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This paper focuses primarily on exploring the application of deep learning techniques and image processing
algorithms in immunohistochemistry analysis, specifically targeting automated quantitative methods for nu-
clear, membrane, and cytoplasmic expressions of animal cells in whole-slide images. Cell nuclei, membranes,
and cytoplasm were precisely identified and quantified by employing optical density separation techniques to
differentiate between hematoxylin and 3,3-diaminobenzidine staining components in combination with the
CellViT nuclear segmentation algorithm and the region growing algorithm. Experimental validation demon-

strates that the proposed algorithm performs excellently in terms of accuracy and recall. Compared to traditional
manual interpretation, this algorithm achieve greater accuracy in specific quantitative metrics.

1. Introduction

The precise identification and quantification of tumor markers are
critical tasks in modern medical research, with an immeasurable value
in tumor diagnosis, the selection of precision treatment plans, and
prognosis assessment. Immunohistochemistry (IHC), a detection
technique based on highly specific antigen-antibody reactions, has be-
come an indispensable tool in the field of tumor marker identification
due to its ability to accurately reveal the distribution and expression
levels of proteins in cells and tissues.” IHC plays a crucial role in various
important aspects, such as clinical pathological diagnosis, tumor clas-
sification, and making prognoses, providing valuable diagnostic in-
formation and treatment guidance for doctors.

However, traditional IHC analysis methods have significant limita-
tions. This technique relies heavily on pathologists’ visual observation
and manual evaluation, which are not only time-consuming and labor-
intensive but also highly susceptible to subjective factors.” It is even
impossible to perform a fully quantitative analysis of markers with
varying intensities across all cells in a whole slide. Different patholo-
gists—or even the same pathologist at different times—may achieve
differing assessment results when evaluating the same tissue section,
which undoubtedly reduces the accuracy and consistency of analysis
results. Such subjectivity and inconsistency not only affect the accuracy
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of diagnosis but may also misinform the formulation of treatment plans,
further impacting the patient’s treatment outcome and prognosis.”*

Breakthroughs in the field of medical image processing in recent
years due to the development of deep learning (DL) technologies make
it possible to address this concern. DL algorithms, especially advanced
image recognition and processing techniques such as convolutional
neural networks (CNNs), have demonstrated exceptional capabilities in
image segmentation and recognition.® By training on a large amount of
histopathological image data, DL models can automatically and accu-
rately identify and segment tumor tissues from normal tissues,”® fur-
ther precisely recognizing the expression of specific tumor markers.’
The application of DL has greatly improved the accuracy and efficiency
of THC analysis and provided a more objective and reliable means for
identifying tumor markers."’

DL algorithms also exhibit significant advantages in terms of
quantitative analysis. Traditional IHC methods rely on manual assess-
ment of staining intensity and distribution, which is both time-con-
suming and highly subjective, making it difficult to ensure consistent
results.'' However, DL algorithms can achieve precise quantification of
tumor marker expression through intelligent analysis of staining fea-
tures in images.'? This intelligent analysis method improves analytical
objectivity, reduces the influence of human factors, and provides more
accurate and reliable data support for tumor grading, staging, and
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prognosis assessment.'”'® This holds immense significance in for-
mulating personalized treatment plans, enhancing treatment efficacy,
and improving patient prognoses.

Therefore, DL algorithms offer broad aspects for application in tumor
marker identification and quantification. They overcome the limitations of
traditional IHC analysis, increasing accuracy and efficiency, and provide a
more scientific and objective basis for the clinical diagnosis and treatment of
tumors.'® With continuous technological advancements and an expanding
scope of application, DL is expected to play an increasingly important role in
the field of oncology, bringing more precise and effective treatment plans
and better prognoses to tumor patients.'” The present study developed an
IHC assistant software based on existing DL algorithms that automatically
quantifies the expression intensity of multiple antibodies through interac-
tion with users. Its effectiveness and reliability were verified through
experiments.

In summary, IHC clinical interpretation is a dynamic and evolving
field that continues to play a pivotal role in the diagnosis and man-
agement of various diseases, and advances in technology and the
standardization of protocols are expected to further improve the accu-
racy and reliability of IHC results. However, challenges remain in terms
of standardization, antibody quality, and interpretation variability,
which require ongoing research and collaboration among pathologists
and other healthcare professionals.

