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A B S T R A C T

Aims: This study aimed to develop an AI algorithm for automated HER2 scoring in urothelial bladder cancer 
(UBCa) and assess the interobserver agreement using both manual and AI-assisted methods based on breast 
cancer criteria.
Methods and Results: We utilized 330 slides from two institutions for initial AI development and selected 200 
slides for the ring study, involving six pathologists (3 senior, 3 junior). Our AI algorithm achieved high accuracy 
in two independent tests, with accuracies of 0.94 and 0.92. In the ring study, the AI-assisted method improved 
both accuracy (0.66 vs 0.94) and consistency (kappa=0.48; 95 % CI, 0.443–0.526 vs kappa=0.87; 95 % CI, 
0.852–0.885) compared to manual scoring, especially in HER2-low cases (F1-scores: 0.63 vs 0.92). Additionally, 
in 62.3 % of heterogeneous HER2-positive cases, the interpretation accuracy significantly improved (0.49 vs 
0.93). Pathologists, particularly junior ones, experienced enhanced accuracy and consistency with AI assistance.
Conclusions: This is the first study to provide a quantification algorithm for HER2 scoring in UBCa to assist 
pathologists in diagnosis. The ring study demonstrated that HER2 scoring based on breast cancer criteria can be 
effectively applied to UBCa. Furthermore, AI assistance significantly improves the accuracy and consistency of 
interpretations among pathologists with varying levels of experience, even in heterogeneous cases.

1. Introduction

Bladder cancer (BC) ranks 9th in incidence, with 613,791 new cases, 
and 13th in mortality [1]. The majority of bladder cancer cases are 
diagnosed as non-muscle-invasive bladder cancer (NMIBC), while 
approximately 25 % of patients are diagnosed with muscle-invasive 
disease, with the vast majority of histological subtypes being urothe
lial carcinomas of bladder (UBCa) [2–4]. The treatment options such as 
transurethral resection of bladder tumors, radiotherapy, radical cys
tectomy and chemotherapy are available [5]. Despite treatment, their 
efficacy varies, making it challenging to predict outcomes [6,7]. 
Notably, 31 % to 78 % of NMIBC patients experience tumor recurrence 
within 5 years, with 1 % to 45 % progressing to muscle-invasive bladder 

cancer (MIBC) [2]. Furthermore, up to 50 % of MIBC patients experience 
distant recurrences, mainly within the first 3 years after treatment, 
which contributes to a stark 5-year overall survival rate of just 6 % for 
those with locally advanced metastatic urothelial carcinoma (la/mUC) 
[8,9]. Therefore, effective management strategies are crucial to mitigate 
the risk of recurrence, progression, and mortality associated with UBCa. 
In this regard, emerging therapeutic approaches, including targeted 
therapies and immunotherapy, offer promising avenues for enhancing 
treatment efficacy and prolonging patient survival [9,10].

