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Abstract

Background/Objectives: Identification of driver gene alterations helps determine first-line
treatment for non-squamous non-small cell lung cancer (NSCLC). Precise assessment of
tumor cell proportion is critical for accurate detection of gene alterations. ASTRAL was
a multicenter, prospective, observational study to investigate the agreement in tumor
cell proportion assessments between different raters. Methods: Tissues collected in daily
clinical practice from patients with advanced NSCLC were used. Raters included local
pathologists, a Central Pathology Committee (CPC), and an artificial intelligence (AI)
algorithm. Hematoxylin and eosin-stained slides were assessed by local pathologists, and
digitized images of those slides were assessed by the CPC and the AI algorithm. The
primary endpoint was agreement in assessment of tumor cell proportion between local
pathologists and the CPC, as determined using the intraclass correlation coefficient (ICC).
Secondary endpoints included agreement between the AI algorithm and local pathologists
or the CPC. Results: Tissue samples from 204 patients were assessed. The ICC for local
pathologists vs. the CPC showed poor to moderate agreement (0.588 [95% confidence
interval (CI) 0.483–0.674]). The AI algorithm showed moderate agreement with the CPC
(ICC 0.652 [95% CI 0.548–0.733]), and poor to moderate agreement with local pathologists
(ICC 0.465 [95% CI 0.279–0.604]). Conclusions: The ICC for the AI algorithm vs. the CPC
was numerically highest among the rater pairs, indicating a level of usefulness for the
algorithm. Continued efforts are needed to ensure the accurate estimation of tumor cell
proportion. Integration of AI algorithms in real-world practice may contribute to this.

Keywords: advanced non-squamous non-small cell lung cancer; artificial intelligence
algorithm; biomarker testing; intraclass correlation coefficient; tumor cell proportion assessment

1. Introduction
First-line therapy for patients with advanced or recurrent non-squamous non-small

cell lung cancer (NSCLC) is determined using molecular diagnostic testing to detect driver
gene alterations [1,2]. The Japan Lung Cancer Society’s Guidelines for Diagnosis and
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Treatment of Lung Cancer 2024 recommend biomarker testing for nine gene alterations
(epidermal growth factor receptor [EGFR] mutation; anaplastic lymphoma kinase [ALK]
fusion; ROS proto-oncogene 1 [ROS1] fusion; mesenchymal–epithelial transition [MET]
exon 14 skipping mutation; v-raf murine sarcoma viral oncogene homolog B1 [BRAF] V600E
mutation; rearranged during transfection [RET] fusion; v-Ki-ras2 Kirsten rat sarcoma viral
oncogene homolog [KRAS] G12C mutation; human epidermal growth factor receptor-2
[HER2] mutation; and neurotrophic tyrosine receptor kinase [NTRK] fusion) to aid in
the selection of first-line treatment for these patients [2]. Both multiplex and singleplex
testing can be used to detect genetic biomarkers [3], although multiplex testing is more
useful as it can evaluate multiple gene alterations in a single assay using the same tumor
sample. It also requires a smaller tissue sample and reduces the time taken to determine a
patient’s biomarker status compared with a sequential singleplex testing approach. Thus,
multiplex testing is widely used clinically. However, higher-quality samples are required
for multiplex vs. singleplex testing [4].

To achieve accurate detection of gene alterations, it is critical to obtain a precise
assessment of the tumor cell proportion in tissue samples [5]. For example, multiplex testing
generally requires a minimum tumor cell proportion of 20% to 30% to ensure adequate
sensitivity for the detection of gene alterations. However, tumor cell proportion assessment
varies among pathologists, and there is a reported tendency for overestimation, which may
lead to false-negative results [6–8]. Accurate estimations of tumor cell proportion can be
difficult to obtain. When assessing hematoxylin and eosin (H&E)-stained tumor tissues,
pathologists mark the test area intended for nucleic acid extraction and assess the tissue
volume (total number of nucleated cells) and tumor cell proportion (proportion of tumor
cells among the total nucleated cells) [4]. However, clinical specimens contain various
components (e.g., inflammatory cells, fibrosis, crush, and necrosis), making it difficult to
accurately distinguish and count each cell type.

Artificial intelligence (AI) algorithms aid in various aspects of healthcare, including
pathological diagnosis [9]. NEC Corporation (Tokyo, Japan) has developed a machine
learning algorithm to detect tissue and cell features and to make quantitative assessments
of key structures in digitized images of H&E-stained tissue sections. This algorithm can
calculate tumor cell proportions and may be useful for determining whether tissue samples
are suitable for biomarker testing [10,11].

The ASTRAL study aimed to investigate the agreement in tumor cell proportion
assessments between local pathologists, a Central Pathology Committee, and the NEC
AI algorithm, using tissue samples obtained from patients with advanced non-squamous
NSCLC for biomarker testing in daily clinical practice in Japan.

2. Materials and Methods
2.1. Patients and Tissue Specimens

Patients were eligible for inclusion if they were aged ≥20 years, had pathologically
confirmed non-squamous NSCLC, had untreated advanced or recurrent NSCLC, had
received a tumor cell proportion assessment on a formalin-fixed paraffin-embedded sample,
and had undergone biomarker testing prior to initiating first-line treatment. There were no
exclusion criteria.

