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A B S T R A C T   

Defining an ERBB2 (HER2/neu) gene amplification status is critical to guiding human epidermal 
growth factor receptor 2 (HER2)-targeted therapy in breast cancer. Up to 40% of breast cancer 
patients are reported as having an immunohistochemistry (IHC) of HER2 2+ and requiring addi
tional testing using fluorescence in situ hybridization to confirm the results. This paper aims to es
tablish an automatically weighted calibration deep learning (AWCDL) algorithm to predict ERBB2 
amplification based on IHC images. In this study, we applied IHC HER2 2+ images from 1,073 breast 
cancer patients at three cancer centers in China and extracted 376,099 tiles. Among these, 269,664 
tiles were used for internal and external validation. The designed AWCDL consists of two steps. In 
Step 1, the internal validation achieved an accuracy of 89%, with a specificity of 0.89 and a sensi
tivity of 0.89. The external validation in the two other centers showed an average accuracy of 85%, 
with a specificity of 0.86 and a sensitivity of 0.82. In Step 2, the model achieved higher accuracy for 
the slides predicted as negative in Step 1 by automatically calibrating the weight. Collectively, these 
results suggest that this AWCDL model has successfully proved useful as an alternative method to 
fluorescence in situ hybridization for assessing the ERBB2 amplification status in breast cancer.  

https://doi.org/10.1016/j.intonc.2025.03.008 
Received 31 January 2025; Received in revised form 20 March 2025; Accepted 20 March 2025 
Available online 27 March 2025 
2950-2616/© 2025 The Author(s). Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open access article 
under the CC BY license (http://creativecommons.org/licenses/by/4.0/).  

]]]] 
]]]]]] 

⁎ Corresponding authors. 
E-mail addresses: mengxf@nscc-tj.cn (X. Meng), kangbo@nscc-tj.cn (B. Kang), xubo@tmu.edu.cn (B. Xu). 

# These authors contributed equally to this work. 

https://doi.org/10.1016/j.intonc.2025.03.008
http://www.sciencedirect.com/science/journal/29502616
https://www.keaipublishing.com/en/journals/intelligent-oncology/
https://doi.org/10.1016/j.intonc.2025.03.008
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1016/j.intonc.2025.03.008&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.intonc.2025.03.008&domain=pdf
mailto:mengxf@nscc-tj.cn
mailto:kangbo@nscc-tj.cn
mailto:xubo@tmu.edu.cn


1. Introduction 

Breast cancer is a common malignant tumor among women. A statistical study showed that breast cancer became the leading 
diagnosed cancer worldwide in 2020.1 Breast cancer is divided into four inherent molecular subtypes based on the expression of 
hormone receptors and human epidermal growth factor receptor 2 (HER2) expression: Luminal A, Luminal B, HER2-enriched, and 
triple-negative breast cancer.2 The HER2-positive subtype accounts for 15%–20% of breast cancer cases, and its prognosis was poor 
before anti-HER2 targeted therapy was developed.3,4 Therefore, accurately identifying the amplification status of the ERBB2 gene, 
which encodes HER2, is critical for the clinical management of patients with breast cancer.5 Immunohistochemistry (IHC) has been 
used to detect HER2 expression in pathology.6 According to the guidelines, HER2 expression is defined as negative if the IHC results 
are zero or 1+ and positive when the result is 3+ .7 However, when the IHC result is 2+ (weak to moderate complete membrane 
staining observed in over 10% of tumor cells), an additional fluorescence in situ hybridization (FISH) test is recommended to confirm 
ERBB2 gene amplification.8 In general, HER2 IHC is highly subjective, and as many as 40% of these patients could be reported as 
2+ .9 Consequently, a great number of patients require a FISH test. However, the FISH test, itself, requires experienced pathologists 
and specific techniques that may not be available in many hospitals.10 Additionally, it imposes an extra financial burden on patients, 
as the cost may not be covered by health insurance.11 