2. Related work

DL has facilitated the interpretation of immunohistochemical
staining and led to more precise assessment of tumor markers, an
achievement that significantly supports clinical research on post-treat-
ment outcomes for patients with tumors. In 2019, Qaiser et al. used an
attention-based model to assess the expression of human epidermal
growth factor receptor 2 (HER2) in invasive breast cancer. Based on
deep reinforcement learning, their novel model treats HER2 IHC
scoring as a sequential learning task. The algorithm performed better
than other DL CNN algorithms on public datasets for HER2 and
Glyoxalase I."®

The complexity of whole-slide images (WSIs) indeed poses sig-
nificant challenges to computer-aided diagnosis. The images contain
billions of pixels and are often accompanied by various artifacts, such as
bubbles, pen annotations, folded tissue, and blurred areas, which can
interfere with the accuracy of algorithms, thereby affecting diagnostic
outcomes. In 2023, Gallagher-Syed et al. used a U-Net to implement an
automatic segmentation method for IHC-stained synovial tissue in
rheumatoid arthritis. This method is trained on a carefully curated,
heterogeneous, multicenter real-world clinical dataset called R4RA,
which encompasses multiple types of IHC staining. The model achieved
a Dice score of 0.865 and successfully segmented different types of IHC
staining while also addressing variations in color, intensity, and
common WSI artifacts from different clinical centers.'® In 2024, Jabar
et al. introduced a fully automated supervised DL pipeline for WSI
quality assessment. This pipeline employs a fusion model that combines
CNN and vision transformers (ViT) to detect and exclude WSI regions
with artifacts, ensuring that only qualified WSI regions are used to build
DL-based computational pathology applications. The pixel-based seg-
mentation model classifies WSI regions as qualified or unqualified
based on the presence of artifacts. The model was trained on a large and
diverse dataset and validated using internal and external data from
various human organs, scanners, and hematoxylin and eosin (H&E)
staining protocols. Both quantitative and qualitative evaluations de-
monstrated the superiority of the proposed model.”” Ganz et al. em-
ployed DL to quantify the expression of IHC marker PHH3, which in
turn was used to quantify mitotic figures in H&E samples from the same
patient, serving as a measure of tumor cell proliferation. This method
addressed the issue of low inter-rater agreement in identifying mitotic
figures on H&E slides and simultaneously mitigated the problem of
noise-contaminated annotations, which can affect DL algorithms
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trained directly on H&E images.”’ Fanous et al. developed a rapid
scanning optical microscope named BlurryScope, which utilizes con-
tinuous image acquisition and advanced DL to offer a compact cost-
effective solution for automated inspection and analysis of tissue sec-
tions. BlurryScope streamlines the entire process, from scanning images
to stitching and cropping areas of interest, and even includes automated
HER2 score classification. This innovative microscope enhances effi-
ciency and practicality in the automated detection and analysis of tissue
samples.””

The field of IHC-stained cell quantification maintains extremely
high precision requirements for cell detection and segmentation. Issues
such as focusing, cell overlap, and density can lead to unclear cell
contours, causing an algorithm to produce incorrect results. In 2020,
Weigert et al. developed StarDist, an algorithm for 3D object detection
and segmentation in microscopy using star-convex polyhedra.” Accu-
rate detection and segmentation of cell nuclei in 3D fluorescence mi-
croscopy is crucial in biomedical research, but existing automated
methods often struggle with low signal-to-noise ratios and dense nuclei
packing. Walter et al. introduced an instance segmentation method
specifically designed for overlapping objects utilizing star-convex
polygons, serving as an extension to StarDist. The key novelty of their
approach lies in identifying pixels where objects overlap and leveraging
that information to enhance proposal sampling and circumvent the
suppression of proposals for genuinely overlapping objects.”” In 2024,
Tommasino et al. proposed NulLite, a faster, more lightweight algorithm
for nuclear instance segmentation that employs a U-Net-like archi-
tecture specifically designed on top of Fast-ViT, a state-of-the-art
lightweight CNN.**