The human epidermal growth factor receptor 2 (HER2) is a tyrosine 
kinase receptor, exhibiting no ligand but demonstrating a preference for 
dimerization with the other three family receptors [10]. Dimerization 
activates tyrosine kinase signaling pathways, promoting cell 
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proliferation, migration, invasion, and survival [11]. Since HER2 was 
first identified in the mid 1980′s, the comprehension of the biological 
role of HER2 in tumors, particularly in breast and gastric cancers, has 
progressively grown [12]. The interpretation of HER2 immunohisto
chemistry (IHC) primarily relies on the integrity of membrane staining 
and the intensity of that staining, which is categorized into scores of 0, 1 
+ , 2 + , and 3 + . Over the years, HER2 expression profile and its po
tential utility as a biomarker in clinical practice has also been explored 
in UBCa, with observations of its presence in approximately 12–70 % of 
cases [13]. Furthermore, variable rates of HER2 expression have been 
observed across different histological subtypes of UBCa. Several studies 
have found the highest HER2 overexpression in micropapillary carci
nomas (56 %− 68.6 %), followed by conventional UBCa, with lower 
expression in cases with squamous differentiation, sarcomatoid carci
nomas, and glandular differentiation [14–16]. Anti-HER2 therapy, 
which includes monoclonal antibodies such as trastuzumab and pertu
zumab, as well as tyrosine kinase inhibitors like lapatinib and tucatinib, 
has been successfully applied to patients with HER2-positive breast 
cancer [17,18]. However, such anti-HER2 therapy, whether used alone 
or in combination with conventional chemotherapy as second-line 
treatments for patients with la/mUC, yielded unsatisfactory results, 
characterized by low overall response rates [19]. Recently, encouraging 
results have been demonstrated in UBCa clinical trials by antibody-drug 
conjugates (ADCs) targeting HER2, which have emerged as a promising 
strategy in anti-HER2 therapy. Recently, fam-trastuzumab der
uxtecan-nxki (T-DXd) was approved by the FDA for the treatment of 
unresectable or metastatic HER2-positive solid tumors. And the 
RC48-C005 trial (NCT03507166) demonstrated that Disitamab vedotin 
(DV, RC48), another ADC, significantly improved objective response 
rates (ORR) and survival in patients with locally advanced or 
muscle-invasive urothelial carcinoma, with ORR 51.2 %, median 
progression-free survival (mPFS) of 6.9 months, and median overall 
survival (mOS) of 13.9 months [20]. Based on the results, the U.S. Food 
and Drug Administration (FDA) granted RC48 "Breakthrough Therapy 
Designation" and RC48 was approved by the China Food and Drug 
Administration (CFDA) for use in UBCa treatment and was recom
mended by the Chinese Society of Clinical Oncology (CSCO) guidelines. 
Furthermore, a preliminary subgroup analysis of the DESTINY-Breast06 
trial (NCT04494425) revealed that T-DXd significantly improved out
comes in patients with HER2-low breast cancer (HER2 0–1 +/HER2 1 +) 
[21]. Similarly, HER2-low status in urothelial carcinoma should also be 
considered, as results from the RC48-C011 trial (NCT04073602) 
demonstrate that RC48 provides therapeutic benefits even in cases with 
relatively low levels of HER2 expression (IHC 1 +) [22]. Therefore, it is 
crucial to accurately identify HER2-positive UBCa patients, as low levels 
of HER2 expression are equally important and should not be overlooked. 
However, unlike in breast cancer, there are no internationally stan
dardized methodologies or interpretation criteria for UBCa, with current 
assessments largely based on those established for breast cancer [23]. 
Studies in breast cancer have demonstrated that gene amplification is 
the primary mechanism driving HER2 overexpression [24,25]. Conse
quently, the gold standard for HER2-targeted therapy has traditionally 
been HER2 3 + or HER2 2 + with positive fluorescence in situ hybrid
ization (FISH) results in breast cancer. In contrast, most studies have 
failed to find a clear correlation between HER2 overexpression and gene 
amplification in UBCa [26–28]. Additionally, other mechanisms, such as 
polysomy 17, point mutations, translocations, or transcriptional upre
gulation [29–31], may also contribute to HER2 protein overexpression. 
As a result, in some clinical trials [22,32] and in the approved indication 
of RC48 by CFDA, anti-HER2 therapy for UBCa relies solely on HER2 
IHC results without FISH testing. This makes the accuracy of IHC in
terpretations critical. However, studies have shown that HER2 IHC 
interpretation is prone to variability, particularly in cases of low HER2 
expression, where inconsistencies are even more pronounced [33]. 
Furthermore, HER2 IHC heterogeneity in UBCa may also contribute to 
the low consistency in interpretation. Intratumoral HER2 heterogeneity 

can manifest as variations in staining intensity or uneven distribution of 
HER2 expression across tumor cells, with UBCa showing greater het
erogeneity [28] than breast cancer [34] and levels similar to those seen 
in gastric cancer [35]. Thus, there is a pressing need for more objective 
methods to assist pathologists in interpreting HER2 IHC in UBCa, which 
would improve the stratification and selection of patients for 
HER2-targeted therapies.

With the rapid advancement of artificial intelligence (AI) in recent 
years, digital pathology has seen remarkable progress [36–38]. When it 
comes to the Automated IHC scoring system, IHC in breast cancer, 
especially HER2-low breast cancer has been extensively studied [39,40]. 
Several AI algorithms show promise in overcoming overcome subjec
tivity and enhance consistency in pathologists’ assessments [41]. 
However, to our knowledge, few studies have focused on automated 
HER2 algorithms for UBCa, and limited research has been conducted on 
the agreement of HER2 scoring for UBCa through manual reading based 
on the 2018 ASCO/CAP breast cancer guidelines [23]. Previously pro
posed AI algorithms require extensive membrane data for model 
training, a task widely recognized as highly challenging and costly [42]. 
Transfer learning leverages pre-trained model parameters from large 
datasets for new tasks, starting with a current domain model and 
assuming identical initial parameters. It employs annotated data from 
another domain to train the model, utilizing features learned from the 
pre-trained model to accelerate training and enhance task performance 
[43].

In this study, we initially employed transfer learning to fine-tune the 
weights of the original HER2 scoring model for breast cancer, facili
tating the establishment and validation of an automated scoring model 
for analyzing HER2 in UBCa. Subsequently, we conducted a two-round 
reader study to assess inter-pathologist consistency in HER2 scoring 
for UBCa, following the 2018 ASCO/CAP guidelines [23]. Additionally, 
we explored the potential of AI in assisting with HER2 interpretation in 
UBCa, with a particular focus on its utility in evaluating cases with low 
or heterogeneous HER2 expression.

2. Materials and methods

2.1. Clinical data

We retrospectively collected 438 consecutive cases of invasive UBCa 
from two institutions, respectively: (a) Renmin Hospital of Wuhan 
University (RHWU) and (b) The Central Hospital of Wuhan (TCHW). The 
RHWU cohort included 365 whole slide images (WSIs) of 342 UBCa 
patients. The TCHW cohort included 104 WSIs of 96 UBCa patients, with 
multiple WSIs potentially obtained from a single patient. Two patholo
gists reviewed all slides and excluded cases with factors such as incon
spicuous invasive foci, slides with tissue folds, or excessive nuclear or 
cytoplasmic staining. Ultimately, 330 WSIs were included in the initial 
model construction study (Fig. 1). For the subsequent ring study, we 
selected 200 HER2 IHC staining slides, consisting of 95 HER2-negative 
(HER2 0/1 +) and 105 HER2-positive cases (HER2 2 +/3 +) based on 
IHC results.