Given these challenges, there is a growing need to explore alternative methods for HER2 detection that can overcome the lim
itations of IHC and FISH. Traditionally, HER2 expression detection in breast cancer has been categorized into positive (IHC 3+/FISH 
amplification) and negative (IHC 2+/FISH‐, IHC 1+, IHC 0) groups.12 However, recent studies have highlighted the importance of 
HER2-low and HER2-zero subtypes, which have distinct clinicopathological characteristics and therapeutic responses.13 The emer
gence of new anti-HER2 targeted therapies, such as trastuzumab deruxtecan, has shown efficacy in HER2-low breast cancer patients, 
emphasizing the need for more accurate HER2 detection methods. Traditional methods, such as IHC and FISH, have limited sensi
tivity and specificity, particularly in the lower range of HER2 expression. Recent advancements in machine learning have enabled the 
label-free detection of cellular HER2 with high accuracy, providing a promising technique for dynamic therapeutic surveillance.14 

Despite these advancements, existing digital image analysis (DIA) methods for HER2 detection face several limitations. A systematic 
review by Dunenova et al. highlighted that, while DIA algorithms show high accuracy in detecting HER2 status, there is a notable 
absence of direct evidence supporting their clinical application.15 The review emphasized the need for standardized evaluation 
criteria and clinical validation to enhance the reliability and applicability of these algorithms in real-world clinical settings. Bannier 
et al. developed a deep-learning model for HER2 detection, achieving high accuracy in identifying HER2-low and HER2-positive 
tumors. However, the study noted that morphological variables and specific artifacts, such as extensive fibrosis and nonspecific 
background staining, can cause discrepancies between pathologist and model assessments.16 These challenges underscore the im
portance of developing robust and clinically validated tools for HER2 detection. 

In this context, the integration of artificial intelligence (AI) and digital pathology has emerged as a promising solution to enhance 
the accuracy and efficiency of HER2 detection. AI, particularly deep learning algorithms, is gaining extensive attention for its un
paralleled excellent performance in digital image information capture.17 The integration of deep learning and digital pathology has 
improved diagnostic accuracy and increased work efficiency.18 In the CAMELYON16 study, AI was used to help pathologists screen 
for lesions in histopathological slides.19 Machine learning can also improve microscopy techniques, such as increasing the accuracy of 
diagnosing prostate cancer and identifying metastatic breast cancer.20,21 Regarding the same subject matter, features in different 
models might have connections not visually recognizable by the human eye.22 The traditional methods that use only color nor
malization might not always yield reliable results because they overlook other features.23,24 

Building on these advancements, we developed the automatically weighted calibration deep learning (AWCDL) algorithm to 
address the specific challenges of HER2 detection in IHC images. The AWCDL algorithm extracts IHC features from different centers 
and connects them to FISH results, enabling the definition of ERBB2 gene amplification without a FISH test on digital whole-slide IHC 
images. 

2. Methods 

2.1. Datasets 

We retrospectively collected whole-slide images (WSI) of HER2 IHC images from 1,073 patients in three hospitals with confirmed 
FISH results. The hospitals providing the images were Tianjin Medical University Cancer Institute & Hospital (TMUCIH), Xi’an 
Jiaotong University First Affiliated Hospital (XJTUFAH), and Tangshan People’s Hospital (TPH). The enrolled IHC images were 
confirmed by three pathologists before being sent for AI processing. The HER2 expression was based on “Recommendations for HER2 
testing in breast cancer: American Society of Clinical Oncology/College of American Pathologists clinical practice guideline up
date.”25 This study complies with the Institutional Review Board of each participating institute (No.: bc2018006). This study was 
exempt from the requirement to provide informed consent to the Institutional Review Board because of its retrospective nature. 

2.2. Training cohort 

Between January 1, 2016, and December 31, 2017, HER2 IHC 2+ images from 789 cases were judged as qualified for training and 
internal validation at the Department of Breast Pathology at TMUCIH, the main research center of this study. Among them, 676 slides 
with a positive-to-negative ratio of 1:1 were used for training purposes. The slides were delineated using a rectangle frame as regions 
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of interest (ROIs) and then segmented into tiles with a pixel resolution of 512 × 512 for training (Figure 1). The ROIs were delineated 
based on the FISH testing regions and representative staining regions. The mean number of ROIs on each slide was four (Figure S1). 

