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Abstract
Cervical cancer is one of the most frequent cancers in women worldwide, yet the early detection and treatment of lesions via
regular cervical screening have led to a drastic reduction in the mortality rate. However, the routine examination of screening
as a regular health checkup of women is characterized as time-consuming and labor-intensive, while there is lack of
characteristic phenotypic profile and quantitative analysis. In this research, over the analysis of a privately collected and
manually annotated dataset of 130 cytological whole-slide images, the authors proposed a deep-learning diagnostic system to
localize, grade, and quantify squamous cell abnormalities. The system can distinguish abnormalities at the morphology level,
namely atypical squamous cells of undetermined significance, low-grade squamous intraepithelial lesion, high-grade
squamous intraepithelial lesion, and squamous cell carcinoma, as well as differential phenotypes of normal cells. The case
study covered 51 positive and 79 negative digital gynecologic cytology slides collected from 2016 to 2018. Our automatic
diagnostic system demonstrated its sensitivity of 100% at slide-level abnormality prediction, with the confirmation with three
pathologists who performed slide-level diagnosis and training sample annotations. In the cellular-level classification, we
yielded an accuracy of 94.5% in the binary classification between normality and abnormality, and the AUC was above 85%
for each subtype of epithelial abnormality. Although the final confirmation from pathologists is often a must, empirically,
computer-aided methods are capable of the effective extraction, interpretation, and quantification of morphological features,
while also making it more objective and reproducible.

Introduction

Cervical cancer was the leading cause of cancer-related
death in women in eastern, western, middle, and southern
Africa, and the fourth most common cancer among women

globally [1]. However, the cytological screening has led to a
major decline in cervical cancer burden in resource-rich
countries [1, 2]. The interpretation of cervical cytopathol-
ogy on samples of cells or tissue fragments under the
microscope has been the foundation of a cervical cancer
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diagnosis for cytologists for over 90 years. A high-volume
procedure in the laboratory, cytopathology, or cytology for
short has shown its efficiency in lesion detection and
decrease in invasive cervical cancer by Pap test. In more
recent years, liquid-based cytology (LBC) has replaced
conventional cytology attributed to its advantages in sample
quality, reproducibility, sensitivity, and specificity [2, 3].
Today, the scanning of glass slides into digital imaging has
further standardized the process and diagnoses of cytology
[4]. The current gold standard is manual screening or review
of glass slides [5].

Nevertheless, several limitations have been noticed with
human interpretations of digital cytology. A disadvantage of
using digital whole-slide images (WSIs) is that it might take
a longer time to diagnose as compared with glass slides [4].
Containing gigabytes of pixels, WSIs suffer from the lack of
diagnostic focusing capability, and are prone to miss some
key information of tumors from numerous cells by the
human eye. Second, possessing differential cytology
expertise, cytologists may present diagnoses with incon-
sistencies. The diagnostic accuracy often varies greatly by
country, as well as knowledge of pathologists, that manual
pathology assessment may lead to high subjectivity. Take
an example of a review on 40 studies with cervical cytology
test samples from >140,000 women; for cervical intrae-
pithelial neoplasia of moderate dysplasia (CIN 2+ ) as the
cutoff, the results for sensitivity ranged from 52 to 94% and
specificity from 73 to 97% on LBC. Published few unbiased
types of research suggest that the mean sensitivity of Pap
test is 47% (range 30–80%) with a mean sensitivity of 95%
(range 86–100%) [6]. Moreover, there is still a lack of
approaches to routinely, automatically, and stably extract
the rich morphologic information from WSIs. Conse-
quently, clinical reports often highlight the most severe type
of abnormality [4]. However, the quantification of differ-
ential abnormalities is considered to be more informative in
further decisions and treatments [7].

