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Abstract: Immunohistochemical (IHC) detection is crucial in diagnosing lung cancer.
Interleukin-24 (IL-24) is a valuable marker in IHC analysis, aiding in tumor characteriza-
tion and prognostication. However, current manual scoring methods are labor-intensive,
imprecise, and subjective, leading to inconsistencies among observers. Automated scoring
methods also have limitations, such as poor segmentation and lack of interpretability.
In this paper, we introduce RMD-Net, a novel scoring network framework specifically
designed for IL-24 scoring in lung cancer. The framework incorporates a regional attention
mechanism and a multi-channel scoring network. Initially, diagnostic region identification
and segmentation are accomplished by integrating the diagnostic regional spatial attention
module into the fully convolutional network. Subsequently, we employ the Adaptive
Multi-Thresholding algorithm to derive expert, strong feature description maps. Finally,
the attention-guided IHC images and expert feature description maps are fed into a multi-
channel scoring network. Its backbone includes feature fusion layers and scoring layers to
ensure the accuracy and interpretability of the final result. To the best of our knowledge,
this is the first system that directly employs lung cancer IL-24 IHC images as input and
combines both expert-derived features and deep-learning abstract features to produce
clinical scores. Our dataset is sourced from the Institute of Life Sciences and Bioengineering
at Beijing Jiaotong University. The experimental results demonstrate that the proposed
method achieves an IL-24 score precision of 89.25%, an F1 score of 89.00, and an accuracy of
95.94%, outperforming other state-of-the-art methods. This contribution has the potential
to advance clinical diagnosis and treatment strategies for lung cancer.

Keywords: lung cancer; immunohistochemistry scoring; Interleukin-24; regional attention;
multi-channel model

MSC: 68T07; 68U10; 68U35

1. Introduction

Lung cancer stands as the foremost cause of global morbidity and mortality, accounting
for approximately 1.8 million fatalities in 2020 alone [1]. Exacerbated by the repercussions of
the novel coronavirus, the prevalence of lung diseases has been on an upward trajectory [2].
Throughout the treatment process, expeditious differential diagnosis and prognosis evalua-
tion remain paramount [3]. Recently, molecular markers, or biomarkers, have showcased
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their potential in identifying traits indicative of tumor behavior and relevant to disease
progression and prognosis [4]. IL-24 is an emerging candidate for tumor suppression [5].
It has been found to trigger apoptosis in a variety of human malignant cells via both
secretory and non-secretory mechanisms [6]. Studies suggest that a therapy combining
IL-24 with chemotherapy and endocrine treatment may present the most efficacious ap-
proach to lung cancer management [7]. Consequently, accurate and expedited assessment of
IL-24 expression becomes pivotal in devising optimal therapeutic strategies for lung cancer
patients. The prevalent method for evaluating IL-24 biomarker expression is IHC staining.
This technique identifies specific antigens, including proteins and peptides, by eliciting
targeted reactions with tissue samples using specific chromogenic agents [8]. Subsequent
quantitative and locational analyses result in an IHC score for the antigen, as determined by
a pathologist. Diaminobenzidine (DAB)-based IHC techniques result in a brown coloration
(indicative of a positive result) for IL-24, contrasted against a blue counterstain provided by
Hematoxylin [9]. The IHC-based scoring and classification of the cancer marker IL-24 have
proven instrumental in assessing the severity of specific cancers and in forecasting patient
outcomes across numerous cancer types [10]. Pathologists assess pathological alterations
in lung cancer cells by identifying IL-24 biomarkers under microscopy. Expert knowledge
is used to assign scores to observations, guiding doctors in developing personalized and
more effective treatment plans [11]. In essence, the accurate scoring of IL-24 expression is
pivotal for the pathological diagnosis and treatment planning of lung cancer [12].

1.1. Manual Scoring Approaches

In clinical practice, the evaluation of IL-24 expression in lung cancer tissues proceeds
in the following manner: Initially, seasoned pathologists visually inspect lung cancer
histology slides stained with Hematoxylin-Eosin-DAB [13] under a microscope to quantify
IL-24 expression. Subsequently, they provide scores based on a combination of theoretical
knowledge and practical experience. This scoring takes into account factors such as the
overall staining intensity and the proportion of neoplastic tissue exhibiting staining [14], as
detailed in Table 1. This practice is constrained by the time-consuming and labor-intensive
process of manually inspecting glass slides. A minimum of two seasoned pathologists are
typically needed for the assessment, and their collective evaluations are then synthesized to
produce the final results. However, the manual IHC scoring of IL-24 by expert pathologists
is inherently subjective. This often leads to variations between observers and compromises
the repeatability of the assessment [15]. Additionally, the inherent semi-quantitative nature
of this method, including subjective categorization into strong, medium, and weak staining
intensities, complicates efforts to maintain consistency both within and between evaluators.
The lack of precision and objectivity further exacerbates this challenge. For instance, the
error rate in scoring the HER2 antigen in breast cancer reaches up to 20% [16]. Additionally,
artifacts, including high background or inconsistent staining deposition, can potentially
skew the results [17]. The quality of slide staining also greatly affects expert judgment.
Therefore, the automated scoring method addresses the inherent flaws of manual scoring,
enhancing efficiency while ensuring consistency and accuracy. Additionally, its scalability
meets oncology’s demand for precise and efficient diagnostic tools.

1.2. Digital Scoring Approaches

With advancements in medical image processing technology, several digital processing
software, both commercial and open-source, have been introduced to facilitate high-volume
IHC analysis and scoring [18,19]. However, when determining scores, users are required
to specify the intensity threshold and frequency of stained cells within the image area.
Ram et al. [20] utilized two whole-slide image analysis software packages, Visiopharm
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and HALO, to assess the expression of membrane biomarkers. However, they required
manual specification of thresholds for the nuclear staining channel. These thresholds can
be influenced by the imaging quality of the tissue slide, leading to variability in tissue
sample scoring based on user decisions. Antigens and antibodies bind to specific targets,
creating unique staining patterns in tissue regions [17]. For example, the lung cancer
biomarker IL-24 is in the cytoplasm or interstitial fluid [21], while PD-L1 is on the cell
membrane [16]. In breast cancer, PR, ER, and Ki-67 are nuclear markers, whereas HER2 and
EGEFR are found on the cell membrane and in the cytoplasm [22], respectively. Different
locations of biomarker expression necessitate varying requirements for digital software-
assisted scoring. Cytoplasmic markers like IL-24 exhibit diffuse and widespread staining
patterns with blurred and irregular boundaries. Therefore, most digital image processing
software focuses on evaluating nuclear and membrane markers and is not suitable for
assessing IL-24 expression levels. For example, The Image] 1.54f software [23] is proficient
in counting positive cells to assess the expression of breast cancer markers like PR, ER,
and Ki-67. The study by Alataki et al. [24] evaluated the use of the Cognition Master
Professional Suite (CogM) for automated Ki67 assessment in primary breast cancer. The
SlidePath tissue image analysis system, which utilizes a Leica camera for its analysis [25],
is considerably dependent on the quality of slide staining. Therefore, we focused on the
IHC scoring of IL-24 in lung cancer to address the issues of excessive manual intervention
and variable image quality in existing digital software, aiming to inspire the development
of digital scoring software for cytoplasmic markers.

Table 1. The IL-24 scoring guidelines from «Clinical Cancer Research» [14].

Score Definition
0 Minimal yellow staining, covering <10% of tumor tissue.
1+ Weak yellow staining, covering 10-30% of tumor tissue.

Moderate yellow staining, covering 30-50% of tumor

2+ .
tissue.

3+ Intense yellow staining, covering >50% of tumor tissue.

1.3. Automated Scoring Approaches

IHC images encompass a wealth of phenotypic data that offer insights into the intrinsic
mechanisms driving disease progression and patient survival outcomes. [26] Recently, deep
learning has emerged as the predominant methodology for the analysis and interpreta-
tion of IHC images. The current research on automatic scoring of IHC images is mainly
divided into three steps [27]: (1) ROI selection and segmentation; (2) Extraction of features;
(3) Building the scoring model. There are several challenges in applying state-of-the-art
IHC scoring research to evaluate the expression of IL-24 in lung cancer.

