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Abstract

Tumor markers are substances formed by cancer cells or other cells in the body, which aims to indicate
the presence of cancer and provide information related to cancer growth. The expression of Ki67 is usually
associated with tumor cell proliferation and growth. Basically, the pathologists will count the number of
Ki67 expressions to determine the growth fraction of tumor cell proliferation. Conventional manual
techniques have shown their drawbacks in counting Ki67 expression, such as time-consuming, low accuracy
and reliability, poor reproducibility, and highly subjective. Therefore, this paper will focus on the recent
studies in improving the quantification of Ki67 expression for determining the tumor or cancer grading. This
study divides the approaches into three, which are double or multiple staining methods, image processing or
image analysis software, and artificial intelligence.

Keywords: Artificial intelligence, Histopathological Images, Image processing, Ki67 Expression, Tumor
Markers

1. Introduction

Tumor markers are biochemical substances,
commonly referred to as proteins produced by
tumor cells or other body cells in response to cancer

or certain benign conditions [1]. These markers can
be divided into two types, and each type has
different roles in cancer care. First is the circulating
tumor markers. These markers are present in the
blood, urine, stool, or other cancer patients' bodily
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fluids. These markers' function is used to estimate
prognosis, examine the responsiveness to treatment,
observe whether cancer has been immune to therapy,
and identify cancer that remains after treatment or
that has returned after treatment [2]. The second type
is the tumor tissue markers. These markers are
usually found in a biopsy sample, typically
presented in formalin-fixed paraffin-embedded
(FFPE) tissue samples [3]. These tumor markers are
used to diagnose and classify the stage of cancer,
estimate prognosis, and to determine the best
treatment plan for a patient [2].

Ki67 is one example of prognostic tumor
markers that is increasingly gaining attention among
researchers and clinicians nowadays. Ki67 is a
nuclear antigen that responds to a monoclonal
antibody MIB-1. This nuclear protein is generally
associated with tumor cell proliferation and growth.
Previous studies have shown that the potential of
Ki67 as the proliferation marker in diagnosing
various types of tumor and cancer diseases such as
breast, lung, prostate, pancreatic, and central
nervous system. The Ki67 was discovered for the
first time in the early 1980s by Gerdes [4], where it
was found in an attempt to create cancer-specific
monoclonal antibodies. The Ki67 is only present in
the cell cycle's growing and dividing phases (G1, S,
G2, and M) and absent in the resting phase (G0).
The Ki67-antibody did not show any reaction to the
cells known to be in a resting phase, such as
lymphocytes, monocytes, brain cells, renal cells,
and other cells. Due to this fact, it makes the Ki67
appear to be a useful proliferation marker since
cancer cells aggressively grow and divide.

The preparation of sample tissues using the
histological stains enables the pathologists to
measure the percentage of tumor cell proliferation
indicated by positive Ki67. This percentage was
known as the Ki67 Labelling Index (LI). This LI is
represented in percentage form, where this value
refers to the percentage of tumor cell proliferation,
which is indicated by immunopositive Ki67 among
the cell population. The percentage value was
obtained by dividing the total number of positive
Ki67 cells by the total numbers of positive and
negative Ki67 cells and multiplying it by 100.

In order to obtain the number of positive and
negative Ki67 cells, pathologists need to count
every cell in the slide specimen. Generally, there are

several methods available for scoring the Ki67 cells:
‘eye-balling’ estimation, visual counting using a
microscope or any viewer software, and manual
counting based on images captured by a digital
microscope or on printed images. The ‘eye-balling’
estimation is the simple, fast, and straightforward
technique. For this method, the pathologists only
need to scan the whole slide of the tissue specimen
through the microscope's eyepiece lenses and
estimate the number of Ki67 cells. Although this
method is time-saving, the accuracy of the counting
is poor with low reliability and reproducibility. The
next method is visual counting using a microscope
or any viewer software. This method is known as
‘real-time counting’ since counting is done directly
by looking through the microscope. With this
method, the pathologists can identify and
distinguish between the tumor cells and other cell
types. However, when having a large area with
large numbers of cells, this method becomes
impractical and poorly reproducible. Another
method is manual counting based on images
captured by a digital microscope or on printed
images. This method requires the pathologists to
annotate and count each of the cells in the image
manually. This method is presently admitted as the
‘gold standard’ and reliable method since the
reproducibility and accuracy are high [5]. Among the
researchers, this method becomes the ground truth
when they want to measure the performance of the
developed system or algorithm. Still, this method
also has drawback issues. Since the counting
process was done manually, it makes this method
look tedious, tiring, and highly subjective [6].
Besides, this method was also reported as a
laborious and time-consuming method [7]. Therefore,
this paper will review the previous techniques used
to solve the addressed issues, especially in counting
Ki67 expression.