In this decade, the diagnoses performed by pathologists
have been and will continue to be assisted by deep learning
interpretation. In this fashion, technical problems of inten-
sive workload, low producibility, or high subjectivity might
be well resolved. In particular, as LBC is stuck to the bare
morphological evaluations, it is well-qualified to be detec-
ted with convolutional neural networks [3, 8]. However, in
the field of cytopathology, compared with histopathology,
the problems encompassed are more severe. Primarily, a
drawback is the lack of datasets and associated annotations.
Histopathology images and associated annotations are
relatively publicly available like the cancer genome atlas
[9–11] and many grand challenges [12]. To this end, a rich
catalog of deep-learning-based approaches has been
explored for classification, detection, and segmentation
[9, 10, 13]. In contrast, large cohorts of cytology images are

almost publicly unavailable with a very limited number of
researches in cell classification or segmentation typically on
small-image regions [14–16]. Furthermore, in contrast with
histopathology that possesses a much higher level of local
spatial correlation in the individual fields of view, the
dysplasia is prone to be scattered in the WSIs. Nevertheless,
in contrast with these obstacles, auto diagnosis is in extra-
ordinary demand for gynecologic cytology as cervical
screening is usually included in regular health checkups for
women [17].

In this study, we bridged these gaps with a robust AI-
assisted cytology diagnostic system. The overall target was
to detect cellular abnormalities and make slide-level pre-
dictions for gynecologic cytology images. Our three major
contributions are: (1) we collected and scanned a private set
of cytology images and performed our study covering
130 slides. We annotated a variety of phenotypes, designed
annotation strategies, and developed computer-aided
approaches for the quantitative analysis. (2) We integrated
the methodology of spatial correlation and evaluated cel-
lular nuclear area to further improve the classification per-
formance after the deep neural network. As a diagnostic
assistant, the system eventually aggregated the quantitative
results. By contrast, most of the existing works were often
stuck on segmentation on individual cells in groups or
classification of the prepared well-cropped single cells
[18, 19]. Some previous machine-learning techniques used
small regions as case studies [20, 21]. A very few works
analyzed WSIs, yet lack the automatic and informative
profile of phenotypes at slide level [5, 22]. (3) Overall, the
prediction performance reached the sensitivity of 100% and
the specificity of 91.1% in the diagnoses of positive and
negative slides, along with an average accuracy of 94.5% in
the abnormal and normal cell binary classification. By this
research, we are capable of providing quantitative mor-
phological recognitions to atypical cells as well as com-
paratively objective clinician decisions, which will further
contribute to the clinical diagnosis for cervical cancer.

Materials and methods

Gynecologic cytology images

Collected from Shanxi Tumor Hospital, a total number of
130 specimens from 2016 to 2018 were made by LBC
method and scanned into high-resolution images all with
ethical approval. The signal-plane scanner was used to pro-
duce the high-resolution digital images at 40 × magnification.
We also encompassed some out-of-focus cells in training a
robust deep-learning model. All the 130 digital slides were
identified as 79 normal, 24 atypical squamous cells of unde-
termined significance (ASC-US), 13 low-grade squamous
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intraepithelial lesion (LSIL), 2 ASC-H, 7 high-grade squa-
mous intraepithelial lesion (HSIL), and 5 squamous cell car-
cinoma (SCC) by the hospital. The slide-level diagnoses, the
cellular contouring, as well as the image patch labeling work
that was performed by two pathologists together. When there
was inconsistency over an abnormality classification, to
minimize inter- and intraobserver variability, we invited a
senior pathologist to offer the classification label. The slide-
level, patch-level, and image-level manual annotation is
considered as ground truth in this AI-assist system.

Most successful approaches to training CNN models do
not take the whole image as input for morphological feature
extraction [11, 23]. Instead, image patches, usually the
cropped ones with dimensions ranging from 32 × 32 up to
5000 × 5000 pixels, are adopted by the neural networks
[24]. We tessellated all the valid areas of a whole-slide
image, which is often presented as a circle shape, to non-
overlapping patches of 256 × 256 pixels, as they are con-
sidered discriminative for a subtype to be well identified by
CNNs at the 40 × magnified rate. The original digital slides
ranged from about 55,000 to 65,000 pixels in width and
height, and the overall number of patches in the experi-
mental test was around seven million in this case study.