(1) ROI Selection and Segmentation: Before processing IHC images, selecting and
segmenting specific biomarker expression regions is crucial [28]. However, current ad-
vanced methods often overlook the segmentation step, suffer from segmentation accuracy
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issues, and lack robustness. For example, Zidane et al. [29] introduced a groundbreaking
graph neural network (GNN) model designed to predict HER2 status directly from whole-
slide images of standard H&E stained slides. Feng et al. [30] proposed a recognition and
registration system for IHC scoring of Ki-67 molecules in breast cancer tissue images. How-
ever, positive cell segmentation was conducted on whole tissue sections. Feng et al. [16]
proposed a new automatic image analysis model for scoring and grading ER, PR, Ki-67,
and HER-2 immunohistochemical images of breast cancer. Similarly, the model processes
whole slide tissue images without considering the different expression locations of various
molecules. The above methods carry an inherent bias in model predictions, as regions
irrelevant to diagnosis might influence the accuracy of IHC scoring. Additionally, a notable
limitation is computational inefficiency, as these models require processing every region
within an image. Xu et al. [31] introduced an FCN, trained using instance-level labels
derived from image-level annotations, for the segmentation of metastatic areas in lung
cancer images. Khameneh et al. [32] utilized an enhanced U-Net model for segmenting cell
membranes to predict the HER2 IHC score in lung cancer. Zhang et al. [33] proposed an
automatic IHC scoring model for P53 molecules in tumors, consisting of an ROI extraction
module and a feature fusion scoring network. However, excessive prior knowledge was
introduced to exclude irrelevant regions, potentially reducing robustness when addressing
complex backgrounds and heterogeneous tissues. Lung cancer tissue slide images contain
diagnostic areas (tumor tissue and cytoplasmic regions infiltrated by inflammatory cells)
and non-diagnostic areas such as normal lung tissue, scar tissue, and background areas.
Segmenting the cytoplasmic regions specific to IL-24 expression in lung cancer tumor tissue
and ensuring alignment with pathologist standards is crucial for enhancing subsequent
model evaluation. To address the challenges in fully or semi-supervised histopathology
image segmentation, Jin et al. [34] proposed an inter- and intra-uncertainty regularization-
based semi-supervised segmentation framework. Inspired by this, we introduced a regional
attention mechanism in the segmentation network to focus more on the diagnostic area
and suppress the background and irrelevant areas.

(2) Extraction of Features: Feature extraction is crucial in the IHC scoring process,
directly impacting the accuracy, efficiency, and interpretability of the results. Currently,
most advanced methods focus solely on artificial features or deep abstract features. For
instance, Guo et al. [35] proposed a scoring method for immunohistochemical staining
on Ki67, which considered only the staining intensity and staining area of the positive
regions. Kabakg1 et al. [22] proposed an automatic scoring system for CerbB2/HER2
molecules in breast cancer tissue, where the reference feature was based on the membrane
intensity histogram, including membrane staining intensity and integrity. Liu et al. [36]
proposed an IHC score for PD-L1 in lung squamous cell carcinoma, where the pathological
evaluation of its expression was based on two semi-quantitative metrics: the number
of PD-L1-positive tumor cells and the number of total viable tumor cells. In the above
studies, the primary consideration is based on expert experience, followed by simple
thresholding. The selection and definition of expert features are subjective, impacting
the consistency and repeatability of the scoring results. Additionally, these methods
exhibit poor ability to extract global features from complex images. The application of
deep networks has improved the processing efficiency of IHC images. For example, Baxi
et al. [37] provide an exhaustive overview of contemporary deep-learning methodologies
employed in IHC image analysis. Duran-Diaz et al. [38] proposed an unsupervised robust
IHC scoring method that achieves image classification through clustering regression. Xue
et al. [39] trained a classification method based on the entire IHC image to achieve the IHC
scoring of biomarkers in colon cancer. Ghoshal et al. [40] constructed HBNet to extract
deep image features and classify immunohistochemistry images. The inherent “black-
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box” nature of deep learning models renders their decision-making mechanisms elusive.
Ensuring transparency and reliability in the decision-making process is paramount for
computer-assisted diagnosis (CAD) systems. At the same time, the quality of deep abstract
features is affected by data distribution. Class imbalance in the training data can cause the
model to perform poorly with minority categories, impacting the comprehensiveness and
accuracy of the scoring. In summary, the feature extraction techniques employed in the
aforementioned studies tend to be somewhat unidimensional and lacking in diversity. This
often results in models that are less interpretable and robust. In this paper, we delve into
methods for extracting both expert-driven features and deep-learning features from tumor
immunohistochemistry images. By achieving multi-modal data learning, we aim to harness
the interpretability and reliability of traditional feature engineering while also leveraging
the automated feature extraction and recognition capabilities inherent to deep learning.

(3) Building the Scoring Model: The feature vector is fed into the scoring model, and
the IHC scoring result is output after processing. A scientific and well-designed model
architecture ensures that the model possesses sufficient complexity and expressive ability
to accurately identify and evaluate biomarkers in IHC images. Currently, linear classifiers
and deep learning models are widely used [41]. Hameed et al. [42] used a support vector
machine to classify each nucleus in tissue images as positive or negative based on staining
intensity and then determined the tissue score according to the J-score scheme. Additionally,
Rmili et al. [43] performed a color space assessment, selected appropriate color channels
for threshold processing, and implemented auxiliary scoring of neuroendocrine tumors.
Mabhanta et al. [44] proposed the IHC-net, which integrates three machine learning models
(Naive Bayes, Support Vector Machine, and Random Forest) and uses the majority voting
principle to implement the Allred score for breast cancer. In the above methods, IHC
images are only processed and scored through simple linear superposition or classifiers.
This approach cannot effectively capture the nonlinear relationships in IHC images, nor
can it adaptively learn features from the original images. It is more sensitive to noise
and interference. As a result, the robustness and accuracy of these methods are not ideal.
Anaam et al. [45] proposed an end-to-end deep learning framework using a deep active
learning strategy for cell detection and scoring in HEp-2 specimen images. Molnar et al. [46]
proposed the IHCScoreGAN deep network, which inputs breast cancer IHC images and
outputs the Ki-67 score results. This is an end-to-end, unsupervised processing method.
Wen et al. [47] focused solely on the DAB staining features of the attention area, fed these
features into a deep network and obtained the IHC scoring results within a few seconds.
End-to-end IHC image scoring based solely on deep networks carries the risk of poor
interpretability and overfitting. Springenberg et al. [48] proposed that the classification
prediction performance, interpretability, and robustness of the tissue pathology model
should be comprehensively considered. They pointed out that insufficient robustness is a
serious problem that hinders clinical application. Therefore, this paper plans to design a
multi-channel scoring network that can effectively process and fuse multi-modal features
to provide more accurate and comprehensive scoring results.

1.4. Objectives

To address the above challenges, as summarized in Table 2, the main features and
limitations of various IHC image scoring methods are outlined. Additionally, we found
that most studies focused on other biomarkers (ER, PR, Ki-67, and HER?2) or cancer types
(breast cancer, colon cancer, etc.). Therefore, we posed the following question: Is it possible
to develop a system that automatically provides accurate scores for IL-24 IHC pathology
images in lung cancer? This system aims to address the labor-intensive, time-consuming,
and subjective aspects of manual scoring. It avoids the drawbacks of digital scoring
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software that requires excessive user intervention and is not well-suited for cytoplasmic
markers (IL-24). Additionally, it addresses the limitations of current automatic scoring
methods, which include the interference of non-diagnostic areas when the entire tissue
section image is used, increased computational load, reliance on a single feature extraction

technique, and suboptimal scoring accuracy and interpretability.

Table 2. Overview of immunohistochemical image processing methods.

Method Approach Key Features Limitations
Manual and
Taylo(rzgtlg)l -[49] Manual Automated Labor-intensive
Scoring Thresholds
Hameed et al. [50] Manual Maximal Time-consumin
(2015) separation techniques &
Crowdsourcing
IrShaéStI;)l <51 Manual scoring of Subjective variability
IHC images

Ram et al. [20]

Digital software

Two whole-slide
image analysis

Excessive user

(2021) software packages intervention
Cognition Master
. Professional Suite .
Alataki et al. [24] Digital software (CogM) for Not well—§u1ted for
(2021) cytoplasmic markers
automated
Ki67 assessment
SlidePath tissue
Lu (ezt Oazl.z)[25] Digital software image Partial automation
analysis system
Sode et al. [52] . . HER?2 Digital image Interference from
(2023) Digital software analysis software non-diagnostic areas
Zilenaite et al. [53] Dicital software The HALO Al tissue Suboptimal scoring
(2020) & classifier accuracy
Zidane et al. [29] Groundbreaking Suboptimal scoring
(2023) Automated graph neural network accuracy
An accurate
Feng et al. [30] registration algorithm Lack of
& . Automated for IHC images and . .
(2020) . . interpretability
their corresponding
HE images
KA et al. [22] (2021) Automated Membrane Intensllt.y Not well—'sulted for
Histogram + Classifier ~ cytoplasmic markers
Ghoshal et al. [40] The Hybrid Bayesian Reliance on a single
(2021) Automated Neural Network feature
(HBNet)
A fully convolutional
Mahanta et al. [44] neural network for Lack of
Automated automated nuclear . -
(2021) . interpretability
segmentation and
ensemble classification
Region segmentation Lack of
Wen et al. [47] (2024) Automated + generation of interpretability

nuclear mask

In addition, IL-24 IHC images exhibit distinctive features, including specific cyto-
plasmic expression patterns in lung cancer tissues, as well as rich information such as
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overlapping color signals, cell clustering, and irregular histomorphology, as demonstrated
in Figure 1. Developing a system capable of effectively analyzing these complex images
holds significant potential for advancing research and clinical applications.