2. Techniques used in Quantifying Ki67
Expression

An accurate method or developed system is
essential for counting Ki67 expression since it will
determine the tumors’ grades and the future
treatment that will be delivered to the patient. Thus,
many experiments and studies have been carried out
to improve Ki67 scoring.
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2.1 Double or Multiple Staining Methods
Staining refers to a set of procedures

performed to prepare a tissue sample using dyes or
histological stains to visualize cell structures and
components under a microscope [8]. In the
histopathological study, this staining process can
assist the pathologists in identifying tissue
abnormalities or any particular indicator in the
actual cells. Furthermore, this process can also help
locate disease or tumor cells in a sample tissue. The
purpose of staining is to highlight the beneficial
features of tissues, besides enhancing the tissue
contrast.

Ki67 immunohistochemical (IHC) staining is a
technique where antibodies are used to identify an
antigen in a sectioned tissue. The sample tissue will
be stained with the Diaminobenzidine (DAB) and
counterstained with Hematoxylin (H). As a result,
the immunopositive Ki67 cells will appear in
granular brown color, while the immunonegative
Ki67 cells appear in blue. However, there are a few
aspects that could affect the accuracy results when
using this staining. Firstly, there are no clear
guidelines or consensus regarding defining the
immunopositive Ki67 cell. The variations of
cellular level in size, shape, and morphological and
textural features may become a crisis, especially for
the automated counting system [9]. Secondly is the
miscounting issue. This issue arises when some
unwanted and related objects have similar color
intensities as the Ki67 expression, such as
lymphocyte and cytoplasmic brown staining [5].

Matsukuma et al. [10] stated that the common
problem in differentiating neuroendocrine tumors in
Ki67 staining was the existing background stromal
lymphocytes, entrapped non-neoplastic glands, and
vascular network that also contained proliferating
cells. Next is the negative Ki67 cells, which appear
in blue. The negative Ki67 cells consist of stromal
and epithelial cells [11]. However, only epithelial
cells were considered for scoring purposes. Besides
that, the conventional IHC technique only allows
labeling a single marker per tissue section [12]. Due
to these issues, double or multiplex immunostaining
has been introduced to improve the accuracy in
counting Ki67 expression. This multiplex staining
has increasingly popular in the medical field since it
provides precise diagnosis and, eventually, higher
treatment success [13]. The multiplex staining refers

to a combination of individual antigen detections
used to examine the expression of multiple markers
on a single tissue section [12]. Many types of
experiments related to the application of multiplex
staining have been carried out to improve the
scoring of Ki67 expression.

Van der Loos et al. [14] had designed a method
to improve the Ki67 proliferation index's
determination in rabbit liver using a multicolor
immunohistochemical approach. This study was
performed to improve Ki67 positive cells'
quantitation by differentiating between the Ki67-
positive hepatocytes and non-parenchymal cells
(leucocytes) in the rabbit liver tissue. In this study,
three different IHC staining types were conducted
to measure the Ki67 positive cells' performance.
These stainings consist of single staining (Ki67),
double-staining with cytokeratin (Ki67 and CK),
and triple-staining (Ki67, CD31, and CK). All of
these stainings were then analyzed using the image
analysis software. The counting results were further
compared with the manual counting results, which
was done by two observers. Based on Spearman's
Correlation coefficient test, the triple-staining
method achieved a high correlation in counting
positive nuclei compared to the double-staining
technique with 0.91 and 0.76, respectively.
Therefore, the results revealed that triple-staining
method had significantly improved the accuracy in
counting the number of proliferative hepatocytes.