Annotation strategies

Today, successful applications of deep-learning techniques
still heavily rely on the quantity and quality of data annota-
tions, particularly in the medical imaging domain. With
adequate clinically well-annotated datasets, minor differences
that are hard to discriminate by human observers are sensitive
to AI detectors. Predominantly, the high accuracy in deep-
learning approaches is obtained via a strong supervised
manner. For instance, given a WSI, experts are required to
annotate every pixel in every patch, which is practically
unfeasible. A simpler approach would be labeling a patch
with a category while turning it to be a weakly supervised
manner. Pixel-wise labeling for segmentation and image-level
labeling for classification are two popular methods to provide
essential knowledge. In our research, the advantages of the
two methods were combined to train a system, characterized
as labor-saving and highly precise, where a very small pro-
portion of cells was pixel-wise annotated and the majority
were image-level labeled to a certain category as shown in the
data annotation stage in Fig. 1.

In the pixel-level annotation task, we performed per-
pixel annotation to 800 image patches cropped from 20
whole-slide images. Instead of differentiating subtypes, we
only contoured the nuclei and cytoplasm from cells and
background, respectively. These image patches were trained
to do the semantic segmentation to locate all the nuclei in
WSIs. After the nucleus segmentation task was performed
on individual image patches, they were pieced together to

form WSIs again, where the nuclear areas were detected and
masked out as a result of semantic segmentation. The pat-
ches with a nucleus as the center were then cropped from
the original images at a fixed size of 256 × 256 to go
through the following cell subtype classification stage. This
selected patch size was considered suitable for nuclei
grading by deep-learning framework [14, 25].

The image-level labeling targeted at the cell subtype
classification. The pathologists selected and cropped 5000
representative cells of 12 categories with differential mor-
phological features (shown in Fig. 2) from the original digital
slides. The 12-category strategy was based on the distin-
guishable morphology features where normal cells encompass
several categories. However, as the number of recognizable
ASC-H cells was far away from using as one class of training
samples, we excluded this phenotype in the classification task.
To enhance the labeled dataset with more ambiguous patches,
we use these labeled patches as the initialization of the
annotated dataset pool by active learning [26]. In the unla-
beled pool that was the collection of image patches whose
center was identified as the nucleus in the 3-class semantic
segmentation stage, we iteratively picked up a total number of
1000 image patches characterized with the highest uncertainty
in training the classification model. These images were sent to
pathologists for labeling, which progressively increased the
labeled pool. To acquire more training samples without
manual annotation, we used elastic transformation, flipping,
and rotation to abnormal classes for data augmentation, which
also achieved a balance in classes. Scaling was not adopted,
as the nuclear area might be considered as a key feature in
training a classification neural network [27]. The random
sampling method that was often adopted in the routine his-
topathology annotation was also not used in our system. This
sampling method might lead to a much higher class imbal-
ance in cytology; moreover, many randomly cropped patches
may contain incomplete cellular detail.

In addition, with the small proportion of patch-level
contoured cells, pathologists are free to annotate each pixel
in the succeeding annotation work, should there be more
negative subtypes to be involved in the hard negative
mining, or positives failed to be collected in this study, for
instance, atypical glandular cells.