2.3. Validation cohort 

The validation cohorts consisted of 369 patients from either TMUCIH (internal validation cohort, 113 patients), XJTUFAH 
(XJTUFAH external validation cohort, 142 patients), or TPH (TPH external validation cohort, 114 patients). In addition, we tested 28 
patients from TMUCIH who were diagnosed with IHC 1+ but also had FISH results to observe whether the algorithm could detect 
false negatives (FNs) of IHC. 

2.4. Sample preparation 

The thicknesses of all IHC slides were 3 μm, and the slides were stained based on the processing protocols of each hospital. The 
staining protocols varied slightly but were stained with an IHC Immuno–HistoStainer (Leica, Germany). The slides were then scanned 
using two high-resolution scanners (×40): Nanozoomer 2.0 (Hamamatsu Photonics, Japan) and Leica Microsystems SCN400 (Leica 
Microsystems Wetzlar GmbH, Germany). The ROI images were reconfirmed in terms of the 2+ score by three pathologists at 
TMUCIH, each with ≥10 years of specialized experience in breast cancer pathology. 

2.5. Tile selection 

We segmented the original ROI pictures into tiles with a pixel resolution of 512 × 512. Representative tiles were predicted to be 
stained and non-stained regions, the last being excluded for further analysis. The screening process of a qualified tile used the 
following steps: (1) The staining areas around the nucleus in the original ROI images were extracted by color gamut filtering. (2) The 
image was binarized to distinguish the stained area from other areas. (3) The pixel proportion “D” of the staining areas in the binary 
images was calculated corresponding to the original ROI images. (4) The pixel proportion of the stained area of each tile was labeled 
“d,” and the ROI-stained area as “D.” When d <  D× 0.8, it is considered a background interference image and will be removed; 
otherwise, it is considered a qualified tile. 

Figure 1. Pipeline of the deep convolutional neural network classification. The WSI was stored in a TIFF format and input into the computer.  
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2.6. Model establishment and classification 

A transfer learning neural network based on the Inception V4 architecture was used to train 106,435 tiles (36,846 positive and 
69,589 negative). The Inception V4 backbone was pretrained on the ImageNet dataset using standard cross-entropy loss, enabling the 
extraction of generic visual features. Subsequently, the network was fine-tuned end-to-end on our HER2-specific dataset without 
freezing the pretrained encoder weights, allowing adaptation to the unique characteristics of IHC images (e.g., membrane staining 
patterns). The model was iterated for 40,000 epochs, with an initial learning rate of 0.01 for the pretrained layers. The neural 
network architecture comprised two parts:  

• Feature Extraction: The pretrained Inception V4 converted image data into one-dimensional feature vectors.  
• Classification Head: A fully connected layer performed binary classification (HER2-positive vs. HER2-negative). 

This end-to-end training strategy ensured that both the pretrained encoder and the custom classification head were jointly op
timized on the HER2 task. 

2.6.1. Automatic weight calibration 
Considering the imbalance between the positive and negative samples, we used a weighted cross-entropy loss function. The 

weight of the loss function for each label was set inversely proportional to the number of samples. Specifically, the weight for the 
positive class (which had fewer samples) was set higher than that for the negative class. This approach helped the model focus more 
on positive samples, improving its ability to detect HER2-positive cases. The training loss curve was smooth after 4,000 epochs 
(Figure S2). 

2.6.2. Prediction and weight update 
To obtain a prediction score at the individual level, we denoted “X” as the number of tiles per patient. The probability that X tiles 

would be predicted as negative and positive is “n” and “p,” respectively. When n  >  p, the tile was predicted to be negative; 
otherwise, it was predicted to be positive. The slides of the patients were then classified into two sets of “N” and “P”. 

We set the weight of each tile as “w = e^(|n-p|).” The probability of this patient being predicted as negative and positive was then 
divided into “wn” and “wp,” respectively, which was the sum of the weights of the tiles in the corresponding negative and positive sets. 
When wn＞wp, the WSI was predicted as negative; otherwise, it was predicted as positive. 

