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Background: Discrimination of multiple non-small cell lung cancers (NSCLCs) as multiple primary
lung cancers (MPLCs) or intrapulmonary metastases (IPMs) is critical but remains challenging. The aim of
this study is to develop and validate the machine learning (ML) models based on the molecular features for
estimating the probability of MPLC or IPM for patients presenting multiple NSCLCs.

Methods: A total of 72 multiple NSCLCs patients with 157 surgical resection tumor lesions from January
2012 to January 2018 at two institutions were included for developing and testing models. Specifically,
46 patients with 103 tumors which were defined as definitive MPLC or IPM according to International
Association for the Study of Lung Cancer (IASLC) criteria were used to develop models. They were spilt
into training and validation sets using stratified random sampling and five-fold cross-validation. The
developed models were tested in other 26 patients whose tumors were undetermined by traditional methods.
Whole-exome sequencing (WES) was performed on all included tumor samples. Four molecular features
were calculated to characterize tumors relatedness and served as model inputs, including genetic divergence,
shared mutation number, Pearson correlation coefficient and early mutation number. Decision trees (DT),
random forests (RF), and gradient boosting decision trees (GBDT) were employed, with performance
assessed by areas under the curve (AUCs), accuracy, precision, recall, and F1 score in validation set.
Disease-free survival (DFS) were used to evaluate model performance in test cohort. Clinical and genetic
characteristics were then compared between MPLC and IPM populations.

Results: All of the four molecular features showed significant differences between MPLC and IPM patients
in development cohort. That is, MPLC exhibited higher genetic divergence, lower shared mutation number,
Pearson correlation and early mutation number than IPM (P<0.001). DT model, RF model and GBDT
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model were developed with these factors and achieved a mean AUC of 0.94 [standard deviation (SD) 0.09],
1.00 (SD 0.00) and 1.00 (SD 0.00) in validation set, respectively. DT model, RF model and GBDT model
discriminated the undetermined multiple NSCLCs as MPLC (n=15) and IPM (n=11) consistently. MPLC
identified by ML models had significantly prolonged DFS [hazard ratio =0.21; 95% confidence interval
(CI): 0.04-1.0; P=0.04] than that of IPM. MPLC patients had a relative higher prevalence of family history

of first-degree relatives with cancer, and more than half of these patients reported a family history of lung

cancer. EGFR remains the most common mutated driver both in MPLC and IPM populations.

Conclusions: ML models based on the molecular features effectively distcriminate primary tumors from

metastases in multiple NSCLCs, which improve the accuracy of multiple NSCLCs diagnosis and assist in

clinical decision-making, particularly in challenging cases.
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Introduction

Lung cancer is one of the most frequent and deadly cancers
in the world, with an annual incidence of approximately
2.2 million cases and almost 1.8 million deaths (1). Non-
small cell lung cancer (NSCLC) accounts to almost 85%
of lung cancer diagnoses and 70% of cases present with
locally advanced or metastatic disease (2). Due to the
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Key findings

® Machine learning (ML) models can accurately discriminate
between multiple non-small cell lung cancers (NSCLCs).

® Multiple primary lung cancers (MPLCs) identified by ML models
showed prolonged disease-free survival than that of intrapulmonary
metastasis (IPM) identified by ML models.

What is known and what is new?

* Multiple NSCLCs have been recognized for over 50 years and
show an increasing prevalence as the lung cancer screening
developing. Distinguishing multiple NSCLCs as either MPLC
or IPM is fundamental for tumor staging but remains a clinical
dilemma.

* This study suggests that ML models could improve the accuracy of
discrimination for multiple NSCLCs, particularly in challenging
patients whose tumors had overlapped features in histology,

histolohic morphologic appearence and driver mutations.

What is the implication, and what should change now?
e Current results warrant further validation in multicenter,

prospective studies with large sample sizes.
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recommendation of low-dose computed tomography (CT)
scans for lung cancer screening, NSCLC with multiple
pulmonary sites of involvement has become a growing
concern (3-5). Multiple NSCLCs represent either separate
independent primary tumors [multiple primary lung cancers
(MPLCs)] or intrapulmonary metastases (IPMs). Identifying
them is crucial for patient staging and adjuvant treatment
decision. IPM tends to result in higher staging and worse
prognosis than MPLC. The 8th edition of the tumor, node
and metastasis (NM) staging manual proposed by the
International Association for the Study of Lung Cancer
(IASLC) suggests T3 (same lobe), T4 (different lobes) and
MI1a (contralateral lung) for IPM and a separate cITNM and
pTNM stage for each tumor of MPLC (6). Accordingly,
the adjuvant treatment strategy for IPM should follow
the principles for treating T3/T4/M1la NSCLC, whereas
for MPLC with small tumors (no more than T2a staging)
free of nodal or distant metastases, adjuvant treatment is
unnecessary. However, the distinction of MPLC versus IPM
remains challenging.