(d)

Figure 1. Variations in IL-24 immunohistochemical staining in lung cancer samples: (a) disrupted tis-

sue morphology, (b) diffuse and weak staining, (c) cellular aggregation and crowding, and (d) uneven
distribution of staining intensities.

1.5. Contributions

In this paper, we propose a scoring network framework, denoted as RMD-Net, de-
signed for lung cancer IHC IL-24. The framework incorporates regional attention and a
multi-channel scoring network. As illustrated in Figure 2, the framework first employs a
regional segmentation network, diagnostic regional spatial attention fully convolutional
network(FCN-DRSA), to achieve localized segmentation of diagnostic regions(the cyto-
plasmic region within the tumor tissue). Subsequently, we employ the DAB-Luminance
Adaptive Multi-Thresholding algorithm (DAB-LAMT) to generate expert-level feature
description maps from the IHC image. Ultimately, the attention-guided IHC images and
expert feature description maps are fed into a multi-channel scoring network to facilitate
the automated scoring of lung cancer IHC IL-24. In summary, the contributions of this
work are as follows:

(1) The “FCN-DRSA”, a novel diagnosis-related region segmentation network, effec-
tively integrates the DRSA module into the foundational structure of the FCN, efficiently
emphasizing the essential diagnostic cytoplasmic region while minimizing irrelevant cell
nuclei and background noise;

(2) The multi-channel scoring network is designed with a backbone comprising feature
fusion layers and scoring layers. The former processes the received multi-modal feature
map, while the latter is responsible for outputting the IHC score of lung cancer. This design
ensures interpretability throughout the process and enhances the ultimate scoring accuracy.

This study introduced a regional attention mechanism and an expert feature descrip-
tion map, combining expert knowledge with deep abstract features through a multi-channel
scoring network to ultimately output the scoring results. This method not only improves
the accuracy of the scoring but also enhances the interpretability and transparency of the
decision-making process. Based on our extensive literature review and analysis of related
studies, especially lung cancer and IL-24 markers, we believe that this study is a ground-
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breaking attempt. Our forthcoming experimental results will underscore the high precision
of our proposed scoring network and its robust alignment with scores rendered by seasoned
pathologists. Our work will greatly enrich the current research ideas and objectives for
automatic IHC scoring. Although much work remains to be completed, in future clinical
applications, it will promote the personalization and precision of tumor treatment.

The structure of this paper is outlined as follows: In Section 2, we delve into the
specifics of the proposed methodology. Experimental findings and comparative analyses
are presented in Section 3. Finally, Section 4 provides a summary of the paper and then
transitions into discussing the constraints of our proposed approach and prospective

directions for future research.

DAB-LAMT |

algorithm

Expert strong feature
description Map

—>

Figure 2. The overview of our proposed IL-24 scoring framework. An input lung cancer IHC
image undergoes initial processing using the FCN-DRSA algorithm to segment the diagnostic area.
Then, the attention-guided IHC images are processed using the DAB-LAMT algorithm to derive the
expert strong feature description maps. These multi-modal features are subsequently fed into the
multi-channel scoring network to predict the IL-24 IHC score.

2. Materials and Methods

2.1. Materials
2.1.1. Slide Preparation and Image Acquisition

This study is based on 128 lung cancer tissue pathology sections, including 67 squamous
cell carcinomas and 61 adenocarcinomas, all from the Institute of Institute of Life Sciences
and Bioengineering, Beijing Jiaotong University. The patients and their next of kin have
signed informed consent forms, and the relevant research has passed the strict review of
the Medical Ethics Committee of Beijing Jiaotong University. All slides were prepared
and maintained by pathology experts, and a standardized immunohistochemical staining
process was performed. The process involved fixing paraffin-embedded tissue sections
with formalin, localizing IL-24 using DAB colorimetric agents, and finally performing
hematoxylin contrast staining. The slides were then dehydrated and sealed. The staining
quality is high, and the color contrast is clear.

Digital slide images were acquired using a Leica DM2000 microscope (40 x magnification),
a DFK 33G274 industrial camera (The Imaging Source, Bremen, Germany), and a ProScan
H101F 3D (ProScan, Taipei, Taiwan) motorized stage (see Figure 3). The system allows for
automatic focus and scanning. The resulting dataset contained 2496 images, which were
scored by three pathologists.
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Industrial camera
(Imaging Source
DFK33G274)

Microscope (Leica
DM2000)

3D electric table
(Prior ProScan
H101F)

3D joystick

Figure 3. Image acquisition system. The system is capable of auto-focusing and automatic scanning of
slides according to a “Z”-shaped trajectory. Finally, the IL-24 IHC images are stored in the database.

2.1.2. Image Processing and Labeling

In IHC staining image processing, color normalization is a key step to standardize
the staining intensity and color performance between different slices, ensuring consistency
and comparability of images in subsequent analysis. In this paper, we adopt the Vahadane
method based on the non-negative matrix factorization (NMF) proposed by Vahadane
et al. [54]. Specifically, the image matrix I is decomposed into the product of the staining
matrix W and the concentration matrix H, as shown in Equation (1).

[=W=xH 1)

The color matrix Wm,ggt of the target image is adjusted to be consistent with the staining
matrix Wieference Of the reference image. Then, the normalized image is reconstructed using
the adjusted staining matrix and the concentration matrix Hyrget Of the target image, as
shown in Equation (2). The normalized example image is shown in Figure 4b.

Inormalized = Wreference * Htarget (2)

The annotation of tissue images consists of two parts: diagnostic region annotation and
IHC scoring. The diagnostic region annotation adopts a weak supervision strategy, which
only requires annotating the general outline of the diagnostic region without marking all
pixels. Labelme v5.5.0 software is used for this purpose, as shown in Figure 4c.

The IHC scoring of lung cancer tissue sections is performed by pathologists based on
their professional knowledge and experience to observe the staining intensity and staining
area of IL-24. The results are then obtained according to the scoring guidelines in Table 1.
This process requires the participation of at least three experts, and the Kappa coefficient
statistical method is used to evaluate the consistency of the scores among multiple experts
for all samples and any section. When the Kappa coefficient is higher than 0.80, it indicates
that the scores are highly consistent. Finally, the final score results of each section are
summarized in the scoring table.
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1+

2+

3+

(d)

Figure 4. Processing and labeling of lung cancer IHC images. (a) Original images; (b) color normalized
images; (c) diagnostic area labeling; (d) labeling the scoring results.

2.2. Methods

In this paper, to address the problems of low efficiency, human interference, and
excessive subjectivity of manual scoring and digital-assisted software, as well as the non-
diagnostic area interference, suboptimal scoring accuracy, and interpretability issues in
current automated scoring methods, we designed an automated IHC scoring network
framework tailored for lung cancer IL-24, named RMD-Net. As depicted in Figure 2, the
framework consists of three stages:

(1) Diagnostic area attention: The FCN network integrates the Diagnostic Region
Spatial Attention (DRSA) module to perform preliminary processing and diagnostic region
segmentation on the input lung cancer IHC images;

(2) Feature Extraction Stage: The DAB-brightness adaptive multi-threshold algorithm
(DAB-LAMT) is used to extract expert-level feature description maps, which primarily
express the characteristics of positive staining intensity and area;

(3) Scoring Stage: The attention-guided IHC images and expert feature description
maps are fed into a multi-channel scoring network, which consists of a feature fusion layer
and a scoring layer and finally generates the IL-24 IHC scoring results.