Inspired by those approaches to applying DL, we extended the
CellViT for cell segmentation and classification. CellViT employs a pre-
trained ViT encoder that excels in various computer vision tasks and
enhances segmentation performance. Its U-Net architecture, featuring
an encoder-decoder network structure, efficiently and accurately seg-
ments cell instances and effectively extracts both high-level and low-
level features, improving segmentation accuracy. Our challenges in-
cluded finding efficient polyhedra representations, adapting to aniso-
tropic voxel sizes, and computing intersections. We focused on accu-
rately detecting and segmenting cell nuclei. CellViT achieves
outstanding performance on the PanNuke dataset,*” with an F1 score of
0.83. The PanNuke dataset is a challenging benchmark for cell instance
segmentation and includes cell nuclei from various tissue types, cov-
ering 19 different anatomical structures, including tissues such as the
kidney, liver, breast, colon, esophagus, lung, and many others. The
dataset contains a total of 205,343 labeled nuclei, with each nucleus
belonging to one of the following five categories: (1) tumor cells, (2)
inflammatory cells, (3) connective tissue cells (fibroblasts and other
connective tissue-related cells), (4) dead cells (necrosis or apoptosis),
and (5) epithelial cells. In 2024, Koyuncu et al. used CellViT to perform
DL and image analysis on lung sections stained with CD20 IHC,
achieving precise detection of CD20+ cells.”® Experimental results
demonstrate that this model matches the original CellViT *” (another
state-of-the-art method) in terms of panoptic quality and detection,
while being smaller in terms of giga floating-point operations per
second and other parameters.

The application of DL algorithms in pathological research—and
even the use of trained algorithms to achieve cell quantification and
more complicated tasks—has become increasingly sophisticated.
However, CellViT was trained on H&E-stained datasets, whereas IHC
utilizes hematoxylin-diaminobenzidine (H-DAB) staining, so applying
CellViT directly to IHC images will significantly reduce its accuracy.
IHC tasks require interpreting different types of cell expression based on
H-DAB staining and then quantifying the results to obtain the slide
outcomes. Additionally, different antibodies exhibit specificity in their
expression sites within cells, and the intensity of some antibodies needs
to be re-quantified, which can be subjective. Therefore, interpreting
IHC using traditional computer-aided diagnosis methods poses distinct
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difficulties. In our work, we converted the images from red, green, and
blue (RGB) color to hue, saturation, and value, which better aligns with
the understanding of color. We then employed color deconvolution
techniques to separate the images into sub-images of those stained with
hematoxylin and those stained with DAB. The hematoxylin-stained sub-
image visually resembles H&E images, preventing a decrease in the
accuracy of CellViT. The DAB-stained sub-image contains information
on the intensity of antibody expression. By quantifying this sub-image
and combining it with the cell location information from the hema-
toxylin sub-image, we achieved quantification of antibody expression in
cells. Users can interactively adjust the thresholds of the quantification
results to distinguish cells with different expression intensities and
obtain the final slide interpretation outcomes.

3. Material and methods

This section mainly introduces our pipeline for processing IHC WSIs.
Figure 1 outlines the digital image processing approach, including color
deconvolution, nuclear segmentation, membrane and cytoplasm seg-
mentation, and quantification of expression intensity.

3.1. Color deconvolution

In [HC staining, commonly used stains include hematoxylin and
DAB. Hematoxylin, appearing blue, is typically used to stain cell nuclei
whereas DAB is used to label the target antigen, appearing brownish-
yellow.?® The combined use of these two stains allows for clear ob-
servation of the cell structure and the distribution of the target antigen
under a microscope. The color deconvolution algorithm proposed by
Ruifrok et al. indeed has significant application value in stain separa-
tion and quantification for IHC-stained RGB digital images.> The
principle of this algorithm is as follows: In the RGB color model, the
camera captures the intensity of red light, green light, and blue light for
each pixel. According to Lambert-Beer’s law, each pure color dye has
specific absorption factors for light in the three RGB channels. The re-
lative light intensity in each channel has a nonlinear relationship with
the dye concentration, so directly using the light intensity values makes
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it difficult to accurately determine the contribution of each dye to the
light intensity.”® The orthogonal normalization of optical density
(which describes the degree to which light is absorbed as it passes
through a material) can overcome the problem of the nonlinear re-
lationship between light intensity and dye concentration.’ Orthogonal
normalization of optical density can address the issue of the nonlinear
relationship between light intensity and dye concentration, thereby
enabling the separation and measurement of the concentration of each
dye.*” After color deconvolution processing, the IHC image can be se-
parated into two sub-images stained with hematoxylin and DAB, re-
spectively.