Matsukuma et al. [10] developed a method using
the Synaptophysin-Ki67 double immunostaining
technique to improve the interobserver agreement in
grading the gastrointestinal neuroendocrine tumor.
For this study, the authors used Synaptophysin to
differentiate between tumor and non-tumor cells to
provide consistency in interpreting tumor
proliferative index and tumor grade. The proposed
technique was prepared for the simultaneous
detection of two antigens, where DAB is one
chromogen, and Alkaline Phosphate is the second
chromogen. The DAB chromogen was selected for
detecting Ki67, while the second chromogen was
used to visualize Synaptophysin. To measure the
proposed method's performance, the counting
results for these two staining types (Ki67-only
stained slides and Synaptophysin-Ki67 double
immnunostaining) were compared with manual
counting results. Based on the Intraclass Correlation
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Coefficient (ICC) results, the Synaptophysin-Ki67
double immunostaining method had a higher ICC
value than the Ki67 immunostaining with 0.79 and
0.51, respectively. The authors summarized that
double staining's implementation had increased
their confidence in quantifying tumor nuclei in
areas that contained a significant number of
obscuring non-neoplastic cells.

Koopman, Buikema, Hollema, de Bock, and
van der Vegt [15] applied the virtual dual staining
(VDS) technique by superimposed two different
stained images to assess the Ki67 LI in breast
cancer. Two types of antibody markers were used in
this study, which consists of Ki67 and cytokeratin.
In this study, two digital image analysis platforms
were used to perform the image analysis procedures.
At first, the VDS technique was applied to locate
tumor tissue areas by aligning the corresponding
Ki67 and cytokeratin stained sections digitally.
During this process, the algorithms automatically
performed the distortion and rotation modifications
to remove the small difference due to tissue and
section processing. Later, the whole Ki67-stained
section will be annotated using the cytokeratin-
stained, which acts as the reference and tumor
classifier. At this moment, the existing large areas
of carcinoma in situ, pre-existent epithelium, and
artifacts were excluded. Next, both image analysis
platforms will proceed to the counting process, and
the results of the quantification were compared with
the manual counting. Based on the Spearman’s
correlation coefficient results, Platform A obtained
higher inter-observer agreement than Platform B
with 0.94 (p < 0.001) and 0.93 (p < 0.001)
respectively. Hence, it showed that the VDS
technique's application could be an alternative
method to determine the Ki67 proliferation index on
a whole section of invasive breast carcinomas.

Mejías-Badillo et al. [17] introduced a protocol
that can differentiate between tumoral and non-
tumoral cells for accurate grading of pancreatic
neuroendocrine tumors. The purpose of this study
was to develop a protocol that can distinguish
between the tumoral cells and the reactive
infiltrating lymphocytes in biopsies of pancreatic
neuroendocrine tumors. This protocol involved
dual-color immunostaining, which are Ki67 and
Leucocyte Common Antigen (LCA). The
simultaneous immunostaining allowed the tumoral

cells to appear in brown color (Ki67), and the
lymphocytes appeared in both nuclear brown and
red cytoplasmic color (LCA). The dual-color
immunostaining will be compared to the Ki67
single-color immunostaining to test the proposed
protocol's efficiency. Based on the Ki67 labeling
index results, the dual-color immunostaining
achieved higher precision for Grade I than the
single-color immunostaining with an average of 1%
and 3%, respectively. For Grade II results, the
average Ki67 labeling index obtained from the dual-
color immunostaining was 6%, while for single-
color immunostaining was 7%. The higher
percentage values obtained from the single-color
immunostaining indicated some miscategorization
in defining the tumor cells. Thus, it showed that the
proposed protocol had simplified the interpretation
and improved precision counting of Ki67 cells.

