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A B S T R A C T

Several studies have developed various artificial intelligence (AI) models for immunohistochemical
analysis of programmed death ligand 1 (PD-L1) in patients with nonesmall cell lung carcinoma;
however, none have focused on specific ways by which AI-assisted systems could help pathologists
determine the tumor proportion score (TPS). In this study, we developed an AI model to calculate
the TPS of the PD-L1 22C3 assay and evaluated whether and how this AI-assisted system could help
pathologists determine the TPS and analyze how AI-assisted systems could affect pathologists’
assessment accuracy. We assessed the 4 methods of the AI-assisted system: (1 and 2) pathologists
first assessed and then referred to automated AI scoring results (1, positive tumor cell percentage; 2,
positive tumor cell percentage and visualized overlay image) for final confirmation, and (3 and 4)
pathologists referred to the automated AI scoring results (3, positive tumor cell percentage; 4,
positive tumor cell percentage and visualized overlay image) while determining TPS. Mixed-model
analysis was used to calculate the odds ratios (ORs) with 95% CI for AI-assisted TPS methods 1 to 4
compared with pathologists’ scoring. For all 584 samples of the tissue microarray, the OR for AI-
assisted TPS methods 1 to 4 was 0.94 to 1.07 and not statistically significant. Of them, we found
332 discordant cases, on which the pathologists’ judgments were inconsistent; the ORs for AI-
assisted TPS methods 1, 2, 3, and 4 were 1.28 (1.06-1.54; P ¼ .012), 1.29 (1.06-1.55; P ¼ .010), 1.28
(1.06-1.54; P ¼ .012), and 1.29 (1.06-1.55; P ¼ .010), respectively, which were statistically significant.
For discordant cases, the OR for each AI-assisted TPS method compared with the others was 0.99 to
1.01 and not statistically significant. This study emphasized the usefulness of the AI-assisted system
for cases in which pathologists had difficulty determining the PD-L1 TPS.

© 2024 United States & Canadian Academy of Pathology. Published by Elsevier Inc. All rights reserved.

Introduction

Lung cancer is one of the most common malignant tumors
worldwide.1 Immune checkpoint inhibitors (ICIs) targeting
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programmed death 1 or programmed death ligand 1 (PD-L1)
result in better survival of patients with various solid tumors,
including lung cancer, compared with standard treatment op-
tions,2,3 offering a personalized and less invasive alternative
therapy.4 Pembrolizumab, an ICI, has been indicated for the
treatment of nonesmall cell lung carcinoma (NSCLC)5,6 and
approved worldwide as a combination therapy and first-line
treatment option for patients with advanced NSCLC.7,8

Following clinical trial reports, the US Food and Drug Admin-
istration has approved the PD-L1 immunohistochemistry (IHC)
assay (22C3; DAKO, Agilent) as a companion diagnostic tool for
PD-L1 immunotherapy with pembrolizumab.9 The main manu-
facturer of 22C3 assays proposed a guideline for 22C3 staining
assessment by estimating the tumor proportion score (TPS).10

However, this scoring guideline is based on descriptions and ex-
amples and is therefore subjective for calculating the TPS. Scoring
variability among pathologists could be problematic when
assessing PD-L1 expression.11-14 Consequently, an objective,
repeatable, and accurate PD-L1 evaluation method is warranted.

Digital image analysis is expected to overcome these limita-
tions. Artificial intelligence (AI) techniques, including deep
learning (DL) algorithms, can help pathologists improve diag-
nostic accuracy, concordance, and efficiency.15-19 Specifically,
several DL models for PD-L1 IHC analysis have been developed for
NSCLC.20-26 Previous studies have focused on the correlation co-
efficient between pathologists’ and automated scores and
concluded that the automated PD-L1 scoring system showed ac-
curacy similar to that of pathologists.20-23,25-27 Recently,Wu et al24

reported that an AI-assisted diagnostic system for evaluating PD-
L1 expression could improve the diagnostic accuracy and effi-
ciency of pathologists. However, none of these studies have
focused on the specific ways by which AI-assisted systems could
help pathologists determine the TPS. In the field of radiology,
several authors have conducted comparative studies evaluating 2
types of computer-aided detection (CAD) systems on computed
tomography (CT). Considering the concurrent-reader mode, the
radiologist reads the CT images while viewing the CAD results.
Regarding the second-reader mode, the radiologist first reads CT
images alone and then inspects the CAD.28-30 To the best of our
knowledge, no comparative studies have been conducted on how
an AI system could assist pathologists.

Based on this background, we planned an observational study
to generate a DL-based pipeline to calculate the TPS of the 22C3
assay and evaluate it in comparison with pathologists’ results
using whole-slide images (WSIs) in patients with NSCLC.
Furthermore, we analyzed how the AI-assisted system could affect
the diagnostic accuracy of the pathologists’ assessment.

