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Abstract

Background First-line treatment for advanced gastric adenocarcinoma (GAC) with human epidermal growth factor
receptor 2 (HER2) is trastuzumab combined with chemotherapy. In clinical practice, HER2 positivity is identified
through immunohistochemistry (IHC) or fluorescence in situ hybridization (FISH), whereas deep learning (DL) can
predict HER2 status based on tumor histopathological features. However, it remains uncertain whether these deep
learning-derived features can predict the efficacy of anti-HER2 therapy.

Methods We analyzed a cohort of 300 consecutive surgical specimens and 101 biopsy specimens, all undergoing
HER2 testing, along with 41 biopsy specimens receiving trastuzumab-based therapy for HER2-positive GAC.

Results We developed a convolutional neural network (CNN) model using surgical specimens that achieved an area
under the curve (AUC) value of 0.847 in predicting HER2 amplification, and achieved an AUC of 0.903 in predicting
HER2 status specifically in patients with HER2 2+ expression. The model also predicted HER2 status in gastric biopsy
specimens, achieving an AUC of 0.723. Furthermore, our classifier was trained using 41 HER2-positive gastric biopsy
specimens that had undergone trastuzumab treatment, our model demonstrated an AUC of 0.833 for the (CR+PR) /
(SD+PD) subgroup.

Conclusion This work explores an algorithm that utilizes hematoxylin and eosin (H&E) staining to accurately predict
HER2 status and assess the response to trastuzumab in GAC, potentially facilitating clinical decision-making.
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Background

According to the GLOBOCAN 2020 global cancer sta-
tistics, gastric adenocarcinoma (GAC) is ranked fifth in
incidence (5.6% of all cancer cases) and fourth (7.7%)
among total cancer-related mortalities worldwide [1].
The occurrence of GAC demonstrates regional dispari-
ties, with a notably higher prevalence documented in
East Asia, especially in China, where it currently ranks as
the country with the highest gastric cancer incidence and
mortality rates in the world [2].

Human epidermal growth factor receptor 2 (HER2)
plays a critical role in tumor proliferation, differentia-
tion, and survival, and it serves as an important thera-
peutic target. GAC exhibits high heterogeneity, with
HER2-positive cases representing approximately 10—20%
of all cases [3, 4]. Trastuzumab, a fully humanized anti-
HER?2 antibody, has proven effective in treating HER2-
positive GAC [5]. Currently, the recommended first-line
treatment for HER2-positive GAC involves combin-
ing trastuzumab with fluoropyrimidine and platinum-
based chemotherapy [6], yielding overall response rates
between 47.0% and 68.0% [7, 8].

Recent studies have employed convolutional neural
networks (CNNs) based on histopathological data to
predict the Epstein-Barr virus (EBV) and microsatellite
instability (MSI) status of GAC [9, 10]. However, predic-
tive models for HER2 status using hematoxylin and eosin
(H&E) staining remain scarce. Notably, not all patients
with high HER2 expression respond to trastuzumab, and
predicting the response to therapy on the basis of current
criteria remains a challenge [11]. Thus, there is a need for
a biomarker that can predict trastuzumab response.

The aim of this study was to develop a deep learning
(DL) framework for predicting the HER?2 status of GAC
from histopathology and evaluate the efficacy of trastu-
zumab therapy for HER2-positive-expression GAC. Our
research demonstrates the development of a DL frame-
work that enhances the accuracy of predicting HER2 sta-
tus and assessing the response to trastuzumab treatment
with a smaller sample size, focusing on GAC H&E histo-
pathology slides.

Materials and methods

Cohort for predicting HER2 status

Data from 300 patients diagnosed with gastric adenocar-
cinoma (GAC) who underwent surgical resection, along
with 101 biopsy samples, were reviewed. The inclusion
criteria required complete surgical removal of the tumor,
histological confirmation of GAC by pathologists, and
the retrieval of at least 15 lymph nodes from the surgical
samples. HER?2 testing was performed on both the surgi-
cal and biopsy samples.
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Cohort for predicting the trastuzumab treatment response
This cohort comprised 41 individuals with HER2-positive
gastric biopsy specimens who received neoadjuvant tar-
geted therapy with trastuzumab before surgery.

