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Abstract 

Background  Accurate assessment of programmed death-ligand 1 (PD-L1) immunohistochemical (IHC) expression 
is critical for immunotherapy in patients with non-small cell lung cancer (NSCLC). Yet, interpreting its staining is chal-
lenging, time-consuming, and causes inter-observer variability, potentially mis-stratifying patients. This necessitates 
the development of an artificial intelligence (AI) model to effectively quantify PD-L1 expression. Hence, we developed 
an AI-based deep-learning approach to automatically assess PD-L1 expression in NSCLC using IHC 22C3 assay-stained 
whole slide images (WSIs).

Methods  A total of 706 patients with NSCLC were included in this study and 1212 WSIs were collected from three 
distinct study cohorts. We accurately matched the hematoxylin and eosin-stained images of the internal dataset 
with the IHC WSIs. Foreground regions containing tumor tissue were extracted from WSIs, and a multi-granular multi-
ple-instance learning approach employing instance embeddings with coarse and fine granularities was implemented 
to extract patch-level morphological features. A multi-grained expression interpreter-based model aggregated these 
features to stratify PD-L1 expression status.

Results  The model showed strong interpretive ability in all three cohorts and wide applicability to different specimen 
types. The macro-average area under the receiver operating characteristic curve (AUC) were 0.940/0.915/0.944 for sur-
gical specimens, 0.955/0.844/0.865 for biopsy specimens, and 0.901/0.958/0.883 for metastases.

Conclusion  This study emphasizes the potential benefits of deep learning in automatically, rapidly, and accurately 
inferring PD-L1 expression from complex IHC images. It also showcases how AI frameworks can improve routine digi-
tal pathology workflows in current PD-L1 detection methods.
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Introduction
Lung cancer is one of the most prevalent and deadly 
malignancies worldwide, with ongoing advancements in 
its diagnosis and treatment garnering widespread atten-
tion [1]. Histologically, lung cancer is classified into small 
cell lung cancer (SCLC) and non-small cell lung cancer 
(NSCLC), with the latter accounting for approximately 
80–85% of all cases and encompassing several subtypes, 
including adenocarcinoma, squamous cell carcinoma, 
and adenosquamous carcinoma [2]. Treatment strate-
gies for NSCLC have evolved significantly over the years, 
reflecting our growing understanding of tumor biology 
and immune interactions. The integration of immuno-
therapy and targeted therapy in neoadjuvant or adjuvant 
settings for early-stage NSCLC, as well as in the treat-
ment of advanced-stage disease, has markedly improved 
patient outcomes [3]. Immune checkpoint inhibitors 
(ICIs) targeting the programmed death 1 (PD-1) and 
programmed death-ligand 1 (PD-L1) pathway are at the 
forefront of this immunotherapeutic revolution. ICIs 
have become pivotal in immunotherapy, fundamentally 
altering the treatment paradigm for NSCLC [4–6]. The 
mechanism of action of these ICIs involves blocking the 
interaction between PD-1 on T cells and PD-L1 on tumor 
cells, thereby reactivating the immune system’s ability to 
recognize and attack cancer cells [7]. This approach has 
yielded remarkable results, with the five-year survival 
rate for advanced NSCLC increasing from 5% in the 
chemotherapy era to 13.4–23.2% with immunotherapy 
[8].

PD-L1, a type I transmembrane protein belonging to 
the B7 family, is frequently overexpressed on the sur-
face of tumor cells. It exerts immunosuppressive effects 
through binding to PD-1/PD-2 receptors, thereby 
inhibiting T cell activation and negatively regulating 
immune responses [9–11]. Moreover, PD-L1 has been 
demonstrated to induce T cell apoptosis and functional 
impairment, further compromising anti-tumor immu-
nity [12–14]. As a clinically validated biomarker, PD-L1 
expression guides ICI therapy selection. The U.S. Food 
and Drug Administration has approved the PD-L1 
immunohistochemical assay (22C3; DAKO, Agilent 
Technologies) as a companion diagnostic for pembroli-
zumab treatment [15, 16]. In NSCLC, PD-L1 expression 
levels critically inform therapeutic decision-making. 
Extensive clinical studies have demonstrated that, com-
pared with conventional chemotherapy, PD-1 monoclo-
nal antibody monotherapy in patients with high PD-L1 

expression exhibits superior progression-free survival 
and overall response rates [17]. For patients with low 
PD-L1 expression, first-line combination therapy with 
PD-1/PD-L1 inhibitors plus platinum-based doublet 
chemotherapy demonstrates superior clinical efficacy. 
Randomized controlled trials have demonstrated that 
this regimen significantly improves overall survival and 
enhances objective response rates alone [18].

