of false negatives and inadequate samples, due to fixation defects and masking of cellularity by
excess blood, mucus, inflammatory cells or other artifacts [13,20]. Thus, LBC outperforms traditional
the Pap smear in terms of representativeness, sample fixation and smear quality.

In the quest to optimize the early detection of CC, several researchers have evaluated different
methods of cervical cell segmentation and computational algorithms based on artificial intelligence
(AI) to automatically analyze cytology images and thus improve CC detection [21–23]. AI techniques
help automate the analysis of cytological images to classify them into healthy or abnormal categories,
as well as to detect the severity and types of lesions [24]. AI techniques also provide quantitative
and objective results that are consistent and reproducible, and are promising in terms of specificity,
sensitivity and diagnostic accuracy [25]. The use of AI in the screening of cervical lesions has potential
advantages, such as greater precision, less time-consuming, a decreased need for human capital and
the absence of biases due to analytical subjectivity [26]. AI algorithms can process and analyze large
sets of images, identifying patterns and inconsistencies that could be invisible to the human eye. In
addition, AI-facilitated screening could decrease the need for invasive interventions, reducing patient
discomfort and also improving outcomes [23].

In this context, AI is put forward as a method that can help improve CC screening, contributing
to and improving medical diagnoses, which will undoubtedly lead to a significant impact on society
[27,28]. The aim of the present study was to evaluate the performance of a deep learning ResNet
50 model for cervical cell classification from Pap smear and liquid cytology analysis to improve the
early detection of CC. To this task, the segmentation capacity of a preprocessing algorithm to obtain
single-cell images that allow the training of deep learning models of diagnostic classification was
designed and studied, and the diagnostic performance of this system was compared with a model
trained with liquid cytology images from an external repository.

2. Materials and Methods

2.1. Traditional Pap Smear and Liquid Cytology Image Acquisition

For the purposes of the present study, a public dataset of PAP smear images from Center for
recognition and inspection of Cells from patients aged between 35-65 years, and with diagnoses
classified according to the Bethesda system (https://database.cric.com.br/classification) was used for
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the segmentation procedure. . Liquid cytology images were obtained from the public online repository
https://data.mendeley.com/datasets/zddtpgzv63/4 used by Sompawong *et al* [22].

2.2. Cell Segmentation Algorithm

Subsampled images were processed using ImageJ 1.53 software (https://imagej.net/ij/) to obtain
single cell patches to train de classification models. The theoretical steps of the algorithm attached in
annex 1 are detailed as follows: i) Linear intensity transformation was applied to improve contrast;
ii) median filter with a kernel size of 9x9 was applied to eliminate cell noise and debris; iii) default
sharpen filter to highlight cell edges; iv) RGB rendering and split to HSB (hue, saturation, brightness)
color space; v) 3x copies of saturation channel to apply thresholding methods for binarization (Minimal,
Shanbag and Otsu); vi) Watershed on binary results of segmentations then adding segments to ROI
(region of interest) manager; vii) using the segments in the ROI manager, the cropping was made in the
original RGB image and each of them was saved with the sample identifier and a sequential number;
viii) finally, with the tumor cell ROIs generated in Qupath (https://qupath.github.io/), automatic
labeling was carried out where 1 corresponded to cells after the tumor and 0 to the healthy cell.

2.3. Malignant Cell Classification AI-Model Based in ResNet 50 Architecture

ResNet50 architecture corresponds to a convolutional neural network (CNN) developed by
Microsoft in 2015 and can support very deep neuronal structures with optimal training performance
for image classification. ResNet50, named for its 50 layers, is structured in ‘blocks’ that cleverly utilize
‘skip connections’ or ‘residual connections’. Instead of learning only from the previous layer, these
connections allow the network to learn from earlier layer outputs as well. This bypasses the vanishing
gradient problem often found in very deep networks, enabling efficient training and better feature
extraction for improved accuracy in image classification tasks [29,30]. It was programmed in Python
3.10 using TensorFlow an SciKit Learn libraries (links), using four main code blocks: i) Convolution
layers to detect the local features of the image (such as more complex edges, textures and patterns);
ii) pooling layers used to reduce dimensionality and, at the same time, preserve the most important
characteristics of the image; iii) rectified linear unit non-linear activation functions, to introduce non-
linearities into the network and allow the network to learn more complex representations; and iv) fully
connected layers, responsible for performing the final classification. All input single-cell images were
transformed to tensors of 48x48 in dimension and divided and randomized in 70:30 proportion for
train:test using train-test-split of SciKit. In the model configuration phase, three hyper-parameters
were used: i) Optimizer = ‘Adam’ (with a learning rate of 1x10-5); ii) loss function: Binary cross-entropy
(loss= ’binary-crossentropy’); and iii) the AUC metric used for the evaluation of the model in training
and validation. Finally, in the training phase of the model, the following hyper-parameters were
used: Bach-size = 512 and number of epochs: 100. At least 20 trainings of each of the algorithms were
performed, varying the random state of the training:test data to find the optimal possible performance.