Positive and negative training sets

Abnormalities are cataloged to ASC-US, koilocytotic atypia,
LSIL, HSIL, or SCC on the cellular level (Fig. 2A) in our
training samples. Although the koilocyte information was not
separated from LSIL to be labeled from the hospital, we also
performed cytologic detection on it, as it has been considered
to be closely related to human papillomavirus infections [28].
However, typically in a digital cytology slide, a considerable
proportion of normal cells may present similar morphological
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features as abnormal cells, and they are widely spread over
the cytology image. For example, a folded superficial squa-
mous cell will be more likely to be identified as SCC. We
hence used hard negative mining to increase normal samples,
namely superficial squamous cells, intermediate squamous
cells, parabasal squamous cells, endocervical cells, inflam-
matory cells, numerous epithelial cells (also include various
cell aggregates without distinctive recognizable features to
pathologists), and folded superficial squamous cells (Fig. 2B).
The inclusion of these negative cells in the training samples
significantly excluded a large number of false predictions and
thus improved the overall specificity.

Diagnostic system

The overall architecture of the proposed computer-aided
cytology diagnostic system consists of five functional

components, namely the segmentation model, the classifi-
cation model, the spatial correlation model, the nuclear area
correction model, and the aggregation model. The overall
framework is illustrated in Fig. 1.

Segmentation and classification

We employ a deep-learning framework consisting of two
independent neural networks for the task of semantic seg-
mentation. The first neural network, aiming to contour the
boundary of cell and nucleus, is a hybrid architecture con-
taining two conjunct paths for feature extraction and inter-
pretation. The first half is the contraction path, also called
the encoder, employing residual structure [29] to extract
context information. Two types of residual blocks are
integrated into the encoder, one RB halves the original high
dimension of the code while doubles the number of

Fig. 1 The overall architecture of the proposed computer-aided cytology image diagnostic system. The AI-assisted system comprises the
pixel-level and image-level annotation, the segmentation and classification neural networks, the spatial correlation model, the nuclear area profile,
and the aggregation model.
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channels, and the other stays with the original high
dimension of the code and the number of channels. The
second path is the expanding path, also called the decoder,
which retains the right-half structure of U-Net [30] to
retrieve precise localization using transposed convolutions.
This path is used to recover the data of code and also to
retrieve high-resolution features sent by skip connections
from each RB group to the output of the segmentation map.
In this former network, we extract distinctive morphological
features from the input image and then catalog each and
every pixel into three categories, namely nucleus, cyto-
plasm, and background in a WSI, in which unknown tis-
sues, blood cells, or mucus were also cataloged to the
background. In this way, we get a clear boundary between

the nucleus and its cytoplasm in a cell. Furthermore, via this
segmentation approach, the parameter of the cellular
nucleus can also be obtained and afterward used to improve
the classification results from the deep learning. In the
second neural network, we localize and analyze the image
patches whose centers have already been identified as cel-
lular nucleus in the first stage. These patches are cropped
from original WSIs and subsequently processed with a pre
trained ResNet-50 for the 12-category classification.

To further explore a higher interpretation capability with
the limited training samples, we employ the transfer learn-
ing [31] from the pre trained ResNet-50 on the ImageNet
and fine-tune our network. We do not train the network de
novo. Regarding the differences at the high-level features

Fig. 2 A couple of example image patches cropped from the collected slides that were used as training input in the deep-learning system.
A Positive samples. B Negative samples. The catalog of these classes targeted at a higher accuracy in the training process.
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between the natural objects in the ImageNet and cytological
cells, we retain the weights of the first seven convolutional
blocks directly from the pre trained structure. Afterward, the
first seven layers are frozen, and the trainable layers,
including the nine convolutional blocks and fully connected
layers, are initialized with random value and fine-tuned with
our annotated multiclass sample cells.

Spatial correlation

In a patch-based fashion, the diagnosis of infections may be
limited to the field of view. In some scenarios, contextual
information can be decisive to the classification perfor-
mance. In clinical practice, pathologists often incorporate
context information together with morphological features to
assist the recognition of cells and tissues. Correspondingly,
data dependencies between adjacent patches can be inte-
grated into the identification of individual patches in the
histopathology image classification by deep-learning
approaches, in particular for the phenotypes that cannot
be well recognized within the limited patch size. Never-
theless, parallel approaches are rarely found to be applied in
the cytopathology image. In this study, we take account of
patch dependencies by a deformable conditional random
field (DCRF) model [32]. This model learns the offsets and
weights of the most representative patches in a spatial-
adaptive manner and achieves an average of 5.0%
improvement in classification, compared with its backbone
residual learning structure.