Despite its clinical utility, the current scoring system 
for PD-L1 expression has several limitations. The assess-
ment of PD-L1 expression relies heavily on the expertise 
and judgment of the pathologist, introducing an element 
of subjectivity that can lead to inter-observer variability, 
particularly in settings where pathologists have limited 
experience with PD-L1 interpretation [19, 20]. This sub-
jectivity is further compounded by the inherent intratu-
moral heterogeneity of PD-L1 expression and its dynamic 
nature in response to various factors such as treatment 
modalities and the tumor microenvironment [21]. More-
over, the tissue used for analysis must accurately repre-
sent the tumor, a task complicated by the considerable 
heterogeneity of PD-L1 expression in NSCLC [22]. This 
heterogeneity increases the risk of false-positive and 
false-negative results depending on the representative-
ness of the tissue biopsy, potentially leading to subopti-
mal treatment decisions.

These challenges underscore the pressing need for 
more objective, standardized, and comprehensive assess-
ment methods of PD-L1 expression. The rapid advance-
ment of artificial intelligence (AI) and its application in 
computational pathology (CPATH) offers promising 
solutions to these challenges. CPATH is widely applied 
in various aspects of pathology, including cytology, his-
tology, immunohistochemistry, molecular analysis, and 
tumor immune microenvironment (TIME) assessment 
[23, 24]. CPATH leverages whole-slide imaging (WSI) 
and AI algorithms to emulate the diagnostic reasoning of 
pathologists, enabling intelligent and automated analysis 
of PD-L1 expression [25–27]. This AI-powered quantita-
tive approach has substantially enhanced the accuracy, 
reproducibility, and objectivity of PD-L1 scoring, offer-
ing a transformative paradigm for predicting immu-
notherapy response. Despite these advances, a critical 
challenge remains: the absence of standardized, clinically 
validated assessment models that can be seamlessly inte-
grated into therapeutic decision-making. Addressing this 
gap is imperative to advance precision immunotherapy in 
NSCLC and optimize patient stratification [28, 29].
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Here, we describe an AI-based platform for interpret-
ing PD-L1 expression in digitized IHC slides of NSCLC 
specimens. We developed and validated a computational 
method that provides a rapid, accurate, and objective 
assessment of PD-L1 expression across different types 
of specimens, including radical surgical specimens, 
puncture or biopsy specimens, and metastases, thereby 
enhancing the precision of immunotherapy decision-
making. This study aimed to contribute to the evolving 
landscape of digital pathology and precision oncology, 
potentially improving patient outcomes in NSCLC treat-
ment. By addressing the current limitations of PD-L1 
assessment, our study has the potential to optimize treat-
ment selection, reduce inter-observer variability, and 
ultimately lead to more personalized and effective immu-
notherapy strategies for patients with NSCLC.

Methods
We developed and validated an AI-based platform for 
interpreting PD-L1 expression in digitized IHC slides of 
NSCLC specimens. The AI algorithm was used to assess 
PD-L1 expression across distinct specimens, includ-
ing radical surgical specimens, biopsy specimens, and 
metastases.

Population and clinicopathological data
Patient selection criteria were as follows: (1) specimens 
obtained from the First Affiliated Hospital of the Univer-
sity of Science and Technology of China (USTC) cohort 
and the Second Affiliated Hospital of Anhui Medical 
University (AMU) cohort between October 2019 and 
December 2023; (2) diagnosis of NSCLC according to the 
diagnostic criteria of the 5th Edition of the WHO Clas-
sification of Thoracic Tumors [30]; (3) availability of clin-
icopathologic data, including age, gender, tumor stage, 
tumor site, pathological type, and PD-L1 expression IHC 
result.