Tumor tissue specimens must have been obtained by biopsy or surgical resection
(except cell block); H&E-stained specimens must have been prepared from the same con-
tinuous section as the unstained formalin-fixed paraffin-embedded specimens that were
submitted for biomarker testing. Acceptable biomarker testing was limited to the following
approved companion diagnostics: Oncomine™ Dx Target Test Multi CDx System (On-
comine DxTT; Thermo Fisher Scientific, Waltham, MA, USA), AmoyDx® Pan Lung Cancer
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PCR Panel (AmoyDx PLC; Amoy Diagnostics, Xiamen, China), cobas® EGFR Mutation Test
(Roche Diagnostics, Indianapolis, IN, USA), and the Archer®MET Companion Diagnostic
System (Integrated DNA Technologies, Boulder, CO, USA). The Oncomine DxTT and
AmoyDx PLC tested for EGFR mutation, ALK fusion, ROS1 fusion, BRAF mutation, RET
fusion, MET exon 14 skipping, KRAS mutation, HER2 mutation, and NTRK fusion. The
cobas test only evaluated EGFR mutation, and the Archer test only evaluated MET exon 14
skipping. All specimens were submitted for biomarker testing within 3 years from the date
of sample collection.

2.2. Study Design

This was a multicenter, prospective, observational study conducted in Japan to inves-
tigate the agreement of tumor cell proportion assessments among local pathologists at each
site, a Central Pathology Committee, and an AI algorithm in patients with newly diagnosed
locally advanced, metastatic, or recurrent non-squamous NSCLC. All patients who were
eligible for study inclusion were consecutively enrolled. The H&E-stained slides in which
each local pathologist assessed tumor cell proportion were submitted to a scanning center,
where all the slides were digitized into whole slide image files at 40× magnification using
a NanoZoomer S360 Digital slide scanner (Hamamatsu Photonics K.K., Shizuoka, Japan).
H&E staining of tissue sections was performed at each participating institution according
to their routine protocols.

This study was performed in accordance with the Declaration of Helsinki and the
Ethical Guidelines for Medical and Biological Research Involving Human Subjects and
was approved by the NPO-MINS Institutional Review Board (approval number: 210237)
and the Osaka International Cancer Institute Ethical Review Board (approval number:
21212). All patients provided written informed consent for study inclusion. This study was
registered with the Japan Registry of Clinical Trials (registration number: jRCT1030210622).

2.3. Data Collection
2.3.1. Participating Study Sites

Data from participating study sites, including patient characteristics, tissue sample
information with tumor cell proportion, and biomarker testing information, were collected
prospectively using electronic case report forms. Tumor cell proportion was assessed by
each local pathologist using the H&E-stained slides and reported in 5% increments if the
proportion was <50% and 10% increments if the proportion was ≥50%.

2.3.2. Central Pathology Committee

The Central Pathology Committee comprised three Japanese Society of Pathology
board-certified molecular pathologists who were highly skilled in the assessment of lung
cancer tissue samples for biomarker testing. Tumor cell proportion was assessed inde-
pendently by each central pathologist using the whole slide image files, with no other
information provided; results were reported in 5% increments if the proportion was <50%
and 10% increments if the proportion was ≥50%. Pathological findings, which could
influence the tumor cell proportion assessment, were also graded as follows: (1) inflam-
matory cells (none or mild, <10%; moderate, 10–70%; severe, >70%), (2) fibrosis (none or
mild, <33%; moderate, 33–66%; severe, >66%), (3) mucus (none or mild, <33%; moderate,
33–66%; severe, >66%), (4) necrosis (none or mild, <33%; moderate, 33–66%; severe, >66%),
and (5) crush (none or mild, 0–<3 crushed foci that have a minor impact on the overall
assessment; moderate, ≥3 crushed foci that have a minor impact on the overall assessment;
severe, crushed foci that have a major impact on the overall assessment). All three central
pathologists performed their assessments using NDP.serve3 software (version 3.3.50; Hama-
matsu Photonics K.K.) and the same computer monitor model (Dell 23 Monitor P2319H;
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Dell Technologies Inc., Round Rock, TX, USA), which satisfies the requirements specified
in the Digital Pathology System Technical Standard for Pathological Diagnosis, 3rd edition,
published by the Japanese Society of Pathology [12]. On completion, a consensus confer-
ence was held to confirm the results of each assessment of tumor cell proportion and grade
of pathological findings. Specimen assessments in which all three central pathologists were
in complete agreement were adopted as the final assessment. If there were differences
among the three central pathologists in the assessment value of tumor cell proportions or
pathological findings, they reviewed the slides together and discussed the assessment until
they reached an agreement.