Materials and Methods

Patient Selection

The patient selection criteria were as follows: (1) a histo-
logic diagnosis of NSCLC, (2) resection at Kyoto University
Hospital from 2001 to 2015, and (3) no systemic chemo-
radiotherapy before surgery. Data on clinicopathologic patient
characteristics, including age, sex, smoking history, and path-
ologic T level,31 were collected. All cases were reviewed and
classified into subtypes by pathologists (N.N. and A.Y.) ac-
cording to the 2021 World Health Organization criteria.32 The
need for consent was waived for this retrospective study,
which assessed pathologic specimens with limited clinical

information. This retrospective study was approved by the
Institutional Ethics Committee (reference number: R1876-1).

Construction of Tissue Microarrays

All resected NSCLC specimens were fixed in formalin solution,
sectioned, and stained with hematoxylin and eosin (H&E)
conventionally. Representative tumor regions without showing
necrosis were selected andmarked on H&E-stained slides for each
case. Briefly, a representative core (2 mm in diameter) with suf-
ficient tissue quality and amount was stamped out of the donor
block and transferred to a recipient paraffin block. Serial 4-mm
sections were used for H&E staining and subsequent IHC. In total,
the following 692 samples were included: 665 NSCLC samples and
27 normal lung tissue samples (Fig. 1).

Immunohistochemistry and Digitization

Serial sections of the tissue microarrays (TMAs) constructed
from the samples were IHC stained using the Dako pharmDx kits
on the Dako Link 48 platform (DAKO, Agilent) for clones 22C3,
according to the manufacturer’s recommendations and counter-
stained with hematoxylin. All sections were scanned at �40
magnification (equivalent to �400 in light microscopy) using
NanoZoomer 2.0-HT (Hamamatsu Photonics).

Study 1: Development and Validation of a Deep Learning Model to
Estimate PD-L1 Immunohistochemistry

Collection of Training and Validation Data Sets and Annotation
Fifty-four carcinoma samples and 1 normal lung tissue sample

from 692 samples were randomly selected (Fig. 1). A pathologist
(H.I.; Computation Pathology Group, Diagnostic Image Analysis
Group, Radboud University Medical Center) manually annotated
them on a WSI using the annotation software ASAP, version 1.9.0,
according to the manual on “PD-L1 immunohistochemistry testing
in lung cancer” reported by the International Association for the
Study of Lung Cancer.33 Each annotated region on theWSI included
only a single class of cells: class 0, area of tumor cells without PD-L1
expression; class 1, area of tumor cells with PD-L1 expression; and
class 2, area of nontumor cells (Supplementary Fig. S1).

Development of a Deep Learning Model Pipeline
A DL model was developed with 2 parts: (1) a convolutional

network for nuclei recognition and (2) a regional segmentation
network (Fig. 2). Regarding nuclei recognition, all nuclei in the
core were extracted by learning using U-net and classified into 2
categories: tumor cells and nontumor cells.34 We used Deep-
Labv335 for the regional segmentation network pretrained by
ImageNet. The network could estimate 2 classes (negative or
positive) for each pixel. Multilabel soft margin loss36 was used for
the loss function. The minibatch size was 8; the number of epochs
was 100. The Adam algorithm was used as the optimizer with a
1e-3 learning rate. In inference, given a patch image in a WSI
image as the input, the nuclei recognition network detected the
positions of tumor cells; the regional segmentation network
segmented the region as PD-L1 positive or negative. Subsequently,
the systemdetected the positions of the 3 types of cells, nontumor,
PD-L1epositive tumor, and PD-L1enegative tumor cells, by
combining these 2 results. Using the detected results, the PD-
L1epositive rate was calculated.
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Experiment Settings
To demonstrate the cell classification ability, we conducted 3-

fold cross-validation, which was as follows: 55 cores (350 patch
images) captured using aWSI scanner were divided into 3 sets. The
coreswerepartiallyannotated asground truth (GT) regions; only the
annotated regions were used for cross-validation. We divided the
cores such that the annotated regions in each class were balanced.
Regarding the test, a detected cell was assigned to 1 of the 3 classes
(nontumor, positive tumor, or negative tumor) using our AI model.
For each class (called the target class), such as a positive tumor, if a
cell was correctly estimated as a target class, it was counted as true
positive. If a cell belonging to another class was mistakenly esti-
mated to belong to the target class, itwas counted as false positive. If
a cell belonging to the target class was mistakenly estimated to
belong to another class, it was counted as false negative. We eval-
uated the model performance using 3 metrics: the mean of the
per-class precision (mPrecision), the mean of the per-class recall
(mRecall), and the F1 score (F1). These are defined as follows:

mPrecision¼ 1
N

XN

i¼1

P3

c¼1
TPci

P3

c¼1
TPci þ

P3

c¼1
FPci

mRecall¼ 1
N

XN

i¼1

P3

c¼1
TPci

P3

c¼1
TPci þ

P3

c¼1
FNc

i

F1¼2�mPrecision�mRecall
mPrecisionþmRecall

;

in which N is the number of annotated cells.