All specimens were fixed with 10% neutral formalin, 
routinely dehydrated, embedded in paraffin, continuously 
sectioned with a thickness of 4 microns, and stained 
with hematoxylin and eosin (H&E). All PD-L1 stain-
ing was performed using the EnVision FLEX detection 
system,dyeing equipment (Autostainer Link48, DAKO, 
Agilent Technologies, Denmark), dyeing reagent (22C3; 
DAKO, Agilent Technologies, Denmark). All H&E and 
IHC-stained slides were digitized at 40X magnification 
using a Sqray Slide Scanning System SQS-600P (Shenz-
hen Shengqiang Technology Co., Ltd., Shenzhen, China) 
and converted to SVS format. Cases with suboptimal sec-
tion quality or those that were unsuitable for image fea-
ture extraction were excluded.

All IHC interpretation results were re-evaluated by 
three senior pathologists, and cases with consistent 

findings were retained. The assessment of PD-L1 expres-
sion status is primarily determined by evaluating the 
IHC tumor proportion score (TPS), with < 1% positive 
staining of tumor cells considered negative expression, 
1% ≤ TPS < 50% indicating low expression, and ≥ 50% sig-
nifying high expression [31].

The USTC cohort comprised 294 eligible patients ran-
domly divided into a training set (n = 224) and an internal 
validation set (n = 70) for model development and assess-
ment. For external validation, 212 patients were included 
in the AMU cohort. Additionally, our model was tested 
on a publicly available Memorial Sloan Kettering-Mul-
timodal Integration of Data (MSK-MIND) dataset con-
taining 247 WSIs from 247 patients, and 200 samples 
were included in the final analysis after excluding blurry 
images [32].

Computational framework
To achieve IHC-based PD-L1 status interpretation, 
we developed a multi-grained, multi-instance learning 
model called MG-MIL. As shown in Fig. 1, the MS-MIL 
model comprises four main components: (a) a Pathol-
ogy Language–Image Pretraining (PLIP)-empowered 
multi-grained instance embedding generator, (b) a 
coarse-grained instance feature extractor, (c) a coarse-
guided fine-grained instance feature extractor, and (d) 
a multi-gain expression interpreter. First, we leverage 
the capabilities of a large medical foundation model to 
build a PLIP-empowered multi-grained instance embed-
ding generator that generates instance embeddings with 
coarse and fine granularities. The PLIP is a large-scale 
pathology-specific vision-language model pretrained on 
the OpenPath dataset, which contains 200,000 + patho-
logical images with clinical data. Its image encoder excels 
at recognizing pathological patterns. In our work, we lev-
eraged PLIP’s encoder to extract tile features for accurate 
PD-L1 assessment. Second, a coarse-grained instance 
feature extractor mines the tissue structure information 
from instance embeddings to produce a global atten-
tive map and coarse-grained instance features. Third, 
we designed a coarse-guided fine-grained instance fea-
ture extractor that harnessed a global attentive map to 
instruct the generation of fine-grained instance features. 
Finally, a multi-grained expression interpreter integrated 
coarse- and fine-grained features, enabling the stratifica-
tion of PD-L1 expression status.

PLIP‑empowered multi‑grained instance embedding 
generator
Inspired by advances in medical foundation large mod-
els, such as PLIP [33] We introduced a PLIP-empowered 
multi-grained embedding generator to harvest the hier-
archical information inherent in huge-size WSIs [34, 
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35]. This component processes IHC-stained pathological 
image tile instances at high or low magnification using 
the pre-trained image encoder of PLIP, deriving coarse- 
and fine-grained instance embeddings. The operation 
consisted of three procedures: 1) background removal 
using the popular HistoQC method [36], 2) instance 
tiling at different magnifications (10X and 20X), and 
3) embedding generation using the pretrained image 
encoder of PLIP to process coarse- and fine-grained 
embedding sequences.