2.2 Image Processing Techniques and Image
Analysis Software

Image processing is a technique applied to a
digital image to enhance image quality or extract
valuable information from the image. Nowadays,
image processing applications are wide-ranging in
all fields, such as industrial robotics, astronomy,
medical, pattern recognition, video processing,
security, traffic control, and object detection.
Recently, image processing also had provided
enormous contributions to clinical pathology. The
development of an automated image analysis
system reduces the pathologists' time in diagnosing
the tissue specimens and increases the
reproducibility of the measurements [18].

Alomari, Abdullah, Zin, and Omar [19] had
designed an iterative randomized circular detection
algorithm to determine the proliferation rate
estimation (PRE) in brain tumor using Ki67
histopathological images. The main objective was
to develop an algorithm that can detect and quantify
the Ki67 expression with irregular circular shapes.
The proposed algorithm is composed of six steps:
color space transformation, customized color
modification, nuclei segmentation, pre-processing
the extracted cells, counting the positive and
negative normal cells, and calculate the PRE value.
First, the input image's color space was converted
from RGB to L*a*b* color space. Second, the
pixels with dark brown color intensity will be
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modified into a light brown color for segmentation
purposes. Third, using the K-means clustering
technique to classify the image into three clusters
(brown nuclei, blue nuclei, and background). Next,
the algorithm applied the Canny operator to detect
the edge of the cell nuclei. Later, the algorithm used
Otsu’ s thresholding to obtain the binary image.
The erosion operation was then used to reduce the
overlapped cells. The counting process was done
using the circularity features, which used the
iterative structured nuclei detection (IRIC)
algorithm. Based on the cells detection results, the
proposed algorithm achieved high accuracy in
detecting the positive and negative Ki67 expression,
with an average of 98.0% and 98.3%, respectively.
The counting results obtained by the proposed
algorithm were also high, with a precision of 97.8%
for negative Ki67 cells and 98.7% for positive Ki67
cells.

Razavi et al. [20] proposed an automated and
integrated framework for scoring Ki67 expression
in breast cancer tissue images. The proposed
framework was constructed based on eight steps.
These include image acquisition, tile-based
smoothing and enhancement, color decomposition,
post-processing, morphological and shape
operations, counting positive and negative Ki67
expression, merging tiles, and presenting the visual
and analytical pathological results. At first, the
whole-slide image (WSI) Ki67 staining image will
be divided into several tiles, where each tile had a
size of 256×256 pixels. The tiled images' quality
was enhanced using the edge preserved smoothing,
median filter, noise reduction, and bilateral filter.
Next was the identification of positive and negative
Ki67 expression. Several techniques were used to
identify the negative Ki67 cells: extracting
hematoxylin channel, application of median and
bilateral filters, segmentation using adaptive Huang
thresholding method, the watershed technique for
removing the connected cells, extracting the
morphological and shape features, and
implementation of K-means cluster. For detecting
positive Ki67 cells, the process was similar as
detecting the negative cells. After finishing all the
processes, all tiled images’ will be merged to get the
output result. Based on 30 datasets, the proposed
method achieved 91% classification accuracy, 0.93
for precision, 0.89 for recall, and 0.91 for F-score.

The authors concluded that the proposed method
provides a better scoring performance and faster in
delivering the results due to automatically process
of discriminating between cancerous and non-
cancerous cells.

Sugita et al. [21] investigated the role and
effectiveness of the image analysis software in
quantifying Ki67 cells and calculating the
recurrence-free survival (RFS) in gastrointestinal
stromal tumor (GIST) patients. In this study, the
authors used two different types of images with two
different image analysis software. The sample
images consist of WSI and manually-captured
images. For the first Ki67 quantitation using WSI,
the image was scanned using the slide scanner to
obtain the WSI of Ki67. Then, the authors used the
image analysis software (Tissue Studio) to perform
automatic quantitation. For the second method, the
“hot-spot” images were captured using a
microscope attached with a digital camera. Later,
the authors used the Patholoscope software to count
the Ki67 cells. The counting results for both
methods were compared with the National Institutes
of Health (NIH) risk classification results.
According to the Ki67 quantification results, the
manually-captured images method produced more
accurate results compared to WSI. This result also
showed that the manually-captured images method
could differentiate between low, intermediate, and
high-risk GIST patients.