2.2.1. Diagnostic Region Attention Based on FCN-DRSA

Lung cancer IHC images have complex staining patterns, tissue structures, and high
overlap. Traditional image segmentation methods such as threshold segmentation, edge
detection, and clustering have certain limitations. These methods require manual setup,
are sensitive to noise and illumination changes, and have limited processing capabilities
for complex structures. Compared with traditional methods, commonly used segmenta-
tion networks such as U-Net, FCN, and DeepLab can more accurately capture complex
features and details in images. However, they perform poorly in small target areas and
boundary areas. Therefore, we designed a DRSA module that introduces a spatial attention
mechanism. By generating an attention map, the model can better focus on the diagnostic
area, suppressing the influence of background or non-diagnostic areas on the segmentation
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results and improving the accuracy and robustness of segmentation. It is worth noting
that the combination of average pooling and maximum pooling in DRSA can better extract
features of different scales and perform feature fusion through skip connections to enhance
the segmentation accuracy of boundary areas. The FCN-DRSA proposed in this paper
meets the requirements of pathologists.

The architecture of FCN-DRSA is illustrated in Figure 5. The network backbone
comprises an encoding pathway, a decoding pathway, and a regional attention pathway.
The encoding path inputs lung cancer IHC images, which are passed through multiple
convolution layers, batch normalization layers, and ReLU activation functions to gradually
increase the number of feature channels. Low-level features such as edges and textures, as
well as high-level semantic information, are extracted. The size of the convolution kernel is
3 x 3, the stride is 1, and the number of channels is 32, 64, 128, and 256, respectively. Then,
a maximum pooling layer (size 2 x 2, stride 2) is used for downsampling to gradually
reduce the spatial size of the feature map.

The decoder path is responsible for feature reconstruction, gradually restoring the
resolution of the feature map through the deconvolution layer, cropping layer, and fusion
layer (add), and finally generating a segmentation map with the same resolution as the
input image. The deconvolution layer is used to restore the spatial information of the
feature map, with a kernel size of 2 x 2, a stride of 2, and the number of channels set to 128,
64, 32, and 3. The fusion layer combines the feature attention map output by DRSA with
the upsampled feature map through a skip connection, retaining more detailed information
while focusing on the diagnostic area. The cropping layer ensures that the size of the feature
map before fusion is consistent.

The regional attention path consists of DRSA modules. Through global average
pooling, maximum pooling, and convolution operations, a weight matrix is generated
to weight the feature map of the encoding path, ensuring that feature extraction fo-
cuses on the diagnostic area. Then, feature fusion is performed with the decoding path
through skip connections.

The specific process begins by inputting the lung cancer IL-24 THC image I(h, w).
The encoding pathway processes it to derive the feature vector F(h/n,w/n,c), where n
is the feature scaling factor and c denotes the number of feature channels. This vector
is then introduced to the DRSA module. As illustrated in Figure 6, both AvgPool and
MaxPool are applied to each feature channel, resulting in two feature maps H x W x 1.
These maps are then concatenated channel-wise. Following a 7 x 7 convolution layer and
a Sigmoid activation function, the spatial weight coefficient matrix MS is derived. By
multiplying MS with the feature vector F, we obtain the spatial attention feature matrix
L. The matrix L is merged with the original feature vector to produce the output matrix
W(a x b x num_class) num_class € {0,1}. In pixel-level classification, “1” indicates a pixel
relevant to diagnosis and ‘0" for irrelevant pixels. The process concludes with decoding,
resulting in a predicted segmentation mask map Y, that aligns with the input size and
exclusively emphasizes the diagnostic area. The network’s training loss is determined using
the dice loss function. In processing medical images, the Dice loss function is particularly
suitable for segmentation tasks. It effectively reduces false positives and false negatives
by maximizing the overlap between the real mask and the predicted mask. Additionally,
considering the imbalance in the number and area of diagnostic and non-diagnostic regions
in lung cancer tissue images, the segmentation effect can be poor. The Dice loss function
directly optimizes the overlapping area, ensuring that the contribution of each pixel to
the loss is relatively balanced. This approach prevents deviations due to class imbalance,
thereby improving the accuracy of segmentation.
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Figure 6. Structure diagram of the diagnostic regional spatial attention mechanism (DRSA) module.

As shown in Equation (3), y represents the label mask map of the input image. e as a
smoothing term, it ensures that the denominator and numerator are not zero, thus avoiding
numerical instability. Additionally, the Dice loss function calculates the gradient based on
regional overlap, making its gradient calculation more stable compared to pixel-level loss
functions such as cross-entropy loss.

h w
2x ()Y Yiyij+e)
iZ1j=1
h w

Y (Yij+yii+e)

i=1j=1

®)

Ldice =

Finally, we broadcast the predicted segmentation mask image Y obtained by the
segmentation network, which only focuses on the diagnostic area with the original image
I(h, w) to obtain the final output image G(h, w). The non-diagnostic areas and background
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are eliminated, retaining only the ROI. This will enable subsequent models to focus on
foreground diagnostic objects, which will improve scoring accuracy and significantly
reduce computational costs.

2.2.2. Expert Strong Feature Description Map Extraction

During tumor tissue section preparation, the HE-DAB staining method was employed,
with DAB stain specifically manifesting in brown when reacting with IL-24. Pathologists
subsequently score the IL-24 IHC based on staining intensity and area. Existing techniques
resort to manually setting a threshold based on the brightness value of the image to
classify staining intensity (strong, medium, weak) subsequent to DAB dye separation. This
approach is subjective. Image luminance can be influenced by various factors, including
lighting conditions, parameter configurations, and dye deposition levels. These factors
can result in erratic data with limited continuity and structure. To address this, our
study introduces a DAB-LAMT algorithm-based approach to produce feature description
images that predominantly capture DAB staining intensity and area, offering a more
objective measure of IL-24 expression. The main process is as follows: (1) Obtain the initial
brightness matrix of the IHC image. (2) Obtain the DAB staining matrix based on the color
deconvolution algorithm. (3) Divide the ROI and perform adaptive threshold processing to
obtain the brightness description feature matrix. (4) Perform weighted fusion of the DAB
staining matrix and the brightness description matrix according to different staining areas
to obtain the expert strong feature description map. The specific description is as follows:

We transform the original RGB image into a three-channel dye component image
I = [Ipag,In Ig] using the color deconvolution algorithm [55], as described in Equation
(4). Iop is the optical density converted image calculated according to Lambert-Beers law.
M denotes the color matrix detailed in Equation (5), constructed from individual staining
matrices. Then, we take the DAB stain channel Ip 45 from I.

I=M"'Ip (4)
0.268 0570 0.776
M= (0650 0.704 0.286 (5)

0.000 0.000 0.000
The detailed process of the DAB-LAMT algorithm is shown in Algorithm 1.

Algorithm 1. DAB-LAMT algorithm

1: Compute the initial brightness matrix I; of the IHC image, as illustrated in Equation (6);
Calculate Ip 4p with the color deconvolution algorithm;
The IHC image is first transformed into a grayscale representation, after which it’s evenly

5 partitioned into K regions;

4 Repeat:

5: for each region do:

6 Find the pixel coordinates of the center of the area:(xg, yo);

7. Calculate the Gaussian weight of any pixel (x, y):w(x,y), as illustrated in
" Equation (7);

8: Compute the Gaussian-weighted mean brightness, I}, of the region, as illustrated
" in Equation (8);

9: Until: the luminance description matrix Ir,, of the original image is obtained;

The expert strong feature description image, Igypert Map(X,y), is derived by performing a
10:  weighted fusion of the brightness descriptor matrix Iy, and the DAB stain channel matrix
Ipap, as illustrated in Equation (9).
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I, = 0.299 x Ig + 0.587 x I +0.114 x I (6)

2 2
w(x,y) = exp(—((x — x0)* + (y —y0)*)/ (20?)) ()

where ¢ denotes the standard deviation of the Gaussian function. A smaller value of
o captures more detailed image features. For this study, ¢ is set to 0.75.

I = sum(w(x,y) x I(x,y))/sum(w(x,y)) ®)

A particular pixel within this region, represented by (x,y), has a luminance value

of Il (x/ y)

0.6 x Ipap + 0.4 % Iy (x,y) € Positive Area

9
04 x Ipap + 0.6 % Iy (x,y) € Negative Area ©)

IExpert Map (x,y) = {

For positive regions with high IL-24 expression, the DAB staining channel matrix has
a higher weight of 0.6 due to its significant contribution, while the brightness description
matrix is weighted at 0.4. Conversely, for negative areas that are mainly blue or white with
higher brightness values, the weight of the brightness description matrix is set at 0.6. Since
these areas have low IL-24 expression, the DAB staining channel matrix is given a lower
weight of 0.4 [15]. Both matrices’ values are normalized between 0 and 255.