To decrease the FN rate and strengthen the generalization ability of the model, the code was post-processed for Step 2 to yield a 
better screening tool for negative slides. Negative slides predicted by Step 1 were applied to Step 2 of the model. To promote the 
generalization of Step 2, at least 100 ROIs were input for weight calibration, and the new weight parameters were generated. To 
ensure independence between calibration and test sets, the 100 ROIs used for weight calibration were randomly selected from distinct 
patients. The remaining ROIs from these patients and all ROIs from other patients were allocated to the test set, ensuring no overlap 
of patient-level data between the calibration and testing phases. The specific procedure is as follows:  

(1) Screening: Tiles with a negative prediction and a negative gold standard were screened.  
(2) Quartile Calculation: The quartile of “n” was calculated as (1/4 n), and three-quarters of “p” was calculated as (3/4 p).  
(3) Prediction Value Update: If n  >  (1/4 n), p  <  (3/4 p), (n﹣p) >  1/4(n﹣p), and n  >  p, the tile was predicted to be negative. If 

n  <  (3/4 n), p  >  1/4 p, (n﹣p) <  3/4(n﹣p), and p  >  n, the tile was predicted to be positive.  
(4) Counting: The number of ROIs, the corresponding number of predicted negative tiles (N) and positive tiles (P) on each slide were 

counted. If N  >  P, the prediction was negative.  
(5) Final Decision: Tiles with a negative prediction and a positive gold standard were screened, and three-quarters of N/(N + P) was 

then calculated as “A.” If N/(N + P) >  A, the slide was predicted to be negative. 

2.6.3. Example to explain the automatic weight calibration process 
Consider a dataset for HER2 detection in breast cancercomprising 100 samples, where 10 samples are HER2-positive (positive 

class) and 90 samples are HER2-negative (negative class). The goal is to train a model to classify these samples accurately. 
Weight initialization: The initial weight for each sample is set to 1, meaning all samples have equal importance. 
Weighted cross-entropy loss calculation: To address the 1:9 class imbalance (10 positives vs. 90 negatives), we calculated 

inverse-frequency weights for the loss function: wp = 100/10 = 10, wn = 100/90 = 1.11. These weights ensure the model pays 9 × 
more attention to the minority (positive) class during training. 

Prediction process: For each image tile, the model outputed two probabilities: p: Probability of being HER2-positive; n: 
Probability of being HER2-negative (where p + n =1). Tiles were initially classified as positive if p > n, otherwise negative. 

Tile-level Weight Assignment: Each tile (a smaller image patch from the whole-slide image) is assigned a weight based on the 
uncertainty of its prediction. The weight is calculated as w= e^(|n-p|), where n is the probability of being negative and p is the 
probability of being positive. For a tile with n =0.6 and p=0.4, the weight w = e^(|0.6–0.4|) = e^0.2 ≈ 1.2214. For a tile with 
n = 0.8 and p = 0.2, the weight w = e^(|0.8–0.2|) = e^0.6 ≈ 1.8221. Tiles with higher uncertainty (closer to 0.5) received higher 
weights. 

Prediction Aggregation: The model aggregates the predictions from all tiles in a patient’s WSI to determine the final classifi
cation. If the sum of weights for negative tiles exceeds the sum of weights for positive tiles, the WSI is classified as negative. 
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Post-processing Weight Calibration: After the initial prediction, the model applies a post-processing step to recalibrate the 
weights and reduce the FN rate. For negative slides predicted by Step 1, the model screened tiles with negative predictions and 
positive ground truth. It recalculated the weights using quartile thresholds. For example, if the first quartile of negative probabilities 
is 0.3 and the third quartile of positive probabilities is 0.7, any tile with n  >  0.3, p  <  0.7, (n − p) >  0.3 −0.7, and n  >  p is 
reclassified as negative. 

2.7. Visualization of the model 

The learning process and explanation of the convolutional neural network model are not intuitive to users. To facilitate users’ 
understanding of the prediction process of the model, we visualized convolutional layers from two perspectives: 1) weight calibration 
to be identified as the ROI based on the “Tile selection” step and 2) class activation mapping (CAM) techniques to capture potential 
tumor areas. We used pixel proportion to identify the ROI and reserve the tiles to meet the weights. CAM is a weighted linear sum of 
the presence of these visual patterns at different spatial locations. By simply upsampling the CAM to the size of the input image, we 
identified the suspected tumor area most relevant to the particular category. For a breast cancer IHC HER2 slide, a suspicious tumor 
area on the tiles drew the attention of the model and varied in different tumors. 