Study 2: Interobserver Variability of Tumor Proportion Scoring

Final Objective Cores
We excluded 55 of the 692 cores because they were used to

develop the DL model. In addition, we excluded 27 cores with
<100 tumor cells (Fig. 1).

Assessment of PD-L1 Expression by Pathologists and Tumor
Proportion Score (Ground Truth) Determination

Three board-certified pathologists (H.I., K.T., and A.Y.) partici-
pated in the assessment of PD-L1 expression; H.I. and K.T. had 8
years of experience, and A.Y. had >23 years of experience. The
assessment was based on a previously described manual.33 Scores
were recorded as the percentage of PD-L1epositive tumor cells
over the total number of tumor cells and the TPS. Staining status
was classified into the following categories: <1%, �1% and <50%,
and �50%. Each pathologist determined the TPS for 584 cases
thrice at appropriate intervals (>2 weeks) without knowledge of
their own results and those of other pathologists. Subsequently,
the GT was determined based on a consensus between the 3 pa-
thologists as a 3-category scoring for 584 cases. Furthermore,
interobserver variability of the 3 pathologists’ scoring was calcu-
lated for 3-tiered assessment (<1%, �1% and <50%, and �50%), 1%

TMA construcƟon (692 samples)

665 NSCLCs 27 normal lung Ɵssues

55 samples for the DL 
model

611 NSCLCs

584 NSCLCs

Exclusion:
Less than 100 tumor cells

54 samples 1 sample

Study 2: Interobserver variability

Study 3: Assessment of uƟlity of the DL model of predicƟng TPS
Subclass analysis

Decision of ground truth (GT)

Study 1: Development and validaƟon of 
the DL model for esƟmaƟon of 
PD-L1 immunohistochemistry

Figure 1.
A flowchart of the study. This study includes 3 parts: study 1, development and validation of the deep learning model for estimation of PD-L1 immunohistochemistry; study 2,
evaluation of interobserver variability among the pathologists; and study 3, assessment of the utility of the deep learning model for predicting the tumor proportion score and
subclass analysis. DL, deep learning; NSCLC, nonesmall cell lung carcinoma; PD-L1, programmed death ligand 1; TMA, tissue microarray; TPS, tumor proportion score.
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cutoff 2-tiered assessment (<1% and�1%), and 50% cutoff 2-tiered
assessment (<50% and�50%) as the average of the 3 times scoring.

Study 3: Assessment of Utility of the Deep Learning Model for
Predicting the Tumor Proportion Score

Tumor Proportion Scoring Using the Deep Learning Model
First, the TPS was estimated using the DL model developed for

584 cases. The results of the DL model are shown as the per-
centage of PD-L1epositive tumor cells/tumor cells (continuous
variable). These results were visualized using overlay images
displaying PD-L1epositive tumor, PD-L1enegative tumor, and
nontumor cells (Fig. 3). Agreement rates with the GT were
calculated for each pathologist’s scoring without AI (Path-TPS) and
for automated scoring using the DL model (AI-TPS).

Tumor Proportion Scoring in an Artificial IntelligenceeAssisted
System

Figure 4 shows TPS determination. The pathologists scored the
samples according to the AI-TPS without knowledge of their own
results and those of other pathologists after an appropriate
washout period (>2 weeks). TPS was evaluated using 4 methods:
(1) the pathologists first determined the TPS and then referred to
the AI-TPS results (percentage) for final confirmation; (2) the
pathologists first determined the TPS and then referred to the AI-
TPS results (percentage and overlay image) for final confirmation;
(3) the pathologists referred to the AI-TPS results (percentage)
while determining the TPS; and (4) the pathologists referred to
the AI-TPS results (percentage and overlay image) while

determining the TPS. Methods 1 and 2 correspond to the AI-
assisted system in the second-reader mode and methods 3 and
4 correspond to the concurrent-reader mode in Figure 4. The
scoring results for each method were compared with those of the
GT, and the agreement rates were calculated. Using a mixed-
model analysis, we calculated the odds ratios (ORs) with 95%
confidence intervals (CIs) for AI-assisted TPSmethods 1, 2, 3, and 4
and compared them with those for Path-TPS.

Subclass Analysis of Tumor Proportion Scoring
Regarding subclass analysis, 584 cases were divided into the

following subclasses: (1) adenocarcinomas, (2) squamous cell
carcinomas, and (3) discordant cases. In this study, 3 pathologists
separately determined the TPS 3 times at appropriate intervals
without knowledge of their own results, those of other patholo-
gists, or those of the AI-TPS. The total count of judgments was 9.
Concordant cases were defined as cases in which the 9 judgments
were in perfect agreement. Other cases were defined as discordant
cases.