The DAB-LAMT algorithm obtains the distribution of IL-24 staining through color
deconvolution and optical density conversion and then quantifies the characteristics of the
IL-24 staining area through linear superposition. Additionally, the algorithm quantifies
the staining intensity characteristics of IL-24 by setting sub-regions and calculating the
Gaussian weighted average brightness value in the region. Notably, this algorithm avoids
the subjectivity of manually setting thresholds during feature extraction. At the same time,
regionalization processing can reduce the problem of poor continuity and smoothness of
features caused by uneven staining or different lighting conditions, thereby achieving a
more objective IL-24 expression measurement.

2.2.3. The Multi-Channel Scoring Network

Traditional scoring networks typically utilize a single channel, processing the raw IHC
image to yield an end-to-end scoring result. This approach often results in suboptimal
accuracy and interpretability. Multi-channel architectures have found applications in fields
such as sentiment analysis [56], high dynamic range imaging, and sentence relationship
classification. To strike a balance between interpretability and objectivity in the scoring
results, we propose a multi-channel IHC scoring model. It includes the input layer, fusion
layer, and output layer, illustrated in Figure 7.

The input layer comprises two channels to receive the attention-guided IHC images
and expert strong feature description maps. Given that their dimensions are 128 x 128 x 3
and 128 x 128 x 1 respectively, we employ convolution and pooling operations for prepro-
cessing. This ensures the provision of precise and consistent inputs for subsequent fusion
layers and output layers.

The fusion layer accepts two input feature maps of size 32 x 32 x 60 and applies
convolution and pooling operations, resulting in the generation of two feature maps of size
8 x 8 x 8. Subsequently, the features from different channels are integrated through feature
splicing (Concat) to provide a more comprehensive and enhanced feature representation
for the subsequent output layer. This integration aims to capture a broader range of
information and improve the overall effectiveness of the feature representation.
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Figure 7. Structure diagram of the multi-channel scoring network.

The scoring layer consists of two scoring blocks. Taking into account the comprehen-
siveness and complexity of the fused hybrid features, we have optimized the design of
the scoring block, as shown in Figure 8. (1) Multi-class small convolution kernels: three
1 x 1 kernels, a 3 x 3 kernel, and a 5 x 5 kernel are employed. This design increases the
receptive field while reducing computational requirements. (2) Group normalization (GN)
operation: Instead of traditional batch normalization (BN), the scoring block utilizes the
GN operation. This choice minimizes the model’s reliance on batch size and hardware
requirements. (3) Feature fusion: The input and the output of the 3 x 3 kernel are added
together to achieve the addition of residuals. Additionally, the outputs of the 3 x 3 and
5 x 5 kernels are concatenated to form the final output. This ensures that the scoring layer
fully considers feature maps of different sizes, enhancing its ability to capture both local
and global information.

In the output layer, global average pooling (GAP) is employed instead of a fully
connected layer. This choice effectively addresses the issue of large parameter quantities.
We configure the output layer with 4 channels to generate 4 classification results: 0+, 1+,
2+, and 3+. The Softmax function can normalize the actual values in the 1 x 4 vector to
[0, 1], with a probability sum of 1.

The detailed architectural parameters of the multi-channel scoring network for IHC
are delineated in Table 3. The loss function for IHC-Score prediction is defined as:

A(0)

3
Yy +log(y, ) (10)
k=0

IngE

Lscore =

I
—

i

where m denotes the number of IHC image samples, k represents the IHC score type, y,(:) is
the actual label of the corresponding category, and 9,(;) signifies the IHC score predicted by
the Softmax function. The dual-channel scoring network combines the abstract features
extracted by deep learning with the specific features defined by experts, making the scoring
results not only highly accurate and robust but also well interpretable. Consequently, the
overall performance of the model is superior.
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Figure 8. The scoring block designed for lung cancer IHC images.
Table 3. The architecture of multi-channel scoring network.
Layer Input Size Output Size
Size/Stride Filters Padding
In_block-1 Conv 5 5/1 60 Same 128 x 128 x3 32 x 32 x 60
MaxPool 2 x 2/4
Input layer
Conv5x5/1
In_block-2 MaxPool 2 x 2/4 60 Same 128 x 128 x 1 32 x 32 x 60
Fu_block-1 Conv3x3/1 16 Same 32 x 32 x 60 32x32x16
Fu_block-2 MaxPool 2 x 2/2 32x32x16 16 x 16 x 16
Fusion layer
Fu_block-3 Conv3x3/1 8 Same 16 x 16 x 16 16 x 16 x 8
MaxPool 2 x 2/2 16 x 16 x 8 8x8x8
Fu_block-4 8 %8x8
X 8 X
Concat 8% 8x8 8 x8x16
Convlx1/1 8
Conv1x1/1 16
Sc_block-1 Conv1x1/1 32 Same 8x8x16 8 x 8 x 40
Conv3x3/1 16
Scori Conv5x5/1 16
coring layer
Conv1x1/1 8
Convlx1/1 16
Sc_block-2 Conv1x1/1 32 Same 8 x 8 x40 8 x 8 x 60
Conv3x3/1 40
Conv5x5/1 16
GAP 8x8 8 x 8 x 60 1 x60
Output layer
Output Classifier 1 x 60 4
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3. Results and Discussions
3.1. Implementation Details

The FCN-DRSA network structure incorporates the FCN-8S as the backbone, with the
addition of the DRSA module between the encoder and decoder. The network is fine-tuned
with a learning rate of 1 x 104, a Batch Size of 16, and it is trained for 100 epochs. We utilize
the Ljjc, as the loss function and employ Adam to optimize the segmentation network.

The multi-channel scoring network is trained using a five-fold cross-validation strat-
egy. This strategy involves updating the test set five times for each type of IHC image
while the remaining data are used as the training set. The initialization parameters of all
models were pre-trained using ImageNet. The experimental setup includes the following
configurations: the initial learning rate is set to 0.0001, automatically adjusted using a
learning rate scheduler; the momentum is set to 0.9; the optimizer is set to the Adam
function; num_groups is set to 4. We set Lsore as the loss function, and the number of
epochs is 40. The training process was performed on a system equipped with an i9-9900K
CPU, NVIDIA GeForce RTX 2080Ti x2, and 64 GB of memory, running on the Windows
10 operating system. The software versions used were Python 3.6 and PyTorch 0.4. The
distribution of the training and test sets for each scoring category is shown in Figure 9.
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Figure 9. Distribution of experimental datasets, which is divided into the training set and the test set
according to a certain proportion.

3.2. Diagnostic Region Segmentation Results

Figure 10 shows examples of diagnostic region segmentation. We display IHC images
of four scoring categories in Figure 10a, which exhibit different staining intensities, areas,
and tissue structures of IL-24. Key areas with strong staining or complex boundary areas are
selected for an enlarged display to observe the segmentation effect more clearly. Figure 10b
shows the rough segmentation of the region in the IHC image by FCN-8S. It is evident
that the boundary of the segmentation result is fuzzy, and the regional continuity is poor,
indicating insufficient attention to the diagnostic region. Figure 10c shows the diagnostic
region attention heat map generated by introducing the DRSA module based on FCN-8S.
It can be observed that the attention to the diagnostic region is enhanced by the spatial
attention mechanism. The color area represents the area with high attention, while the
darker surrounding area represents the positive staining area. Figure 10d shows the
segmentation result of the FCN-DRSA network proposed in this paper, which is generated
by superimposing the diagnostic region attention heat map on the original image. It can be
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seen that the diagnostic region segmentation boundary is clear and continuous, with better-
preserved details. The segmentation result demonstrates high accuracy and robustness
for complex structures and uneven staining. Finally, the diagnostic region is effectively
focused on, and the non-diagnostic region is suppressed.

We employ pixel-level classification accuracy metrics Dice Coefficient (DC) and Pixel
Accuracy (PA) to quantitatively assess the performance of segmentation, as demonstrated
in Equations (11) and (12).

_ 2%|PSNRS]
DC(PS, RS) = "~ g (11)
TDA+TNA
PA= =20 (12)

where PS represents the predicted segmentation results, and RS symbolizes the actual
segmentation mask. TDA denotes the number of pixels predicted and accurately labeled
as diagnostic areas, while TN A signifies the number of pixels correctly identified as non-
diagnostic areas. Lastly, TA stands for the total number of image pixels. Frames Per Second
(FPS) refers to the number of samples that the model can perform inference per second.