2.4. Statistical Analysis

2.4.1. Descriptive

Through Python libraries for the management of dataframes, arrays and graphs, the main de-
scriptors of the data were obtained depending on whether the variable was numerical or categorical.
Means, medians, deviations and quartiles were obtained for continuous and discrete variables and
the tables of frequencies of these were categorized. Frequencies of all variables were obtained, and
distribution graphs were prepared to guide the following steps.

2.4.2. Inferential

Primarily using the Python libraries for statistics and graphs, data normality was determined
using Shapiro-Wilk and Kolmogorov-Smirnov tests. Based on the results, either parametric or non-
parametric statistical analyses were conducted. Non-parametric inference methods employed were the
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Chi-squared for one sample, and the Mann-Whitney or Wilcoxon tests for two samples, depending on
their independence or pairing. Their parametric counterparts corresponded to ANOVA, t-test, z-test,
and LSD multiple comparison tests..

2.4.3. Diagnostic Performance Metrics

Diagnostic performance was assessed using confusion matrices, generated with Python’s scikit-
learn library, to quantify true positives, false positives, true negatives and false negatives. From
these matrices, metrics including precision, accuracy, sensitivity, specificity, and positive and negative
predictive values were calculated. Subsequently, sensitivity, specificity and receiver operating char-
acteristic (ROC) analyses were performed. The latter involved generating comparative performance
graphs, calculating area under the curve (AUC) values, and conducting DeLong tests for statistical
comparisons between techniques.

3. Results

The segmentation in the sub-images generated from the original slide-scan revealed that the
application of multiple binarization thresholds in the purified cell signal, achieves in the best of cases,
the selection of poorly homogeneous groups in most sectors of the slide, and the detection of large
cell masses in some areas, and in very few events, single-cell segmentation (Figure 1A). Due to the
above, the single-cell patches generated in each of the sub-images are in most cases noisy with a
low-definition of the cell edges, which do not allow the cell chromatin patterns to be clearly shown
(Figure 1B). By comparing the results generated in the Pap images with the segmentations of the liquid
cytology (LCyt), it can be qualitatively appreciated how the generated patches clearly have single,
well-defined, noise-free cells with evident nuclear patterns (Figure 1C).

The single-cell patches generated in the Pap and LCyt datasets were used to simultaneously train
a ResNet50 deep network-based classification model. Training with 9566 Pap patches, of which 3386
were labeled as malignant cell-positive, revealed medium performance, but a tendency to over-adjust
when observing the change in the AUC and loss metrics through 100 epochs (Figure 2A, validation loss
increase). Likewise, when looking at the confusion matrix of the binary classification, the significant
presence of false negative cases can be observed (predicted = 0, true = 1) and false positives (predicted
= 1, true = 0, Figure 2B).

From the confusion matrix, the final performance metrics detailed in Table 1 were obtained. In
these metrics, the high level of accuracy and specificity of the model stands out (0.8341 and 0.8386),
although with a low level of sensitivity (0.6939).

Table 1. Maximum performance values of the ResNet50-Pap classification model.