2.3.3. AI Algorithm

The AI algorithm was developed by NEC Corporation and can detect nucleated cells
within the area of interest, distinguish tumor cells from non-tumor cells, and calculate the
tumor cell proportion based on the number of each cell type. The details of the AI algorithm
used in this study have been published [10,11]. Briefly, the algorithm was based on the fully
convolutional deep learning approach and uses the U-Net neural network architecture,
which allows for simultaneous execution of cell detection and tumor/non-tumor classi-
fication tasks, effectively reducing computational time [13]. The model was trained on
more than 212,000 annotated cells, with tumor cells and non-tumor cells roughly balanced,
sourced from H&E-stained tissue samples at four independent hospitals. A variety of
data augmentation techniques were used for training to ensure adequate performance on
specimens from institutions other than the training data source. By employing hospital-
wise cross-validation, the model demonstrated robust performance and generalizability,
maintaining high accuracy across different sample origins and imaging conditions [11].
The AI algorithm has the capability to calculate the number of tumor and non-tumor cells
and determine tumor content with a precision of within 1% and quantify the surface area
of the tissue section selected by the user, which enables calculation of the required number
of unstained slides based on the chosen biomarker tests. In this study, the AI algorithm was
used to assess tumor cell proportions in whole slide images, reported in 1% increments,
which were then categorized into the same levels used by the other raters. There were no
adjustments of brightness or color.

2.4. Endpoints

The primary endpoint was the agreement in assessment of tumor cell proportion
between local pathologists and the Central Pathology Committee as determined using
the intraclass correlation coefficient (ICC). The secondary endpoints were the agreement
in assessment of tumor cell proportion between the AI algorithm and either the Central
Pathology Committee or the local pathologists assessed using the ICC, the success rate of
the Oncomine DxTT and AmoyDx PLC panels, and the proportions of each gene alteration.

2.5. Statistical Analysis

The sample size was determined on a precision basis. A sample size of 218 would
yield a 95% confidence interval (CI) with a width of <20% for ≥0.5 of a plausible range
of the ICC; a sample size of 140 would yield a 95% CI with a width of <25% for ≥0.5 of a
plausible range of the ICC [14]. The number of targeted patients was set at 155 (minimum)
to 240 (maximum) patients, assuming a 10% dropout rate.

The two study assessment populations were the full analysis set (FAS), which included
all patients who met the eligibility criteria, and the tumor cell proportion analysis set (TCP),
which included all patients in the FAS who had whole slide images of an acceptable quality
for assessment (samples for which the proportion of analysis object area was ≥90% on the
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whole slide image as determined by the AI algorithm) and who had tumor cell proportion
assessment values by all raters.

The ICC (A,1) for Case 3A for evaluating the degree of absolute agreement for a single
measurement used in this study was based on a two-way mixed effects model that included
raters as a fixed effect and patients as a random effect without interaction between them,
as defined by McGraw and Wong [15]. The ICC was calculated to assess the inter-rater
agreement (local pathologists vs. Central Pathology Committee) in the assessment of tumor
cell proportion; 95% CIs were also reported. Local pathologists comprised pathologists at
each study site and were regarded as a single rater in the analysis. Inter-rater agreement
(AI algorithm vs. Central Pathology Committee and AI algorithm vs. local pathologists)
was also evaluated using ICC analysis. The following categories were used to describe
the magnitude of difference between raters in the assessment of tumor cell proportions:
no or slight difference (absolute difference between raters of ≤10%), moderate difference
(difference between 11% and 20%), or considerable difference (difference >20%). Oncomine
DxTT or AmoyDx PLC success rates were defined as the percentage of samples that tested
positive/negative for all five biomarkers (Oncomine DxTT: EGFR and BRAF [DNA-derived]
and ALK, ROS1, and RET [RNA-derived]; AmoyDx PLC: EGFR and BRAF [DNA-derived]
and ALK, ROS1, and MET [RNA-derived]).

An additional exploratory analysis using ICC to investigate the agreement in as-
sessment of tumor cell proportion among the three rater groups (local pathologists vs.
Central Pathology Committee, Central Pathology Committee vs. AI algorithm, and AI
algorithm vs. local pathologists) by sampling method (surgical resection, bronchoscope
biopsy, computed tomography-guided needle biopsy, echo-guided needle biopsy, or other)
was also conducted.

The data were analyzed descriptively; categorical variables are summarized using
frequency and proportion, and continuous variables are summarized using descriptive
statistics. Missing data were not imputed. Data were analyzed using SAS® version 9.4
(SAS Institute, Cary, NC, USA).

3. Results
3.1. Patients

This study enrolled 215 patients from 11 sites in Japan between March 2022 and
February 2023. Of those, 209 patients were included in the FAS (six were excluded because
of a violation of eligibility). Among those included in the FAS, 204 were included in the
TCP (five were excluded because of a lack of whole slide images).

Patient characteristics for the FAS and TCP are shown in Table 1. The median (range)
age was 70.0 (36.0–90.0) years, most patients were male (FAS 136/209 [65.1%]), and most
were former smokers (FAS 117/209 [56.0%]). In the FAS, 189/209 (90.4%) patients had
adenocarcinoma, and the most common Eastern Cooperative Oncology Group performance
status scores were 1 and 0 (106 [50.7%] and 83 [39.7%], respectively). Most patients had
stage IV disease, including 119 (56.9%) with stage IVB and 67 (32.1%) with stage IVA.