Routinely, the patch size is fixed, e.g., 500 × 500. When
a suspicious patch is located, spatial correlation will be
incorporated for further analysis. We employ a DCRF with
the following Gibbs distribution for higher classification
performance, i.e.,

P l ¼ ljpð Þ ¼ 1
Z pð Þ exp �E l; pð Þð Þ ð1Þ

where p is a one-to-one mapping from the central coordinate
in a WSI to a fixed-size patch, l is another mapping from the
central coordinate to a specific label from the label set, Z �ð Þ is
a normalization constant to make Eq. (1) into a proper
probability distribution, and E l; pð Þ is the energy function. In
the DCRF model, the energy function is formulated with
additional trainable offsets δp in a fully connected pairwise
conditional random field model, i.e.,

E l; pð Þ ¼ P

p2G
ψu l pþ δpð Þð Þ þ 1

2

P

p≠p02G
ψp l pþ δpð Þ; l p0 þ δp0ð Þð Þ

ð2Þ

where G denotes a collection of patches of interest. The
unary potential ψu measures the cost of patch p+ δp taking

the label l(p+ δp), and the pairwise potential ψp measures
the spatial correlation between the two patches, defined as

ψp l pþ δpð Þ; l p0 þ δp0ð Þð Þ ¼ w pþδp;p0þδp0ð Þ � I pþ δp; p0 þ δp0ð Þ�
exp � δpk k2þ δp0k k2

2σ2

� �
� 1� Y pþ δpð Þ�Y p0 þ δp0ð Þ

kY pþ δpð Þk kY p0 þ δp0ð Þk
� �

:

ð3Þ
In this definition, I �ð Þ stands for the indicator function,

i.e., it is equal to 1 if and only if patches pþ δp and p0 þ
δp0 have the same label and otherwise, it is equal to 0. The
feature vector Y �ð Þ is extracted by a CNN. The coefficient σ
in the Gaussian kernel is tunable, and the trainable weight
w pþδp;p0þδp0ð Þ associated with patches pþ δp and p0 þ δp0 is
updated by the back-propagation (BP) algorithm.

The CNN feature extractor block in DCRF is the pre
trained ResNet-50 for the 12-category classification
described in the previous section. Integrating the DCRF
model to extract spatial information in the training and
prediction stage, ResNet-50 achieves an observable classi-
fication performance improvement.

Quantitative nuclear area analysis

The state-of-the-art deep-learning approaches still tend to
underperform in comprehensive cases, particularly when
phenotypes often appear morphologically similar to each
other. However, the nuclear area of individual cells can
well discriminate ambiguous cases between two similar
phenotypes, when deep-learning results fail to be
universally suitable. For this reason, a quantitative profile
of the pixels of the nucleus area is carried to the outcome
of cellular classification and segmentation from the deep-
learning framework. An analysis of over 2000 cells
in each subtype, in both the training and test dataset,
showed the approximate range of their corresponding
nuclear area.

Aggregation

After the multiple-stage process of individual patches and
cells, the results are aggregated. The quantitative profile, as
well as the detected abnormal cells of individual slides, will
be sent to pathologists for the final diagnoses and the suc-
ceeding medical treatment. It is important to note that,
although AI-assisted methods are often considered as more
objective and reproducible than manual evaluation, the gold
standard is indeed created by experienced pathologists,
which sometimes leads to a paradox in clinical evaluation
[25]. Also, due to the limited prediction accuracy of AI, the
varying knowledge of domain experts, and the relatively
subjective classification of abnormalities, AI is used to
support pathologists in making efficient and more accurate
diagnoses, but not to replace them [33].
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Results

Implementation details

A large amount of seven million patches were cropped from
the original digital slides. However, we used only a small
proportion of high-quality patches to train the segmentation
and classification networks. The number of nonoverlapping
patches in the training set, validation set, and testing is
shown in Table 1. The patch for the classification task was
cropped at the size of 256 × 256, while for the segmentation
task was 776 × 776 accordingly to comply with the anno-
tation strategies described above.