The scoring criteria for HER2 protein expression were interpreted 
according to the 2018 ASCO/CAP guidelines [23] (0, no staining or 
membrane staining that is incomplete and faint/barely perceptible and 
in ≤ 10 % of tumor cells; 1 +, incomplete membrane staining that is 
faint/barely perceptible and in > 10 % of tumor cells; 2 +, weak to 
moderate complete membrane staining observed in > 10 % of tumor 
cells or circumferential membrane staining that is complete, intense, 
and in < 10 % of tumor cells; and 3 +, circumferential membrane 
staining that is complete, intense, and in >10 % of tumor cells). HER2 
positivity is defined as HER2 2 + and HER2 3 + . Two pathologists 
independently reviewed the slides and assigned HER2 scores. In cases of 
inconsistency, a third senior pathologist, with over 15 years of subspe
cialty experience in urologic pathology, re-evaluated the slides, and an 
agreement was reached. This consensus served as the gold standard for 
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the study. HER2 protein expression heterogeneity in this investigation 
was characterized by membranous staining 2 + and 3 + in 5 %− 50 % of 
tumor cells.

In all samples that were formalin-fixed and paraffin-embedded, IHC 
for HER2 was conducted using the PATHWAY HER-2/neu (4B5) rabbit 
monoclonal antibody from Ventana Medical Systems, Inc.(Tucson, AZ). 
The IHC was conducted with the BenchMark XT automated stainer, also 
from Ventana Medical Systems. HER2-IHC slides from both cohorts were 
digitally scanned into WSI format using a KF-PRO-020 digital scanner at 
× 40 magnification (0.5 µm per pixel).

2.2. Model development

In this study, we employed transfer learning to fine-tune a HER2 
model that was previously trained for breast cancer. Despite differences 
in cancer types, the staining patterns in breast and UBCa are quite 
similar, with HER2 expression localized to the cell membrane. Given the 
significantly smaller UBCa dataset, we locked the encoder weights of the 
pre-trained breast cancer model and trained only the remaining parts. 
This approach helps mitigate overfitting, thereby enhancing the model’s 
robustness and stability.

During the transfer learning process, pathologists selected 584 
patches from 22 representative WSIs from the first RHWU cohort for the 
training set. Each patch measured 1024 × 1024 pixels and was metic
ulously annotated at the cell level, resulting in approximately 100,000 
cell-level annotations. These annotations were performed by two pa
thologists based on consensus, categorizing the cells into six types ac
cording to the integrity of the cell membrane and staining intensity: non- 
tumorous cells, negative tumor cells (no staining), weak incomplete 
membrane staining tumor cells or moderate incomplete membrane 
staining (1 + cells), weak to moderate complete membrane staining 
tumor cells (2 + cells), and strong complete membrane staining tumor 
cells (3 + cells). The remaining 231 WSIs served as the internal vali
dation set to determine performance metrics. Subsequently, the second 
TCHW cohort of 77 WSIs served as an additional testing cohort to assess 
the algorithm’s robustness. Fig. 2 illustrates the data utilization for 
training and testing.

The image patches are 1024 × 1024 pixel RGB images that were 

cropped from a 40x magnified WSI. The rationale behind this approach 
is that processing an entire high-resolution WSI at once would be 
computationally intractable, given the limitations of existing hardware 
and software resources. By breaking down the WSI into manageable 
patches, we can leverage the parallel processing capabilities of modern 
deep learning frameworks and distribute the computational load across 
multiple GPU devices or nodes.

Since the HER2 grading is directly based on the statistical counts of 
different cell types, the scoring strategy adopted in this study was 
therefore constructed upon cell recognition and classification. In this 
approach, the cells were directly predicted for their location and type 
using a point-to-point network (P2PNet) [44] as an approach. This 
method overcomes the limitations of previous methods that required the 
probability density maps or pseudo-boxes as learning targets. Instead, it 
directly received a set of annotated cell points for training and predicted 
the locations of the cell points during inference. The algorithm used in 
this study is based on the P2PNet combined with multi-layer feature 
fusion and a multi-task learning strategy [45]. As a result, this method 
directly outputs the location and classification of each individual cell 
point. More specifically, the P2P network provides a set of reference 
points as a prior. The model then goes through a series of Pyramidal 
feature aggregation and extraction operations, during which a 
deform-layer learns the offset of the location of each reference point. 
Subsequently, the output features from different layers are then fused 
together and fed into separate multi-layer perceptions for location 
regression and classification. The model ultimately has two outputs the 
coordinates of the cell centroids and the cell classification results. In 
comparison to traditional approaches, this pure point-based multi-task 
localization method can better locate and parse the individual positions 
even in dense cell regions. The multi-task learning also provides the 
model with more cues that can help facilitate cross-task knowledge 
transfer. Finally, the entire framework of the algorithm is depicted on 
Fig2.