Saadeh, Abdullah, Erashdi, Sughayer, and Al-
Kadi [22] had designed a semi-automated framework
for calculating the Ki67 index in gastropancreatic
neuroendocrine tumors. The process began using
the Gaussian low-pass filtering to the input image
for smoothing the inhomogeneity of the nuclear
staining. The next step was selecting the red
channel, which had maximum nuclei intensity
homogeneity, to separate the objects from the
background. Then, the authors used the histogram
equalization technique to enhance the contrast of
the image. Following this step was applying Otsu’
s thresholding technique to differentiate between the
desired objects and the image’s background.
Several image post-processing techniques, such as
image inversion, dilation, and fill image regions,
were then applied to the segmented image.
Afterwards, the authors employed the watershed
algorithm to solve nuclei’s overlapping, touching
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cells, and occlusion issues. For feature selection, the
authors chose the circularity and shape features to
separate the Ki67 cells from unwanted objects.
Based on the correlation test results, a strong
agreement was obtained between the proposed
framework and the manual counting method in
calculating the Ki67 index with an Intraclass
Correlation Coefficient (ICC) of 0.993 and Lin’s
Concordance Correlation Coefficient (CCC) of
0.986.

Geread et al. [11] developed an automatic and
unsupervised color separation method for
improving the Ki67 index calculation in breast
cancer histopathological images. The workflow
involved four phases: pre-processing, color
separation, nuclei detection, and proliferation index
calculation. In the pre-processing phase, the noises
of the image were removed using the Vector
Median Filter. After applying the de-noising
technique, the proposed method performed the
background subtraction to obtain the tissue and cell
regions. The next phase was the color separation.
Before moving to the next phase, the input image's
color space was converted from RGB to L*a*b*
color space. For this study, the authors create two
different thresholds from the b* channel to separate
the image's brown and blue color. The first
threshold was to obtain the hematoxylin staining
pixels, while the second threshold was to find the
DAB pixels. Moving to the next phase was the
nuclei detection phase. A voting image was applied
to determine the center of a cell with the supplied
cell radius. The cells’ radius was determined based
on the adaptive cell radius estimator, which the
authors implemented to automatically obtain the
radius parameter values. A scatter plot was
constructed to find the agreement between the
manual and automated approaches in measuring the
Ki67 index. The correlation results revealed a
strong relationship between the proposed method
with the manual counting method, where the
Spearman’s correlation coefficient was obtained at
0.944 with an R2 = 0.8667. Based on 80 image
datasets, the proposed method could classify 74
images correctly, resulting in 92.5% accuracy.

2.3 Artificial Intelligence (AI)
Digital pathology refers to a collection of

digital workflow and imaging solutions that aims to

create a digital image-based practice environment
for diagnostic, prognostic, and specific content
purposes [23]. As the demand for digital pathology is
gradually increasing in the market, the technology
used in this sector is becoming more advanced.
Hence, AI is increasingly and continuously being
used to support digital pathology, allowing
scientists in developing new capabilities for the
technology [24].

Briefly, AI is the capability of a machine or
system to imitate intelligent human behavior to
solve complex problems in a 'human way' [25]. In
digital pathology, AI's application enables
processing and analyzing vast datasets and
performing more comprehensive and accurate
analyses [24]. Generally, the pathologists will
examine the histopathologic features of tumor cells
before deciding the disease’s grading. The
diagnostic method can take a long time since it
depends on the staining preparation and the quality
of the images captured from the digital microscope.
Besides, the results' accuracy may be less due to
issues of subjectivity and inter-observer variability
[26]. Considering the problems mentioned above,
many researchers and scientists proposed their
techniques based on AI applications to improve the
accuracy in determining a tumor disease’s grading.