Study 4: Assessment of the Artificial IntelligenceeAssisted System
Using Surgical Specimens

We performed further assessment of the AI-assisted system for
evaluating surgical specimens to investigate whether it would
apply not only to TMA slides but also to actual clinical practice. In
the patient cohort of resection cases at Kyoto University Hospital
from 2001 to 2016, we used 47 available slides stained with PD-L1
(22C3) as we previously described, which are as follows: 37

Regional segmentation network

Nuclei recognition networks
Tumor

Non-tumor

+

Positive
Negative

Tumor
Non-tumor

MSAn

MSAt

Figure 2.
A pipeline of the deep learning model. The deep learning model estimates tumor or nontumor cells (nuclei recognition using convolutional networks) and PD-L1 positivity or
negativity (regional segmentation network). By combining these 2 results, the system detects PD-L1epositive and PD-L1enegative tumor cells and calculates the tumor pro-
portion score.
MSAn, modified self-attention for nontumor cells; MSAt, modified self-attention for tumor cells; Nn, number of negative tumor cells; Np, number of positive tumor cells; PD-L1,
programmed death ligand 1.
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adenocarcinoma, 8 squamous cell carcinoma, 1 adenosquamous
carcinoma, and 1 pleomorphic carcinoma cases. All slides were
scanned at �40 magnification (equivalent to �400 in light mi-
croscopy) and annotatedwith the tumor area. Using the DLmodel,
the TPS of the annotated tumor area was calculated as a contin-
uous variable for each case. The 3 pathologists categorized the TPS
without AI (Path-TPS) into 3 categories: <1%, �1% and <50%, and
�50%. After an appropriate washout period (>2 weeks), they
determined the GT of the 47 cases based on a consensus among
them in the 3 categories. Then, after an appropriate washout
period (>2 weeks), they determined the TPS using the AI-assisted
system (AI-assisted TPS) in the 3 categories. A representative
method (the third method, concurrent-reading mode without
referring to the overlay visualized image) was chosen. Agreement
rates with the GT were calculated for AI-TPS, Path-TPS, and AI-
assisted TPS. We performed subclass analysis of the discordant
cases in which the judgments of TPS by each pathologist, without
reference to the AI-TPS, did not perfectly agree, as described in the
TMA study.

Statistical Analyses

The Fleiss k coefficient for the overall agreement between all
observer scores without AI was calculated. The level of agreement
based on the k statistics was defined as follows: k < 0.20 as slight,
0.21 to 0.40 as fair, 0.41 to 0.60 as moderate, 0.61 to 0.80 as sub-
stantial, and >0.81 as almost perfect agreement.37 Statistical

analyses were performed using the R software version 4.1.0 (R
Project for Statistical Computing). The k scorewas calculated using
the R package “irr.” A mixed-effect logistic model analysis was
performed to analyze the proportional concordance with the GT.
Themixedmodel used the patterns of AI as a fixed effect and cases
and pathologists as random effects. Using a mixed-model analysis,
we calculated the ORs with 95% CIs for AI-assisted TPS methods 1,
2, 3, and 4 in comparison with the Path-TPS. We calculated each
value for the total cases and the following subclass groups: ade-
nocarcinomas, squamous cell carcinomas, and discordant cases.
Furthermore, for discordant cases, we calculated the OR with 95%
CI for each AI-assisted TPS in comparison with the others in all
pairs of the 4 methods. The tests were 2-sided, and P values < .05
were considered statistically significant.

Results

Case Demographics

The baseline characteristics are shown in Table 1. Of the 584
cores, 278 adenocarcinoma, 292 squamous cell carcinoma, 1
adenosquamous carcinoma, and 13 nonesmall cell carcinoma
cores were used for prediction using the DL model. Of the 584
cores, 362, 122, and 100 cases were classified as TPS <1% cases;
�1% and <50% cases; and �50% cases, respectively. Of the 278
cases of adenocarcinoma, 197, 54, and 27 cases were classified as
<1% cases; �1% and <50% cases; and �50% cases, respectively. Of

A B

C DD

Figure 3.
Representative images of the visualized overlay image. (A) Programmed death ligand 1 (PD-L1) immunostaining of representative sample. (B) The visualized overlay image of the
same sample. Red circles indicate PD-L1epositive tumor cells; blue circles indicate PD-L1enegative tumor cells; black squares indicate nontumor cells. (C) The squared area in
panel A. (D) The squared area in panel B.
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the 292 cases of squamous cell carcinoma, 158, 68, and 66 cases
were classified as <1% cases; �1% and <50% cases; and �50%
cases, respectively.

Study 1: 3-Fold Cross-Validation of the Deep Learning Model

We performed 3-fold cross-validation by dividing the anno-
tated cores such that each area of the 3 classes was equal. Each
pixel in the 3 folds is listed in Supplementary Table S1. The results
of the validation (mPrecision, mRecall, and F1) are summarized in
Supplementary Table S2. The average values of mPrecision, mRe-
call, and F1 were 0.686, 0.857, and 0.762, respectively.