The Martini and Melamed (MM) criteria and the
American College of Chest Physicians (ACCP) clinical
guideline rely on clinicopathologic features to differentiate
MPLC from IPM (7-10). Tumors with different histology,
distinct locations, metachronous lesions diagnosed with
more than 2 years interval, absence of lymph nodal or
systemic metastasis are suggested to be treated as separated
tumors. Comprehensive histologic assessment further
improves the MPLC identification when tumors have
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same lung adenocarcinoma (ADC) histology but definitive
distinct histological subtype (11). Recent advances in
next-generation sequencing (NGS) technology offers a
promising way to discriminate multiple NSCLCs by the
analysis of molecular markers (4,12). Distinct patterns
of driver mutations can differentiate MPLC from IPM.
However, separate tumors could coincidentally harbor
the same common driver mutation. IASLC recommends
a multidisciplinary tumor board to consider all available
information for a definitive diagnosis due to the complexity
for the discrimination task (13). However, the discrimination
of cases sharing the same histology with similar histologic
appearance and common driver mutation patterns, without
nodal or systemic metastases remains a clinical dilemma.

Cancer is, in essence, a genetic disease, and somatic
mutations are present in most cancer genomes (14).
NSCLC exhibits high-level genetic alterations, with
multiple driver mutations commonly observed (15,16).
Evolutionary view of cancer holds that metastases typically
arise from the dissemination of subclones from the primary
tumor, whereas separate primary tumors develop and evolve
independently (17,18). Genetic heterogeneity and diversity
evaluation among multiple NSCLCs provide an opportunity
to delineate tumor clonal relationships (17,19). Different
from traditional diagnostic methods, machine learning (ML)
utilizes artificial intelligence to generate predictive and
diagnosis models efficiently (20). Accumulated studies have
applied ML methods to predict treatment responses and
prognosis in lung cancers (21,22).

In this study, we performed whole-exome sequencing
(WES) analysis for 157 resected tumor samples obtained
from 72 multiple NSCLCs patients, and calculated four
molecular features which were associated with multiple
tumors relatedness. Based on the distinct molecular features
between MPLC and IPM, we aimed to investigate and
establish ML-based diagnostic models for the discrimination
of MPLC and IPM. We hope to provide a new method
to discriminate patients with multiple NSCLCs more
accurately in clinical settings. We present this article in
accordance with the TRIPOD reporting checklist (available
at https://tler.amegroups.com/article/view/10.21037/tlcr-
24-875/rc).

Methods
Study design and participants
This retrospective study included multiple NSCLCs

© AME Publishing Company.
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patients from January 2012 to January 2018 from two
Chinese hospitals (West China Hospital of Sichuan
University; Sichuan Cancer Hospital). Patients were eligible
if they had synchronous or metachronous multiple NSCLC
lesions, and underwent surgical resection of multiple
lesions. Patients whose paired multiple tumors were
unavailable for WES, with evidence of non-ADC and non-
squamous cell carcinoma (SCC) histology, extra-thoracic
metastases, suspected lung metastasis of cancers other than
lung cancer and those who received neoadjuvant therapies
were excluded. All samples had to pass standard quality
control measures.

A total of 157 surgically resected tumors from
72 multiple NSCLC patients underwent surgical resections
were finally analyzed. We divided these patients into model
developing and test cohort. To define the tumors, we
followed the clinical and pathologic criteria proposed by
TASLC (13). Tumors have different histologic types [e.g.,
SCC and ADC], arise from carcinoma iz situ (e.g., atypical
adenomatous hyperplasia (AAH), adenocarcinoma in situ
(AIS), or minimally invasive adenocarcinoma (MIA) were
considered definitive separate tumors. Additionally, recent
studies have illustrate that tumors with distinct driver
mutation patterns based on broad-panel NGS refer to the
definitive separate tumors (4). When tumors meet all the
following criteria simultaneously: matching histologic type
[invasive adenocarcinoma (IAC), or SCC] and histologic
subtyping appearance, same driver mutations pattern, with
significant nodal or systemic metastases, they are considered
definitive IPM. Therefore, patients with definitive MPLC
(n=36) or IPM (n=10) were assigned for model developing.

On the other hand, for tumors that shared the same
histologic type (e.g., multiple SCC or ADC) and similar
histologic appearence, exhibited an uninformative pattern
of driver mutations (e.g., absent driver mutations across all
tumors, or common driver alterations shared by all lesions),
and lacked nodal or systemic metastases, distinguishing
them was challenging. These patients (n=26) were
assigned to the test cohort. The participant flow diagram
is illustrated in Figure 1, and the study design is showed in
Figure 2.

The study was conducted in accordance with the
Declaration of Helsinki and its subsequent amendments.
The study was approved by the Ethics Committee of West
China Hospital of Sichuan University (No. 2017-SHEN-
399), the leading center. As all data were de-identified and
no additional interventions were involved, our collaborating
institution, Sichuan Cancer Hospital, accepted this ethical
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Patients with surgically resected and pathologically confirmed
multiple NSCLCs between 2012 to 2018 (n=131)

Excluded (n=50)
e Unavailable paired multiple tumor samples (n=33)
¢ Non-adenocarcinoma or non-squamous cell
carcinoma histology (n=1)
® Suspected lung metastasis of cancers other than
lung cancer (n=3)
¢ With evidence of extra-thoracic metastases (n=12);
A * Received neoadjuvant therapy (n=1)

Patients with multiple NSCLCs (n=81)

Excluded (n=9)
® Paired tumors did not pass WES standard quality
control measures

Y

A

Final study population (n=72)

Y

Clinical and pathological confirmed MPLC (n=36)
e Tumors with distinct histology (n=1)
* Tumors with distinct histological subtype (n=2)
e Tumors arise from in situ (n=6)

Clinical and pathological unconfirmed multiple
NSCLCs (n=26)
e Tumors with same histology, and uncomplete

e Tumors with distinct driver mutations (n=27)
Clinical and pathological confirmed IPM (n=10)
* Tumors with same histology, complete overlap
in morphologic features and driver mutations

overlap in histological subtypes, as well as
uninformative driver mutations

Y

Y

ML model development cohort (n=46)

ML model test cohort (n=26)

Figure 1 Participant flow diagram. IPM, intrapulmonary metastasis; ML, machine learning; MPLC, multiple primary lung cancer; NSCLC,

non-small cell lung cancer; WES, whole-exome sequencing.

review, and separate Institutional Review Board approval
was deemed unnecessary. Individual consent for this
retrospective analysis was waived.