3.2. Nuclear segmentation

Because hematoxylin primarily stains the cell nuclei, the hematox-
ylin-stained channel image obtained through color normalization is
processed to avoid the influence of DAB staining on nuclear segmen-
tation results. CellViT is used for nuclear segmentation. Due to the
immense size of WSIs and computer’s limited graphics memory, the
WSIs must be cropped into multiple tiles, as DL algorithms cannot
segment cell nuclei across the entire WSI in one pass. Additionally, the
input images’ resolution, which describes the physical size that each
pixel in the WSI image represents in the real world, can influence the
results of CellViT. Our pathology slide scanner, the Sqray SQS-120P
(Sqray, China), had a scanning resolution of 0.105 um/pixel at 40 x
magnification, meaning that each pixel in the digital image scanned by
the 40 X objective lens represents a 0.105 X 0.105 um? area on the
actual specimen. In our pipeline, WSIs scanned by the SQS-120P
scanner at 40 X objective magnification were cropped into image tiles
of 2,048 x 2,048 pixels. Each tile corresponded to a physical area of
215.04 X 215.04 ym? and was subsequently upsampled to 512 x 512
pixels. This tile is separated into two sub-images stained with hema-
toxylin and DAB after color deconvolution. The sub-image stained with
hematoxylin is used as the input for CellViT, which then outputs the
contours of the cell nuclei in the image. Each contour represents an
independent instance of a cell nucleus, containing the coordinate in-
formation of the outer boundary of that nucleus within the image.

Quantification
e

R i B
Nuclear expression
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Custom threshold for
distinguishing expression
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Figure 1. Overview of the IHC WSI analysis scheme.
Abbreviations: 1. IHC: immunohistochemistry 2. DAB: diaminobenzidine.
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CellViT relies on open-source codes, and we used the publicly available
pre-trained weights CellViT-SAM-H. Detailed information and source
codes can be obtained through GitHub (codes available at: https://
github.com/TIO-IKIM/CellViT).

3.3. Membrane and cytoplasm segmentation

The H-DAB staining fails to clearly delineate the contours of the
cytoplasm and cell membrane, primarily due to the following reasons:
(1) Chromatin within the nucleus is primarily composed of DNA, which
adopts a double-helix structure with outward-facing phosphate groups
that confer a negative charge and acidic properties, facilitating binding
to positively charged hematoxylin and thus staining the nucleus; (2)
The cytoplasm exhibits alkalinity and has a strong affinity for acidic
dyes, hindering binding to hematoxylin and resulting in unstained cy-
toplasm. Thus, it is difficult to visually discern the complete structure of
membranes and cytoplasm in non-expressing and weakly positive cells,
making it challenging for algorithms to accurately locate these regions.

The cell cytoplasm segmentation is performed using a seeded region
growing algorithm,®® with the cell nuclei serving as the initialized
seeds, which are independent of another. Iteratively applying mor-
phological dilation to the seed pixels multiple times depicts the cell
membrane and cytoplasm. By extending the regions around the nuclei,
the corresponding cell membranes and cytoplasm can be delineated,
ensuring that they do not deviate excessively from the nuclei. The re-
fined pseudocode for the region growing algorithm is as follows:

Algorithm 1. Region growing

Intelligent Oncology 1 (2025) 256-264

3.4. Quantification of expression intensity

Protein expression can be quantified by combining segmentation
results with the DAB channel separated through deconvolution
staining.”" The process of slide preparation and scanner imaging means
that even areas on the slide that are not stained with DAB on the slide
will not show a value of 0 in the DAB staining channel.®® Thus, one
must calculate the median grayscale value of the DAB staining channel
for the entire slide image, record that median value, and set the
grayscale values of all patches in the DAB staining channel that are
below that value to 0 to remove noise. Two main types of segmentation
patterns emerge depending on the location of antibody expression:
nuclear expression results in a patchy pattern, whereas membrane and
cytoplasmic expression results in a ring-like pattern. Each independent
connected domain in the segmentation results represents a separate
cell, and the expression intensity is calculated individually for each cell.
The independent cell segmentation results are combined with the DAB
staining channel using a bitwise AND operation to obtain the expression
status at the corresponding location of the cell. The formula for calcu-
lating the expression intensity of nuclear expression E, is as follows:

E _ mean (Dcell)
cell —
max (Dwsi) (1)
For membrane and cytoplasmic expression E,, the formula is:
E _ maX(Dcell)
cell = ——— —~
max (Dys;) (2

: Output: Segmented image
. for each seed point do:

AW N =

(e.g., an incrementing integer starting from 0)
while the queue is not empty do

R A

criterion function
10:
then
11:
12:
13:
14:
15:
16:

end if
end if
end for

add the neighboring pixel to the queue/stack
mark the position of the neighboring pixel in the label matrix with the current region’s label

: Input: Image (pixel matrix), seed point set, similarity criterion function, growth stopping condition function

add the seed point to the queue/stack and mark its position in the label matrix with the current region’s label

dequeue a pixel from the queue/stack (referred to as the current pixel)
for each neighboring pixel of the current pixel (based on 4-connectivity or 8-connectivity) do:
if the neighboring pixel is unmarked in the label matrix (i.e., it is —1) then
calculate the similarity between the current pixel and the neighboring pixel using the similarity

if the similarity satisfies the growth criterion (i.e., the similarity criterion function returns true)

if the neighboring pixel is already marked but with a different label than the current pixel (indicating

potential region merging, which may not be considered in some applications) then

17:
18:
19:
20:
21:

end if
end while
end for
return the label matrix as the segmented image

handle region merging according to requirements, e.g., update the label matrix to merge region labels
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Figure 2. User-defined thresholds for grading antibody expression intensity.

D, represents the grayscale value of DAB staining for that cell, and
D, represents the grayscale value of DAB staining for the slide. The
maximum grayscale value of DAB staining for the cell is used in the
calculation for membrane and cytoplasmic expression, because com-
pared to nuclear expression, membrane and cytoplasmic expression are
more complex than nuclear expression, and often only parts of the cell
membrane or cytoplasm exhibit staining expression within the cell.

4. Results
4.1. IHC quantification analysis via developed software

We developed image analysis software based on C+ + and OpenSlide
(version 2.1),°° an open-source WSI processing library, with algorithms
deployed using Pylnstaller. Our software is deployed on a server host with
the following hardware environment: i7-13700 CPU, 32 GB RAM,
RTX4060-8GB GPU, and 512 GB HDD. The software environment used the
Windows 10 operating system, with CUDA version 11.7, Python version
3.10.12, TensorFlow version 2.12.0, and PyTorch version 1.13. For slides
with a scanning resolution of 0.105 um/pixel and a size of approximately
200,000 x 200,000 pixels, the average analysis time was approximately
12.46 min. The software was enhanced with a threshold option. For samples
requiring the assessment of staining intensity, users can customize and set
multiple thresholds to differentiate the levels of antibody expression, ran-
ging from weak to strong (Figure 2); the software marks cells of different
intensities with dots of different colors.

4.2. Slide interpretation

To interpret IHC, a pathologist examines the stained tissue slides
under a microscope, evaluating various aspects of the staining (e.g., the
intensity, pattern, and location of the stain) to derive meaningful in-
formation about the tissue’s biology and pathology. Sixteen slides in-
cluding nuclear and membrane expression were selected to examine
both staining methods. These surgical resection tissues were obtained
from Guangzhou Huitong Yidian Pathological Diagnosis Center Co.,
Ltd., comprising lesion samples submitted by 16 breast cancer patients.
The patients authorized the company to use samples for disease diag-
nosis and future scientific research, including HER2 and estrogen re-
ceptor immunohistochemistry quantification/qualification, with stipu-
lation against commercial use of individuals’ disease status/data. The
slides were scanned into WSIs to be interpreted twice by the same pa-
thologist with the assistance of our image analysis software. Figure 3
shows the results after correction following manual slide interpretation.
The interpretation results of these slide are shown in Tables 1 and 2.

We conducted a statistical analysis to compare the quantitative
method with manual review in terms of the sensitivity and specificity in
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Figure 3. Overview of manual slide interpretation. The IHC specimen samples
are a HER2 (A) and an ER (B) both of invasive ductal carcinoma of the breast
and primarily displaying the tumor cell markers with varying expression in-
tensities after correction. Red dots represent an expression intensity of 3+;
orange dots, an expression intensity of 2+; yellow, an expression intensity of
1+; and green, a negative expression.