HER2 protein expression analysis

HER?2 protein expression analysis was performed in all
patients by two experienced pathologists using immu-
nohistochemical staining on 4-5 pum thick 10% forma-
lin-fixed paraffin-embedded tissues. The HER2 protein
assay with the PATHWAY HER-2/neu rabbit monoclonal
antibody (clone 4B5; Ventana Medical Systems Inc, Tuc-
son, AZ, USA) was conducted using a BenchMark XT
automated staining system (Ventana). In this study, we
utilized the surgical specimen and biopsy scoring meth-
ods to evaluate the HER2 immunohistochemistry (IHC)
and fluorescence in situ hybridization (FISH) results [12].
Samples with scores of 0 and 1+were considered HER2
negative, whereas samples with an IHC score of 3+were
classified as positive. Patients with a score of 2+were
considered “equivocal” for HER2 overexpression. There-
fore, we conducted FISH for HER2 2+ cases, where “posi-
tive” was defined as an HER2/CEP17 ratio2 or an HER2/
CEP17 ratio<2 with an average HER2 copy number>6.

Treatment

The focus of this study was on patients treated with
trastuzumab before surgery. The RECIST version 1.1 cri-
teria system was employed to classify post-neoadjuvant
therapy responses, including complete response (CR),
partial response (PR), stable disease (SD), and progressive
disease (PD). CR was defined as the absence of observ-
able tumor signs during clinical examinations lasting
longer than four weeks. PR was identified as a reduction
in lesion size exceeding 30%, persisting for a minimum
of four weeks. SD was characterized by lesion stability
with alterations between PR and PD. PD was defined as
disease progression with an increase of more than 20%
[13-15]. Patients with PR and CR were categorized as
responders, and patients with SD and PD were catego-
rized as non-responders.

Data preprocessing

Whole slide images (WSIs) were scanned at a magnifica-
tion of 40x using a PRECICE 600 digital scanner (Unic,
Beijing, China), resulting in a resolution of approxi-
mately 0.5 um per pixel. Because of their large size, in this
study, WSIs were sliced into nonoverlapping patches of
512x512 pixels at the 20x magnification scale. Patches
containing irrelevant information were excluded; only
those containing various tissue types such as fibers, fat,
stroma, smooth muscle, and tumor tissue were retained.
Stain normalization was applied to all WSI images using
the method described in this study [16].
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Fig. 1 Proposed annotation-free deep learning framework for HER2 status classification from WSIs: a, Image segmentation divides images into distinct
regions; b, Features are extracted from tissue regions of the WSI using image patches; ¢, Pre-computed feature vectors of image patches are input into the
model. An attention network consolidates patch-level information into slide-level representations, which are utilized for the final diagnostic prediction; d,
Strongly patched (red) and weakly patched (blue) regions serve as representative samples to guide clustering layers in distinguishing between positive

and negative instances of distinct classes

Table 1 Comparison with other weakly supervised algorithms on the training dataset with 10-fold cross validation

Algorithms AUC ACC Sensitivity Specificity

MIL 0.800+0.133 0.786+0.071 0.445+0.201 0.956£0.201
AttMIL 0.799+0.075 0.777 £0.054 0.530+£0.090 0.900+0.071
TransMIL 0.795+0.094 0.812+0.061 0.518+0.143 0.950+0.059
CLAM 0.830+0.100 0.776+0.082 0.546+0.171 0.892+0.098
CLAM_Sim(Our) 0.847 +£0.049 0.792+0.044 0.613+0.132 0.880+0.098

Feature extraction network

We used a pretrained ResNet-50 network in the pyramid
network to extract image features, with the trained net-
work parameters serving as network models. The base-
line network was pretrained on the ImageNet dataset and
was fine-tuned with the self-attention method SimCLR
on a dataset of 300 patients with GAC to improve the
capability feature extraction.