2.3. Study design

Among the 308 testing slides comprising 231 from the internal test 
cohort and 77 from the external test cohort, we selected a total of 200 

Fig. 1. Flow chart depicting the criteria for patient inclusion and exclusion. IUBCa, invasive urothelial carcinoma of bladder.
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HER2 IHC slides, consisting of 95 HER2-positive and 105 HER2-negative 
cases, for our subsequent ring study cohort. For this study, six pathol
ogists from RHWU and TCHW, grouped by their experience level, 
interpreted these slides. Specifically, junior pathologists with 1–5 years 
of practice and senior pathologists with 5–10 years of practice, all of 
whom had experienced in interpreting HER2 IHC sections in routine 
clinical settings.

First, the pathologists reviewed the 2018 ASCO/CAP guideline [23]
for HER2 IHC testing in breast cancer and were trained in use of the 
AI-assisted device. The research comprised two rounds of ring studies 
(RS). In the initial round (RS1), the pathologists evaluated the 200 HER2 
IHC slides by examining the WSIs, with the ability to zoom in and out at 
specified magnifications, similar to using a microscope. After a 1-week 
interval, the second round (RS2) was conducted during which the 
exact slides were reinterpreted with AI assistance. The AI algorithm was 
integrated into a computer system that, once WSIs were uploaded, 
automatically performed patch splitting, cell detection, cell classifica
tion, and HER2 IHC scoring prediction. Subsequently, the inference re
sults were then stored in a database and displayed on the front-end 
screen, assisting pathologists by pre-analyzing HER2 IHC slides and of
fering computed results as secondary opinions. Finally, during the sec
ond ring study, the pathologists finalized the score by incorporating the 
AI-generated results.

2.4. Statistics

Statistical analyses were conducted with SPSS version 26 and R 
version 4.2.2. To evaluate the AI algorithm, manual interpretation, and 
AI-assisted interpretation, various performance metrics were employed, 
including accuracy, precision, recall, F1-score, and Cohen’s kappa. To 
compare the manual interpretation with AI-assisted interpretation, both 
the paired t-test and the Wilcoxon rank-sum test were conducted to 
assess statistical significance. A two-tailed p-value of less than 0.05 was 
considered statistically significant. Additionally, interobserver agree
ment was analyzed using Fleiss’ kappa, with agreement levels inter
preted as follows: 0.01–0.20 indicates slight agreement, 0.21–0.40 
reflects fair agreement, 0.41–0.60 signifies moderate agreement, 
0.61–0.80 represents substantial agreement, and 0.81–1.00 denotes 
almost perfect agreement.

3. Results

3.1. Patient cohort and clinicopathological characteristics

The study cohort comprised 330 whole slide images (WSIs) from 299 
consecutive cases of primary IUBCa diagnosed at RHWU and TCHW 
between February 2022 and December 2023. Table 1 presents the 
clinicopathological details of the cohort. The average age of the patients 

Fig. 2. Study Design Flowchart. The study begins with model construction. Initially, annotation data from regions of interest (ROI) were collected. Using transfer 
learning with pre-trained weights from a breast cancer model, the model was subsequently trained. The distribution of cell-level annotations for both the breast 
cancer model and the bladder cancer model was quantitatively depicted, and the network architecture is illustrated. Next, the model’s performance was evaluated 
using two test sets. Additionally, a subset of 200 WSIs was selected for further investigation. In two rounds, RS1 (mannual scoring) and RS2 (AI-assisted scoring), six 
pathologists independently interpreted the entire set of WSIs.
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was 69.0 years, ranging from 46 to 91 years. The most prevalent tumor 
type was conventional urothelial carcinoma (89.0 %), followed by 
urothelial carcinoma with squamous and glandular differentiation, and 
others. Additionally, tumors were classified as high grade in 207 cases 
(69.2 %). Regarding HER2 protein expression, the distribution was as 

follows: 0 in 47 slides (14.2 %), 1 + in 75 slides (22.7 %), 2 + in 101 
slides (30.6 %), and 3 + in 107 slides (32.4 %). Importantly, scores of 
2 + and 3 + were considered HER2 IHC positive, which was observed in 
208 slides (63.0 %). Among 299 UBCa patients, the highest HER2 pos
itivity rate was observed in micropapillary carcinoma (6 out of 7, 
85.7 %), followed by conventional UBCa (163 out of 266, 61.2 %) and 
glandular differentiation (5 out of 9, 55.6 %). The positivity rate in cases 
with squamous differentiation was 6 out of 14 (42.9 %), while all three 
cases of nested urothelial carcinoma and sarcomatoid urothelial carci
noma were HER2 negative.

3.2. Evaluation of AI quantification algorithm

We began by training an automated algorithm to predict HER2 
scores in UBCa. To validate its performance, we tested the model on two 
independent datasets. As shown in Fig. 3 and Table 2, detailed 

Table 1 
Clinicopathological features of cases (patients n = 299, WSIs n = 330).