Abbreviations: 1. HER2: human epidermal growth factor receptor 2 2. ER: es-
trogen receptor.

distinguishing between cells and non-cells (Table 3), tumor cells and
stromal cells (Table 4), assessing cellular intensity for nuclear/mem-
brane expression (Tables 5 and 6).

5. Discussion

In the clinical interpretation of IHC slides, the diversity of cellular
morphologies (Figure 4) and variations in staining intensity (Figure 5) pose
major challenges that arise from cells’ complexity and the need for precise
and accurate diagnosis based on IHC results. Besides, variability in antibody
quality and staining protocols can lead to inconsistencies in IHC results,
resulting in difficulty in comparing results between different laboratories or
studies. Therefore, the effectiveness and reliability of quantification
methods for different cell morphologies and staining techniques are crucial
in evaluating their clinical value and significance.

5.1. Effectiveness of IHC quantification method

The IHC quantification method’s effectiveness is reflected primarily in its
accuracy in counting cell numbers, differentiating between tumor and
stromal cells, distinguishing between different expression patterns, and as-
sessing expression intensity under varying nuclear-to-cytoplasmic ratios.
According to Table 3, the method demonstrates excellent performance in
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Table 1
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Results of 16 IHC slides with nuclear and membrane expression as interpreted by physician with the assistance of the software.

Sample ID Tumor area Expression Stromal cells Non-cellular Al-labeled Corrected Strong Medium Weak Negative
(mm?) components tumor cells total cells positive positive positive
1 0.726 2+ 464 8 4,771 4,768 10 1,772 1,256 1,730
2 0.711 0 276 12 4,317 4,336 0 0 13 4,323
3 0.315 1+ 457 17 1,495 1,504 1 112 201 1,190
4 0.454 1+ 725 5 1,689 1,721 0 5 469 1,247
5 0.668 0 1,872 0 2,209 2,209 0 0 0 0
6 0.354 3+ 347 39 1,846 1,845 915 125 494 494
7 0.363 2+ 231 16 2,169 2,163 61 482 650 970
8 0.855 3+ 1,339 12 3,122 3,125 1,831 147 297 850
9 0.889 2-3+ 540 30 5,470 5,490 1,758 1,807 959 966
10 1.425 1+ 2,346 69 4,427 4,435 0 82 939 3,414
11 0.845 3+ 139 42 7,625 7,329 2,903 1,259 1,263 1,904
12 0.703 1-2+ 976 136 2,976 3,037 522 895 785 835
13 2.020 - 6,242 98 3,806 3,806 0 0 0 3,806
14 1.787 2-3+ 1,872 81 9,083 9,077 2,451 1,114 2,057 3,455
15 1.380 3+ 3,842 247 2,762 2,769 2,419 171 123 56
16 0.812 1-2+ 574 166 6,482 6,482 974 977 1,100 3,431
Table 2

Pathologist comments on slide interpretation using our software.

Sample ID Pathologist comments
1 Cancer cells are medium-sized, with few stromal components and high accuracy in cancer cell labeling.
2 Cancer cells are medium-sized with high consistency, with few stromal components and high accuracy in cancer cell labeling.
3 Rich stromal fibrosis; stromal fibrosis and stromal cells are easily misclassified as cancer cells.
4 Rich stromal fibrosis; stromal fibrosis and stromal cells are easily misclassified as cancer cells.
5 Rich inflammatory cells in the stroma; inflammatory cells are misclassified as cancer cells.
6 Abundant tissue gaps; rich stromal fibrous tissue; fibrous tissue and fibroblasts are misclassified as cancer cells.
7 High accuracy in distinguishing cancer cells of different intensities.
8 Biopsy tissue with rich inflammatory cells and fibrous tissue in the stroma; inflammatory cells, fibrous tissue, and fibroblasts are misclassified as cancer cells.
9 Cancer cells are medium-sized, with few stromal components and high accuracy in cancer cell labeling.
10 Rich tumor stroma with extensive inflammatory cell infiltration.
11 High accuracy in distinguishing cancer cells of different intensities.
12 Rich stromal fibrosis; collagen fibers are easily misclassified as cells.
13 Rich tumor stroma with extensive inflammatory cell infiltration.
14 Large cancer cells with a tendency for multiple labeling.
15 Small cancer cells with rich stromal fibrosis, large tissue gaps, stromal fibrosis, and stromal fibrosis; stromal cells are easily misclassified as cancer cells.
16 Patchy necrosis in cancer tissue; necrotic cells are misclassified as cancer cells.
Table 3 identifying cell-like objects, with a sensitivity of 0.9987, indicating that it

The confusion matrix of the quantitative method in distinguishing between cells
and non-cells.