Study 2: Interobserver Variability of Tumor Proportion Scoring by
Pathologists (Fleiss’ K Coefficient)

The interobserver variability among the 3 pathologists was
calculated for the Path-TPS. The k coefficients for 3-tiered, 1%
cutoff 2-tiered, and 50% cutoff 2-tiered assessments were 0.581,
0.619, and 0.794, respectively. These results are presented in
Supplementary Table S3, in comparison with previous reports.

Table 1
Case demographics

Characteristic Total ADC SCC Others

Total 584 278 292 14

Age (y)

Average 68.3 65.7 70.9 64.8

Range 23e88 23e88 37e85 46e79

Sex

Male 412 146 254 12

Female 172 132 38 2

Stage (AJCC 8th)

Tis 3 2 1 0

T1 267 165 101 1

T2 209 91 111 7

T3 63 11 47 5

T4 42 9 32 1

Smoking history

Current/former smoker 442 150 280 12

Never smoker 142 128 12 2

TPS

1% 362 197 158 7

� 1% and < 50% 122 54 68 0

� 50% 100 27 66 7

ADC, adenocarcinoma; AJCC, American Joint Committee on Cancer; SCC, squamous
cell carcinoma; TPS, tumor proportion score.

AI stand-alone

AI-assisted system, second-reading

AI-assisted system, concurrent-reading

AI-TPS

AI-assisted TPS 1)

AI-assisted TPS 2)

Pathologist without AI

Path-TPS

Ground
truth

Agreement

AI-assisted TPS 3)

AI-assisted TPS 4)

%

%+

%

%+
Figure 4.
A schematic of the study. Path-TPS means scoring by a pathologist without AI. AI-TPS refers to scoring using AI alone. The AI-assisted TPS methods include 1, 2, 3, and 4. Methods
1 and 2 correspond to the second-reading mode, and methods 3 and 4 correspond to the concurrent-reading mode. In methods 1 and 3, the pathologist refers to the percentage
predicted by the AI and in methods 2 and 4, the percentage and visualized overlay image. Each TPS is compared with the ground truth to assess the agreement. AI, artificial
intelligence; TPS, tumor proportion score.
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Study 3: Confusion Matrices of Tumor Proportion Scoring Using the
Deep Learning Model

The confusion matrix for the AI-TPS is shown in Figure 5A. Each
value in the matrix is presented as a percentage of the total number
of true labels. Of the 584 cases, 67.6% (395/584) were matched for
GT. The confusionmatrices for each subclass are shown in Figure 5B-
D. Of the 278 cases of adenocarcinoma, 292 cases of squamous cell
carcinoma, and 332 discordant cases, 66.2% (184/278), 68.8% (201/
292), and 59.6% (198/332) were matched, respectively.

Agreement (Overall Accuracy) Between the Ground Truth and the
Artificial Intelligence Tumor Proportion Score/Pathologists’ Tumor
Proportion Score/Artificial IntelligenceeAssisted Tumor Proportion
Score

The detailed agreement (overall accuracy) of the AI-TPS, Path-
TPS, and AI-assisted TPS listed are shown in Supplementary
Table S4. In all the 584 cases, the agreements of the Path-TPS of
all pathologists, calculated as the average of 3 times scoring
(75.8%-83.6%), were higher than those of AI-TPS (67.6%). The
agreements of AI-assisted TPS of all 4 methods (73.3%-87.2%) were
higher than those of AI-TPS (67.6%). A similar trend was observed
in the subclasses of adenocarcinomas and squamous cell carci-
nomas. Regarding the discordant subclass, the agreement of the
Path-TPS of the 2 pathologists (71.1%-64.5%) was higher than that
of the AI-TPS (59.6%), whereas the agreement of the Path-TPS of
the others (57.4%) was lower. In contrast, the agreements of AI-
assisted TPS of all 4 methods of all pathologists (59.9%-77.7%)
were higher than those of AI-TPS (59.6%).

Comparison Between the Pathologists’ Tumor Proportion Score and
Artificial IntelligenceeAssisted Tumor Proportion Score Using
Mixed-Model Analysis

For a total of 584 cases, the OR for AI-assisted TPS methods 1, 2,
3, and 4was 0.94 to 1.07 and not statistically significant. Regarding
the subclass of adenocarcinomas, the OR for the 4 methods was
0.73 to 1.05 and not statistically significant. With respect to the
subclass of squamous cell carcinomas, the OR for the 4 methods
was 0.96 to 1.23 and not statistically significant. Considering the
subclasses of discordant cases, the ORs of AI-assisted TPS methods
1, 2, 3, and 4 were 1.28 (95% CI, 1.06-1.54; P ¼ .012), 1.29 (95% CI,
1.06-1.55; P¼ .010), 1.28 (95% CI, 1.06-1.54; P¼ .012), and 1.29 (95%
CI, 1.06-1.55; P ¼ .010), respectively, which were statistically sig-
nificant. The results are summarized in Table 2. Regarding the
discordant cases, the OR for each AI-assisted TPS method
compared with the others was 0.99 to 1.01 and not statistically
significant (Table 3).