Clinical data collection

Demographic information and clinical data for all cases were
obtained by reviewing patient medical records. Selected
epidemiologic characteristics included age and sex of the
patients. smoking data, family history of tumor, dual tumors
(except for lung cancer), number of lung lesions, tumor
lesion’s location (contralateral, ipsilateral but different lobe,
same lobe), histology, adjuvant treatment received were
also reviewed. Radiological manifestation was recorded
as pure ground-glass nodule (GGN), part-solid nodule
(PSN), and pure solid nodule (SN) as previously reported.

© AME Publishing Company.

We also included information regarding the occurrence
of multiple pulmonary lesions, specifying whether they
were synchronous or metachronous. Additionally, the
surgical resecrtion procedure preformed on each lesion,
including lobectomy, segmentectomy, or wedge resection,
were also recorded. Patients was followed up with chest
and abdominal CT every 4-6 months and brain magnetic
resonance imaging (MRI) every 6-12 months after surgery.
Disease-free survival (DFS) was defined as the time from
the last surgery to the first recurrence/metastasis or death
from any cause, which was obtained as of November 2021
by using radiological follow-up and hospital visit data.

Histopathologic evaluation

In accordance with the initial pathological diagnosis, two
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decision trees; GBDT, gradient boosting decision trees; GL, germ line; IAC, invasive adenocarcinoma; IPM, intrapulmonary metastasis;

MIA, minimally invasive adenocarcinoma; ML, machine learning; MPLC, multiple primary lung cancer; RF, random forests; SI, Shannon

Index; SCC, squamous cell carcinoma; T'1, tumor 1; T2, tumor 2; WES, whole-exome sequencing.

expert pulmonary pathologists performed a blind review
of pathological slides containing tumors. The histology
and subtyping of lung adenocarcinoma (LUAD) in each
tumor resection specimen were carried out following the
guidelines provided by the IASLC and World Health
Organization (WHO) (13,23).

Sample selection, DNA extraction and sequencing

Hematoxylin and eosin (H&E)-stained slides were reviewed
by two pathologists to select the optimal formalin-fixed,
paraffin embedded (FFEP) blocks for WES. Tumors with

scant tissue, <10% tumor purity, or extensive necrosis
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were excluded. When multiple sections of the tumor
were available, the section with the greatest viable tumor
cellularity was selected. The matched normal lung tissues
were used as the source for germline DNA control.
Genomic DNA was extracted from all included tumor
samples and paired normal tissues using blackPREP
FFPE DNA Kit (Analytik Jena, Jena, Germany) according
to the manufacturer’s instructions. Briefly, sequencing
libraries were prepared using the KAPA Hyper Prep Kit
(Illumina platforms) (KAPA Biosystems, Massachusetts,
USA). Adapter ligated DNA was hybridized to SeqCap EZ
MedExome Probes (Roche, Pleasanton, USA) covering
47 Mb of the genome using a SeqCap EZ MedExome
Target Enrichment kit (Roche) according to the
manufacturers’ protocols. The captured DNA libraries were
sequenced on an Illumina Xten sequencing system with a
paired-end 150 bp read length.

Variants calling and filtering

Sequencing reads were processed following GATK best
practices (24) using an in-house pipeline that contained
Trimmomatic (v0.36) for reads adapter trimming and
quality filtering, BWA (0.7.12) for mapping reads to the
hgl9 reference genome, and Genome Analysis ToolKit
(version 4.0) for sorting, marking duplicates and base
quality score recalibration. For somatic variants calling
of each tumor sample, we used MuTect2 to detect single
nucleotide variants (SNVs) and small InDels with matched
tumor-normal sample pairs. HaplotypeCaller was used
to call germline SNVs and InDels for each sample. After
annotation of these variants by ANNOVAR (Annotate
Variation) (25), we filtered out variants either in introns
or synonymous SNVs. To obtain the pathogenic germline
variants, we used CharGer (26) to evaluate exonic
nonsynonymous and selected variants labeled pathogenic or

likely pathogenic (P/LP).

Genetic divergence analysis

We utilized the Shannon Index (SI) (27) as a measure of
somatic mutational diversity. As follows:

H:_Zpiln(pi) (1]

in which p; is the max variant allele frequency (VAF) of
somatic mutated genes / in the tumor sample. We firstly

© AME Publishing Company.
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calculated the SI of each tumor using the max VAF of
mutated genes by R vegan package. Then, we merged
somatic SNV/InDels of each pair of tumors as a mixed
tumor sample to calculate its SI for one patient. Next,
the difference in SI between the mixed sample and each
of its component tumors were calculated. The average SI
difference was used to estimate the relationship between
two component tumors. The lower the average SI difference
was, the greater the probability that they were from a single
tumor source. The minimum SI difference of tumor pairs
in one patient, marked as ASI, was treated as the final inter-
tumor genetic divergence feature. Mathematically, the
minimum pairwise genetic diversity index (ASI) is defined as
follows:

(Hi,j _Hi)+(HiJ _H/')
2

ASI = min

2]

in which H;; is the SI of merged sample i and j. 4, and H,
represented the SI of sample i and sample j, respectively.