The hyperparameters for the classification task were set
as follows: the cross-entropy was used for the loss function
and the Adam optimizer with a learning rate= 10−5 was
adopted, and the number of training epochs was 40. The
hyperparameters were set as follows: the cross-entropy was
used for loss function, the Adam optimizer was valued by a
learning rate= 10−4, and the number of training epochs was
29. All the models were written with Python version 3.5.
Experiments were conducted on the state-of-the-art NVI-
DIA Tesla V100 with 32-GB GPU memory.

Cellular-level segmentation and classification

We evaluated the system with three metrics, namely pixel
accuracy, mean pixel accuracy, and mean IoU:

pixel accuracy ¼
PM

i
niiPM

i

PM

j
nij

ð4Þ

mean pixel accuracy ¼ 1
Mþ1

PM

i

niiPM

j
nij

ð5Þ

mean IoU ¼ 1
Mþ1

PM

i

niiPM

j
nijþ

PM

j
nji�nii

ð6Þ

where M= 3 denotes the three categories of nucleus,
cytoplasm, and background. nxy represents the number of
pixels classified to class y with ground truth x. To evaluate
the performance of the hybrid ResNet and U-Net, we
utilized the fivefold cross-validation to the pixel-wise
annotated 800 patches. We demonstrated the semantic
segmentation results in Table 2, as compared with two

baselines where U-Net++ [34] is an updated version of the
classical segmentation network U-Net with a differential
downsampling.

To evaluate the cell classification performance, we per-
formed the validations on the 6000 labeled image patches.
We demonstrated the test results by a confusion matrix heat
map of 12-category classification in Fig. 3A, and the
receiver-operating characteristic curve of ASC-US, LSIL,
HSIL, and SCC in Fig. 3B. To guarantee the specificity of
the deep-learning diagnostic system, we also marginally
increased the confidence of CIN + subtypes in comparison
with normal phenotypes. The overall accuracy for normal
and abnormal binary classification was 0.945 ± 0.006. For
abnormal cell classification, we achieved the specificity of
0.929 ± 0.008 and the sensitivity of 0.923 ± 0.006, and the
experiment results did not show significant deviations in the
overall trend.

The final semantic segmentation output was composed of
the results from multiple stages, where individually pro-
cessed patches were pieced together to form a final wholly
processed image. We show an example of an image patch of
2500 × 2500 pixels cropped from a WSI in Fig. 4.

Slide-level profile

We performed systematic diagnoses over the 130 digital
WSIs by our proposed model and presented the quantitative
profile result of abnormal cells in both positive slides
(Fig. 5A) and negative slides (Fig. 5B). The labels were
provided by three pathologists with at least two consistent
decisions.

As the number of cells varies from slide to slide, it is the
ratio of abnormal cells to normal cells. We made a quan-
titative analysis of both normal and abnormal cells in both
positive and negative slides, with the results and ratio dis-
tribution demonstrated in Fig. 5C.

Discussion

All in all, in the diagnostic task to detect abnormality and to
grade dysplasia, our proposed computer-aided system
yielded the performance of 100% sensitivity at slide level,
and the specificity varied from 96.2% to 98.1% in the
identification of ASC-US prediction, 87.9% to 88.0% in
CIN 1+ prediction, 93.2% to 95.7% in CIN 2+ prediction,
and 99.2% in SCC prediction, based on the cytology images
involved in the training and inference in this case study.
There were moderate agreements between the pathologists.
Although the grading result is often a trade-off between
sensitivity and specificity in many applications, our system
was designed to achieve higher sensitivity than the obser-
vers, while to retain a comparably lower specificity to

Table 1 The quantity and scale of patches used in the performance
evaluation.