Coarse‑grained instance feature extractor
Pathologists can observe cancer nest regions at low mag-
nifications and recognize diverse types of cells at high 
magnifications. Therefore, to mimic zoom-in and zoom-
out operations, we developed coarse-and fine-grained 
instance feature extractors based on Transformer [37], 
exploiting such hierarchical information across different 
granularities. The coarse-grained instance feature extrac-
tor consists of a transformer encoder with multi-head 
self-attention blocks [38], and the input of each block is 

Fig. 1  Computational framework. a PLIP-empowered multi-grained instance embedding generator,which generated instance embeddings 
with coarse and fine granularities. b A coarse-grained instance feature extractor mined tissue structure information from instance embeddings, 
producing a global attentive map and coarse-grained instance features. c A coarse-guided fine-grained instance feature extractor, which 
harnessed the global attentive map to instruct the generation of fine-grained instance features. d A multi-grained expression interpreter integrated 
coarse- and fine-gained features, enabling stratification of PD-L1 expression status
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the output of the former block. In addition, we can obtain 
a global attentive map by summarizing attention matri-
ces, which can denote informative areas such as cancer 
nests and TIL structures [39].

Coarse‑guided fine‑grained instance feature extractor
Except for coarse-grained features, fine-grained informa-
tion is also important for precise molecular expression 
assessment, as the clinical interpretation of PD-L1 status 
is established for discriminating between various cells 
such as lymphocytes and tumor cells, which can be recog-
nized with high magnification while being unseen at low 
magnification. Therefore, we propose a coarse-guided, 
fine-grained instance feature extractor that includes a 
coarse-guided sampling module and a transformer-based 
feature extractor. Specifically, the global attentive map 
denoted the most task-relevant regions, and the fine-
grained branch was used only to analyze the most pre-
dominant regions. To achieve this, we first sampled the 
most focused regions in the attentive map and projected 
their locations at 20X magnification. We then leveraged a 
transformer encoder similar to a coarse-grained branch 
to derive the fine-grained instance features.

Multi‑grained PD‑L1 expression interpreter
To integrate precious multi-grained instance features, we 
first combined coarse- and fine-grained instance features 
by concatenation to pool them effectively and employed 
a multilayer perceptron consisting of a sequence of fully 
connected layers to explore the pooled feature. Finally, 
we deployed softmax activation on the final three output 
neurons to calculate the class distribution probabilities 
for different PD-L1 expression levels, that is, negative, 
low expression, and high expression:

,
where y is the output probability of three PD-L1 status; 

softmax(·) denotes the employed softmax normalisation 
layer; xMG represents the processed pathological fea-
ture of multi-layer perceptron; c is the number of output 
classes.

Statistics
Categorical measures of clinicopathological variables 
were compared using the chi-squared test or Fisher’s 
exact test. Statistical significance was set at p < 0.05. 
Analyses were performed using the SPSS software (ver-
sion 25.0; IBM Corp., Armonk, NY, USA). In the testing 
phase, the results generated by the AI model include 
the probabilities of interpretation for each category 

y = softmax(xMG) =
exp(xMGi)
c
j exp xMGj

c

i

Among these probabilities, the category with the high-
est probability is designated as the final Interpret cat-
egory of the AI model. The final interpretation results 
are then compared with the actual outcomes to assess 
the accuracy of the AI model. Additionally, the Sensi-
tivity, Specificity, and accuracy (ACC) as important 
indicators of the model for quantitative assessment can 
sensitively measure the PD-L1 interpretation accuracy 
of the AI model. Furthermore, the area under the ROC 
curve and the AUC for each category are evaluated as 
another quantitative indicator for overall assessment. 
These metrics comprehensively reflect the classification 
performance of the model at different thresholds, pro-
viding an important benchmark for evaluating the gen-
eralization ability of the AI model.