3.2. Tissue Sampling

Table 2 shows the tissue sampling location and method in the TCP population. Most
samples were obtained from the primary tumor (153/204, 75.0%) and were collected by
bronchoscope biopsy (157/204, 77.0%). Fixation in 10% neutral buffered formalin was
reported for 202/204 (99.0%) samples, and the fixation time was 12–<24 h for 177/204
(86.8%) samples. The mean (standard deviation) sample thickness was 5.00 µm (0.666 µm),
the median number of slides submitted for biomarker testing was 10.0 (range, 4.0–30.0),
and the median estimated sample volume was 1.39 mm3 (range, 0.06–39.51 mm3).
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Table 1. Baseline characteristics of patients in the full analysis set (n = 209) and tumor cell proportion
analysis set (n = 204).

Full Analysis Set
n = 209

Tumor Cell Proportion Analysis Set
n = 204

Age, median (range), y 70.0 (36.0–90.0) 70.0 (36.0–90.0)
Sex

Male 136 (65.1) 131 (64.2)
Female 73 (34.9) 73 (35.8)

Smoking status
Current 35 (16.7) 34 (16.7)
Former 117 (56.0) 113 (55.4)
Never 57 (27.3) 57 (27.9)

Histologic type
Adenocarcinoma 189 (90.4) 184 (90.2)
Other 20 (9.6) 20 (9.8)

ECOG PS
0 83 (39.7) 82 (40.2)
1 106 (50.7) 103 (50.5)
2 15 (7.2) 14 (6.9)
3 3 (1.4) 3 (1.5)
4 2 (1.0) 2 (1.0)

Clinical stage
IIIB 3 (1.4) 3 (1.5)
IIIC 0 0
IVA 67 (32.1) 66 (32.4)
IVB 119 (56.9) 117 (57.4)
Post-operative recurrence 20 (9.6) 18 (8.8)

Data are n (%) unless otherwise stated. Abbreviation: ECOG PS, Eastern Cooperative Oncology Group perfor-
mance status.

Table 2. Tissue sample collection and fixation conditions in the tumor cell proportion analysis set (n = 204).

Tumor Cell Proportion Analysis Set
n = 204

Sampling location, n (%)
Primary tumor 153 (75.0)
Lymph node 38 (18.6)

Intrathoracic 32
Extrathoracic 6

Metastatic lesion 13 (6.4)
Bone 5
Brain 2
Lung 2
Pleural nodule 2
Liver 1
Adrenal gland 1

Sampling method, n (%)
Surgical resection 28 (13.7)
Bronchoscope biopsy 157 (77.0)

EBUS-GS 48
EBUS-TBNA 43
Transbronchial lung biopsy 43
Endobronchial biopsy 23

Computed tomography-guided needle biopsy 16 (7.8)
Echo-guided needle biopsy 2 (1.0)
Other a 1 (0.5)

Type of fixing solution, n (%)
10% neutral buffered formalin solution 202 (99.0)
Other b 2 (1.0)

Fixation time, n (%)
<6 h 4 (2.0)
6–<12 h 14 (6.9)
12–<24 h 177 (86.8)
24–<48 h 7 (3.4)
48–72 h 1 (0.5)
Unknown 1 (0.5)

Thickness of FFPE sections, mean (SD), µm 5.00 (0.666)
Number of slides submitted for biomarker testing, median (range) 10.0 (4.0–30.0)
Estimated sample volume c, median (range), mm3 1.39 (0.06–39.51)

a Endoscopic ultrasound fine-needle aspiration. b 20% neutral buffered formalin solution. c Estimated sample
volume = [thickness of FFPE sections] × [number of slides submitted for biomarker testing] × [surface area of
section]. The surface area of the section was assessed using the artificial intelligence algorithm. Abbreviations:
EBUS-GS, endobronchial ultrasound using a guide sheath; EBUS-TBNA, endobronchial ultrasound transbronchial
needle aspiration; FFPE, formalin-fixed paraffin-embedded; SD, standard deviation.
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3.3. Pathological Findings

Pathological findings from whole slide image analysis, as assessed by the Central
Pathology Committee, are shown in Table 3. The presence of inflammatory cells was
classified as moderate in 135/204 samples (66.2%) and severe in 32/204 (15.7%), indicating
that inflammatory cells were present in the majority of samples. Most samples (142/204
[69.6%]) had no or mild fibrosis, although moderate and severe fibrosis were observed in
56/204 (27.5%) and 6/204 (2.9%) samples, respectively. Findings for mucus, necrosis, and
crush were mostly none or mild (199/204 [97.5%], 192/204 [94.1%], and 182/204 [89.2%],
respectively), with very few samples classified as moderate or severe.

Table 3. Summary of pathological features in H&E-stained slides assessed by the Central Pathology
Committee (tumor cell proportion analysis set, n = 204).