—
L

» g ¢

Figure 10. Diagnostic region segmentation example. ((a) Original IHC Image displaying categories
in descending order: 3+, 2+, 1+, and 0. (b) Positive area representation derived from FCN-85
segmentation. (c) Intermediate rendering showcasing the introduction of the attention mechanism.
(d) Final output focusing exclusively on the diagnostic area).
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We compared our proposed method, FCN-DRSA, with representative and advanced
methods in the field of image segmentation, including SFCN-OPI [57], KiNet [58], SLIC-
SVM [32], U-Net [59], and DeepLabv3 [60]. Among them, SLIC-SVM combines traditional
machine learning and superpixel technology. U-Net and DeepLabv3 are classic semantic
segmentation models that achieve multi-scale feature fusion through skip connections,
similar to the model proposed in this paper. SFCN-OPI guides region segmentation by
introducing prior knowledge and is suitable for focusing on diagnostic regions. KiNet
transforms the segmentation problem into a structural regression problem and designs two
branches for ROI segmentation and classification. By comparing these methods, we can
comprehensively evaluate the advantages and disadvantages of our proposed FCN-DRSA
method and verify its effectiveness in the diagnostic region segmentation task.

As shown in Figure 11 and Table 4, U-Net and DeepLabv3 are commonly used for
image semantic segmentation tasks; however, they lack a regional attention mechanism,
resulting in fuzzy segmentation of diagnostic areas and reduced accuracy. In contrast,
SLIC-SVM leverages an SVM classifier to predict superpixel labels for diagnostic region
segmentation. While this approach extracts features at the superpixel level and employs an
SVM classifier, it may lead to spatial discontinuities with lower DC and PA values.

FCN-DRSA

SLIC-SVM
Figure 11. Results of segmentation obtained with SegNet, FCN-8s, and DeepLabv3.

Table 4. Quantitative comparison of methods for diagnostic region segmentation.

Model DC PA FPS
U-Net [59] 0.7934 0.7847 35
DeepLabv3 [60] 0.8054 0.8272 30
SLIC-SVM [32] 0.8301 0.8798 28
SFCN-OPI [57] 0.8579 0.9057 25
KiNet [58] 0.8875 0.898 27
FCN-DRSA 0.9021 0.9471 23

On the other hand, SFCN-OPI adopts direct pixel classification for segmentation,
often focusing solely on individual pixel characteristics while neglecting global features.
In contrast, KiNet is a deeply structured regression model with two branches designed
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to perform both ROI segmentation and classification, achieving notably high DC and
PA values.

Our FCN-DRSA shows higher Dice and PA values in IHC image diagnostic region
segmentation, promising significantly improved accuracy in subsequent scoring. However,
its FPS value is low, indicating that the processing speed is slow. This is mainly because
the DRS module needs to perform multiple convolution and weighting operations on the
feature map, increasing the computational complexity and processing time. Considering
that accurate segmentation of the image has a key impact on the final IHC scoring results,
the decrease in processing speed is acceptable. In the future, we will consider using a higher-
performance GPU and optimized computing library to improve the operating efficiency of
the model, thereby balancing processing speed and accuracy.

3.3. Expert Strong Feature Description Map

We present experimental renderings of IL-24 IHC images for lung cancer, diagnosed
as 2+, incorporating areas of partial magnification for detailed view. Figure 12 exhibits
discernible disparities in the staining intensity across different regions; the diagnostic area is
the most luminous, the non-diagnostic area is predominantly dimmer, and the background
area is the darkest. To represent staining intensity, a violin plot is illustrated in Figure 13.
It reveals that the IL-24 staining intensity values in the diagnostic area predominantly
range between 130 and 200, while in the non-diagnostic area, they are between 50 and
70. The width and area of the box in the violin plot intuitively showcase the staining
area characteristics of IL-24, offering an immediate visual insight into the distribution and
density of the staining intensity. The mask image created, based on the DAB-Luminance
method proposed herein, mitigates the image complexity while preserving the intrinsic
robust features identified by experts.

(a) (b)

Figure 12. Example of expert strong feature extraction based on DAB-LAMT algorithm. (a) original
images; (b) expert strong feature description map.

3.4. Lung Cancer IHC Scoring Results

To evaluate the effectiveness of the method within the framework presented in this
paper, we designed six groups of ablation experiments (see Table 5). Each group of
experiment settings differed, including different inputs, the presence or absence of a
diagnostic region segmentation method, and the use of distinct scoring networks.
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Figure 13. Distribution of staining intensity in diagnostic and non-diagnostic areas.

In Group 1, we input the original IHC images and the expert strong feature descrip-
tion maps obtained by the DAB-LAMT algorithm into the multi-channel scoring network
without further processing of diagnostic region segmentation. The comparison between the
results of Group 1 and Group 3 is employed to assess the effectiveness of FCN-DRSA. In
Group 2, the feature maps after diagnostic region segmentation and expert strong feature
extraction are input into a single-channel scoring network (VGG19), whose structural pa-
rameters are consistent with the backbone parameters of the dual-channel scoring network.
The comparison between the results of Group 2 and Group 3 serves to validate the efficacy
of the Multi-channel scoring network introduced in this paper. Furthermore, in Groups
4 and 5, ResNet18 was selected as the scoring network, and the three-channel original
IHC images and the single-channel expert strong feature description maps were input,
respectively. The comparison between the results of Group 3, Group 4, and Group 5 is
conducted to confirm the effectiveness of the proposed expert strong feature description
maps. Finally, Groups 3, 4, and 6 present comparative results between the method proposed
in this paper and prevalent deep network models.

Table 5. Ablation experiment setup table.

Group Input Method Scoring Network
. . Expert Stron The Multi-
The Original Featufe Descrip%ion FCN- Channel ResNet18 VGG19
IHC Image M DRSA Network
ap etwor

1 MD-Net v v v

2 RM-Net v v v v
3 RMD-Net(Our) v/ v v VA

4 ResNet18-RGB v/ v

5  ResNetl8-Expert Map v v

6 VGGI19 v/ v

The training loss and accuracy curves for the six experimental groups outlined in
the table can be observed in Figures 14 and 15. Notably, the training curve of the VGG19
experiment exhibits significant fluctuations, indicating that the model’s learning process
is unstable and struggles to adapt to the data’s characteristic distribution. In contrast, the
RM-Net experiment displays a sluggish convergence speed, reaching the fitting state after
25 epochs, which suggests limited learning capacity. ResNet18-RGB demonstrates limited
learning capacity for the original image, as evidenced by its slower convergence speed and
greater fluctuations. In contrast, ResNet18-Expert Map, when provided with the expert
feature map as input, surpasses the RGB input in learning speed, final accuracy, and loss
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value. Meanwhile, the MD-Net stabilizes its loss value after the 18th epoch, although it
concludes with a relatively high Train_loss of 0.062. The proposed RMD-Net achieves low
loss values and high accuracy within the initial 10 training epochs, demonstrating excellent
learning efficiency. The loss and accuracy curves remain exceptionally smooth throughout
the training process, highlighting the robustness of the model structure and the stability
of the optimization process. Ultimately, the model achieves a remarkably low Train_loss
value of 0.015.

Upon observing the Test_acc (test accuracy) and MAE (mean absolute error) values
in Table 6, it can be found that the training curve of MD-Net stabilizes after epoch 18,
showing good convergence. However, its test accuracy (90.12%) is 5.82% lower than that of
RMD-Net (95.94%). The training loss (0.062) is 0.047 higher than that of RMD-Net (0.015),
and the mean absolute error (0.129) is 0.025 higher than that of RMD-Net (0.104). This
demonstrates that focusing on the diagnostic area and suppressing the non-diagnostic area
can improve the IHC scoring results, indicating the effectiveness of the diagnostic area
segmentation method FCN-DRSA proposed in this paper.

The test accuracy of RMD-Net (95.94%) is 7.03% higher than that of RM-Net (88.91%).
The training loss (0.015) is 0.012 lower than that of RM-Net (0.027), and the mean absolute
error (0.104) is 0.027 lower than that of RM-Net (0.131). This demonstrates that the dual-
channel scoring network proposed in this paper enhances the model’s ability to recognize
and classify IHC images by extracting and fusing features of different modalities, thus
improving scoring accuracy.

Accuracy Curve
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Figure 14. Accuracy curves of our model and other networks training with lung cancer IHC image
datasets in 40 epochs.

Table 6. Comparison of training and testing of different models.