Ground truth Prediction Sum
Cell Non-cell

Cell 84,313 2,178 86,491
Non-cell 106 872 978
Sum 84,419 3,050 87,469
Sensitivity 0.9987

Specificity 0.8916

Table 4

The confusion matrix of the quantitative method in distinguishing between
tumor cells and stromal cells.

Ground truth Prediction Sum
Tumor Stromal

Tumor 61,767 304 62,071

Stromal 2,482 19,760 22,242

Sum 64,249 20,064 84,313

Sensitivity 0.9614

Specificity 0.8884

accurately detects almost all actual cells. However, the specificity is rela-
tively low (0.8916), suggesting a higher rate of false positives in identifying
non-cells. Figure 6 shows a sample analyzed by CellViT in which instances
are observed of cell points being missed and non-cell components being
incorrectly identified as cells. This poor performance in identifying non-cell
components (including necrotic tissue, cellular debris, and secretions) is
attributed to the fact that the images input into CellViT were hematoxylin
stained, lacking the staining information from eosin, which prevented
CellViT from achieving its optimal performance. Furthermore, the cells that
CellViT overlooked often have lighter staining compared to the cells sur-
rounding them, further explaining the algorithm’s failure to detect them.

In distinguishing between tumor cells and stromal cells, the method
shows high sensitivity (0.9614) and specificity (0.8884), as shown in
Table 4. This indicates that the method can accurately identify tumor
cells while minimizing false positives for stromal cells. The method also
demonstrates high sensitivity and specificity for both nuclear and
membrane expression across different staining sites, indicating stable
performance (Tables 5 and 6).

5.2. Reliability of IHC quantification method
A reliable method should demonstrate stable performance across

different scenarios. The method in this research shows high sensitivity
and specificity for both nuclear and membrane expression, indicating
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Table 5

The confusion matrix of the quantitative method in distinguishing cellular intensity for nuclear expression.
Ground truth Prediction Sum

Negative Weak Moderate Strong

Negative 33,842 13 15 6 33,876
Weak 47 7,633 0 3 7,683
Moderate 7 18 6,276 59 6,360
Strong 0 12 13 11,012 11,037
Sum 33,896 7,676 6,304 11,080 58,956
Sensitivity of negative 0.9984 Specificity of negative 0.9987
Sensitivity of weak 0.9979 Specificity of weak 0.9970
Sensitivity of moderate 0.9883 Specificity of moderate 0.9980
Sensitivity of strong 0.9939 Specificity of strong 0.9983

Table 6

The confusion matrix of the quantitative method in distinguishing cellular intensity for membrane expression.
Ground truth Prediction Sum

Negative Weak Moderate Strong

Negative 16,259 178 19 0 16,456
Weak 70 3,058 48 257 3,433
Moderate 2 23 2,591 33 2,649
Strong 0 0 12 2,807 2,819
Sum 16,331 3,259 2,670 3,097 25,357
Sensitivity of negative 0.9879 Specificity of negative 0.9919
Sensitivity of weak 0.8906 Specificity of weak 0.9909
Sensitivity of moderate 0.9780 Specificity of moderate 0.9966
Sensitivity of strong 0.9063 Specificity of strong 0.9869

Nuclear
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Cytoplasm
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Figure 4. Illustrative diagrams of cellular morphology with varying nuclear-to-cytoplasmic ratios and morphologies.

@
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Figure 5. Illustrative diagram of varying intensities of expression in different
regions of a cell.

stable performance, but its performance is slightly weaker in sensitivity
to weak membrane expression (0.8906; Tables 5 and 6). The perfor-
mance differences between membrane and nuclear expression indicate
that the reliability of this method on membrane expression data is

262

slightly lower than on nuclear expression. The reasons for these lim-
itations include the current algorithm’s difficulty in distinguishing be-
tween negative, weak, moderate, and strong positive statuses, as well as
factors related to the slide preparation process and the brightness
during scanning.