Study 4: Assessment of the Artificial IntelligenceeAssisted System
Using Surgical Specimens

Of the 47 cores, 23, 18, and 6 cases were classified as TPS <1%
cases; �1% and <50% cases; and �50% cases, respectively. The
confusion matrix for the AI-TPS is shown in Supplementary
Figure S2A. Each value in the matrix is presented as a percent-
age of the total number of true labels. Of the 47 cases, 44.7% (21/
47) were matched for GT. The confusion matrix for discordant
cases is shown in Supplementary Figure S2B. Of the 24 discor-
dant cases, 62.5% (15/24) were matched. The detailed
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Figure 5.
Confusion matrices of AI-TPS. Confusion matrices for (A) 584 cases; (B) adenocarcinomas (278 cases); (C) squamous cell carcinomas (292 cases); and (D) discordant cases (332
cases). ADCs, adenocarcinomas; AI, artificial intelligence; SCCs, squamous cell carcinomas; TPS, tumor proportion score.
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agreements of AI-TPS, Path-TPS, and AI-assisted TPS for surgical
specimens are presented in Supplementary Table S5. In all 47
cases, the agreements of Path-TPS of all pathologists (66.0%-
91.5%) were higher than those of AI-TPS (44.7%). AI-assisted TPS
of 2 of the 3 pathologists (P1, 87.2%; P3, 78.7%) was higher than
Path-TPS (P1, 83.0%; P3, 66.0%). A similar trend was observed in
the discordant cases; agreements of AI-TPS, Path-TPS, and AI-
assisted TPS were 62.5%, 33.3% to 83.3%, and 66.7% to 79.2%,
respectively.

Discussion

We developed a DL model to calculate the TPS of the PD-L1
22C3 assay and evaluated whether and how the DL model
could help pathologists determine the TPS. We assessed the OR
of TPS using the AI-assisted system and compared it with TPS by
pathologists alone using a mixed model. In 584 cases, there were
no significant differences between the AI-assisted system and
pathologist scoring, whereas in discordant cases, in which the
pathologists’ judgment was inconsistent, all 4 methods of the AI-
assisted system showed higher OR. No significant differences
were observed between the second- and concurrent-reading
modes of the AI-assisted system. Since the concurrent-reading
mode may be less burdensome for pathologists in actual clin-
ical practice, the AI-assisted system in the concurrent-reading
mode could have the advantage of reducing the burden on pa-
thologists for the determination of PD-L1 IHC assays and
improving accuracy in difficult cases.

ICIs targeting PD-L1 improve the survival of patients with
NSCLCs; the PD-L1 IHC assay (22C3) has been approved as a
companion diagnostic tool. Guidelines for 22C3 staining
assessment are subjective, and the scoring variability among
pathologists can be problematic. As revealed in several
studies,12-14 we first evaluated Fleiss’ k coefficients for several
cutoff points. In the literature, the k coefficients for a 1%

cutoff 2-tiered assessment and a 50% cutoff 2-tiered assess-
ment were 0.537 to 0.633 and 0.58 to 0.834, respectively12-14

(Supplementary Table S3). In this study, the values were 0.619
and 0.794, respectively, which are almost identical to the re-
sults of previous studies. Furthermore, the interobserver
variability for the 3-tiered assessment (<1%, �1% and <50%,
and �50%) was a Fleiss’ k coefficient of 0.581. It was consid-
ered moderate, despite being lower than the 1% or 50% cutoff
2-tiered assessment. We suggest that interobserver variability
could be problematic when scoring PD-L1 IHC.

To achieve an objective, repeatable, and accurate PD-L1
evaluation method, several researchers have developed DL
models for the PD-L1 IHC (22C3) assay for NSCLC and
concluded that the automated PD-L1 scoring system showed
accuracy similar to that of pathologists: Liu et al21 (accuracy,
74.51%), Cheng et al25 (linear correlation efficient, 0.819-0.878),
Pan et al22 (intraclass correlation coefficient, 0.737), Taylor
et al23 (Lin’s concordance correlation coefficient, 0.80), and
Hondelink et al26 (concordance, 79%). In our study, the F1 score
and overall accuracy of the DL model were 0.762 and 67.6%,
respectively. Although evaluations of the DL model in previous
reports were not uniform, we suggest that the developed DL
model demonstrated sufficient accuracy.