Swiderska, Markiewicz, Grala, and Kozłowski
[27] had presented a technique based on
mathematical morphology and texture analysis to
determine the tumor proliferation index in
meningiomas and oligodendrogliomas. This study
focused on developing an algorithm to detect the
immunopositive Ki67 cells in the tumor area as well
as identify and remove the hemorrhage areas from
the tissue specimen. The proposed technique
consists of three stages: defining a map of the
sample, eliminating the hemorrhage areas, and
localizing "hot-spot" areas. At first, thresholding
and morphological filtering were used to obtain the
specimen map. Then, using the Support Vector
Machine (SVM) classification and texture analysis,
the proposed technique will classify between the
tumor and hemorrhage areas. Two different
approaches have been proposed to recognize the
tumor areas: based on color representation
(Algorithm 1) and mathematical morphology
operations (Algorithm 2). Next, the proposed
technique will locate the "hot-spot" areas by finding
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the local maxima with the highest immunopositive
cell nuclei density. According to the Wilcoxon
matched-pairs test, a significant difference was
found when compared between Algorithm 2 with
experts results with the correlation value of (Z =
2.44, p = 0.014). However, the authors concluded
that Algorithm 2 had an advantage compared to
Algorithm 1 in detecting the "hot-spot" areas in the
presence of staining artifacts.

Wang et al. [26] demonstrated an automated
grading platform with quantitative results
interpretation based on machine learning models for
multiparametric glioma. The automated system
comprises five major components: automated
region-of-interest (ROI) detection, feature
extraction, essential feature selections, automated
grading, and result interpretation. The first step is to
partition the WSI of the input image into several
tiles, where each tile will have a resolution size of
5120×5120 pixels. The second step was to apply
the watershed nuclei segmentation algorithm in
each tile. Five tiles with the highest densities of
nuclei proliferation were selected based on the
energy index map. The next step was to select the
most representative and informative features by
using the Random Forest classifier. The extracted
features consist of 11 visual features, 15 sub-visual
features, and one immunohistochemical feature.
Then, the SVM classifier was used to grade the
samples automatically. For further understanding,
the authors use the Local Interpretable Model-
Agnostic Explanations (LIME) algorithm to identify
the selected features' contributions in each grading
result. As a result, the proposed system achieved a
good result with a validation performance of 0.88
± 0.14. The accuracy in grading the glioma cases
was also high, with more than 90%. The result also
showed the visual features were the main
contribution features in classifying the glioma cases
with the highest accuracy of 0.76.

Feng et al. [28] had applied the deep learning
algorithm for scoring Ki67 expression in breast
invasive ductal carcinoma (IDC). The workflow of
the study is consists of three important stages. The
first stage is the identification of the IDC area. The
pathologists will label the IDC areas first on the
WSI specimens. Then, an image processing
algorithm was used to segment and extract all the
labelled areas into several patches with a size of 128

× 128 pixels. Next, these patches will be fed up
with the training algorithm for extracting features
and classification purposes. Afterward, the
proposed system will identify the IDC areas based
on the testing dataset using the GoogleNet
Incubation V1. The second stage is applying image
registration to H&E and IHC stained section to
locate the immunopositive and immunonegative
Ki67 cells. After obtaining the position of those
cells, the authors will extract features related to
immunopositive and immunonegative Ki67 cells by
using the toolbox from ImageJ software. These
features later will be trained by using a random
forest classifier for the classification task. The
classification results will be used for counting
purposes and followed by comparing with the
calculated results performed by the pathologists. As
a result, the proposed system had an accuracy rate
of 99.4% for scoring Ki67 and 89.44% for
identifying breast IDC regions.

Liu et al. [29] introduced a method that can
predict the Ki67 positive cells in H&E stained slides
of the neuroendocrine tumor using the deep-
learning model. The proposed system will start by
identifying and selecting the ROI of positive and
negative tumor regions in H&E stained slides by
using the IHC stained slides as the reference image.
After obtaining the ROI, the authors will annotate
the positive cells, negative cells, and the
background using a point label. Following this step
was the extraction of these annotated images for
training the model. Each of these images will have a
size of 64 × 64 pixels. Afterwards was the
classification process, where the authors used a
modified ResNet18 as the classifier and separated it
into three classes that consist of positive Ki67,
negative Ki67, and background. The modification
part has been made by first removing the last
average pooling layer, and the second was changing
the number of output nodes. The authors also
applied a transformation method at the training
network by converting all the fully connected layers
into convolutional layers. The purpose of this
transformation was to enable the network to
perform the classification maps, even though the
size of the ROI image was different. According to
the classification results, the proposed model
obtained high accuracies on the training set and
validation set with values of 0.9780 and 0.9371,
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respectively. Table 1 summarizes the comparison of
three approaches techniques in improving the Ki67

cells’ counting and calculation of the Ki67
proliferation index.