Metrics ResNet50-PAP

Accuracy 0.8341
Sensitivity 0.6939
Precision 0.8549

Specificity 0.8386
F-Score 0.8042

The accuracy, sensitivity, precision, specificity and F score were obtained in the validation phase of the model from the
construction of the confounding matrix.
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Figure 1. Segmentation algorithm applied in traditional Pap cytology vs. LCyt liquid cytology. (A)
Breakdown of the automatic procedure into its critical steps where the analyzed cell mass and the
resulting cell mass of the segments drawn in yellow by the software are observed. (B) Single-cell
patches generated by the algorithm in a Pap sample. (C) Single-cell patches generated in an LCyt
sample. Yellow arrows indicate zoomed areas where segments are observed that cannot define a single
cell due to the diffuse of their boundaries. Pap, Papanicolaou; LCyt, liquid cytology.

Figure 2. Performance of the algorithm in the training and testing phase of ResNet50-Pap model. (A)
The AUC (left panel) and loss (right panel) metrics based on the training times in both the training data
(blue) and validation/test (orange) are shown. (B) The confusion matrix is shown, where 0 corresponds
to negative for malignant cells and 1 to malignant positive cells, where the true/predicted label of the
type 0/0 corresponds to true negatives and 1/1 to true positives. Pap, Papanicolaou.

Using the same architecture and hyperparameters of CNN-ResNet50, classifier training was
evaluated, this time with single-cell patches from liquid cytology segmentation (LCyt set). Initially, the
training was carried out with 50 epochs (data not shown) and as the metrics were close to convergence,
the number of iterations was extended to 100 to determine whether the behavior of the model remained
stable. As shown in Figure 3A, the AUC and loss metrics throughout the ages have a more stable
behavior than the Pap model and with a very low tendency to overfit, that is evidenced by the similarity
between the training set and the validation set. In addition, the confusion matrix clearly demonstrated
the low incidence of false negative and false positive cases in relation to true positives (Figure 3B).
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Figure 3. Performance of the algorithm in the training and testing phase of ResNet50-LCyt model. (A)
The AUC (left panel) and loss (right panel) metrics based on the training times in both the training data
(blue) and validation/test (orange) are shown. (B) The confusion matrix is shown, where 0 corresponds
to negative for malignant cells and 1 to malignant positive cells, where the true/predicted label of the
type 0/0 corresponds to true negatives and 1/1 to true positives.

From the confusion matrix, the final performance metrics detailed in Table 2 were obtained. In
these metrics, the high level of accuracy and specificity of the model stands out (0.998 and 0.997),
also with high level of precision and sensitivity (0.998 and 0.999). In addition, Table 2 presents the
comparison of the two CNN models published with the same dataset of images by Sompawong *et al*
[22] and Chen *et al* [31], where all the ResNet50-LCyt metrics are superior.

Table 2. Performance values of the ResNet50-LCyt vs. CNN models of Sompawong *et al* [22] and
Chen *et al* [31].

Metrics ResNet50-LCyt R-CNN LCyt Sompawong *et al*. VGG-LCyt Chen *et al*.

Accuracy 0.998 NR NR
Sensitivity 0.999 0.917 0.928
Precision 0.998 0.917 0.822

Specificity 0.997 0.917 0.911
F-Score 0.998 NR NR

The accuracy, sensitivity, precision, specificity and F score were obtained in the validation phase of the model from the
construction of the confounding matrix.

All figures and tables should be cited in the main text as Figure 1, Table 1, etc.

4. Discussion

The aim of the present study was to evaluate the performance of a deep learning (DL) ResNet
50 model for cervical cell classification using Pap and LBC samples to improve the early detection of
CC. The DL model used herein was trained in a binary cell classification, which is essential for the
early detection of CC; identifying patients with lesions that will evolve into CC can help determine an
adequate treatment strategy and may thus prevent cancer development.