Shared mutations analysis

Based on the filtered somatic variants, variants with VAF
>8% were selected for sharing variants counting. Somatic
variants sharing between tumor pairs of patients were
counted. The greatest number in one patient was treated as
the final sharing variants count. For each tumor pair in one
patient, union variants were counted as well as the sharing
variants.

Inter-sample correlation analysis

Genomic aberrations in each sample were used to construct
a similarity matrix for calculating the inter-sample Pearson
correlation coefficient for each patient. The maximum
correlation in individual was selected as the correlation
score of the patient.

Phylogenetic and clonality analysis

Based on the filtered nonsynonymous somatic SNVs and
their associated VAFs within each sample, we applied
the LICHeE (28) method for the reconstruction of
multi-sample tumor phylogenies and tumor subclone
decomposition. The early mutations number was selected as
the trunk count of the patient.
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ML models establishment

We employed three distinct supervised ML algorithms,
decision trees (DT), random forests (RF), and gradient
boosting decision trees (GBDT), to develop the
discrimination model for multiple NSCLCs. The model was
constructed using the Python package scikit-learn version
0.17.2. To ensure robust model training and evaluate the
model’s generalizability, patients in developing cohort were
spilt into training and validation sets using stratified random
sampling, with 80% of the data allocated to training and
20% to validation. Additionally, we implemented stratified
5-fold cross-validation on these sets. The input features
for the ML model comprised selected molecular markers
relevant to multiple NSCLCs diagnosis: genetic divergence,
shared mutation number, Pearson correlation coefficient
and early mutation number. We utilized grid search to
identify the optimal settings for hyperparameters such as
max_depth, n_estimators, and learning_rate, aiming for the
best model performance. Models performance were assessed
by areas under the curve (AUCs), accuracy, precision,
recall, and F1 score in validation set. Finally, the established
ML models were applied to illustrate the relationships
among undetermined multiple NSCLC tumors. Tumors
relationship in test cohort were also assessed according to
ACCEP criteria. DFS comparsions between groups were
used to evaluate the performance of ML models and ACCP
criteria.

Statistical analysis

Patient demographic and clinical characteristics were
summarized as continuous or categorical variables.
Continuous variables were compared between groups using
the Mann-Whitney U-test. The frequency between groups
were tested using the Chi-squared test or Fisher’s exact test.
Models performance metrics in internal validation set were
reported as mean * standard deviation (SD). DFS analyses
were performed according to the Kaplan-Meier method, and
groups were compared with the log-rank test. A two-sided P
value of <0.05 was considered statistically significant. Figures
plotting and statistical analyses were performed using R
packages, version 4.3.2 and GraphPad Prism 8.0.2.

Results
Patient characteristics

In total, 72 patients were included in this study (Figure I).

© AME Publishing Company.
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In the development cohort, 36 patients had definitively
MPLC tumors: tumor pairs in one patients had different
histology, tumor pairs in two patients had different
histology, six patients had lesion(s) with AAH, AIS or MIA,
and 27 patients had multiple IAC whose tumors presented
different driver mutation patterns (Table S1). Ten patients
in development cohort were definitive IPM patients whose
tumors shared a matching histological appearance, SNs
on radiology, and driver mutation patterns. Three of them
were sequenced in primary lung tumor and corresponding
visceral pleural metastatic lesions (Table S2). Patients in
test cohort were those whose tumors had a matching IAC
with similar histological subtypes or SCC histology, and
the uninformative driver mutation patterns (Table S3).
The study design is illustrated in Figure 2. Mutiple lung
tumors and their corresponding normal lung tissues were
collected and subjected to WES (Figure 24). Based on
WES data, four moleculer features were analyzed: genetic
divergence, Pearson correlation, shared mutations and
early mutations (Figure 2B). Patients with definitive MPLC
and IPM were included in the ML model development
cohort, where three ML algorithms were used to develop
predictive models based on these four molecular features
(Figure 2C). The trained ML models were subsequently
applied to patients in the test cohort with undetermined
multiple lung tumors for classification (Figure 2D).
Demographics and clinical characteristics are summarized
in Table 1.

Among the 36 MPLC patients, 18 patients had a family
history of cancer, with lung cancer being the most common
cancer type (11 patients). None of these patients had nodal
and distinct metastasis. All IPM patients in developing
cohort underwent curative-intent resection at the time
of surgery due to the absence of extra thoracic metastasis
evidence, with seven of them had pathologically pleural
metastasis, while five patients had lymph node metastasis,
and three patients were diagnosed with brain metastasis

shortly after surgery.