Results
Clinicopathological and PD‑L1 expression features 
of the study cohorts
The training and internal validation sets of the USTC 
cohort comprised 294 patients, of whom 59.5% were 
male, 40.5% were female. Most patients (77.2%) had lung 
adenocarcinoma, 22.1% had lung squamous cell carci-
noma, and other histological types of NSCLC accounted 
for 0.7%. Of the 294 patients, 201 underwent surgical 
resection and 93 underwent biopsy (including 26 meta-
static biopsies). For external validation, the AMU cohort 
included 212 patients (67.5% male, 32.5% female), of 
which 66% had lung adenocarcinoma, 33.5% had lung 
squamous cell carcinoma, and 0.5% had other NSCLC 
histological types. Surgical resection was performed in 
105 patients, and biopsy was performed in 107 patients. 
Additionally, clinicopathological data and corresponding 
WSIs for 200 samples (41.5% male, 58.5% female) were 
obtained from the MSK-MIND dataset, of which 74% 
had lung adenocarcinoma, 14.5% had lung squamous 
cell carcinoma, and 11.5% had other NSCLC histological 
types. Surgical resection and biopsy were performed in 9 
and 191 patients (including 111 metastatic), respectively. 
Age, clinical stage, tumor site, specimen type, histological 
type, and PD-L1 expression results of the three cohorts 
are shown in Table 1.

Of the 294 cases in the USTC cohort, 104 were nega-
tive (35.4%), 129 showed low expression (43.9%), and 61 
showed high expression (20.7%) for PD-L1. For exter-
nal validation of the AMU cohort, negative results were 
detected in 49 patients (23.1%), low expression in 129 
patients (60.9%), and high expression in 34 patients 
(16.0%). In addition, the MSK-MIND dataset, which 
included 69 (34.5%) negative cases, 36 (18.0%) low 
expression cases, and 95 (47.5%) high expression cases, 
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Table 1  Baseline characteristics in the internal and external sets

Variables USTC cohort (N = 294) (%) AMU cohort
(N = 212) (%)

MSK-Mind dataset
(N = 200) (%)

P

Gender < 0.01

male 175 (59.5) 143 (67.5) 83 (41.5)

female 119 (40.5) 69 (32.5) 117 (58.5)

Age 0.01

 ≤ 60 120 (40.8) 67 (31.6) 51 (25.5)

 > 60 174 (59.2) 145 (68.4) 149 (74.5)

Clinical stage 0.469

I 71 (24.1) 42 (19.8) /

II 101 (34.4) 85 (40.1) /

III 80 (27.2) 59 (27.8) /

IV 42 (14.3) 26 (12.3) /

Tumor site < 0.01

Right Lung 179 (60.9) 121 (57.0) /

Left Lung 102 (34.7) 83 (39.2) /

Metastasis 13 (4.4) 8 (3.8) 111 (55.6)

Specimen type < 0.01

Surgical specimens 201 (68.4) 105 (49.5) 9 (4.5)

Biopsy specimens 93 (31.6) 107 (50.5) 191 (95.5)

Histological type < 0.01

Adenocarcinoma 227 (77.2) 140 (66) 148 (74)

Squamous Carcinoma 65 (22.1) 71 (33.5) 29 (14.5)

Others 2 (0.7) 1 (0.5) 23 (11.5)

TPS of PD-L1 < 0.01

 < 1% 104 (35.4) 49 (23.1) 69 (34.5)

 ≥ 1% and < 50% 129 (43.9) 129 (60.9) 36 (18.0)

 ≥ 50% 61 (20.7) 34 (16.0) 95 (47.5)

Table 2  Summary of PD-L1 detection by Immunohistochemical detection

Dataset Total
N (%)

Negative
N (%)

Low expression
N (%)

High Expression
N (%)

Training set Surgical specimens 159 (71) 66 (29.5) 64 (28.6) 29 (12.9)

Biopsy specimens 65 (29) 15 (6.7) 34 (15.2) 16 (7.1)

Internal validation set
USTC cohort Surgical specimens 40 (57.1) 17 (24.3) 15 (21.4) 8 (11.4)

Biopsy specimens 17 (24.3) 4 (5.7) 9 (12.9) 4 (5.7)

Metastasis 13 (18.6) 2 (2.9) 7 (10.0) 4 (5.7)