2.8. Manual ROI selection in validation and future clinical applications 

To ensure accurate predictions during the validation phase, manual ROI selection was performed by three experienced pathol
ogists (each with ≥10 years of specialized experience in breast cancer pathology) following the American Society of Clinical 
Oncology/College of American Pathologists guidelines. The ROIs were delineated based on the FISH testing regions and re
presentative HER2 IHC 2+ staining areas. In future clinical applications, manual ROI selection will initially be required to calibrate 
the model for specific hospital staining protocols and scanner equipment. However, we are actively developing an automated tumor 
segmentation algorithm based on U-Net architecture to eliminate this dependency. Preliminary experiments have shown promising 
results, achieving >  90% accuracy in semi-automated ROI localization using CAMs and tile-level filtering (Section 2.5). For the 
initial deployment phase, users will need to manually select ROIs for a small set of cases (e.g., 100 slides) to calibrate the model’s 
weight parameters. Once calibrated, the model can process new cases with minimal manual intervention, as the system automatically 
filters out background regions (d < D×0.8) and highlights suspicious tumor areas using CAMs. This approach significantly reduces 
the manual effort required for ROI selection while maintaining high prediction accuracy. 

2.9. Statistical analysis 

To test the categorization of the model, we evaluated the receiver operating characteristic (ROC) curve and the area under the 
curve (AUC). In addition, to evaluate the generalization of the model, we calculated the accuracy, sensitivity, specificity, positive 
predictive value (PPV), negative predictive value (NPV), Youden Index (YI), F1 score, and Kappa value. This formula was based on 
the confusion matrix recording the number of true positives (TPs), true negatives (TNs), false positives (FPs), and FNs. The accuracy 
was calculated as the fraction of patients who were correctly identified. The specificity was calculated as the fraction of FISH-negative 
patients who were correctly identified, and the sensitivity as the fraction of FISH-positive patients who were correctly identified. The 
PPV was the TP fraction of patients among the predicted positive patients, and the NPV was the TN fraction of patients among the 
predicted negative patients. The YI was applied as the determining exponent of the optimal bound. The F1 score was a measure of the 
accuracy of the binary model. Moreover, the performance was evaluated using the F1 score to compare the similarity and diversity of 
the performance. The agreement between the DL model’s prediction and the clinical report was measured using the Kappa value. A 
simple random sampling was conducted among the three centers of patients, and a one-way ANOVA was used to analyze the different 
groups. 

3. Results 

3.1. IHC datasets 

To establish the correlation between the IHC and FISH results, we enrolled 1,073 cases from three cohorts for training and 
multicenter validation. Among these, 676 slides (339 positive and 337 negative) were obtained from TMUCIH for training purposes. 
A total of 113 slides (57 positive and 56 negative) from TMUCIH, 114 slides (76 positive and 38 negative) from the TPH cohort, and 
142 slides (101 positive and 41 negative) from the XJTUFAH cohort were used for validation. A total of 269,664 (19,228 + 
153,527 + 92,000 + 4,909) tiles were used for validation. Among them, 19,228 tiles (5,180 positive and 14,048 negative) from 
TMUCIH were adopted for internal validation and 153,527 tiles (29,302 positive and 124,225 negative) from TPH and 92,000 tiles 
(14,547 positive and 77,453 negative) from XJTUFAH for external validation. Additionally, 4,909 tiles (2,517 positive and 2,392 
negative) reported as IHC 1+ from TMUCIH were employed to test whether the model could detect FN IHC (Figure 2). 
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3.2. Performance of AWCDL Step 1 

The AWCDL Step 1 achieved an AUC of 0.89 (95% CI = 0.885–0.895) on the internal validation. The optimal cutoff for the 
prediction of HER2 expression (positive or negative) was determined using ROC analysis by selecting the cutoff with the highest YI 
(Figure 3A). A sensitivity of 0.89, specificity of 0.89, PPV of 0.89, NPV of 0.89, and accuracy of 89% were found (Table 1). 