In the field of radiology, several authors have reported
comparative studies between CAD in the second- and
concurrent-reading modes.28-30 Studies by Beyer et al30 and
Foti et al29 suggested the superiority of the second-reading
mode over the concurrent-reading mode. However, Matsu-
moto et al28 showed a conflicting result that the detection
performance of radiologists in these 2 modes was not signif-
icantly different. Recently, Wu et al24 assessed an AI-assisted
system and reported that the intraclass correlation coeffi-
cient of untrained pathologists with AI assistance was higher
than that of trained pathologists without AI assistance. To the
best of our knowledge, no comparative studies have focused
on the second- and concurrent-reading modes of an AI-
assisted system in determining PD-L1 TPS. Our study
demonstrated that the mixed-model analysis for 584 cases
and for cases of adenocarcinomas and squamous cell carci-
nomas revealed no statistically significant difference between
pathologist scoring without and with AI, even in both second-
and concurrent-reading modes. However, there was a statis-
tically significant difference between pathologist scoring
without AI and all methods of the AI-assisted system when
discordant cases were evaluated. Further analysis of discor-
dant cases revealed that there were no significant differences
among each method of the AI-assisted system: (1) second-
reading mode referring to the overlay image, (2) second-
reading mode without the overlay image, (3) concurrent-

Table 3
Mixed-model analysis

Pair Odds ratio (95% CI) P valuea

AI-assisted TPS 1 vs AI-assisted TPS 4 0.99 (0.79-1.25) .953

AI-assisted TPS 2 vs AI-assisted TPS 4 1.00 (0.79-1.26) 1.000

AI-assisted TPS 3 vs AI-assisted TPS 4 0.99 (0.79-1.25) .953

AI-assisted TPS 1 vs AI-assisted TPS 3 1.00 (0.79-1.26) 1.000

AI-assisted TPS 2 vs AI-assisted TPS 3 1.01 (0.80-1.27) .953

AI-assisted TPS 1 vs AI-assisted TPS 2 0.99 (0.79-1.25) .953

x vs y means the odds ratio of x compared with the odds ratio of y.
AI, artificial intelligence; AI-assisted TPS, TPS in the AI-assisted system; CI, confi-
dence interval; OR, odds ratio; TPS, tumor proportion score.

a Calculated using the type III test.

Table 2
Mixed-model analysis

Mode All cases (n ¼ 584) ADCs (n ¼ 278) SCCs (n ¼ 292) Discordant cases (n ¼ 332)

OR (95% CI) P valuea OR (95% CI) P valuea OR (95% CI) P valuea OR (95% CI) P valuea

Path-TPS 1 1 1 1

AI-assisted TPS 1 1.07 (0.90-1.28) .449 1.05 (0.81-1.36) .719 1.13 (0.89-1.45) .323 1.28 (1.06-1.54) .012

AI-assisted TPS 2 1.05 (0.88-1.25) .578 0.91 (0.71-1.17) .474 1.23 (0.96-1.58) .101 1.29 (1.06-1.55) .010

AI-assisted TPS 3 0.94 (0.79-1.12) .520 0.97 (0.75-1.25) .819 0.96 (0.76-1.22) .759 1.28 (1.06-1.54) .012

AI-assisted TPS 4 0.94 (0.79-1.12) .478 0.73 (0.57-0.94) .015 1.20 (0.94-1.54) .146 1.29 (1.06-1.55) .010

ADC, adenocarcinoma; AI, artificial intelligence; AI-assisted TPS, scoring in the AI-assisted system; CI, confidence interval; OR, odds ratio; Path-TPS, pathologists’ scoring
without AI; SCC, squamous cell carcinoma; TPS, tumor proportion score.

a Calculated using the type III test.
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reading mode referring to the overlay image, and (4)
concurrent-reading mode without the overlay image. Our
subgroup analysis of discordant cases showed characteristics
similar to those reported previously, which are as follows12,38:
weak membranous staining, concomitant cytoplasmic staining,
and the presence of inflammatory cells that are strongly PD-
L1 positive. The usefulness of the AI-assisted system has
been suggested for cases in which pathologists had difficulty
in determining the PD-L1 TPS.

We performed further assessment of the AI-assisted system
using a small number of surgical specimens. Among the 47 cases,
AI-assisted TPS of 2 of the 3 pathologists was higher than Path-
TPS. Regarding discordant cases, AI-assisted TPS was also higher
than Path-TPS. A similar trend to the TMA study was observed,
suggesting that the AI-assisted systemwill help pathologists score
TPS in actual clinical practice.