The main objective of the feature extractor was to auto-
matically extract high-quality features from the patches.
Deep convolutional networks exhibit an efficient feature
extraction ability, enabling the formation of abstract
high-dimensional features while requiring less training
time through the utilization of low-dimensional features.

Additionally, to prevent overfitting and enhance model
performance, four conventional data augmentation tech-
niques were employed: horizontal flipping, color jitter,
grayscale transformation, and gaussian blur. Figure 1
shows the plate layout.

Statistical analysis

The efficacy of the DL model for the classification of pre-
dicted HER?2 status and the effectiveness of trastuzumab
treatment were evaluated by using multiple-instance

learning (MIL) and calculating the area under the curve
(AUCQ), accuracy (ACC), sensitivity and specificity.

Results

Comparison with alternative learning algorithms

To evaluate the effectiveness of our clustering-con-
strained-attention multiple-instance learning (CLAM)
model, we compared its performance to three weak
supervision algorithms: Multiple-instance learning
(MIL), attention-based MIL (AttMIL) and transformer-
based MIL (TransMIL). All algorithms were evaluated
using 10-fold cross-validation. The model with the high-
est performance was selected and evaluated on a test set.
With an AUC of 0.830+0.100, our CLAM model out-
performed the other state-of-the-art DL models: MIL
(0.800£0.133), AttMIL (0.799%0.075), and TransMIL
(0.795%0.094) (Table 1; Fig. 2).

Ablation experiments

We conducted ablation experiments to verify the supe-
riority of the proposed framework and demonstrate
significantly improved performance compared to the
non-ablation algorithms in determining HER2 status.
Specifically, experiments were conducted to compare the
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Fig. 2 AUC results for evaluated weakly supervised methods: a, MIL, b, AttMIL, ¢, TransMIL, d, CLAM

efficacy of feature extraction using a contrastive learn-
ing model versus the CLAM_Sim model in HER?2 status
prediction.

Prediction of HER2 status from tissue morphology

All WSIs from the study were reviewed by a qualified
specialist for slide-level inclusion criteria and quality
assurance. The dataset included both surgical resection
and biopsy samples. For the surgical cohort, which com-
prised 97 HER2-positive cases and 203 HER2-negative
cases, the proposed model achieved an AUC of 0.847,
with accuracy (ACC), sensitivity, and specificity values of
0.792, 0.613, and 0.880, respectively, in the 10-fold cross-
validation. Among the surgical cohort, 56 patients exhib-
ited HER2 2+expression, including 35 cases classified as
HER2-positive and 21 cases classified as HER2-negative,

the predictive AUC for HER2 status in this subgroup
was 0.903, with an ACC of 0.869 (Fig. 3a, b and d). Addi-
tionally, the model performed well in predicting HER2
IHC expression, with an AUC of 0.806 in distinguish-
ing between HER2 scores of 0 and 1+/3+, and an AUC
of 0.805 in distinguishing between HER?2 scores of 0, 1+,
and 2+/3+ (Fig. 4).

In a separate analysis of the biopsy cohort, which
included 36 HER2-positive and 65 HER2-negative cases,
the model achieved an AUC of 0.723 for predicting HER2
status (Fig. 3c).

Prediction of trastuzumab treatment outcomes

To further evaluate whether DL can predict the response
to trastuzumab by using gastric biopsy specimens,
patients were categorized into two groups according to
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Fig. 3 Average receiver operating characteristic (ROC) curve generated through the application of stratified 10-fold cross-validation for the surgical
cohort (a), including the HER2 2 +dataset (b), with the corresponding ROC curves for the biopsy cohort shown (c); d, The box plot was generated by
consolidating the test set scores obtained from each fold for the surgical cohort

treatment response: effective group (CR+PR) and inef-
fective group (SD+PD). Our study also utilized the
CLAM_Sim model to predict the efficacy of GAC treat-
ment. The results show that the model achieved a predic-
tive AUC of 0.833 for the (CR+PR)/(SD+PD) subgroup
(Fig. 5).