Model Train_loss Train_acc Epochs Test_acc MAE
VGG19 0.011 0.973 40 84.48% 0.192
ResNet18-Expert Map 0.054 0.901 40 73.79% 0.367
ResNet18-RGB 0.020 0.995 40 87.30% 0.157
RM-Net 0.027 0.991 40 88.91% 0.131
MD-Net 0.062 0.989 40 90.12% 0.129

RMD-Net 0.015 0.998 40 95.94% 0.104
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Figure 15. Loss curves of our model and other networks training with lung cancer IHC image datasets
in 40 epochs.

In addition, by comprehensively comparing the Test_acc and MAE values of the
RMD-Net, ResNet18-Expert Map, and ResNet18-RGB methods, it can be found that the
combination of multi-modal information, such as expert robust feature description maps
and original images, has a significant impact on the scoring results. This demonstrates
that the expert strong feature extraction method proposed in this paper can focus on
core features, objectively quantify the expression of IL-24, and improve the accuracy and
robustness of IHC scoring.

3.4.1. Qualitative Analysis

To investigate the impact of various interferences in tumor tissue IHC images on
the proposed scoring framework, we conducted a detailed individual analysis of selected
images from the scoring results. Figure 16 illustrates the scoring outcomes of the RMD-Net
and ResNet18-RGB methods proposed in this paper. Among the analyzed images, the
IL-24 THC images belonging to categories 0 and 1+ exhibit complex backgrounds, noise
interference, blurred areas, and tissue adhesion. Remarkably, the scoring results generated
by RMD-Net are all accurate, which contrasts with the biased scoring results produced
by ResNet18-RGB. In category 0 IHC images, the weak staining intensity makes noise
interference particularly prominent in the staining regions, increasing the likelihood of false
positives. Additionally, blurred staining areas caused by focus offsets or image acquisition
issues result in a loss of staining signal details. In category 1+ IHC images, the weak
positive staining signals are often unevenly distributed, and tissue adhesion can exaggerate
the positive intensity of certain regions, leading the model to mistakenly classify them as
2+ or 3+. Images of category 3+ demonstrate tissue heterogeneity, which arises due to the
inherent variations in shape and structure within tumor tissue. To mitigate the influence
of such variations, this paper incorporates expert knowledge to extract artificial features,
thereby avoiding interference from other features. Category 2+ images display issues
related to non-uniform dyeing and color variation. These discrepancies can result from
non-uniform dyeing reactions or changes in lighting conditions. However, the proposed
method effectively overcomes these challenges, indicating that the multi-channel scoring
network exhibits superior robustness and specificity in such scenarios.
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3.4.2. Quantitative Analysis

In order to analyze the scoring results of each category of IHC images, we constructed
a confusion matrix, which is a commonly used visual representation in the field of pattern
recognition. To enhance the clarity of the results, we integrated the confusion matrix into
a heat map, as depicted in Figure 17. The results indicate that among the six comparison
experiments conducted, the prediction score accuracy for IHC images in the category 0+ is
relatively low. The staining of the category 0+ is typically sparse, with positive areas being
very small or nearly indistinguishable from the background, making it easy for the model
to confuse these regions with background signals. Furthermore, the class 0+ generally
lacks prominent staining signals and is highly susceptible to noise interference. The feature
attenuation in category 0+ (blurred boundaries and the absence of distinct color or shape)
further diminishes the model’s ability to effectively capture its features. However, the
method proposed in this paper achieves the highest prediction accuracy for scores of
0+. RM-Net demonstrates the highest accuracy in predicting scores for class 1+ IHC
images, while MD-Net excels in predicting scores for category 2+ IHC images. Notably, the
prediction score accuracy plots for category 3+ IHC images exhibit similar trends across
all six experiments. In summary, the scoring framework proposed in this article exhibits
superior overall performance and robustness in predicting scores for different categories of

IHC images.
True score ResNet18- prediction i ‘T“’fjc"
prediction
Pre_score=2+ Pre_score=2+
3+ Pre_score=3+

Pre_score=1+

u,y .:::"»‘:é.“,‘:* .
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Pre_score=2+
2+

-C.\ _

Pre_score=1+
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Figure 16. Examples of IL-24 images for four scoring categories. On the left are predictions by the
ResNet18 model; on the right are predictions by our proposed method.
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To enable a more intuitive comparison of the predictions made by different methods
for each category image and emphasize the effectiveness of the method proposed in this
paper, we calculated the prediction Precision, Recall, Specificity, F1 Score, and G-mean of
each category based on the confusion matrix. As follows:

Precision = 7TPTFP (13)
Recall = 7TPY41—PFN (14)
Specificity = TZ\TTifFP (15)

Fisee - 3 Pt
G — mean = \/Recall - Specificity (17)

where TP, FP, and FN represent true positives, false positives, and false negatives, respec-
tively. Finally, the Precision, Recall, F1 score and G-mean of each category are shown in
Figure 18a—d.

The F1 score is a metric that represents a weighted average of a model’s precision
and recall. It provides a comprehensive evaluation of a model’s performance. The G-
mean metric is particularly useful when the class distribution is imbalanced, meaning
that the number of instances in one class is significantly larger than the other. From
Figure 18¢,d, it is evident that the F1 score and G-mean values of the RMD-Net method
proposed in this article for each type of IHC image are higher compared to the results
obtained from the ResNet18-Expert Map and ResNet18-RGB methods. This observation
showcases the effectiveness of combining expert features with deep abstract features, as
proposed in this paper. Furthermore, the F1 score and G-mean values of RMD-Net for each
type of IHC image surpass those of the RM-Net method, confirming the effectiveness of
the dual-channel scoring network introduced in this research. Additionally, the F1 score
and G-mean values of RMD-Net for each type of IHC image outperform those of the
MD-Net method, indicating that the proposed diagnostic region segmentation method
effectively enhances the final IHC scoring results. From Figure 18a, it can be observed
that the prediction precision for categories 2+ and 3+ is relatively high, indicating a low
false alarm rate for IL-24 positive and strong positive instances. Considering that the
categories 2+ and 3+ exhibit stronger staining signals, more distinct features, and are less
influenced by background noise and other interferences. Additionally, regions with high
staining intensity tend to have greater consistency and clearer boundaries. The DRSA
module effectively enhances the model’s attention to these areas, improving its feature
extraction capability for the 2+ and 3+ categories and thereby achieving higher scoring
accuracy. Similarly, Figure 18b reveals that the recall rates for category 1+, category 2+, and
category 3+ are all higher than that of category 0+, suggesting a low false negative rate of
IL-24 positivity in cancer patients from a clinical standpoint.

To assess the performance of the algorithms across the dataset, we divided the
IL-24 images into four groups based on the pathologists’ scores. For each group, we
counted the number of I1L-24
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Figure 17.
Map; (c) ResNet18-RGB; (d) RM-Net; (e) MD-Net; (f) RMD-Net (Our model).

(a) VGG19Net; (b) ResNet18-Expert

Images with absolute error (AE) of 0, 1+, 2+, and 3+, respectively. The results of
different methods are shown in Figure 19. During the analysis, we identified anomaly
detection in the scoring of 3+ category IHC images. Upon observing the dataset, it was
found that six images exhibited poor quality, leading to incorrect predictions. Additionally,
the ResNet18-Expert Map method showed the poorest prediction scores for 2+ class IHC
images. On the other hand, the method proposed in this article, RMD-Net, demonstrated a
reduction in abnormal prediction scores for all categories of IHC images, including 0, 1+,
2+, and 3+. This indicates that the proposed RMD-Net method effectively addresses and
mitigates the issues associated with abnormal predictions in various IHC image categories.
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3.5. Segmentation Accuracy Evaluation

This section aims to assess the influence of diagnostic region segmentation accuracy on
IHC scoring. Table 7 illustrates the correlation between the diagnostic region segmentation
accuracy of various models and their IHC score prediction. It can be observed that the per-
formance of IHC scoring is improved with the segmentation accuracy. Among the models
analyzed, the FCN-DRSA, a diagnosis-related region segmentation network developed
in this study, exhibits the highest segmentation accuracy, consequently yielding the most
accurate IHC score prediction. This experiment demonstrates that enhancing the specificity
of biomarker expression areas through regional segmentation can improve subsequent
IHC scoring accuracy. This finding contrasts with numerous studies in the literature where
the entire tumor tissue image is fed into the CNN without discerning whether a region is
relevant to the objective or not.

Table 7. Performance comparison of IHC scoring with different diagnostic region segmentation models.