5.3. Efficiency in clinical use

When the software is used in clinical deployment, it struggles to
keep up with the high volume of slide reading demands, primarily due
to the limited computational power of the consumer-grade GPU
(RTX4060) and the slow data transfer speed of the mechanical hard
drive. These factors lead to frequent data I/O operations, which con-
sume a significant amount of analysis time. Additionally, the amount of
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Figure 6. Sample images showing errors in CellViT analysis. Figure 6A shows
the original image prior to algorithmic analysis; Figure 6B, the outcomes of
CellViT identification. Orange arrows indicate examples of non-cell components
that the algorithm mistakenly identified, and blue arrows show cell points that
CellViT failed to detect.

GPU memory also determines the number of subprocesses that can be
used for algorithmic analysis. The 8 GB of GPU memory and the large
parameter size of the CellViT-SAM-H weights limited our system to
using only six subprocesses for acceleration.

5.4. Future work

The current ITHC quantification method based on DL algorithms and
image processing techniques offers a highly effective and reliable so-
lution for automated quantitative analysis of IHC staining, but some
areas still need improvement. Currently, the method cannot distinguish
between benign and malignant tumor cells, and its identification of
tumor cells, stromal cells, and inflammatory cells is not precise enough.
It also misidentifies necrotic cells in non-cell components as tumor cells
and is unable to accurately define the boundaries of cancerous tissue.
Therefore, future work will focus on addressing these limitations to
make the method more comprehensive and enhance the efficiency of
IHC research. Specifically, to tackle the issues of missed cells, distin-
guishing tumor cells and ensure our method’s reliability, we will en-
deavor to collect as many IHC slides produced by different types of
scanners as possible to create our own annotated dataset for validation
and fine-tuning. We will then fine-tune and train CellViT or other more
effective algorithms to strengthen the software’s performance and
achieve the goal of fully automated diagnosis.

To address the issue of difficulty in distinguishing between weakly
positive and negative cells, it is necessary to adjust the existing cell
expression intensity quantification scheme. Currently, the expression
intensity is calculated based on algorithmic analysis. The results from
the current algorithm will be collected, and the classifications of weakly
positive and negative cells will be corrected by pathologists. This cor-
rected dataset will serve as a fine-tuning dataset for CellViT. With
CellViT trained on this dataset, the model will be able to directly output
cell categories, expression intensities, and cell locations. Reducing the
number of preprocessing steps can also promote the processing speed of
the algorithm. It is necessary to enhance the system’s cell discrimina-
tion accuracy to enable continuous full-quantitative analysis of IHC
slides.

To move forward, we plan to upgrade to a solid-state drive to im-
prove data transfer speeds. We also intend to deploy the algorithm in
the cloud and use a GPU array to process the data. Moreover, we will
implement the preprocessing steps that currently run on the CPU (such
as color deconvolution and region-growing algorithms) using PyTorch
operators and accelerate these processes with the GPU. Pruning and
quantizing the deployed model weights is also crucial for enhancing the
efficiency of analysis. After these optimizations are implemented, the
software's efficiency can be aligned with the high volume of clinical
demands, thereby enhancing pathologists’ workflow efficiency.
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Furthermore, we aim to incorporate biomarker analysis into the
existing tumor, node, metastasis (TNM) staging classification system,
upgrading it to a TNM-biomarkers framework. This enhancement will
provide greater convenience for precision diagnosis research and con-
tribute to more comprehensive clinical assessments. These advance-
ments will further improve the method’s clinical value and significance,
contributing to more precise treatment plans and better patient out-
comes.

6. Conclusions

The THC quantification method developed in this study, which is
based on DL algorithms and image processing techniques, offers a
highly effective and reliable solution for automated quantitative ana-
lysis of IHC staining. It overcomes the limitations of traditional manual
interpretation methods, providing more accurate, consistent, and ob-
jective results. The method has broad application prospects in the
clinical diagnosis and management of various diseases, contributing to
more precise treatment plans and improved patient outcomes. Future
research may focus on further optimizing the method, expanding its
application range, and addressing remaining challenges in standardi-
zation, antibody quality, and interpretation variability.
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