Molecular features of MPLC and IPM in the development
cobort

To characterize inter-tumor genetic divergence, we applied
the diversity measures from ecology and evolution science
to our somatic mutation data obtained through WES.
We calculated the minimum pairwise genetic divergence
index (ASI) for each patient. As shown in Figure 34, IPM
patients exhibited lower inter-tumor genetic divergence,
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Table 1 Clinical characteristics of patients and tumors
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Model development cohort

Characteristics

Model test cohort

MPLC IPM

Number of patients 36 10 26
Age (years) 63 (42-74) 54.5 (43-71) 61.5 (44-79)
Female 17 [47] 5 [50] 10 [38]
Smoking history

Never 25 [70] 6 [60] 13 [50]

Ever 11 [30] 4 [40] 13 [50]
Familial history of cancer

Yes 18 [50] 1[10] 7127

No 18 [50] 9 [90] 19 (73]
Dual tumor history

Yes 3[8] 0[0] 28]

No 33[82] 10 [100] 24 [82]
No. of lesions

2 31 [86] 5 [50] 24 [92]

3 5 [14] 4 [40] 28]

>4 0[0] 1[10] 01[0]
Time course

Synchronous 34 [95] 10 [100] 23 [88]

Metachronous 2 [5] 0[0] 3[12]
Histologic features

ADC + ADC 35[97] 10 [100] 23 [89]

ADC + SCC 1[3] 01[0] 0 [0]

SCC + SCC 01[0] 0[0] 3[11]
Lymphatic metastasis

Yes 0 [0] 5 [50] 0 [0]

No 36 [100] 5 [50] 26 [100]

Data are presented as n [%] or median (range). ADC, adenocarcinoma; IPM, intrapulmonary metastasis; MPLC, multiple primary lung

cancer; SCC, squamous cell carcinoma.

with a median of 0.39 (ranged from 0.08 to 0.48), compared
to MPLC patients (median 0.67, range from 0.55 to 0.78,
P<0.001).

Next, we analyzed the somatic mutations and structural
variants to determine the clonal relationships between
tumor pairs. Genetic alterations were classified as either
shared (present in all tumors) or unique (present in only
one tumor) for each patient. We observed a significantly

© AME Publishing Company.

lower shared mutations counts in MPLC patients compared
to IPM patients (P<0.001; Figure 3B). In the MPLC group,
25 tumor pairs (69%) exhibited no overlapping somatic
mutations, 5 tumor pairs shared only one somatic mutation,
and 6 tumor pairs shared multiple (>2) somatic mutations
(median 2, up to 4). In contrast, all tumor pairs of IPM
shared multiple somatic alterations (median 22, range
from 7 to 341). When comparing the number of unique
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Table 2 Performance metrics of ML models using five-fold cross-validation in validation set

Method Accuracy F1 Recall Precision

DT 0.9556+0.0544 0.9712+0.0353 0.9714+0.0571 0.9750+0.0500
RF 0.9778+0.0444 0.9846+0.0308 0.9714+0.0571 1.0000+0.0000
GBDT 0.9800+0.0400 0.9882+0.0235 1.0000+0.0000 0.9778+0.0445

Data are presented as mean + standard deviation. DT, decision trees; GBDT, gradient boosting decision trees; ML, machine learning; RF,

random forests.

mutations, the MPLC group (median 47, range from 7 to
463) and the IPM group (median 39, range from 11 to 74)
showed comparable numbers (P=0.40).

We then performed Pearson correlation analysis to
depict the mutational similarity among multiple tumors in
each patient. The result indicated that lesions in MPLC
patients had limited relatedness, with a median Pearson
correlation coefficient of -0.52 (range from -0.74 to 0.27),
compared to IPM patients (median 0.65, range from -0.06
to 0.93, P<0.001; Figure 3C). Detailed Pearson correlation
information for MPLC and IPM tumors is provided in
Figures S1,S2, respectively.

Moreover, we constructed phylogenetic trees to estimate
the ancestral relationship among multiple tumors. We
classified the somatic mutations as early mutations (trunk)
and late mutations (branch). The presence of more early
mutations suggests a higher probability that tumors arose
from a common origin. We quantified the number of early
mutations for each individual and found that all IPM tumor
pairs exhibited significantly higher levels than the MPLC
population (P<0.001; Figure 3D). Specifically, IPM patients
had at least 6 early mutations (median 22.5, up to 109). In
contrast, as much as 30 MPLC tumor pairs (83%) showed
no early mutations, and only 6 patients had multiple early
mutations (=2, up to 6).

ML models development

We developed machine ML classification models to
differentiate between MPLC and IPM using four molecular
characteristics: genetic divergence, shared mutation
number, Pearson correlation coefficient, and early alteration
number. The development cohort was subjected to five-fold
cross-validation to ensure robust training and validation. As
illustrated in Table 2, performance metrics such as the AUC,
accuracy, F1 score, recall, and precision were calculated to
evaluate the models. The DT model achieved a mean AUC
of 0.94 (SD 0.09) (Figure 4A4), mean accuracy of 0.9556

© AME Publishing Company.

(SD 0.0544), mean F1 score of 0.9712 (SD 0.0353), mean
recall of 0.9714 (SD 0.0571), and mean precision of 0.9750
(SD 0.0500). The RF model demonstrated a mean AUC
of 1.00 (SD 0.00) (Figure 4B), mean accuracy of 0.9778
(SD 0.0444), mean F1 score of 0.9846 (SD 0.0308), mean
recall of 0.9714 (SD 0.0571), and mean precision of 1.0000
(SD 0.0000). The GBDT model showed a mean AUC of
1.0000 (SD 0.0000) (Figure 4C), mean accuracy of 0.9800
(SD 0.0400), mean F1 score of 0.9882 (SD 0.0235), mean
recall of 1.0000 (SD 0.0000), and mean precision of 0.9778
(SD 0.0445). Schematic diagrams of the ML models and
the corresponding model weight files are included as
Appendix 1 to facilitate testing on independent datasets.