To evaluate the generalization of AWCDL, we assessed its performance in two external cohorts. The external validation at the two 
centers showed an average accuracy of 84.5% with a specificity of 0.86 and a sensitivity of 0.82, indicating the consistency of the 
model. More specifically, the AWCDL algorithm yielded an AUC of 0.85 (95% CI = 0.847–0.852) for the TPH (Figure 3B) and 0.79 
(95 % CI = 0.786–0.798) for the XJTUFAH (Figure 3C) cohorts. For the TPH and XJTUFAH cohorts, the accuracy was 92% and 77%, 
the sensitivity was 0.90 and 0.74, the specificity was 0.93 and 0.78, the NPVs were 0.95 and 0.89, and the F1 scores were 0.88 and 
0.65, respectively (Table 1). The kappa values were 0.79, 0.82, and 0.49 for the internal and external validation. 

3.3. Performance of AWCDL Step 2 

To reduce the potential FN rate resulting from Step 1 of the AWCDL, we optimized the model by automatically calibrating the 
weight parameter automatically to screen for negative slides after the model was run through this step. We conducted simple random 
sampling three times in the TMUCIH slides and five times in the TPH and XJTUFAH slides. For each center, the calibration set 
comprised at least 100 ROIs from independent patients, while the test set included ROIs from the remaining patients and unused ROIs 
from the calibration patients. This separation guarantees patient-level data independence, mitigating potential data leakage. The 
prediction accuracy of the negative slides reached 94.4%, 97.3%, and 91.86% at the three centers, indicating a significant reduction 
in the FN rate. A statistical analysis showed no significant difference in the specificity in the three centers (Figure 4), indicating that 
the model possesses excellent learning and generalization capabilities. 

Figure 2. Flow chart of the subjects in the construction and validation of the DCNN model for automated ERBB2 amplification diagnosis. The controls were FISH- 
negative HER2 patients based on HER2 IHC 2+ slides. Abbreviations: 1. DCNN: Deep convolutional neural network 2. N: Negative 3. P: Positive 4. ROI: Region of 
interest 5. WSI: Whole-slide image. 
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Figure 3. Performance of the ensemble automatically weighted calibration deep learning model in identifying ERBB2 amplification on IHC 2+ slides in three 
validation sets. A. ROC of TMUCIH; B. ROC of TPH; C. ROC of XJTUFAH. ROC: Receiver operating characteristic. 

Table 1 
Performance metrics for the AWCDL model of Step 1.      

Performance metric Internal TMUCIH External TPH External XJTUFAH  

AUC（95% CI） 0.89 (0.885–0.895) 0.85 (0.847–0.852) 0.79 (0.786–0.798) 
Accuracy (%) 89 92 77 
Sensitivity 0.89 0.90 0.74 
Specificity 0.89 0.93 0.78 
PPV 0.89 0.87 0.56 
NPV 0.89 0.95 0.89 
F1 score 0.89 0.88 0.65 
Kappa value 0.79 0.82 0.49 
Yoden index 0.79 0.83 0.53 

Abbreviations: 1. AUC: Area under the curve 2. PPV: Positive predictive value 3. NPV: Negative predictive value.  

Figure 4. Statistical analysis of prediction for negative slides forecast using Step 1 of the model from three centers. Random sampling was conducted three times in 
TMUCIH, five times in TPH, and five times in XJTUFAH. The average specificity of the three centers was 0.94, 0.97, and 0.92, respectively. There was no significant 
difference among the centers. 
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3.4. Detection of the HER2 amplification status of IHC 1+ slides 

The goal of IHC is to detect HER2-positive patients. However, there is a marked FN rate when using IHC. We aimed to develop a model 
that can significantly reduce the FP rate. To test whether the model could detect FN IHC results, we enrolled an additional 28 patients 
reported as IHC 1+ from TMUCIH. Although reported as IHC1+ , these patients volunteered to undergo FISH testing. The FISH results 
showed that 10 out of the 28 had ERBB2 amplification, suggesting that IHC testing has a FP rate of 0.35. Using the AWCDL model, we 
achieved an overall accuracy of 82%. More importantly, the model successfully detected five FISH-positive slides, reducing the IHC FP rate 
by 50%. These results demonstrate the predictive value of the model for IHC 1+ cases regarding the ERBB2 amplification status. 