Heat map generation

To explore the interpretability of the model, enabling
pathologists to better understand how neural networks
predict HER2 status on the basis of WSI images, we
first obtained attention scores for each patch and con-
verted them into percentages to visualize the importance
of H&E image regions for predicting HER2 status, as a
method of identifying areas that are closely associated

with predicting HER2 positivity. Then, we converted
attention scores into red—green—blue (RGB) color values
and directly overlaid them onto these original images.

As shown in Fig. 6, we visualized the attention scores
corresponding to each small patch by mapping their
coordinates onto the original WSI, with high-probability
regions in red and low-probability regions in blue.

The resulting heat map reveals a significant overlap
between the “hot spots” from our model and the regions
of the tumor. This result indicates that the model effec-
tively identifies regions strongly correlated to HER2 sta-
tus. In summary, this overlap provides valuable insights
for neural network predictions of HER2 status, enhanc-
ing pathologists’ confidence in the predictive accuracy of
the Al model.
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Discussion

To our knowledge, this is the first study in which meth-
ods to predict HER2 status were explored for GAC
patients, and to evaluate trastuzumab efficacy in biopsy
specimens of HER2-positive GAC patients that had
undergone initial trastuzumab treatment combined with
chemotherapy. Our DL algorithm exhibited high sen-
sitivity and specificity while using only a small sample
size, thus confirming the feasibility and effectiveness of
our research. In this study, we introduced a CNN trained
on histological features of primary GAC tissue that can
accurately predict HER2 status and assess the response

to trastuzumab treatment. Additionally, we conducted
ablation experiments to demonstrate the efficiency of our
algorithm compared to other state-of-the-art methods.

DL, a subset of artificial intelligence (AI), can handle
a large amount of patient data and recognize patterns in
a diverse range of applications and industries. Recently,
DL has been applied to achieve image classification in the
medical imaging and computer vision fields, with partic-
ular emphasis on applications in computed tomography
(CT), magnetic resonance imaging (MRI), and pathologi-
cal images [17, 18].
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Recently, there has been a notable increase in the appli-
cation of DL algorithms in the field of pathology, espe-
cially for cancer classification and estimating molecular
features and cancer subtypes such as EBV and MSI status
in GAC. Patient-level AUC results for EBV range from
0.8723 to 0.969 [9, 19], and for MSI, they range from
0.770 to 0.8848 [10, 20]. DL models have thus shown
significant efficacy in directly identifying features, over-
coming the subjective bias inherent in extracting features
from H&E-stained slides.

Assessing HER2 status is Crucial in guiding clini-
cal decisions across various cancer types. However, the
widespread use of HER2 testing is limited by financial
constraints associated with FISH and IHC. In HER2-
positive GAC, intratumoral HER2 heterogeneity preva-
lence ranges from 45 to 79% by IHC and 23-54% by
ISH, exceeding the rates observed in breast cancers.
This variability may be associated with the diversity of
GAC tissues and the biological characteristics of tumors,
which may have implications for treatment efficacy and
patient prognosis [21, 22]. Hence, there is an immediate

requirement for a model capable of accurately predicting
HER?2 status in GAC.

Several studies have investigated the correlation
between breast cancer HER2 status and therapeutic effi-
cacy using DL methods but not for GAC [23, 24]. This
paper presents a model to explore the potential efficacy
of DL in predicting HER2 status levels in GAC, introduc-
ing an algorithm that utilizes morphological features for
HER?2 status prediction. In the process of model devel-
opment, we evaluated the classification performance of
various DL networks and found CLAM demonstrated
the highest performance. Furthermore, a comparative
analysis of various classification learning networks iden-
tified CLAM as the most successful classifier. Further
training using a contrastive learning model led to a sub-
stantial 1.73% increase in average AUC for classification
compared to a single CLAM classifier, with the accuracy
improving by 1.60%.