ML models validation

In the test cohort, RF, DT, and GBDT models, which were
applied using the models constructed in the previous phase,
yielded the same classification results. Fifteen patients
were identified as MPLC, and 11 patients were considered
as IPM. MPLC in this set still exhibited a higher inter-
tumor genetic divergence (median 0.67 vs. 0.39, P<0.001;
Figure 5A), less shared mutations (median 1 vs. 26, P<0.001;
Figure 5B), lower inter-tumor correlation (median -0.44
vs. 0.57, P<0.001; Figure 5C, Figure S3) and fewer early
alterations (median 0 vs. 35, P<0.001; Figure 5D) than IPM
patients.

Since MPLC and IPM exhibit distinct clinical
outcomes because of the nature of disease, we conducted
the comparison of DFS between them. Indeed, MPLC
patients identified by ML models in this cohort showed a
significant DFS benefit compared to IPM patients [hazard
ratio (HR) =0.21; 95% confidence interval (CI): 0.04-1.0;
P=0.04; Figure SE]. We also conducted the assessment
for the same population according to ACCP criteria (10).
The ACCP assessment classified 17 tumor pairs as MPLC
and 9 tumor pairs as IPM. This assessment was consistent
with the identification by ML models in 85% of the cases
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characteristic.

(Figure SF). One patient (Pt84) was identified as having
MPLC by ML models but classified as having IPM by
ACCEP criteria, whose synchronous tumors located in the
same lung lobe showed an overlapping EGFR 1.858R driver
mutation, histologic morphologic feature characterized by
acinar patterns, and radiologic appearance of SN and PSN
lesions (Figure 5G). Three patients (Pt75, Pt109 and Pt120)
were identified as having IPM by ML models but classified
as having MPLC by ACCP criteria. As the representative
case shown in Figure SH, tumors from Pt75 located in
different lung lobes showed a sharing driver EGFR 20insert
alteration, histologic appearance of acinar and papillary
patterns, and PSN lesions in CT images. However, there
was no significant difference in DFS between groups
stratificated by ACCP criteria assessment (P=0.68; Figure 51).

© AME Publishing Company.

Clinical comparation of MPLC and IPM patients

We next merged the model development and test cohort
and compared the clinical characteristics between ML
models defined MPLC and IPM patients of the whole
populations in this study. As shown in 7able 3, seven out of
51 MPLC patients had dual cancers. Twenty-two (43 %)
with MPLC reported a family history of cancer among their
first-degree relatives, with 55% (12 out of 22) reporting a
family history of lung cancer. Family history of cancer and
relevant clinical information are listed in Table S4. Most
IPM patients received the adjuvant therapy (18 out of 21
patients, 85.7%), while less MPLC patients were treated
with adjuvant therapy (33.3%) (P<0.001). Considering that
the lymph node metastasis, pleural metastases and distant
metastasis always lead to worse survival, we compared
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Table 3 Clinical characteristics comparison of MPLC patients IPM patients in this study

Variables MPLC IPM P value
No. of patients 51 21
Age at diagnosis (years) 63 [42-80] 59 [41-79] 0.053
Sex >0.99
Female 23 (45.1) 9 (42.9)
Male 28 (54.9) 12 (67.1)
Smoking status 0.18
Ever 17 (33.3) 11 (52.4)
Never 34 (66.7) 10 (47.6)
Family history of tumor 0.06
Yes 22 (43.1) 4(19.0)
No 29 (56.9) 17 (81.0)
Dual tumor 0.10
Yes 7 (13.7) 0 (0.0
No 44 (86.3) 21 (100.0)
Adjuvant therapy <0.001
Yes 17 (33.3) 18 (85.7)
None 34 (66.7) 3(14.3)

Data are presented as n (%) or median [range]. IPM, intrapulmonary metastasis; MPLC, multiple primary lung cancer.

DFS between MPLC (n=51) and IPM (n=7) whose
tumors limited intrapulmonary. The result showed that
MPLC patients still exhibited a significant prolonged DFS
compared to IPM patients (HR =0.30; 95% CI: 0.07-1.35;
P=0.02; Figure S4).

Characterization of somatic mutations and germline
mutations

Next, we analyzed the somatic and germline mutations
characteristics among MPLC and IPM patients in this
study. In total, 10,522 potentially functional somatic
mutations in 6,470 genes for 157 tumor samples were
identified, with mean number of 1.6 somatic mutations per
gene. The median number of somatic mutations carried
by tumor sample was 53, ranging from 17 to 393. The
highest mutated genes in 10 oncogenic pathways (29)
included EGFR (87 out of 157 tumor samples, 55%), TP53
(31%) and KRAS (11%). For the gene EGFR, the somatic
mutations tended to occur in LL858R (53 out of 157 tumor
samples, 34%) and Dell9 (15%) (Figure 64). Among the

© AME Publishing Company.