Model Segmentation Accuracy IHC Scoring
DC PA Test_acc
SegNet 0.8134 0.8647 90.08%
U-Net 0.8254 0.8772 90.82%
FCN-8s 0.8301 0.8798 91.26%
DeepLabv3 0.8579 0.9057 91.75%
FCN-DRSA 0.9021 0.9471 95.94%

3.6. Comparative Analysis

(a) Comparison with popular methods: To evaluate the performance of RMD-Net in
terms of accuracy, robustness, and computational efficiency, we conducted a systematic
comparison with several popular methods, including DenseNet, ResNet, and MobileNet,
using the lung cancer IHC image dataset described in this study. Additionally, to assess the
robustness of RMD-Net, we introduced interference factors, such as Gaussian noise and
brightness adjustments, into the test set. As shown in Table 8, DenseNet-121 and ResNet-50
demonstrate strong IHC scoring performance, achieving accuracies of 85.26% and 83.74%,
respectively. However, both models incorporate numerous dense and residual connections,
resulting in high parameter counts and computational complexity. In contrast, GoogleNet
and MobileNet (V1) are more suitable for tasks with limited computational resources and
lower precision requirements. Notably, RMD-Net surpasses other mainstream models
in both accuracy and F1 score while maintaining computational complexity within an
acceptable range.

Table 8. Performance and efficiency comparison of RMD-Net and popular models.

Scoring Performance Computational Efficiency
Model
ode Accuracy F1 Score Parameters GFLOPS

EfficientNet(B7) 81.38% 79.60 61M 20
DenseNet121 85.26% 83.29 15.6M 7.8
GoogleNet 80.82% 77.08 10.5M 6.5
ResNet50 83.74% 81.87 30.7M 41
MobileNet(V1) 77.23% 75.61 7.9M 3.2

RMD-Net 94.21% 87.55 25.4M 10.3
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In addition, RMD-Net demonstrates exceptional robustness in IHC scoring tasks,

primarily due to its DRSA mechanism. This mechanism enhances the model’s ability to

focus on diagnosis-relevant areas by generating attention maps, effectively suppressing

interference from non-diagnostic regions and artifacts. When integrated with the DAB-

LAMT algorithm, RMD-Net accurately extracts expert-level features under varying staining

conditions and maintains stability even in samples with significant brightness variations or

complex noise. Furthermore, the model integrates these expert-level features with deep
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learning’s abstract features, enhancing its adaptability and interpretability. This design
ensures consistent and accurate performance in complex clinical scenarios.

(b) Comparison with state-of-the-art methods: To evaluate the efficacy of our pro-
posed method in quantifying IL-24 immune molecule expression, we conducted a com-
parative analysis using a unified lung cancer IHC image dataset from the Institute of
Life Sciences and Bioengineering, Beijing Jiaotong University. As shown in Table 9, this
approach ensures an equitable and statistically robust comparison across all analytical
techniques examined. Niyas et al. [61] employed an improved LadderNet architecture
for biomarker expression segmentation and quantification, achieving 83.20% classification
accuracy. However, LadderNet’s multi-scale feature processing and long skip connections
result in extended training times and high memory consumption, limiting its efficiency.
Feng et al. [16] utilized a DenseNet-based scoring model, attaining 87.32% accuracy and
a 76.65 F1 score. While effective, this method does not incorporate regional attention
or expert knowledge, potentially limiting its performance on complex IL-24 expression
patterns. Ghoshal et al. [40] proposed HBNet, a hybrid Bayesian neural network combining
CNN and manual features. Despite its simpler structure and lower memory requirements,
the manual feature extraction process extends preprocessing time and yields lower scoring
accuracy. Lai et al. [62] proposed an integrated multi-model data processing system. How-
ever, when applied to IL-24 IHC image analysis in lung cancer, this approach achieved only
66.78% accuracy and a 60.46 F1 score. These results indicate its limitations in addressing
the unique challenges of color overlap and irregular histomorphology in IL-24 expression
quantification for lung cancer tissues. Ghahremani et al. [63] introduced DeepLIIF, a multi-
task deep learning framework for IHC image analysis, achieving 90.01% accuracy and
87.72 F1 score. However, this approach lacks integration of expert knowledge in feature
extraction and fails to adequately focus on key diagnostic regions. These limitations result
in reduced processing efficiency, interpretability, and robustness, particularly for complex
lung cancer IHC images. He et al. [64] proposed a “block” attention mechanism and a
DarkNet-based scoring network, achieving a scoring accuracy of 91.71%. It can process
images of different resolutions through clustering preprocessing operations. The feature ex-
traction block is primarily based on residual blocks, featuring simple structural parameters
and low memory usage.

In contrast, our RMD-Net framework specifically addresses IL-24 IHC analysis in lung
cancer. By combining FCN-DRSA, DAB-LAMT, and a multi-channel scoring network, we
integrate deep learning with expert knowledge. This approach enhances accuracy and
interpretability, closely aligning with pathologist assessments and advancing automated
IL-24 THC scoring in lung cancer.

3.7. Limitations and Future Directions

Considering the intricacies of the clinical setting, we delved deeper into the influence
of the quality of lung cancer tissue microarray slides on our proposed methodology. Our
findings indicate that issues such as defocusing, heterogeneity, and inconsistent staining in
the test slides could skew the predictions of our approach. Specifically, inaccurate focusing
during microscope imaging can result in blurred regions, adversely impacting the segmen-
tation of diagnostic areas and allowing non-diagnostic regions to influence scoring results,
particularly in 0+ and 1+ weakly stained images. Additionally, the heterogeneity of tumor
tissue leads to uneven distribution of staining signals, which can blur the boundaries of
stained regions and further complicate the scoring process. Variations in staining intensity
within IHC images from the same tissue slice, such as weak staining or overstaining, also
interfere with the model’s ability to accurately determine specific grades.
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Table 9. Comparative analysis of existing methods for assessing lung cancer IHC image status.

Reference Method Remarks

LadderNet: A network combining
Niyas et al. [61] (2023) multiple encoders and decoders via
long skip connections

83.20% Accuracy
72.38 F1 score

The small field-of-view image

centered on the cell nucleus is input 87.32% Accuracy
Feng etal. [16] (2020) into the DenseNet backbone network 76.65 F1 score
for classification and scoring
HBNet, for extracting deep 89.25% Accuracy
Ghoshal etal. [40] (2021) image features 83.31 F1 score
. . . 66.78 Accuracy
Lai et al. [62] (2020) An integrative DNN framework 60.46 F1 score
Ghahremani et al. [63] A multi-task deep learning 90.01% Accuracy
(2022) framework referred to as DeepLIIF 87.72 F1 score

Block attention mechanism;
He et al. [64] (2024) Improved lung cancer IHC scoring
network based on Darknet

RMD-Net(FCN-DRSA; multi-modal
Our method feature extraction; the dual-channel
scoring model)

91.71% Accuracy
88.79 F1 score

95.94% Accuracy
89.00 F1 score

In response to these identified constraints, a straightforward solution is to incorporate
low-quality images into the training set, thereby enhancing the model’s resilience. In
addition, incorporating image processing modules, such as focus optimization, background
denoising, or staining normalization, before feeding images into the scoring network could
help mitigate the impact of low-quality images on model predictions. Additionally, rein-
forcement learning techniques could be employed to adaptively adjust low-quality images,
enhancing the network’s sensitivity and specificity when handling suboptimal images.

Evaluation and detection of IHC biomarkers in tumor tissues play a pivotal role
in determining the suitable treatment for cancer patients. This research will delve into
the nuances and commonalities of automatic detection and scoring methods for various
biomarkers across different cancers. Our insights aim to pave the way for future advance-
ments in the automated detection of clinical tumor immunohistochemistry.

4. Conclusions

In this paper, we introduce a scoring network framework named RMD-Net, specifi-
cally tailored for the evaluation of lung cancer IHC IL-24. The framework comprises three
stages: initial segmentation of the diagnostic area, subsequent extraction of robust expert
feature maps, and the ultimate integration of multiple modal features into the multi-channel
scoring network, culminating in the output of IHC scoring results. In our study, we metic-
ulously crafted six groups of comparative experiments, performing both qualitative and
quantitative analyses of the outcomes. Furthermore, we conducted a thorough comparison
with contemporary state-of-the-art methods. Our approach, as presented in this paper,
outperforms other experimental results, boasting a precision of 89.25%, an F1 score of 89.00,
and an accuracy of 95.94%. In summary, the regional attention mechanism and expert
strong feature extraction method proposed in this framework meet the requirements of
pathology experts and ensure the high accuracy and interpretability of the scoring results.
Additionally, the multi-modal features are fused through the multi-channel scoring net-
work to improve the model’s scoring performance, demonstrating its effectiveness and
superiority in processing complex image tasks. The final scoring results are statistically
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