3.5. Deep learning model visualization and feature analysis 

By learning from 106,435 tumor tiles, the model detected features that demonstrated a strong association with ERBB2 amplifi
cation status. We visualized several convolutional filters in the model (Figure 5). The shallow convolutional layer learned low-level 

Figure 5. Deep learning model visualization and feature analysis. Figure 5A and 5B show the feature map visualization results for HER2-negative and HER2-positive 
tiles, respectively. 
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simple features, while a deeper convolutional layer learned more complex features. The first row is the weighted feature map graph of 
convolution layer 3 (shallow convolutional layer) learned classification of tumor and stroma region. Transfer learning makes the 
filters more abstract and specific to HER2 expression when the network layers go deeper. For instance, the second row represents the 
weighted feature map graph of the global average pooling layer, and the last row corresponds to that of the SoftMax layer, both of 
which are deeper convolutional layers that learn stricter classification regions. These convolutional layers captured different staining 
patterns responding to HER2-positive and HER2-negative tiles. The convolutional feature visualization schematic of the deep learning 
model is shown in Figure 5. For a HER2 IHC 2+ slide, the model generated fusion visualization of the weighted summation heatmap. 
The feature map by the model varied in different HER2 expression patterns (Figure 5). For example, the hot spot region in Figure 5A 
focused on lymph cells, the luminal area, and the deeply stained nucleus, ignoring the membrane staining region and dirty spot, and 
predicted it to be HER2 negative. In contrast, the hot spot area in Figure 5B is the deeply stained membrane. Based on these 
observations, the model interpreted these two tiles as different HER2 expression patterns. This means that the model tends to focus on 
the hot spot area on the luminal, stroma area, and lymphocytes of the HER2-negative tiles, while focusing on the deeply stained area 
of the nucleus or membrane of the HER2-positive tiles. In this way, the ERBB2 amplification status forms a strong correlation with the 
area that the model targets. Therefore, it can potentially provide a hotspot region for pathologists to identify ROIs that merit focus. 

4. Discussion 

ERBB2 amplification is frequently found in breast cancer patients.26 According to TMUCIH statistics, the proportion diagnosed 
with IHC HER2 2+ has reached 38%. Among the IHC 2+ patients who had received a FISH test, 32% showed ERBB2 amplification 
(FISH positive; Figure S3). Correctly identifying these patients is critical for guiding anti-HER2-targeted therapy. FISH is the gold 
standard for diagnosing ERBB2 statuses; however, it is technically challenging, labor-intensive, and expensive.27,28 In the Step 1 
prediction, internal validation achieved a total accuracy of 89% with a specificity of 0.89 and a sensitivity of 0.89. The external 
validation in two other centers showed an average accuracy of 84.5%, with a specificity of 0.86 and a sensitivity of 0.82. In Step 2, the 
model automatically calibrates weights and identifies slides predicted to be negative in Step 1, achieving an average accuracy of 
94.4%, 97.3%, and 91.9% at the three centers, respectively. The successful establishment of this quick model indicates that AI can 
serve as an alternative tool to FISH to improve the efficiency and accuracy of traditional methods for assessing breast cancer HER2 
status. 

The AWCDL model was the first AI approach to use deep learning algorithms to assess the correlation of IHC HER2 2+ with the 
FISH results. It was validated by samples from three centers. When we separated the data from the two external centers, the accuracy 
of the TPH cohort was similar to the internal validation of 92%, while the accuracy of the XJTUFAH cohort was slightly lower, at 
77%. As the ultimate goal for the AWCDL model is to accurately identify HER2-positive patients, reducing the FN rate is critical for 
the application of the model, while we encountered a relatively high FN rate (26%) in the XJTUFAH external cohort. The poor results 
of the XJTUFAH center may be due to the inconsistency of IHC caused by the different IHC staining procedures performed, which 
include tissue preparation, antibody selection, staining techniques, and the experience of the pathologist. In addition, different 
scanner equipment might also result in differences in digital histological images. Our calibration strategy prioritizes reducing FNs 
over FPs due to the following critical considerations: In HER2 testing, FNs have severe clinical implications. A missed HER2-positive 
diagnosis would deprive patients of anti-HER2-targeted therapies, which are essential for improving survival outcomes in HER2- 
positive breast cancer. Conversely, FPs typically trigger confirmatory FISH testing, aligning with current clinical guidelines. While 
FPs may incur additional costs, they do not directly compromise patient care, as FISH serves as a reliable diagnostic safeguard. This 
rationale is reflected in our model design, which prioritizes sensitivity to ensure no true HER2-positive cases are overlooked. While FP 
reduction remains important, our current focus on FN mitigation addresses the urgent clinical need to minimize undertreatment risks. 