Tumor Cell Proportion Analysis Set
n = 204

Inflammatory cells a

None or mild 37 (18.1)
Moderate 135 (66.2)
Severe 32 (15.7)

Fibrosis b

None or mild 142 (69.6)
Moderate 56 (27.5)
Severe 6 (2.9)

Mucus b

None or mild 199 (97.5)
Moderate 4 (2.0)
Severe 1 (0.5)

Necrosis b

None or mild 192 (94.1)
Moderate 8 (3.9)
Severe 4 (2.0)

Crush c

None or mild 182 (89.2)
Moderate 18 (8.8)
Severe 4 (2.0)

Data are n (%). Proportions were calculated using all analyzed areas as the denominator and the area affected
by each pathological finding as the numerator. a None or mild, <10%; moderate, 10–70%; severe, >70%. b None
or mild, <33%; moderate, 33–66%; severe, >66%. c None or mild, 0–<3 crushes that have a minor impact on the
overall assessment; moderate, ≥3 crushes that have a minor impact on the overall assessment; severe, crushes
that have a major impact on the overall assessment. Abbreviation: H&E, hematoxylin and eosin.

3.4. Tumor Cell Proportions

The ICC for the primary endpoint (local pathologists vs. Central Pathology Committee)
was 0.588 (95% CI 0.483–0.674) (Figure 1a). For the secondary endpoints, the AI algorithm
vs. the Central Pathology Committee had an ICC of 0.652 (95% CI 0.548–0.733) (Figure 1b),
and the AI algorithm vs. local pathologists had an ICC of 0.465 (95% CI 0.279–0.604)
(Figure 1c). ICC values were not notably different among the different sampling methods
in the additional exploratory analysis. For all sampling methods, the ICC values between
the AI algorithm and the Central Pathology Committee were numerically highest among
the pairs (Table 4).
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(a) (b)

(c)

Figure 1. Bubble plot of tumor cell proportions for rater pairs (tumor cell proportion analysis set;
n = 204). (a) Local pathologists vs. Central Pathology Committee, (b) AI algorithm vs. Central
Pathology Committee, (c) AI algorithm vs. local pathologists. a The original values (1% increments)
for AI-assessed tumor cell proportion are plotted. b For the ICC calculation, categorized values (5%
or 10% increments) were used as the AI-assessed tumor cell proportion. Abbreviations: AI, artificial
intelligence; CI, confidence interval; ICC, intraclass correlation coefficient.

Table 4. Comparison of ICC values for tumor cell proportion assessment between each pair of raters
by sampling method (tumor cell proportion analysis set, n = 204).

Tumor Cell Proportion Analysis Set
n = 204

Local Pathologists vs. Central
Pathology Committee

AI Algorithm vs. Central
Pathology Committee

AI Algorithm vs. Local
Pathologists

Surgical resection (n = 28) 0.534
(0.217, 0.751)

0.642
(0.357, 0.817)

0.330
(0.000, 0.617)

Bronchoscope biopsy (n = 157) 0.603
(0.489, 0.697)

0.643
(0.500, 0.744)

0.485
(0.252, 0.644)

Computed tomography-guided needle biopsy (n = 16) 0.558
(0.087, 0.821)

0.621
(0.205, 0.848)

0.415
(0.000, 0.750)

Data are ICC (95% CI). ICC values in samples obtained by echo-guided needle biopsy (n = 2) and others (n = 1)
are not presented because of the small sample sizes.

The magnitude of differences in assessment of tumor cell proportions between raters
is shown in Table 5. When comparing tumor cell proportion determinations between local
pathologists and the Central Pathology Committee, there were considerable, moderate,
and no or slight differences in 41 (20.1%), 38 (18.6%), and 125 (61.3%) of the 204 samples,
respectively. There were considerable, moderate, and no or slight differences in 35 (17.2%),
35 (17.2%), and 134 (65.7%) of the 204 samples, respectively, when comparing the findings
of the AI algorithm with the Central Pathology Committee, and 45 (22.1%), 44 (21.6%), and
115 (56.4%) samples, respectively, when comparing the findings of the AI algorithm with
those of local pathologists. Compared with the Central Pathology Committee, assessments
of tumor cell proportion by local pathologists and the AI algorithm were overestimated
in 102 (50.0%) and 64 (31.4%) of the 204 samples, respectively; in complete agreement in
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37 (18.1%) and 39 (19.1%) samples, respectively; and underestimated in 65 (31.9%) and
101 (49.5%) samples, respectively.

Table 5. Categories of absolute differences in tumor cell proportion assessment values between each
pair of raters (tumor cell proportion analysis set, n = 204).

Tumor Cell Proportion Analysis Set
n = 204

No or Slight
Difference

Moderate
Difference

Considerable
Difference

Local pathologists vs. Central Pathology Committee 125 (61.3) 38 (18.6) 41 (20.1)
AI algorithm vs. Central Pathology Committee 134 (65.7) 35 (17.2) 35 (17.2)
AI algorithm vs. local pathologists 115 (56.4) 44 (21.6) 45 (22.1)

Data are n (%).