MPLC patients, it is noteworthy that 45% (23 out of 51
patients) harbored EGFR mutations in all lesions, with
65% (15 out of 23 patients) displaying distinct alterations
between the lesions, and the remaining 35% (8 out of 23
patients) presenting the same alterations (Figure 6B). Most
somatic subtype mutations among the MPLC samples
were L858R (37 out of 63 samples, 59%), followed by exon
19 deletions (25%) (Figure 6C). MPLC had lower tumor
mutation burden (TMB; median 0.73, range, 0.03-9.67)
than IPM (median 1.21, range, 0.58-3.03) (P=0.005,
Figure 6D). To characterize the TMB change between
paired tumors, we depict the TMB varible among tumor
pairs (Figure 6E) and calculated the TMB fold-change (FC;
the ratio of maximum to minimum) for each participant.
MPLC displayed comparable TMB FC with IPM (median
1.72 vs. 1.22, P=0.07, not shown).

We next explored the germline mutations characterize
for these multiple NSCLCs patients. In the 72 patients, a
total of 85 P/LP germline mutations in 74 genes carried by
49 patients (68%) were identified, with a median number
of 1 (ranging from 0 to 6). Seven patients had dysfunctional
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germline mutations in FLG, including 2 mutation types,
among which one was frameshift deletion and another was
stopgain, suggesting the potential harmful effects of the
mutations in this gene. Additionally, 4 germline mutations
carried by 4 patients were identified in SERPINAI, whose
defects were reported associating with chronic obstructive
pulmonary disease and emphysema (Figure 74). We
compared the prevalence of P/LP germline alterations
in MPLC patients versus IPM patients and found that
there was no significant difference (37/51 wvs. 9/21, P=0.27,
Figure 7B). To investigate whether MPLC patients with
P/LP germline mutations had distinct clinical features
compared to those without P/LP germline mutations, the
prevalence of family cancer history and age at diagnosis
were analyzed and found to be comparable between the
two groups (Figure 7C,7D). A trend was observed that P/

LP germline mutations were more common in females

© AME Publishing Company.

than in males under 50 years of age (Figure 7E) for MPLC
patients. Logistic regression analysis indicated that a higher
germline P/LP mutation rate tended to be associated with
family cancer history but was not correlated with sex, age at
diagnosis, smoking status, or dual tumors (Table S5).

Discussion

The current study applied the novel ML models to
determine tumor relatedness in patients with multiple
NSCLCs. The highlighted findings of this study are as
follows. First, this is the first study to score the genetic
divergence among NSCLCs, providing each patient with
a precise molecular information. Second, the ML models
demonstrated robust performance in discriminating
multiple lung lesions. The DFS advantage observed in
MPLC patients identified by ML models further supports
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this classification. Furthermore, our data reveal the clinical
and genetic features of the MPLC and IPM population,
which may aid in clinical management.

Determining whether multiple NSCLCs represent
MPLC or IPM has been a long-standing clinicopathologic
dilemma. Traditional clinicopathological method is
definitive when tumors have distinct histology, harbor
distinct driver mutations, and develop lymph nodule or
systemic metastases. When multiple NSCLCs share an
overlapping in histology, driver mutations and free of
extrapulmonary metastasis, clinicopathologic method is not
sufficient to solve these challenging cases. Recent advances
in genomic testing in clinical practice allow the genetic
methods to be reliable and powerful tool to distinguish
tumor relatedness among multiple NSCLCs (30).
Unlike previous panels of NGS data, WES allows for a

© AME Publishing Company.

more in-depth understanding of genetic characteristics at
the whole exome level. We first applied the ecological and
evolutionary index SI to evaluate the multiple lung cancer
relatedness in this study. SI is a robust indicator of diversity
in a population that accounts for both the number and
the relative abundance of clones. Several tumor-related
studies have adopted SI to evaluate clonality or sample
heterogeneity (31-33). A high SI indicates high mutation
diversity in the tumor regions, while a low SI indicates
the opposite. This method utilizes the depth and coverage
of WES data and comprehensively measures the genetic
divergence between tumors using information theory ASI,
without relying on specific molecular markers. Chang ez 4l.
have explored the utility of shared mutation based on the
broad-panel NGS for classifying multiple NSCLCs (12).
Pearson correlation analysis and phylogeny relationship
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have also been used to characterize the clonal relationship
between tumors (17,19,34). In this study, these four indices
exhibited significant difference between MPLC and IPM,
which illustrated their reliability in classifying multiple
NSCLGCs.

Recent advancement in ML algorithms and models
are significantly enhancing the diagnosis, treatment, and
prognosis of lung cancer (35-40). ML models, particularly
those combining radiomic and epidemiological features,
show great promise in predicting malignancy risk in
indeterminate pulmonary nodules and aiding early-stage
detection (41). Multimodal approaches, such as using
imaging biomarkers and deep learning techniques on
histological images, are being explored to predict gene
mutation, invasiveness, and treatment responses, especially
in NSCLC patients treated with immunotherapy (42-49).
Additionally, artificial intelligence-driven methods,
including deep learning for mutation prediction and
survival, are poised to improve clinical decision-making
(50-52). Several studies have also demonstrated the
application of ML in classifying multiple NSCLCs (53,54).
For example, Pei ez al. reported an RF model based on
a broad panel with 808 cancer-related genes to classify
multiple NSCLCs, the AUC of this model is 0.947 (53).
However, it used ACCP guideline as the golden criteria to
differentiate MPLC and IPM which could make mistakes in
challenging cases. In current study, we used clearly separate
tumors and related tumors, and introduced the DT, GBDT
and RF algorithm into diagnostic research in patients with
multiple NSCLCs using four selected molecular features
to develop ML models, and AUC of these models are 0.94,
1.00 and 1.00, respectively. Except for IPM patients in
development cohort, the major population of this study is
patients with surgically resected multi-NSCLC without
lymph nodules or distant metastases, and each tumor had a
T stage no further than T2a. Most of IPM patients in this
study received adjuvant therapy, while less than half MPLC
patients received adjuvant treatment. With a long follow-up
time, MPLC patients identified by ML models still showed
a prolonged IPM patients, which in some extent supported
this classification.