External validation set
AMU cohort Surgical specimens 104 (49.1) 32 (15.1) 61 (28.8) 11 (5.2)

Biopsy specimens 100 (47.1) 15 (7.0) 64 (30.2) 21 (9.9)

Metastasis 8 (3.8) 2 (0.9) 4 (2.0) 2 (0.9)

MSK-Mind dataset Surgical specimens 9 (4.5) 3 (1.5) 2 (1.0) 4 (2.0)

Biopsy specimens 80 (40.0) 28 (14.0) 16 (8.0) 36 (18.0)

Metastasis 111 (55.5) 38 (19.0) 18 (9.0) 55 (27.5)
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was used to validate the model. The patient distribution 
and TPS results are summarized in Table 2.

Expression interpretation of validation experiments
For internal validation, the performance of the estab-
lished model was evaluated on 70 unseen WSIs compris-
ing three categories: negative (17 surgical specimens, 4 
biopsy specimens, and 2 metastases), low expression (15 
surgical specimens, 9 biopsy specimens, and 7 metasta-
ses), and high expression (8 surgical specimens, 4 biopsy 

specimens, and 4 metastases). The model achieved 
patient-level areas under the receiver operating char-
acteristic (ROC) curve (AUCs) of 0.940 for surgically 
resected samples, 0.955 for biopsies, and 0.901 for metas-
tases (Fig.  2a–c). The sensitivity and specificity were 
76.40% and 87.70% for surgical specimens, 88.80% and 
93.30% for biopsies, and 73.8% and 88.4% for metastases, 
respectively (Table 3).

For external validation, 212 cases (108 surgically 
resected samples, 106 biopsies, and 8 metastases) were 

Fig. 2  ROC curve of PD-L1 interpretation in each cohorts and different specimens. Across the three validation sets, receiver operating characteristic 
(ROC) curves demonstrate the interpretation performance (quantified by area under the curve, AUC) for PD-L1 expression stratification 
across different specimen types. The top panel (a-c) illustrates AUC values for surgical resections (a), biopsy samples (b), and metastatic lesions (c) 
in the USTC cohort. The middle panel (d-f) presents corresponding AUC data for surgical (d), biopsy (e), and metastatic (f) specimens from the AMU 
cohort. Finally, the bottom panel (g-i) displays the AUC performance for surgical (g), biopsy (h), and metastatic (i) samples in the MSK-Mind dataset
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recruited in the AMU cohort. The model achieved 
AUCs of 0.958 for surgical specimens, 0.844 for biop-
sies, and 0.894 for metastases (Fig. 2d–f). Consequently, 
the overall sensitivity and specificity were 79.2% and 
91.7%, respectively, for the external validation set; 75.6% 
and 87.8%, respectively, for surgical specimens; 76.70% 
and 75.0%, respectively, for biopsy samples; and 75.0% 
and 86.7%, respectively, for metastases (Table  3). Exter-
nal validation of independent cohorts from the AMU 
cohort, predominantly including surgical biopsy samples 
and metastases, demonstrated the generalizability of this 
model.

To conduct more extensive external validation, the 
model was evaluated using a diverse and independent 
MSK-MIND dataset, which encompassed a wide range 
of histopathological features and expression results for 
PD-L1 (Table  1). The model achieved an AUC of 0.944, 
0.865, and 0.883 for surgical specimens/biopsy samples/
metastasis and reached patient-level sensitivity/specific-
ity of 76.7/80.6%, 77.7/86.6%, and 77.7/88.6% for different 
sample types, respectively (Fig. 2g–i and Table 3).