This study has some limitations. First, this was a single-center
study with a limited number of pathologists. We analyzed the
largest number of NSCLC cases. However, further multicenter
studies with more pathologists are required to validate the AI-
assisted PD-L1 scoring system. Second, there may be room for
improvement in the accuracy of the developed DL model. More
accurate scoring using the DL model may improve the accuracy of
the AI-assisted system. The accuracy of the DL model in PD-L1 IHC
scoring is considered limited because it is evaluated using semi-
quantitative GT by pathologists. However, further studies on AI-
assisted systems with more accurate DL models are required.
Third, the heterogeneity of PD-L1 expression in NSCLC could be
problematic in the study using TMA samples. However, a previous
study revealed that the sensitivity and specificity of scoring using
a single TMA to predict PD-L1 staining on the whole tumor are
relatively high: 85.1% to 100% and 97.9% to 100%, respectively,
depending on the threshold (>1%, >10%, and >50%).39 We selected
an appropriate and representative region without necrosis when
developing the TMA. Further assessment with a greater number of
surgical specimens and statistical analysis will be needed. Finally,
we performed repeated PD-L1 scoring on the same data sets and
discussed the learning effects. Each sample of 584 cases was
scored in a random order, and an appropriate washout period was
taken for each scoring. Therefore, the learning effect was mini-
mized or eliminated.

In conclusion, in total 584 cases, there were no significant
differences between the AI-assisted system and pathologist
scoring, whereas, in discordant cases, all the 4 methods of the
AI-assisted system showed higher ORs. Regarding the methods
of the AI-assisted system, there were no significant differences
between second- and concurrent-reading modes. This study
suggests the usefulness of the AI-assisted system for cases in
which pathologists might have difficulty determining the PD-L1
TPS. Further future studies are needed to validate the AI-
assisted PD-L1 scoring system.
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Supplementary Fig. S1. 

 

 

Supplementary Fig. S2. 

 



Supplementary Figure legends 

 

Supplementary Figure S1. 

Examples of annotations. Top images are representative of class 0 (tumor cells without PD-L1 expression); 

middle, class 1 (tumor cells with PD-L1 expression); and bottom, class 2 (non-tumor cells). The enclosed 

region of the images shows the annotated region for each class. 

 

Supplementary Figure S2. 

Confusion matrices of AI-TPS for surgical specimens. A: confusion matrix for 47 cases; B: discordant cases 

(24 cases). 

 

 



Supplementary Table S1: Threefold cross-validation 

  Positive tumor area Negative tumor area Non-tumor area 

Fold 1 12142502 9205227 93296362 

Fold 2 7571491 9189820 96565959 

Fold 3 6931828 9163142 93973548 

   



Supplementary Table S2: Threefold cross-validation 

Test set mPrecision mRecall F1 

Fold 1 0.710 0.888 0.789 

Fold 2 0.689 0.892 0.777 

Fold 3 0.660 0.790 0.719 

Average 0.686 0.857 0.762 

   



Supplementary Table S3: Summary of interobserver variability (Fleiss’ kappa coefficient) 

 1% and 50% cut-off 1% cut-off 50% cut-off 

Our study* 0.581 0.619 0.794 

Rimm NA 0.537 0.749 

Cooper NA 0.68 0.58 

Chang NA 0.633 0.834 

Abbreviation: NA, not available 

*Shown as the average of three scores of pathologist’s scoring without AI 

  



Supplementary Table S4: Agreement (overall accuracy) 

  

All cases 

(N = 584) 

ADCs 

(n = 278) 

SCCs 

(n = 292) 

Discordant cases 

(n = 332) 

AI-TPS 67.6  66.2  68.8  59.6  

 P1 P2 P3 P1 P2 P3 P1 P2 P3 P1 P2 P3 

Path-TPS* 83.6  79.8  75.8  84.1  81.8  76.4  82.9  77.5  74.7  71.1  64.5  57.4  

AI-assisted TPS 1) 87.2  80.7  73.3  89.2  80.6  73.7  85.6  80.1  72.9  77.7  66.0  59.9  

AI-assisted TPS 2) 85.1  79.6  75.9  84.9  79.5  75.2  85.3  79.1  76.7  75.0  64.2  64.8  

AI-assisted TPS 3) 80.1  81.2  76.2  82.7  81.7  77.0  78.1  80.1  75.7  70.5  66.9  66.3  

AI-assisted TPS 4) 85.1  78.3  74.0  83.1  76.3  73.7  86.6  79.5  74.3  77.1  62.3  64.5  

Abbreviations: ADC, adenocarcinoma; SCC, squamous cell carcinoma; TPS, tumor proportion score; AI-TPS, 

scoring by AI; Path-TPS, pathologist’s scoring without AI; AI-assisted TPS, scoring in AI-assisted system; 

P1–3, pathologist 1–3 
*Shown as the average of three scores 

  



Supplementary Table S5: Agreement (overall accuracy) for surgical specimens 

  

All cases 

(N = 47) 

Discordant cases 

(n = 24) 

AI-TPS 44.7 62.5 

 P1 P2 P3 P1 P2 P3 

Path-TPS 83.0 91.5 66.0 66.7 83.3 33.3 

AI-assisted TPS 87.2 83.0 78.7 79.2 66.7 66.7 

Abbreviations: TPS, tumor proportion score; AI-TPS, scoring by AI; Path-TPS, pathologist’s scoring 

without AI; AI-assisted TPS, scoring in AI-assisted system; P1–3, pathologist 1–3 

 

  