Our findings indicate that the transformer and DL
models resulted in a higher AUC value compared with
that achieved by the models developed by Bychkov (0.847
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vs. 0.70) [23]. Furthermore, Bychkov’s research employed
712 WSI cases for training, whereas we utilized a smaller
sample size of 300 WSI cases. Despite the disparity in
sample size, our algorithm demonstrated superior accu-
racy in predicting HER2 status. Currently, cases scored
as HER2 2+by IHC require additional FISH testing to
confirm HER?2 status. The proposed algorithm achieved
a high AUC of 0.903 and an accuracy of 0.869 in predict-
ing HER? status for this subset of cases. Hence, we aimed
to predict HER2 status specifically for cases with an IHC
score of 2+. However, in the biopsy cohort, the model
achieved a lower AUC of 0.723, likely due to both the
smaller sample size and the limited tissue amount avail-
able, and future research with larger sample-size cohorts
is needed to improve the reliability of the algorithm.

The efficacy of trastuzumab combined with chemo-
therapy in improving the survival rate of HER2-positive
metastatic GAC patients has been demonstrated in pre-
vious studies [25]. However, the significant heterogeneity
of GAC presents challenges to achieving optimal out-
comes with this treatment approach. We trained a clas-
sifier using pretreatment samples obtained from patients
with documented trastuzumab responses, achieving an
AUC value of 0.833 by 10-fold cross-validation. To our
knowledge, this study represents the first reported appli-
cation of CNN-based DL algorithms to predict trastu-
zumab efficacy in GAC patients, showing the value of
predicting anti-HER?2 response efficacy.

However, there are several limitations to this study that
we plan to address in future work. First, our model dem-
onstrated lower accuracy in predicting HER2 status in
gastric cancer biopsy specimens and lacked prospective
samples for validation. Future efforts will involve collect-
ing more biopsy specimens and prospective samples to
further optimize the model for clinical applicability. Sec-
ond, incorporating multicenter data can enable the model
to learn more diverse features and enhance its generaliz-
ability. We will focus on collecting additional cases from
other centers to improve the generalization capability of
a model. Finally, future work will combine current imag-
ing data with clinical data (such as tumor manifestations
and circulating tumor markers) or multimodal features
(such as radiomic features) to construct a multimodal
DL model. Additionally, we should explore more intuitive
visualization methods to elucidate the black-box proper-
ties of HER2 positivity and the efficacy of trastuzumab
treatment in GAC.

Conclusion

In this study, we developed a histopathology-based model
to predict HER2 status and response to trastuzumab
treatment from H&E-stained histopathological images.
We anticipate that this approach could be extended to
other cancer types and treatments in future work, and
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we plan to investigate the hierarchical structure of fea-
tures extracted from H&E-stained histopathological
images and aim to elucidate the unknown black-box of
this model for predicting HER?2 status and the efficacy of
trastuzumab treatment.

Abbreviations

GAC Gastric adenocarcinoma

HER2 Human epidermal growth factor receptor 2
IHC Immunohistochemistry

FISH Fluorescence in situ hybridization

DL Deep learning

CNN Convolutional neural network

AUC Area under the curve

H&E Hematoxylin and eosin

EBV Epstein-Barr virus

MSI Microsatellite instability

CR Complete response

PR Partial response

SD Stable disease

PD Progressive disease

WSIs Whole slide images

ACC Accuracy

MIL Multiple-instance learning

CLAM Clustering-constrained-attention multiple-instance learning

AttMIL
TransMIL

Attention-based MIL
Transformer-based MIL
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