Training Validation Testing Patch size

Classificatin 6803 1701 1701 256 × 256

Segementation 2001 650 650 776 × 776
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eliminate potential false negatives. It also successfully
detected higher-level lesions as compared with the labels
tagged from the hospital and confirmed by the three
pathologists. However, suffering from verification bias, the
sensitivity of cytology to detect definitive invasion squa-
mous and glandular lesions is difficult to establish without
histological confirmation [23]. Despite that, the advantage
of cervical cytology in the detection of precursor lesions is
clear, that it can be treated before the development of
invasive carcinoma.

After the prediction from the deep neural networks, there
were two noticeable misclassifications that required the
succeeding aggregation model to improve. One ambiguous
identification came from the identification between LSIL
and koilocyte. Both phenotypes presented nuclear enlarge-
ment or hyperchromasia, while koilocyte is characterized by
a rim of condensed cytoplasm, looking like a halo around
the dysplastic nucleus [8]. We could not exclude the fact
that, cytologically, a very clear borderline between these
two phenotypes was absent at the annotation stage. How-
ever, as koilocytosis has been encompassed into LSIL in the
2015 Bethesda [7], the final LSIL diagnosis was not
affected. Another obstacle for successful recognition
occurred when heavy inflammation was presented in the

image. Appearing in cluster or overlap, inflammatory cells
might be misidentified as endocervical cells or ASC-US,
while most of the time to be HSIL, as both of these two
phenotypes are characterized with a large nucleus-to-
cytoplasm ratio. However, sometimes, it was the same
difficulty for pathologists to recognize well when the ima-
ges were cropped into individual small patches. This is also
a disadvantage of the current patch-based network. When a
slide contains an extraordinary count of inflammatory cells,
which overwhelms normal squamous epithelial cells in
quantity and area, the overall cellular-level misclassification
might observably arise and cause a false-positive prediction
at the slide level.

The incorporation of handcrafted features, such as the
nuclear area, had effectively improved the classification
outcome from the neural network. The nuclear area of
inflammatory cells was profiled as generally <150 pixels
while HSIL > 500 pixels, at the magnification rate of 40 ×,
as shown in Fig. 6. We set 200 pixels as a criterion of the
nuclear area to eliminate a majority of false inflammatory
cells in the identification of HSIL. Likewise, as a small
proportion of misclassification was between folded super-
ficial squamous cells and SCC, we conservatively leave out
those under 100 pixels in the nuclear area at the decision of

Table 2 The semantic
segmentation results of nuclei,
cytoplasm and background on
the annotated image patches.

Methods Pixel accuracy Mean pixel accuracy Mean IoU

U-Net 0.913 ± 0.009 0.906 ± 0.011 0.899 ± 0.005

Mask RCNN 0.922 ± 0.010 0.910 ± 0.010 0.898 ± 0.008

U-Net++ 0.952 ± 0.003 0.941 ± 0.004 0.904 ± 0.005

Our proposed model without quantitative nuclear
area analysis

0.970 ± 0.002 0.948 ± 0.007 0.914 ± 0.006

Our proposed model with quantitative nuclear area
analysis

0.974 ± 0.001 0.955 ± 0.007 0.913 ± 0.007

Fig. 3 Performance of the 12-
category classification in
cervical cells. A The confusion
matrix heat map of 12-category
classification in our cervical cell
benchmark test. B The receiver-
operating characteristic curve
(ROC) of abnormalities,
including ASC-US, LSIL, HSIL
and SCC. The catalog of LSIL
encompassed koilocyte detected
in the WSIs, following the 2015
Bethesda System.
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SCC. Overall, this system has the highest level of con-
cordance and diagnostic confidence with pathologists at the
slide-level prediction of SCC in the abnormality detection.
It rarely showed overlap between normal squamous cells
and high-grade dysplasia. Experimentally, it significantly
improved the specificity when using CIN 2+ as a cutoff.