Figure 2 provides examples of H&E-stained slide images and heatmap outputs by the
AI algorithm for three of the cases included in this study. Figure 2a shows slide images
from a 79-year-old female with stage IVA adenocarcinoma. For this case, the agreement
for tumor cell proportion was good among all raters (local pathologists, 40%; Central
Pathology Committee, 40%; AI algorithm, 39%). In contrast, Figure 2b shows slide images
from an 87-year-old female with stage IVB adenocarcinoma in which local pathologists
overestimated the tumor cell proportion (80%) compared with both the Central Pathology
Committee and AI algorithm (20% and 25%, respectively). Figure 2c shows slide images
from a 54-year-old male with stage IVB large cell neuroendocrine carcinoma, in which local
pathologists also overestimated the tumor cell proportion (80%) compared with both the
Central Pathology Committee and the AI algorithm (30% and 29%, respectively).

(a)

(b)

Figure 2. Cont.
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(c) 

Figure 2. Examples of H&E-stained slide images and heatmap outputs by AI for three of the
cases included in this study. (a) Example of tumor cell proportion agreement. Lymph node tissue
samples were obtained using EBUS-TBNA from a 79-year-old female, a past smoker, with stage IVA
adenocarcinoma positive for an EGFR mutation (test method: Oncomine™ Dx Target Test Multi CDx
System). (b) Example of tumor cell proportion disagreement. Primary tumor tissue samples were
obtained using CT-guided needle biopsy from an 87-year-old female, a never smoker, with stage IVB
adenocarcinoma. No driver gene alteration was detected (test method: Oncomine™ Dx Target Test
Multi CDx System). (c) Example of tumor cell proportion disagreement. Lymph node tissue samples
were obtained using EBUS-TBNA from a 54-year-old male, a past smoker, with stage IVB large cell
neuroendocrine carcinoma. No driver gene alteration was detected (test method: Oncomine™ Dx
Target Test Multi CDx System). The gray shading in the heatmap output images shows the space
outside the AI analysis target area. Abbreviations: CT, computed tomography; EGFR, epidermal
growth factor receptor gene.

3.5. Biomarker Testing

Of the 209 patients in the FAS, Oncomine DxTT testing was used for 121 samples,
AmoyDx PLC testing for 73 samples, cobas EGFR testing for 13 samples, and ArcherMET
testing for two samples, with success rates of 99.2%, 94.5%, 100%, and 100%, respectively
(Figure 3). For all samples with unsuccessful test results, failure of RNA analysis was
reported. Among samples with an Oncomine DxTT test, the median (range) sample volume
was 1.42 mm3 (0.22–39.51 mm3) among the 119 successful tests with AI algorithm data
available and 0.59 mm3 for the single unsuccessful test. Among samples tested with the
AmoyDx PLC, the median (range) sample volume was 1.59 mm3 (0.07–23.57 mm3) among
the 66 successful tests with AI algorithm data available and 1.11 mm3 (0.38–1.83 mm3)
among the four unsuccessful tests. For all five samples with unsuccessful tests, both the AI
algorithm and the Central Pathology Committee assessed the tumor cell proportions as
<30%, whereas the local pathologists assessed them as ≥30% in 4/5 samples.

The proportions of samples that tested positive for each gene alteration are shown
in Table 6. The frequencies of EGFR mutation, ALK fusion, ROS1 fusion, BRAF mutation,
RET fusion, MET exon 14 skipping, KRAS mutation, HER2 mutation, and NTRK fusion
were 28.9%, 1.7%, 0.0%, 0.0%, 0.8%, 6.1%, 5.2%, 1.7%, and 0.0%, respectively, among the
samples tested using the Oncomine DxTT panel; and 28.8%, 4.3%, 1.4%, 2.7%, 0.0%, 1.4%,
8.8%, 1.5%, and 0.0%, respectively, among the samples tested using the AmoyDx PLC assay.
The frequency of EGFR mutation was 38.5% with the cobas EGFR test, and the frequency of
MET exon 14 skipping was 0.0% with the ArcherMET test.
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Figure 3. Success rate of each biomarker test (full analysis set; n = 209). a Defined as the percentage
of samples with tested positive/negative for five biomarkers (EGFR, ALK, ROS1, BRAF, and RET)
in samples tested by Oncomine™ Dx Target Test Multi CDx System. b Defined as the percentage
of samples with tested positive/negative for five biomarkers (EGFR, ALK, ROS1, BRAF, and MET)
in samples tested by AmoyDx® Pan Lung Cancer PCR Panel. c Estimated sample volume = [thick-
ness of formalin-fixed paraffin-embedded sections] × [number of slides submitted for biomarker
testing] × [surface area of section]. d n = 119. One sample was not included in the median sam-
ple volume calculation because it had no data from the AI algorithm. e n = 66. Three samples
were not included in the median sample volume calculation because they had no data from the AI
algorithm. Abbreviations: ALK, anaplastic lymphoma kinase; BRAF, v-raf murine sarcoma viral
oncogene homolog B1; MET, mesenchymal–epithelial transition; RET, rearranged during transfection;
ROS1, ROS proto-oncogene 1.

Table 6. Proportions of individual gene alterations according to the biomarker testing method used
in the full analysis set (n = 209).