Model interpretability
To prove the interpretability of this computational model 
and to address potential deformations between different 
stains that could affect knowledge transfer from IHC to 
H&E, we performed delicate WSl registration between 
different stains of the internal dataset USTC. Attention 
heat maps were generated for each WSI, which served 
as visual representations of the model’s output attention 
scores. These heat maps assisted in distinguishing areas 
indicative of negative and positive PD-L1 expression. 
As shown in Fig. 3, the WSI heatmaps of H&E and IHC 
visually indicate that the model identified regions with 
positive PD-L1 expression in tumor regions. Our model 
leverages advanced neural network architectures and 

image processing techniques, through the precise pairing 
of HE and IHC’s WSI, to effectively extract and identify 
PD-L1 positive expression regions from complex IHC 
images. As depicted in Fig. 3, the regions of high-atten-
tion areas denote PD-L1 positive expression of tumor 
cells, which are mainly manifested by any visible and 
well-defined partial or complete membrane linear stain-
ing of tumor cells stronger than the background. In low-
attention regions, PD-L1 is negatively expressed in tumor 
cells. In addition, attention heat maps derived by our 
model showed that in the WSI generated from different 
specimens, the visualization results can identify different 
expression regions of PD-L1, implying the wide applica-
bility and particular interpretability of the proposed AI 
model.

Discussion
In this study, we developed an AI-based multiple-
instance learning (MIL) model called MG-MIL to quali-
tatively stratify expression in digital PD-L1 IHC slides of 
samples from patients with NSCLC. The performance of 
tumor region recognition by the embedded attention-
based approach was consistent with the IHC images 
with different PD-L1 expression levels, which were able 
to accurately identify the tumor area and precisely dis-
tinguish PD-L1 membrane-positive tumor cells, showing 
a high level of agreement with actual expression levels. 
These rigorous results suggest that MG-MIL is compa-
rable to pathologist diagnosis in assessing PD-L1 expres-
sion and is more economical, convenient, and efficient. 
It also shows strong interpretative ability across different 
specimen types and adapts well to the diversity of clinical 
specimens. In addition, this system is useful for different 
specimen types and shows high consistency in the clas-
sification of PD-L1 results for surgical specimens, biopsy 
samples, as well as metastases.

Table 3  Classification results on internal and external test sets

Dataset AUC​ ACC​ Sensitivity Specificity

Internal validation set
USTC cohort Surgical specimens 0.940 0.775 0.764 0.877

Biopsy specimens 0.955 0.882 0.88 0.933

Metastasis 0.901 0.769 0.738 0.884

External validation set
AMU cohort Surgical specimens 0.915 0.806 0.756 0.878

Biopsy specimens 0.844 0.786 0.767 0.750

Metastasis 0.958 0.778 0.750 0.867

MSK-Mind dataset Surgical specimens 0.944 0.782 0.767 0.806

Biopsy specimens 0.865 0.775 0.777 0.866

Metastasis 0.883 0.787 0.774 0.886
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The PD-L1 IHC assay (22C3) has been approved as a 
companion diagnostic tool for ICIs targeted therapy; 
however, the guidelines for 22C3 staining assessment are 
subjective, and scoring variability among pathologists is 
an ongoing concern. The traditional manual interpre-
tation of PD-L1 results has many limitations. First, an 
accurate assessment of PD-L1 IHC expression requires 
pathologists to have professional training and expertise, 
as well as continuous practice over a long period, which 
results in a long training cycle and consumes consider-
able manpower and material resources. In addition, 
pathologists still do not have a perfect method to address 
the problem of accuracy and interpretation differences 
in PD-L1 TPS scoring, thus requiring repeated inter-
pretations by multiple pathologists or experts to reach 
a consensus on a comprehensive interpretation, which 
increases the overall workload. Finally, in some local 
hospitals, the lack of experienced pathologists makes 
it difficult to ensure the accuracy of the results. These 
limitations affect PD-L1 expression assessment and 
directly influence the precision of treatment for patients 
with NSCLC. Therefore, a novel approach is required to 
address these problems.