Table 1: A summary table of different approaches techniques in improving the Ki67 cells' counting
Authors and

Year
Sample Specimens Approached

Techniques
Remarks

Loos et al.
(2013)

Rabbit Liver
Resection

1.Single staining with
Ki67.

2.Double-staining
with CK and Ki67.

3.Triple-staining with
CK, CD31, and
Ki67.

4.Multispectral un-
mixing analysis.

1. The integration of IHC triple-staining with the tissue
segmentation software significantly improved the
accurate estimation of the actual number of
proliferating hepatocytes.

2. The classification is based on multiple staining and
texture analysis.

3. Image pre-processing does not mention in the study.

Swiderska et
al. (2015)

Meningiomas and
Oligodendrogliomas

1. Texture Analysis
and Mathematical
Morphology
Operations.

2. SVM
Classification.

3. Mathematical
morphology
operation.

4. Color
Representation.

1. The proposed method can identify and eliminate the
hemorrhage areas and staining artifacts from the
tumor specimen map.

2. It is required to identify the features first before the
classification process.

3. Classification based on texture analysis.

Alomari et al.
(2016)

Brain Tumor 1. Color Space
Transformation

2. Nuclei
Segmentation

3. Edge Detection
4. Counting based on

circularity features

1. The proposed method can detect irregular circle
shapes and overlapping cells.

2. Image pre-processing is based on the color
modification.

3. This study focuses on analyzing circle shapes and
overlapping cells, which will be useful during the
counting process. However, there are no
explanations mentioned in differentiating between
tumor cells and other cell types.

Matsukuma
et al.
(2017)

Gastrointestinal
Neuroendocrine

Tumor

1. Double-Staining
(Synapthophysin
and Ki67)

1. The proposed system can distinguish between
gastrointestinal tumors from non-tumor cells.

2. Classification based on multiple staining.
Razavi et al.

(2018)
Breast Cancer 1. Image

enhancement
2. Image

Segmentation
3. Patch-based image

processing and
tiling

4. Morphological
operations

1. The proposed method can exclude stromal and
epithelial tissues based on morphological and shape
features.

2. Image pre-processing focusing on noise reduction,
edge-preserved smoothing.

Koopman et
al.

(2018)

Breast Cancer 1. Virtual Dual
Staining (CK and
Ki67)

1. Able to exclude large areas of carcinoma in situ, pre-
existent epithelium, and tissue or staining artifacts.

2. The VDS technique requires calibration, especially
in aligning between the two different stained slides.

3. Image pre-processing is not mentioned in this study.
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Sugita et al.
(2018)

Gastrointestinal
Stromal Tumor

1. Image Analysis 1. This study uses two different image analysis
software with two different quantification methods
(based on WSI and manually captured images).

2. The selection of ‘hot-spot’ areas was made
manually.

3. Some parameters need to be set in advance for
handling the different staining methods.

Saadeh et al.
(2019)

Gastrointestinal
Neuroendocrine

Tumor

1. Image pre-
processing

2. Image
Segmentation

3. Image post-
processing

4. Feature extraction

1. The proposed method shows promising results in
quantifying the Ki67 expression with the semi-
automated cell counting software.

2. Classification between the Ki67 expression and other
unwanted cells is based on the shape and size
features.

3. The selection of ‘hot-spot’ areas was made
manually.

Wang et al.
(2019)

Glioma Tumor 1. Watershed
Algorithm.

2. Feature Extraction
and Selection.

3. Classification
based on a
machine learning
model

1. Since this study uses the conventional machine
learning methods for classification, selecting the
important features is necessary to feed up in the
classification algorithm.