In addition, color normalization is an important parameter for an AI model in digital pathology image recognition.29 We also 
initially tested the color normalization of IHC images using a cycle-consistent generative adversarial network to convert the original 
color into a relatively uniform stain style. However, the prediction and generalization capabilities of the model did not achieve a 
reliable result. These failed attempts indicate that color normalization might not be a vital factor for digital pathology image re
cognition, especially for large multitudes of slides from different centers. Instead, automatically calibrating each tile’s weight 
parameter after prediction in Step 1 to generate the final prediction in Step 2 on the negative slides seemed more reasonable. We used 
random sampling at least three times from three centers to avoid bias in Step 2. The results showed that the average accuracy rates of 
the TMUCIH, TPH, and XJTUFAH centers reached as high as 94.4%, 97.3%, and 91.9%, respectively. This additional step reduced the 
FN rate by 5% in the internal validation and 4% and 14% in the two external centers. For future applications of the model at any 
other center, only 100 ROIs from the center will be enough for calibrating the weight. Hence, the model possesses excellent learning 
and generalization capabilities. 

The application of this AWCDL model can benefit many breast patients. As stated before, FISH technology requires technical 
excellence and experienced pathologists.30,31 Even in more developed areas such as China’s capital city of Beijing, 8.9% of patients 
have no access to HER2 testing, and almost 10% of patients with uncertain IHC results failed to have a FISH for reasons including a 
lack of machines and experienced pathologists. Moreover, findings from a nationwide survey regarding the quality of HER2 testing by 
IHC in 45 Chinese hospitals suggested that only 28 (62%) met acceptable reporting standards.19,32 Another reason many patients 
might refuse to take a FISH test is that the test is not covered by national health insurance in China. At TMUCIH, one of the largest 
breast cancer centers in Asia, 38% of patients have been reported as being diagnosed as IHC 2+. Among them, 12% of the patients 
did not receive an FISH test for economic or other reasons. Therefore, many patients diagnosed with IHC 2+ will benefit from using 
the deep continuous convolutional networks (DCCN) model. 
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Another application of the model is that it can screen IHC 1+ patients and reduce the FP rate. In our cases of 28 IHC HER2, the 
three pathologists could not reach a consensus and finally made an ambiguous diagnosis of IHC 1. The patients who volunteered 
received FISH, and 10 out of 28 were finally confirmed as HER2+. Then, we used the DCCN model to predict these slides. The results 
showed that the model can reduce the FP rate by 50%, reducing it from 35% to 17.5%. This suggests that AWCDL provides broader 
use for the screening of HER2 IHC images. 

In addition, we developed the model as open access, and when more data were collected, the model could be continuously 
optimized (available at: https://ai.nscc-tj.cn/thai/deploy/public/her2). With the accumulation of the number of samples, we expect 
the accuracy of the model’s negative identification will continue to increase. Optimistically, with a gradual increase in the number of 
images, the accuracy of the model in determining negative cases can reach close to 100%. Correspondingly, if the prediction result of 
the model shows that ERBB2 amplification is negative, a FISH test is no longer required. 

5. Conclusions 

In this study, we developed the AWCDL model, a two-stage deep learning framework, to predict ERBB2 amplification status 
directly from HER2 IHC 2+ WSIs, offering a cost-effective alternative to FISH testing. The model demonstrated robust performance 
across three independent medical centers, achieving post-calibration accuracies of 94.4%, 97.3%, and 91.9%, with significant re
ductions in false-negative rates through dynamic weight optimization. By integrating automated tumor segmentation and inter
pretable CAM, our approach not only enhances diagnostic accuracy but also provides visual guidance for pathologists to identify 
critical regions of interest. These advancements highlight the model’s potential to reduce reliance on FISH in resource-limited settings 
while maintaining clinical reliability. Future work will extend the model’s utility to HER2-low and HER2-zero subtypes, addressing 
evolving therapeutic needs and further refining its adaptability across diverse clinical workflows. 
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