CC [1] remains one of the leading causes of cancer-related mortality in lower-income countries,
despite being a highly preventable pathology. In Latin America and the Caribbean, CC is the third most
common type of cancer, and HPV infection is present in >99% of cases with a worse prognosis [32].
For decades, the standard method for detecting cervical lesions has been the Pap test [33]. However,
screening programs based on this technique in lower-income countries have rarely been successful in
reducing the mortality and incidence rates of CC due to the lack of high coverage and the associated
high analytical complexity [34]. Traditional cytology begins with the collection of the sample, the
analytical phase is reported, followed by colposcopy when a biopsy is necessary, and finally, the
treatment of the detected lesions [35]. Along with the lengthy and costly Pap smear process [26], in
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the majority of cases, conventional smears are difficult to interpret due to the uneven distribution
and overlap of cells, and the presence of blood or inflammation [36]. In addition, the test has a high
rate of false negatives; 50% of preneoplastic lesions of the cervix are missed with a single test [37].
The occurrence of false-negative reports depends on the morphological quality of the cells and on the
abnormal cells being present in the sample in a recognizable form. This is found to be difficult in the
Pap smear due to its multilayer pattern distribution. As a result, a number of women with CC have a
history of one or more negative cervical cytology reports when they are actually carriers of high-grade
lesions. [38]. In addition, the interobserver reproducibility of cervical cytology is very inaccurate, as
previously demonstrated by Stoler and Schiffman [39], in a study analyzing the reproducibility of
4,948 monolayer cytologic interpretations. Of the 1,473 original interpretations of atypical squamous
cells (ASC-US), the second reviewer only concurred in 43.0% [39].

The low sensitivity of the Pap smear requires repeating the test multiple times over the years for
it to be effective. This is very costly and not affordable in the majority of Latin American countries. In
this scenario, it is essential to develop new methods with which to detect CC earlier with low-cost and
high-accuracy automated screening technologies [40]. The alternative to the Pap smear is LBC, which
makes immediate fixation easier and leaves the cells better visualized. LBC allows for a monolayer
spreading where the majority of the debris, blood and exudate is removed [38]. The benefits of these
liquid-based methods include decreased obscuring materials and hemorrhage on the slide, a decrease
in cellular misrepresentation, and an even cell distribution on the slide [35]. In general, conventional
screening processes with brightfield microscopes use a high human resource, and in this context, the
structure of the cells to be observed is complex, since the nucleus and cytoplasm are difficult to identify
due to overlapping cellular areas and undefined boundaries between neighboring cells. However,
this issue can be resolved with novel computer strategies that can classify images automatically and
rapidly [38].

AI has been progressively applied in recent years for the diagnosis of various pathologies with
successful results when the evidence is imaging [41]. AI models can automatically recognize key
features of images and can learn how to classify and process data using efficient algorithms [41,42].
Based on the above, the application of AI in the screening and early diagnosis of CHD is very useful
for overcoming the current challenges of the technique [26]. Machine learning in AI is based on several
computational models, and one of these is the CNN, which is mainly used for image processing and
computer vision tasks. Within this, there are also different architectures, such as Visual Geometry
Group 16 (hereinafter VGG16) [43], Residual Network 50 (hereinafter ResNet50) [44], and Mobile
Network (hereinafter MobileNet) [45]. Previous research has shown that the CNN ResNet50 is the most
effective compared with VGG16 and MobileNet; thus, this is considered the optimal CNN architecture
[46]. In addition, recent studies have demonstrated that DL models are robust against changes in the
aspect ratio of cervical cells on cytological imaging [26,47].

As previously stated, the early detection of cervical cancer is crucial for improving treatment
and patient survival [1,35]. AI models, specifically DL, has emerged as a promising tool for the
early detection of this disease. The present study investigated the performance of the ResNet 50
DL model for classifying cervical cells in both conventional Pap smear and LBC images, with the
aim of improving early cervical cancer detection [22,48,50]. The findings presented herein suggest
that the ResNet 50 model exhibits exceptional accuracy in classifying cervical cells from LBC images,
achieving a near-perfect sensitivity, specificity, precision, accuracy and F1-score. This result indicates
that the model is highly capable of accurately distinguishing between benign and malignant cells
when trained on LBC images. However, the study also highlights the inherent challenges of using
traditional Pap images for CC detection using AI [16,50]. The precise segmentation of individual cells
from Pap images is hampered by cells overlapping, excessive staining and the presence of blood clots
and artifacts. These factors make it difficult to accurately identify cell boundaries, leading to errors in
cell classification [21,51]. This is reflected in the performance of the ResNet 50 model with Pap images,
which, while achieving good accuracy and specificity, had a significantly lower sensitivity in detecting
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malignant cells. Specifically, when trained with Pap images, the ResNet 50 model achieved a sensitivity
of only 69.39%, while achieving a specificity of 83.86% and accuracy of 83.4. This suggests that the
model was able to detect 1351 out of 1511 healthy cells, but only 943 out of 1316 malignant cells. By
contrast, when trained with LBC images, the ResNet 50 model demonstrated a much higher sensitivity
of 99.8%, along with a specificity and accuracy reaching 99.7%. This indicates that the model was
able to detect 3,493 out of 3,503 healthy cells and 4,169 out of 4,174 malignant cells. It is important
to consider that the performance of the ResNet 50 model was negatively affected by the imbalance
in the Pap dataset, with a significantly larger number of benign cell images compared to malignant
ones. This imbalance makes it difficult for the model to learn discriminative patterns for identifying
malignant cells. Addressing this imbalance in future research is crucial for improving the detection of
malignant cells using Pap images.