Clinicopathologic features

Sex (n, %) ​
male 240(80.3)
female 59(19.7)
Age, years: mean (range) 69.0(46 − 91)
Histological subtypes (n, %) ​
Conventional urothelial carcinoma 266 (89.0)
UC with squamous differentiation 14 (4.7)
UC with glandular differentiation 9(3.0)
Micropapillary UC 7(2.3)
Nested UC 2(0.7)
Sarcomatoid UC 1(0.3)
Histological grade (n, %) ​
high grade 207(69.2)
low grade 92(30.8)
HER2 IHC score* (n, %) ​
0 47(14.2)
1 + 75(22.7)
2 + 101(30.6)
3 + 107(32.4)

* A total of 330 WSIs were included, each with an assigned HER2 score.
UC urothelial carcinoma, IHC immunohistochemistry.

Fig. 3. Ground-truth and validation outcomes at the slide level for the dataset. (A) RHWU dataset Ground-truth: Distribution of HER2 scores, showing 11.26 % HER2 
0, 19.91 % HER2 1 + , 32.90 % HER2 2 + , and 35.93 % HER2 3 + (total = 231). (B) Confusion matrix of RHWU dataset: The AI model shows high accuracy, 
especially for HER2 2 + and 3 + , with some misclassification between HER2 1 + and 2 + . (C) TCHW dataset Ground-truth: Distribution of HER2 scores, with 
22.08 % HER2 0, 24.68 % HER2 1 + , 24.68 % HER2 2 + , and 28.57 % HER2 3 + (total = 77). (D) Confusion matrix of TCHW dataset: Similar to the RHWU results, 
the AI model accurately predicts HER2 2 + and 3 + , with some misclassification between HER2 1 + and 2 + .

Table 2 
Classification performance of our AI model in two independent test datasets.

dataset 0 1 + 2 + 3 +

internal test Accuracy 1.00 0.96 0.91 0.95
Precision 1.00 0.90 0.90 0.92
Recall 0.88 0.90 0.90 1.00
F1-score 0.94 0.90 0.90 0.96

external test Accuracy 0.88 0.89 0.89 1.00
Precision 1.00 0.86 0.92 0.98
Recall 0.93 0.96 0.91 0.95
F1-score 0.96 0.91 0.91 0.96
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validation results are presented. First, 231 WSIs from RHWU were 
evaluated. On the internal test set from the RHWU cohort, the model 
achieved an overall accuracy of 0.94, indicating robust predictive 
capability. Moreover, its accuracy, precision, and F1-score all exceeded 
0.9, approaching 1, underscoring its reliability. Then, when tested on 
the external dataset from TCHW (n = 77), the overall accuracy of the 
algorithm slightly declined to 0.92. Upon further analysis, we identified 
that most errors occurred in cases where the cell proportion was close to 
the 10 % threshold. Additionally, misclassifications of 2 + as 3 + were 
primarily due to overestimations of strong staining in certain slides.

3.3. Overall ring study results

The interpretation results from all pathologists in RS1 (manual 
scoring) and RS2 (AI-assisted scoring) are illustrated in Fig. 4. In RS2, 
referred to as AI-assisted pathologist scoring, pathologists re-evaluated 
and adjusted the scores of the entire WSI based on AI-generated re
sults. This AI-assisted evaluation in RS2 visually enhanced the accuracy 
and consistency of the manual evaluation in every HER2 score when 
measured against the gold standard values.

3.4. Accuracy evaluation in each RS

The accuracy of pathologists’ HER2 scoring (RS1), AI-assisted out
comes (RS2) and AI results were compared using confusion matrix 
(Fig. 5A). AI prediction (RS-AI) represents the HER2 scores generated by 
evaluating the entire WSI with the aforementioned AI algorithm. As 
shown in Fig. 5B, the accuracy of RS2 using the AI-assisted method 
(0.94) was significantly higher than that of RS1 (0.67). The AI-assisted 
approach reduced the accuracy gap between the gold standard and the 
pathologists’ results by 0.27. Additionally, the accuracy of RS-AI was 
consistent with the AI-assisted pathologist review in RS2 (0.94).

Next, the accuracy of pathologists’ interpretations of HER2 0, HER2 
1 + , HER2 2 + , and HER2 3 + tumors were evaluated separately 
(Fig. 5B). Overall, compared to RS1, the accuracy, recall, and F1 scores 
for HER2 ratings in RS2 showed varying degrees of improvement. 
Notably, for HER2 2 + , the F1 scores increased from 0.54 to 0.91, recall 
improved from 0.53 to 0.89, and precision rose from 0.55 to 0.93. We 
further investigated the reasons for inconsistent results in RS1. As shown 
in Fig. 5C, in HER2 0 cases, most errors occurred due to misclassifying 
HER2 0 as HER2 1 + tumors, while in HER2 2 + cases, most errors 
stemmed from misclassifying HER2 1 + as HER2 2 + . Importantly, AI- 
assisted interpretation significantly reduced these errors.