It is notable that the current deep-learning approaches in
pathology still firmly follow the expert knowledge given to
its annotated data. When training data come from one
annotator and the test data from another, the knowledge and

biases of the first annotator are sometimes systematic
enough for a diagnostic system to learn them well and cause
inaccurate results in the overall sensitivity and specificity of
the system [9, 12]. Thus, it would be more objective to
evaluate a deep learning system, when the annotation and
confirmation were performed by the same pathologists and
with high consistency [25].

We implemented four popular architectures for the
classification task, namely AlexNet, VGG-16, Google
Inception-ResNet-V2, and ResNet-50. Resnet has fewer

Fig. 4 An example of image patch of 2,500× 2,500 pixels cropped
from a whole-slide image. A The manual annotation for morpholo-
gical interpretation. B The corresponding semantic segmentation result

by the proposed two-stage deep-learning structure. This slide was
labeled as HSIL from the hospital and also predicted as HSIL. C The
segmentation comparison with state-of-the-art structures.
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parameters compared with VGG and AlexNet, while being
characterized as a deeper network. It demonstrated a better
feature extraction capability at both pixel-level segmenta-
tion and patch-level classification. Inception is a multiscale
feature extractor of multiple kernel size per layer, which
showed outstanding performance on the ImageNet dataset.

However, it did not demonstrate a better performance than
other networks in our experimental dataset, and similar
results had also been presented in the literature in pathology
WSI classification [10, 11]. Consequently, leveraging the
advantages in the training and prediction performance, we
picked up ResNet-50 as the backbone for classification.

Fig. 5 The automatic quantitative profile of abnormal cells in whole slide images. A The identified positive slides by manual assessment.
B The identified negative slides by manual assessment. C Slide-level normal and abnormal cells in both positive and negative slides.

Fig. 6 Quantitative analysis on
nuclear pixels of the annotated
multiple-class cells at the
magnification rate of 40×. This
nuclear-area profile assists well
at the recognition between some
phenotypes, such as HSIL and
inflammatory cells.
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While crucially decreasing the annotation effort from
pathologists, this coarse-to-fine two-stage semantic seg-
mentation also outperformed the direct 12-catalog seg-
mentation by a large margin empirically. The root cause is
the extraordinary similarities in high-level features among
the cell instances. Although a straightforward semantic
segmentation to large-scale datasets of natural images, like
COCO, did achieve outstanding performance, it failed to
achieve high accuracy empirically in this cervical cell
whole-slide image classification task.

Moreover, the inevitable obscuring tissues, such as
blood, folded cytoplasmic borders, or thick areas of over-
lapping epithelial cells did not reduce the sensitivity in the
diagnosis, compared with the diagnoses from cytologists.
However, it might cause some false positives at the cellular
level. Occasionally, when nuclei were presented to be
overlapped or blurred, they were prone to be taken as an
enlarged nucleus caused by dysplasia. In addition, false
classifications on cells that were out of focus could not be
completely excluded due to the signal plane focus system.
To make the final decision like a human expert, we also
included a clinical-grade decision model after the prediction
of the quantitative abnormalities.

The system was designed to flexibly grade the severity of
lesions, just like making diagnostic decisions by different
pathologists. To the best of our knowledge, the novel and
noncostly labeling strategies, the handcraft feature incor-
poration into the deep-learning model, along with the
aggregation methodology, have not been explicitly pro-
posed in the previous deep-learning-based methods for
quantitative diagnosis of cervical cytology. Its successful
location of atypical or suspicious image patches can sig-
nificantly reduce the tedious work of pathologists to find the
comparably modest abnormal cells among numerous nor-
mal cells in a slide. Its performance demonstrates the
potential of wide application in clinical practice.
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