LBC offers a significant advantage over Pap images due to its ability to better isolate and distribute
cells, resulting in cleaner images with less overlapping and fewer artifacts [16,17,20]. The segmentation
artifacts in the traditional Pap smear are difficult to optimize, considering the complexity of the seg-
mentation algorithm applied, which unlike a U-Net type algorithm for segmentation, has customized
settings based on the specific nature of the sample [52], also considering the low observational quality
of the traditional cytology sample, which is not designed for the analysis of single-layer cells, such
as liquid cytology [38]. Despite the above, we believe that it could be possible to obtain a better
performance in the segmentation procedure, through the direct use of a neural network of the U-Net
or Attention-Unet type that then works directly with the classification model, an edge that would be
interesting to address and contrast in future studies with our cohorts [21,22].

LBC facilitates the precise segmentation of individual cells and therefore, improves the accuracy
of cell classification. Despite the higher cost associated with LBC tests compared to Pap tests, the
present study highlights the importance of adopting LBC to improve the accuracy of cervical cell
classification and ultimately improve the early detection of CC [53]. When comparing the results of
the present study to those of previous research using both Pap and LBC images, it was found that
the ResNet 50 model used herein achieved comparable or superior performance in terms of accuracy
and specificity compared to previous studies using Pap images [22,31]. However, previous research
using Pap images generally achieved a higher sensitivity, specificity and F1 score, suggesting that
the performance of ResNet 50 with Pap images may be limited by the inherent challenges of cell
segmentation aforementioned. On the other hand, when compared to studies using LBC images,
the ResNet 50 model consistently outperformed the reported results across all performance metrics,
including sensitivity, specificity, accuracy and F1 score [44,54,55]. This highlights the significant
advantage of using LBC images for DL-based cervical cell classification, underscoring the potential of
the ResNet 50 model as a powerful tool for improving early detection when combined with LBC.

While the present study highlights promising results with LBC images, certain limitations should
be acknowledged. The imbalance of the Pap dataset, with a significantly larger number of benign cell
images compared to malignant ones, negatively affected the performance of the model. To address this
imbalance, future research is required to focus on techniques, such as data augmentation, using the
focal loss function and resampling techniques to improve class balance. On the other hand, the model
is only limited to its use in cytology for the investigation of CC; although this is a pathology of high
relevance in health systems, it is also important to note that cytopathological studies are also frequently
used in the investigation and diagnosis of other tumor pathologies, such as tumors of the renal and
urinary tracts, head and neck tumors and airway tumors. The aforementioned is commonly known
in pathology services as miscellaneous cytology and in this clinical scenario, of course, the use of
segmentation and classification methods by AI has begun to be explored with successful results [56,57].
Despite these limitations, the findings of the present study strongly suggest that the implementation of
DL models, particularly with the use of LBC, has immense potential to revolutionize CC screening. The
ability of DL models to rapidly analyze massive datasets and identify subtle patterns of abnormality,
surpassing human capabilities, presents a significant advantage in combating this disease. This is
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particularly crucial in public health systems facing a shortage of qualified personnel for analyzing
cervical cytology samples.

In conclusion, the present study demonstrates that the ResNet 50 model, when trained on LBC
images, is a powerful tool for the accurate classification of cervical cells and has the potential to
improve the early detection of CC. The use of LBC offers significant advantages over Pap smear
images, and the continued development of DL models, along with strategies to address data imbalance,
has the potential to transform CC detection and improve health outcomes for patients.
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