We also examined intratumoral heterogeneity in HER2-positive 

expressions and evaluated the performance of each HER2 interpretation 
method with or without heterogeneity. Among HER2-positive cases, 
80.0 % (40/50) of HER2 2 + cases exhibited heterogeneity, while 
20.0 % (10/50) showed homogeneity. Additionally, in HER2 3 + cases, 
47.3 % (26/55) exhibited heterogeneity, while 52.7 % (29/55) showed 
homogeneity (Fig. 5D). In cases with homogeneous staining, the accu
racy of pathologists’ review results was 0.85, but it significantly 
decreased to 0.49 in the presence of heterogeneity (Fig. 5E). AI 
improved the accuracy under heterogeneous conditions to 0.93, which is 
comparable to the accuracy under homogeneous conditions (0.96). 
Thus, the use of AI significantly enhanced the accuracy of HER2-positive 
expressions with heterogeneity. Fig. 6 showed a case with heteroge
neous HER-2 IHC.

3.5. Consistency evaluation of all pathologists in each RS

Heatmaps were used to visualize the changes in consistency of 
pathologist interpretations between RS1 and RS2 (Fig. 7A-B). In RS1, 
when pathologists performed manual readings, overall consistency was 
observed (kappa=0.48; 95 % CI, 0.443–0.526). However, compared to 
RS1, the AI-assisted evaluation significantly improved the consistency in 
RS2 (kappa=0.87; 95 % CI, 0.852–0.885). To gain deeper insight, we 
further analyzed the consistency of the two methods, defining consensus 
as agreement among at least 5 out of 6 pathologists on the case inter
pretation (Fig. 7C). The results indicated that in RS1, a minimum of one 
pathologist interpreted 125 cases as HER2 1 + , with consensus reached 
in 35 cases (28.0 %). Similarly, 111 cases were labeled as HER2 2 + by a 
minimum of one pathologist, achieving consensus in 16 cases (14.4 %). 
In contrast, in RS2, 48 cases were identified as HER2 1 + by a minimum 
of one pathologist, with 69 cases (69.6 %) reaching consensus. 
Furthermore, in RS2, 73 cases were designated as HER2 IHC 2 + by a 
minimum of one pathologist, with 43 cases (58.9 %) reaching 
consensus. This analysis shows that traditional manual readings showed 
poorer consistency for HER2 IHC 2 + compared to HER2 IHC 1 + , but 
both were significantly improved with AI assistance.

Next, the six pathologists were categorized into two groups accord
ing to their years of practice. Fig. 7D presents a comparison of accuracy 
for the two groups in RS1 and RS2. Upon comparing the accuracy be
tween RS1 and RS2, it was evident that both groups of pathologists 
experienced significant improvements with the AI-assisted method 
(P < 0.05). The use of AI assistance reduced the accuracy gap between 
the gold standard and all pathologists, irrespective of their experience 
levels. Particularly, the greatest improvement in accuracy was observed 
among junior pathologists, increasing from 0.52 (95 % CI, 0.46–0.58) in 

Fig. 4. HER2 interpretation results of 200 cases by six pathologists in two rounds of a ring study. The heatmaps show the HER2 scores assigned by the six pathologists 
in two rounds (RS1 and RS2), with the gold standard results provided for comparison. Each column represents a sample, and each row corresponds to a pathologist’s 
interpretation. Darker shades indicate higher HER2 scores, ranging from 0 to 3 + . The top panel shows the results from the first round (RS1), while the bottom panel 
presents results from the second round (RS2). Across both rounds, there is variability in HER2 scoring between pathologists, with the second round demonstrating 
improved agreement with the gold standard, particularly for higher HER2 scores (2 + and 3 +).
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RS1 to 0.93 (95 % CI, 0.89–0.97) in RS2 (Fig. 7D). The consistency 
differences between the groups underscore that pathologists generally 
demonstrated higher consistency in RS2 compared to RS1. Moreover, 
senior pathologists exhibited greater consistency (Kappa=0.55) in RS1, 
whereas junior pathologists achieved the highest consistency in RS2 
(Kappa=0.87). This significant improvement from 0.45 to 0.87 among 
junior pathologists represents the most substantial enhancement 
observed (Fig. 7E). Overall, the acceptance across all pathologists was 
0.78, indicating the pathologists’ high level of acceptance of the AI re
sults. (Fig. 7F).

4. Discussion

Several clinical trials have shown encouraging results for ADCs in the 
treatment of HER2-positive UBCa patients [46,47]. In these studies, 
HER2-positive status is characterized by an IHC score of 2 + or 3 + , 
regardless of FISH results. For instance, Sheng et al. 46 found that RC48 
significantly improved outcomes in HER2-positive la/mUC, with an 
ORR of 50.5 %. Additionally, Xu et al. 22 reported DV’s efficacy in 
HER2-negative mUC (IHC 0 or IHC 1 +), achieving a mPFS of 5.5 
months and an ORR of 26.5 %. Moreover, an ongoing study combining 
RC48-ADC with toripalimab in HER2-negative la/mUC showed prom
ising ORRs: 83.3 % for IHC 3 + /2 + , 64.3 % for IHC 1 + , and 33.3 % 