2. Grade I gliomas are not included in this study.

Geread et al.
(2019)

Breast Cancer 1. Color Separation
2. Nuclei Detection

1. This study introduces two novel techniques, which
are focusing on color separation and nuclei
segmentation.

2. Classification between Ki67 expression and other
types of cells are not specified in this study.

Feng et al.
(2020)

Breast Cancer 1. GoogLeNet
Inception V1

2. Random Forest
classifier

3. Image registration

1. The proposed method able to identify the IDC areas
by using the deep learning technique.

2. The details about image processing techniques used
are not mentioned in this study.

Liu et al.
(2020)

Neuroendocrine
Tumor

1. ROI selection and
background
samples
extraction.

2. Deep Learning
Classification
(modified
ResNet18)

1. This study can predict Ki67 positive cells from H&E
stained images by using a deep convolutional
network model.

2. The selection of ‘hot-spot’ areas are not included in
this study.

3. Image pre-processing is not mentioned in this study.

Badillo et al.
(2020)

Pancreatic
Neuroendocrine

Tumor

1. Dual-color
immunostaining
protocol (a
combination of
Ki67 and
leukocyte common
antigen).

1. The dual-color staining increased the precision of
quantifying Ki67 LI due to the ability to exclude
LCA immunoreactive lymphocytes.

2. The authors used two types of counting methods:
manual and automated counting. However, the
detailed process of the automated counting was not
discussed in this study.
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3. Conclusion

An accurate system in counting and scoring the
Ki67 expression is vital since it will determine the
future results and outcome treatment for treating the
patient. This paper discusses three different
methods used to improve the system's performance
in quantifying the Ki67 expression. The first
method is double or multiple staining methods. In
terms of accuracy, this method had shown
significant and promising results in counting the
tumor cells. The combination of multicolor and
different immunostainings is beneficial to the
pathologists since it can differentiate between two
(or more) different antigens in the same sample of
the tissue specimen. Besides, this method can also
solve the inter-observer variability between the
pathologists in counting and grading a tumor case.
However, this method is more time-consuming and
costly in terms of slide preparation than the
conventional staining method.

The second method is about using image
processing techniques and image analysis software.
Various methods include semi-automated and
automated systems based on image processing
techniques, were discussed in this paper. Overall,
this method can reduce the pathologists' workload,
especially in counting each of the Ki67 cells in the
digital image. The automated counting system
development can save the pathologists’ time and
energy in scoring the cells. According to selected
studies in this paper, most researchers who apply
the image pre-processing technique focus only on
eliminating the existing noises for better
segmentation purposes. However, the slide
preparation output also plays an important role,
especially for the automated system. Geread et al.
[11] stated the variability in slide preparation and
staining protocols can create stain inconsistency,
overstaining, other image artifacts. Thus, it is
required to have another algorithm that will
standardize the staining intensity for every input
image in the system.

The third approach is the use of artificial
intelligence. The use of AI in the field of
histopathology is gaining attention nowadays.
Based on the selected studies that are reviewed in
this paper, it showed that the application of artificial
intelligence had improved the accuracy of the

counting performance. Moreover, this method also
allows researchers to solve specific tasks,
specifically in areas where humans have limited
abilities (such as differentiating between the
lymphocytes and positive Ki67 cells, distinguishing
between stromal cells and negative Ki67 cells, and
identifying the hemorrhages areas). Additionally,
this method also showed promising results in
classifying the grading of a tumor. Nevertheless,
most of the studies still used conventional or
supervised machine learning techniques to classify
each cell in the specimen. The disadvantage of this
technique is it requires pre-defined and selection
features so that the algorithm can learn from the
input features [30]. The shortcoming of these pre-
defined features is the need of finding the most
informative features in the classification task.
Usually, these informative features are difficult to
know, especially when there are numerous data are
available [30]. Compared with unsupervised learning
like the deep learning technique, the model will
work independently to find and discover useful
information that can be used for categorization. For
this reason, this method is advantageous and
preferred compared to the supervised machine
learning techniques. It is expected that the
combination of image processing methods and deep
learning techniques would be effective in the future,
notably in boosting pathologists' decision-making
for better patient care and management.
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