We also conducted parallel assessment according to
ACCP guideline in the same population, but the results
failed to show a DFS difference. Limitations of traditional
clinicopathologic criteria have been previously reported
and also observed in this study, such as interobserver
disagreement when the paired tumors present the same
histology, time interval and anatomic location of tumors
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(4,12,55). Clinicpathologic characteristics reported
previously are always suggestive rather than decisive. Suh
et al. reported that at least one lesion presenting with
pure GGN or GGN-predominant PSN among multiple
NSCLCs suggested MPLC (56). Imaging presentation of
a disease is not determined by the tumor growth pattern
alone; it is also influenced by complex microenvironment
factors (57,58). IPM patients in current study also showed
a GGN lesion among the paired tumors. The surgical
procedure may be a important variable for evaluating
the possibility of metastasis for metachronous tumors,
as different resection techniques have varying impacts
on tumor clearance and potential for residual disease
(59,60). However, only 5 patients was confirmd to have
metachronous tumors in our study. All 5 patients underwent
lobectomy as their first surgical procedure. Due to this
small sample size and the uniformity in surgical approach,
our study was unable to provide additional insights into the
impact of the type of surgical resection on evaluating tumor
metastasis. Further analysis or stratification by surgical
technique with a larger cohort may be considered for future
studies.

One important observation in our study is the high
frequency of family cancer history, particularly lung cancer,
in MPLC population. This finding suggests the possibility
of inherited susceptibility or a familial component in the
development of MPLC. EGFR is the most common driver
in the current study. We also found a high occurrence of
multiple lesions in MPLC patients harboring the same
EGFR driver (45%), let alone the consistency of specific
EGFR mutations among lesions. Hu ez 4/. recently reported
that MPLC is driven by different molecular events and
often exhibit a low TMB (61). Our results are consistent
with this finding, as we observed a lower TMB in MPLC,
possibly due to the lower prevalence of smoking among
this population. Environmental risk factors, such as tobacco
exposure, second-hand smoke, dust, asbestos are well-
established risk factors for lung cancer (62). However, due
to the retrospective nature of our data collection, we could
not obtain detailed information on these factors. Our study
also observed TP53 alteration differences in lesions of IPM,
although TP53 aberrations have long been recognized to
occur in the early stage of lung cancer (63). In fact, we
reported previously a LUAD patient whose primary lesion
showed wide-type TP53, while its corresponding pleural
lesions presented TP53 p.(G245S mutation (64). Previous
study has reported an increased frequency of germline
alterations in patients with lung cancer with a family
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cancer history, early age at onset, or carrying a diagnosis
of multiple cancers (65). Our study identified a wide
spectrum of P/LP germline variants exclusively in MPLC
or in IPM, but we did not find some shared germline P/
LP alterations for MPLC population or IPM population.
As proposed previously, tumor development depends
on the complex interaction between germline variants,
somatic mutations and environmental factors (66). Further
investigation is needed to understand the role of these
germline variants in the mechanism of multiple NSCLCs
carcinogenesis. In addition to histologic evaluation and
molecular alterations, biomarker expression at the protein
level, assessed through immunohistochemistry (IHC),
plays a crucial role in evaluating tumor relatedness and
predicting treatment response (61,67,68). Consequently, the
multimodal integration of radiology, pathology (including
both histology and IHC), and genomics, combined with
ML algorithms, holds great promise for enhancing the
prediction of tumor behavior and optimizing adjuvant
treatment strategies in patients with multiple lung tumors.

The limitations of the current study are as follows. First,
potential bias may exist due to the limited sample size
and the two-center retrospective study design. To ensure
consistent surgical resection quality and tumor samples
quality, we chose to include the radical resection samples
in the two institutions. The promising results signify that
a prospective study with a large sample size is imperative.
Second, our models were tested using data from a single
center. For an ML model, the test data from other centers
are essential for examining generalization capacity. A
multicenter study is warranted to further confirm our
findings. Third, our model cannot be used in the clinical
situations where patients with multiple lung cancer only
undergo a biopsy rather than surgical resection. Fourth, our
model should neither be used in patients who have received
neoadjuvant treatment. Since molecular features calculated
for each patients reflect the naive tumor heterogeneity and
its component diversity, which could be affected by the
pressure of neoadjuvant therapy.

Conclusions

We developed and evaluated ML algorithms to differentiate
multiple NSCLC as either MPLC or IPM using molecular
characteristics based on the WES. The strong performance
of these ML models may assist in improving the accuracy of
multiple NSCLCs diagnosis and clinical decision-making,
particularly for challenging cases in clinical practice.

© AME Publishing Company.
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