Deep learning-based convolutional neural networks 
(CNNs) have been developed for pathological image anal-
ysis and processing [40]. Some studies have established 
different DL models for evaluating or predicting PD-L1 

and have shown strong explanatory and predictive power. 
For instance, Shamai et al. [41]. used manual data annota-
tion and a fully supervised learning strategy to generate a 
dataset of 3376 patients to evaluate the feasibility of H&E 
for predicting PD-L1 in breast cancer, resulting in a high 
AUC of 0.91–0.93. In another study, Sha et al. [42]. devel-
oped and trained a deep learning model to recognize HE 
imaging patterns for tumor PD-L1 status prediction in 
NSCLC and presented over 145,000 examples to learn 
HE images. The trained model reliably predicted the 
PD-L1 status in the “unseen” test cohort (AUC = 0.80). 
These models with enhanced recognition compared 
with manual labelling of the target area by pathologists 
showed excellent performance, comparable to the inter-
pretation results of multiple pathologists. However, the 
ability of CNNs to process pathological images is chal-
lenged by tumor heterogeneity and the limited availabil-
ity of reference data, which often requires cumbersome 
labelled data to provide accurate references. Due to the 
labor-intensive nature of annotating such data, it is not 
suitable for practical work or multi-center collaboration. 
Another representative study by Ansh Kapil et  al. [43]. 
used a generative adversarial networks model to conduct 
a systematic analysis of the functional and morphological 
characteristics of epithelial regions in PD-L1 antibody-
stained digital histopathological WSIs, successfully strati-
fying the TPS, and the results showed high agreement 

Fig. 3  Heatmaps for PD-L1 interpretation. The attention heatmap analysis from our AI model, for surgical (a) and biopsy (b) specimens, we provide 
a systematic comparison from left to right: low-magnification overview of H&E-stained sections, overview thumbnails of the corresponding 
IHC slides, model-generated attention heatmap overlay, representative high-power fields showing randomly selected regions of H&E staining 
and matching high-power fields of PD-L1 IHC expression
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with the pathologist score of 0.96. This method does not 
require manual annotation by a pathologist, making it 
feasible for clinical applications. However, the training 
set is small and contains only single-center data, which 
lacks the diversity of multicenter samples, and the results 
lack extensive verification.

The above methods can overcome the limitations of 
manual interpretation of PD-L1 and show good interpre-
tation or prediction ability. In recent years, the develop-
ment of the MIL method and its advantages in processing 
high-pixel images have provided a boost for WSI analysis 
of pathological sections [44–46]. We developed a MIL 
model that demonstrated high accuracy in PD-L1 inter-
pretation, achieving an AUC of 0.955 for internal valida-
tion and 0.958 for external validation. Furthermore, our 
model offers three significant advantages while main-
taining strong interpretative performance: (1) traditional 
PD-L1 assays require complex manual labelling at the 
regional level, which is time-consuming, labor-intensive, 
and costly in cross-center practices, thereby limiting their 
clinical applicability. In contrast, our method requires 
only simple slide-level labelling for training, providing 
substantial advantages for application generalization; 
(2) Several of these methods utilize multistage and mul-
timodal approaches, resulting in high complexity and 
heterogeneity of AI models, which can complicate appli-
cation deployment and training procedures. In contrast, 
our approach employs an end-to-end framework that 
eliminates the need for a complex multistage process, 
aligning more closely with the clinical demands for rapid 
diagnosis; (3) Different cohort datasets and specimen 
types ensure a considerable amount of data, increasing 
the wide applicability of the model and allowing it to be 
well adapted to clinical diagnosis and treatment.

This study has several limitations. First, although we 
encompassed two institutes in this study, the recruited 
cohort involved was still relatively small, and more data 
are required from different institutions to increase the 
robustness of the AI model. Secondly, the WSI analysis 
model based on multi-instance learning lacks the ability 
to discriminate cell-level semantic information, which 
may lead to certain deviations in the interpretation of 
PD-L1 expression levels. Finally, the AI system was only 
tested on 22C3 specimens and should be further vali-
dated using more antibodies.

Conclusion
In conclusion, we successfully developed an AI algorithm 
that can classify the results of PD-L1 from the WSI of 
IHC, which can assist pathologists in interpretation by 
reducing interpretation errors and improving interpre-
tation accuracy, thus benefitting the individualized and 
precise treatment of patients with NSCLC. Extending 

the model to other IHC examinations may enable a 
wider range of precise pathology applications. Overall, 
this study highlights the potential of CPATH techniques 
for extracting discriminative information from routine 
slides, thereby enhancing traditional pathology to guide 
personalized treatments for patients with cancer.
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