Oncomine™ Dx Target Test
Multi CDx System

AmoyDx® Pan Lung Cancer
PCR Panel

cobas® EGFR
Mutation Test

Archer®MET
Companion

Diagnostic System

EGFR mutation 35/121 (28.9) 21/73 (28.8) 5/13 (38.5) -
ALK fusion 2/120 (1.7) 3/69 (4.3) - -
ROS1 fusion 0/120 (0.0) 1/69 (1.4) - -
BRAF mutation 0/121 (0.0) 2/73 (2.7) - -
RET fusion 1/120 (0.8) 0/64 (0.0) - -
MET exon 14 skipping 7/114 (6.1) 1/69 (1.4) - 0/2 (0.0)
KRAS mutation 6/115 (5.2) 6/68 (8.8) - -
HER2 mutation 2/115 (1.7) 1/65 (1.5) - -
NTRK fusion 0/114 (0.0) 0/64 (0.0) - -

Data are n1/n (%). n1, number of positive samples; n, (number of positive samples) + (number of negative samples).
Abbreviations: HER2, human epidermal growth factor receptor-2; KRAS, v-Ki-ras2 Kirsten rat sarcoma viral
oncogene homolog; NTRK, neurotrophic tyrosine receptor kinase.

4. Discussion
This study reports ICC values of 0.588 (95% CI 0.483–0.674), 0.652 (95% CI 0.548–0.733),

and 0.465 (95% CI 0.279–0.604) for local pathologists vs. Central Pathology Committee
(primary endpoint), AI algorithm vs. Central Pathology Committee (secondary endpoint),
and AI algorithm vs. local pathologists (secondary endpoint), respectively. Interpretation
of the ICC values [16] indicates that the respective agreements were poor to moderate,
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moderate, and poor to moderate. The agreement in the assessment of tumor cell proportion
between local pathologists and the Central Pathology Committee was not satisfactory and
was numerically lower than the agreement between the AI algorithm and the Central
Pathology Committee, indicating a level of usefulness for the algorithm. The exploratory
analysis found no notable differences in ICC among the different sampling methods; re-
gardless of sampling method, the ICCs between the AI algorithm and the Central Pathology
Committee were numerically highest among the pairs.

Mikubo et al. have previously reported that pathologist training, in which sample
images of tissues, tumor cell proportion assessments by highly-experienced pathologists,
estimations by mutant allele frequencies, and detailed instructions for assessment were
provided, was useful for improving the accuracy of tumor cell proportion assessment [8].
In contrast, Kazdal et al. reported that the agreement of tumor cell proportion assessment
among human raters was low regardless of their level of pathological experience [17].
Furthermore, they reported the usefulness of digital pathology software for tumor cell
proportion assessment, where the agreement of tumor cell proportion assessment between
two software tools was higher than that within a group of 19 human raters. Carretero-
Barrio et al. have reported that the reliability between pathologists in the assessment of
tumor cell proportion in NSCLC whole slide images using digital image analysis was low.
Although interobserver reliability slightly improved after training (ICC increased from
0.09 to 0.24), it remained poor. Subjective tasks, such as annotation, were the source of
most discrepancies [18]. Kiyuna et al. reported the utility of the AI algorithm used in the
present study in the assessment of tumor cell proportion in 41 regions from 41 lung cancer
cases collected from multiple hospitals [11]. The authors established a ‘gold standard’
tumor cell proportion in those regions and then compared the accuracy of the tumor cell
proportion as estimated by 13 pathologists based on visual assessment and as calculated
by the AI algorithm. The results showed that the error between the gold standard and
the AI algorithm was significantly smaller than that between the gold standard and the
pathologists’ visual assessment. The study also found that the robustness against staining
variations across different sites was better for the AI algorithm than the visual estimation
by pathologists.

In this study, the local pathologists tended to overestimate the tumor cell proportion
compared with the Central Pathology Committee, which is in agreement with previously
published reports [6–8]. A plausible explanation is that pathologists frequently estimate
tumor cell proportion by evaluating the fraction of tissue area occupied by tumor cells,
rather than by quantifying individual cell counts. Given that tumor cells are typically larger
than non-tumor cells, such as lymphocytes or stromal cells, this method may systematically
overestimate the actual tumor cell proportion. It has been reported that NSCLC tumor
tissue is characterized by the infiltration of diverse leukocyte populations [19], which may
further complicate estimations. In contrast, the estimates provided by the Central Pathology
Committee and the AI algorithm may offer more accurate assessments of the tumor cell
proportion for the following reasons. For the Central Pathology Committee, tumor cell
proportion was determined through consensus by three highly-experienced board-certified
pathologists, which helps to mitigate individual variability and subjective bias. For the AI
algorithm, tumor cell proportion was calculated objectively by detecting individual nuclei
within the tissue section, thereby providing an estimate that is directly based on cell count
rather than visual assessment of tissue area. Overestimation of tumor cell proportion in a
sample can reduce the accuracy of biomarker results if the actual tumor cell proportion is
below the limit of detection for a specific test. This may lead to false-negative results owing
to a low frequency of the mutated allele [5]. Given the tendency for the AI algorithm to
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underestimate the tumor cell proportion, we can speculate that assessment by AI is less
likely to produce a false-negative result.