Fig. 5. The accuracy of 2 rounds of ring studies (RSs) for pathologists. (A) Confusion matrix for the two RSs and AI prediction outcomes: The confusion matrices show 
the accuracy of HER2 scoring by pathologists in RS1 and RS2, as well as the AI model’s predictions compared to the gold standard. Overall, RS2 and AI predictions 
demonstrate improved alignment with the gold standard. (B) Assessment of overall accuracy and statistical comparisons: The bar charts illustrate the overall ac
curacy, F1-scores, recall, and precision for HER2 0, 1 + , 2 + , and 3 + cases across RS1, RS2, and AI predictions. Statistical tests indicate significant improvements in 
accuracy and recall between RS1 and RS2 for HER2 0, 1 + , and 2 + cases, while the AI results show comparable performance. Paired t-test and Wilcoxon rank-sum 
test were conducted to determine significance between groups: ns, P > 0.05; * , P < 0.05; * *, P < 0.01; * ** , P < 0.001. (C) Number of error cases in each grade 
compared to the gold standard: This chart shows the number of error cases for each HER2 grade. (D) Presence of heterogeneity in HER2 + and HER2 3 + cases: This 
plot shows the frequency of heterogeneity in HER2 + and HER2 3 + cases. (E) Accuracy in interpreting homogeneous and heterogeneous cases in the two RSs: 
Accuracy in interpreting homogeneous cases is higher compared to heterogeneous cases in RS1, while RS2 demonstrates comparable accuracy to homogeneous cases.
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for IHC 0 [32]. These investigations indicate that ADCs could be an 
effective treatment option for patients with HER2-positive mUC. 
Notably, even patients with HER2-low tumors can achieve efficacy rates 
comparable to those of chemotherapy.

Currently, the determination of HER2 status in UBCa primarily relies 
on the HER2 IHC method, based on breast cancer criteria, to select 
candidates for new HER2-targeted therapies. However, a major chal
lenge in employing IHC as the main method for HER2 testing is the 
intrinsic subjectivity, which leads to considerable intraobserver and 
interobserver variability. This variability stems not only from the sub
jective judgments clinical pathologists must make—such as assessing the 
completeness and intensity of membrane staining and the percentage of 
positive cells—but also from the inherent heterogeneity of UBCa. 
Moreover, substantial intratumoral heterogeneity in HER2 protein 
expression was reported in about 55.5 % of HER2-positive tumors by 
IHC [28]. Thus, precise pathological evaluation of HER2 status is crucial 
for identifying patients who are eligible for these advanced treatments.

Our study initially employed transfer learning to train an algorithmic 
model for automated evaluation of HER2 expression in UBCa. Subse
quently, we validated its performance on two independent test sets. In 
further investigations, we conducted two rounds of studies involving 
200 cases to explore the reproductivity of this set of HER2 scoring 
criteria and the application value of artificial intelligence algorithms in 
assisting HER2 assessment in UBCa. Our experimental results demon
strate that the HER2 IHC algorithm achieves good accuracy in four-level 
classifications (0.94; 0.92) among the two independent tests. Moreover, 
applying this algorithm in subsequent pathologist-assisted scoring 

revealed a significant improvement in accuracy and consistency among 
AI-assisted pathologists in RS2.

To our knowledge, no other study has yet developed a deep learning 
quantification algorithm for HER2 scoring in UBCa to aid in patholo
gists’ diagnoses. While several AI models have been proposed for breast 
cancer [48,49], the algorithm we introduced in this study utilizes a point 
annotation method and transfer learning. We leveraged pre-trained 
model parameters from extensive datasets and combined them with 
our annotated data to adapt to our specific task. This strategy was 
employed to address the challenge of obtaining adequate membrane 
data necessary for developing the HER2 scoring algorithm in UBCa. 
Furthermore, our proposed algorithmic model performs cell identifica
tion and classification across the entire WSI, calculating the final HER2 
score according to established guidelines. This approach is distinct from 
methods that rely on tissue microarrays or regions of interest [50]. 
Finally, the AI algorithm demonstrated strong performance across two 
independent test sets and can be seamlessly integrated into our pathol
ogy department’s workflow.

Interobserver agreement of HER2 scoring in breast cancer is reported 
to have kappa values vary from the lowest 0.19 to the highest 0.80 [51, 
52], and the interobserver agreement of HER2 scoring in gastric cancers, 
with reported kappa values between 0.61 and 0.78 using a four-tiered 
scoring method [53]. In the subsequent reader study, the 
inter-pathologist agreement in UBCa ranged from 0.39 to 0.63, slightly 
lower than the aforementioned study results. Several factors may 
contribute to interobserver variability in UBCa, including the individual 
pathologist’s experience, the lack of specific expertise in HER2 scoring 