The success rate was almost 100% for Oncomine DxTT testing and nearly 95% for
AmoyDx PLC testing. All unsuccessful sample tests were a result of RNA analysis failure;
there were no failures in the DNA analyses. Previous studies have reported a success rate
of 75% to 93% for Oncomine DxTT tests [20–25] and 98.5% for AmoyDx PLC tests [26];
the present study had a slightly higher or similar success rate for the Oncomine DxTT
and AmoyDx PLC tests, respectively. In an investigation of sample conditions for success-
ful/unsuccessful Oncomine DxTT testing in Japan, tumor cell proportion, tumor cell count,
and sample size were reported as influential factors [20,21]. In the present study, only five of
the multiplex tests were unsuccessful, so it was difficult to conduct a meaningful evaluation
of the relationship between sample condition and testing success rate. However, these
samples tended to have smaller volumes, and the tumor cell proportion was determined
to be <30% by both the Central Pathology Committee and AI algorithm in 5/5 samples
(≥30% in 4/5 samples by local pathologists), indicating a similar trend to that previously
reported [20,21].

There were no notable differences in the frequencies of driver gene alterations, with
similar trends observed for the multiplex assays (Oncomine DxTT and AmoyDx PLC).
The frequency of each alteration was generally similar to that reported in other studies
conducted in Japan that evaluated these testing platforms [24,26], although we note that
some alterations were not detected in any of our study samples. Considering the singleplex
tests, 38.5% of samples tested positive for EGFR mutation with the cobas test, which was
higher than that reported with the multiplex tests (Oncomine DxTT, 28.9%; AmoyDx
PLC, 28.8%). However, direct comparisons are not appropriate given the small number of
samples tested using the cobas method, and given that for each method, the percentage of
positive samples was calculated for different populations. Prior to insurance coverage of
multiplex tests in Japan, a systematic review of 33 Japanese studies reported that 45% of
samples from patients with NSCLC of adenocarcinoma histology (2069/4619) were positive
for EGFR mutation [27]. Additionally, the BRAVE study, which was conducted in a patient
population similar to that of the present study, reported that 38.1% of patients (75/197) had
EGFR mutations [28]. The results of the REVEAL cohort study were not always concordant
between multiplex and singleplex tests, with a positive concordance rate of 93.5% (58/62)
and a negative concordance rate of 98.6% (140/142) for EGFR mutation [29]. There are two
main reasons for this discrepancy: tests using next-generation DNA sequencing, such as
Oncomine DxTT, tend to be less sensitive than polymerase chain reaction-based testing,
such as cobas, and there are slight differences in the types of mutations that can be detected
using each method.

This study had some limitations that should be considered when interpreting the
results. First, the true values for tumor cell proportions in the tissue samples were unknown,
limiting the comparisons between groups. The total number of nucleated cells in a clinical
sample can often reach several thousand to several hundred thousand, which is practically
impossible for an individual to accurately differentiate from non-tumor cells and count.
Thus, the true values for tumor cell proportion cannot be assessed. To address this, the
‘reference’ tumor cell proportion was assessed by the Central Pathology Committee, which
was composed of three skilled specialists. The three specialists were in complete agreement
(3/3 specialists), majority agreement (2/3 specialists), and no agreement for 7, 90, and 107
of the 204 patient tissue samples assessed, respectively. In the case of disagreement among
the specialists, a consensus was reached following discussion. We think this approach lends
a certain level of validity to the reference values. Second, for a task such as assessment
of tumor cell proportion, it is assumed that intra-rater agreement will not be perfect with
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human assessment. However, this study did not collect data to evaluate this. In principle,
the AI algorithm is fixed, and it can be assumed that there is no variability among multiple
assessments of the same single tissue sample image. This highlights another potential
advantage for the use of AI algorithms for this type of task. Third, given that nearly all the
investigational sites were specialized centers (Designated Hospital for Cancer Genomic
Medicine, n = 4; Cooperative Hospital for Cancer Genomic Medicine, n = 6), the results
may not reflect the assessment of tumor cell proportion and the approaches to biomarker
testing at non-specialist centers. Thus, the generalizability of the study findings to the
wider Japanese population is limited. Finally, because this study did not collect any
data for variant allele frequencies, it was difficult to explore the relevance between low
tumor cell proportion in samples and potential false-negative results with Oncomine DxTT
biomarker testing.

In conclusion, the agreement of the assessment of tumor cell proportions in prepared
tissue samples between local pathologists and the Central Pathology Committee ranged
from poor to moderate. A tendency for overestimation of tumor cell proportion by local
pathologists was observed. The highest ICC identified among rater pairs was between the
AI algorithm and the Central Pathology Committee. This trend appeared to be consistent
across sampling method subgroups. The AI algorithm evaluated in this study may be a
useful tool for assessing tumor cell proportion. Continued efforts are needed to ensure the
accurate estimation of tumor cell proportion. However, although the use of AI algorithms
in real-world practice may contribute to this process, the specific AI algorithm used in this
study must be further evaluated and validated prior to implementation.
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