Fig. 6. Urothelial carcinoma of bladder exhibiting heterogeneous HER-2 immunohistochemistry (IHC). (A) Low-resolution view of a tissue section stained for HER-2 
IHC. The overall HER-2 status for this case has been classified as HER2 2 + , displaying significant staining heterogeneity. Dotted black line, dotted red line, and solid 
black line rectangles correspond to the areas shown in (B), (C), and (D), respectively. A scale bar is provided in the figure. (B) The majority of cancer cells display 
faint HER-2 expression (0–1 +), viewed at 20x magnification. (C) Clusters of tumor cells showing moderately intense, intact HER-2 expression (2 +), viewed at 20x 
magnification. (D) The majority of tumor cells exhibit strongly positive HER-2 expression (3 +), viewed under 20x magnification.
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for UBCa, and the tumor’s histologic subtype and heterogeneity.
In the RS1, we found that, compared to the gold standard, the ac

curacy and F1-scores, for HER2 2 + scoring (the threshold for thera
peutic efficacy), were all relatively low. This discrepancy may be due to 
the routine practice in breast cancer HER2 scoring, where equivocal 
HER2 + results can be further evaluated using FISH or other tests to 
determine the final outcome. In contrast, for UBCa, pathologists often 
rely solely on HER2 IHC results to determine the threshold for treat
ment, leading to a more cautious and stringent selection of HER2- 
positive cases. In RS2, AI-assisted HER2 2 + scoring demonstrated 
improved accuracy, recall and precision. This indicates that the AI al
gorithm can accurately identify HER2 + patients. Additionally, the AI- 
assisted results showed varying degrees of improvement in dis
tinguishing between HER2 0 and HER2 1 + , highlighting its potential 
utility in identifying patients with low HER2 expression as well. 
Furthermore, we observed that pathologists, regardless of their experi
ence levels, all gained advantages from the AI-assisted method. As 

expected, the junior pathologist group showed the greatest improve
ment in accuracy, achieving the highest accuracy in RS2 with the assist 
of AI. This improvement could be attributed to the junior pathologists’ 
limited experience in HER2 interpretation, whereas senior pathologists 
may have more confidence in their assessments and therefore may be 
less inclined to accept AI results. The lower average acceptance among 
senior pathologists compared to junior pathologists also supports this 
observation. In conclusion, we found that the AI-assisted method was 
particularly helpful for pathologists in making decisions about cases 
where the cell proportion was near the threshold.

According to reports, HER2 heterogeneity in UBCa is more pro
nounced compared to breast cancer, similar to gastric cancer, and leads 
to poor agreement in HER2 IHC interpretation [17]. In this study, we 
explored the potential of AI assistance to enhance HER2 scoring in 
heterogeneous UBCa cases. The findings validated that AI notably 
improved the accuracy of HER2 scoring in such cases, achieving levels 
comparable to homogeneous cases. However, conclusions regarding the 

Fig. 7. HER2 scoring agreement in two rounds of ring studies (RSs), along with the accuracy, consistency, and acceptance rate of pathologists at different levels. (A) 
Total consistency in RS1: The heatmap shows pairwise agreement among pathologists in RS1, with moderate consistency observed across pathologists. (B) Total 
consistency in RS2: The heatmap shows improved pairwise agreement among pathologists in RS2, with overall consistency higher than in RS1. (C) Agreement for 
HER2 0, 1 + , 2 + , and 3 + in the two RSs: Bar graphs display the proportion of consensus and non-consensus cases for each HER2 category. Significant 
improvement in agreement is seen in RS2 for all HER2 categories, particularly for HER2 0 (32.8 % in RS1 vs. 87.8 % in RS2) and HER2 3 + (36.8 % in RS1 vs. 86.4 % 
in RS2). (D) Accuracy comparison between junior and senior pathologists in the two RSs: Accuracy improved significantly in RS2 for both junior and senior pa
thologists. Paired t-tests were conducted to determine significance between groups: ns, P > 0.05; * , P < 0.05; * *, P < 0.01; * ** , P < 0.001. (E) Consistency 
comparison between junior and senior pathologists: Fleiss’s Kappa indicates that both junior and senior pathologists had improved consistency in RS2. (F) Acceptance 
rate of AI results by pathologists at different levels: Violin plots depict the acceptance rates of AI results between junior and senior pathologists in RS2.
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correlation between HER2 heterogeneity and treatment efficacy in UBCa 
differed [28,54], possibly due to the subjectivity of HER2 IHC evaluation 
methods. Consequently, AI-based technologies show potential as an 
approach to deliver more precise and quantitative evaluations.

This study has several limitations. Firstly, the AI algorithm intro
duced in this research cannot accurately distinguish between carcinoma 
in situ and invasive carcinoma, potentially leading to misinterpretation 
in slides containing a mixture of both. Secondly, the algorithm’s 
inability to incorporate a reference for HER2 staining intensity recog
nition. Furthermore, the gold standard for HER2 scoring used in this 
research depended on consensus readings from two or three seasoned 
pathologists, along with subjective definitions and categorizations of 
heterogeneous cases. This approach retains a degree of subjectivity.

5. Conclusions

This study demonstrated that the feasibility of urothelial carcinoma 
of the bladder HER2 scoring based on the 2018 ASCO-CAP guidelines. 
And results underscoring that reproducibility and consistency among 
pathologists significantly improved with the assist of AI, even in the 
presence of tumor heterogeneity. Our findings suggest the potential of AI 
in effectively discerning patients who stand to benefit from the latest 
ADC therapeutic agents.
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