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Background: To avoid unnecessary postoperative complications, it is essential to select breast cancer patients
without axillary lymph node (LN) metastasis who might be eligible for exemption from sentinel lymph node
biopsy (SLNB). However, the lymph node metastasis (LNM) of triple-negative breast cancer (TNBC) is difficult
to predict if only considering clinical parameters. Hence, by investigating the difference between LN positive and
LN negative patients, we aimed to build a multi-omics model able to better predict LNM in TNBC.

Methods: A total of 445 TNBC patients with lymph node status and multi-omics data were enrolled and
divided into training and validation sets. We analyzed both clinicopathological characteristics and multi-
omics data to search for robust biomarkers, which were used to establish a multi-omics model.

Results: Compared with LN negative patients, LN positive patients had an increasing number of
mutational events, while the frequencies of both amplification and deletion in somatic copy number
alterations (SCNAs) were lower in LN positive cases. After analyzing upregulated gene-related pathways,
neutrophil-related pathways were found to be enriched in LN positive patients. Based on these omics
analyses, 5 predictors were utilized to build a multi-omics model, and the area under the receiver
operating characteristic curve was 0.790 in the training set and 0.807 in the validation set, showing a better
performance than models using individual omics data.

Conclusions: After analyzing the largest TNBC multi-omics cohorts, we identified the potential clinical
and molecular characteristics that are related to LNM. A multi-omics model was developed and performed
robustly in predicting LNM, with the potential assistance of tailoring unnecessary axillary LN management
among TNBC patients.
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Introduction a component of modified radical mastectomy for breast

Axillary lymph node metastasis (LNM) is the most common cancer. However, this approach is not beneficial to patients

method of breast cancer invasion (1). Previously, extensive whose dissected ALNs are pathologically nonmetastatic

surgical excisions of axillary lymph nodes (ALNs) were (2,3). Excessive ALN dissection might cause unnecessary
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postoperative complications, such as lymphedema, local
pain, paresthesia, and shoulder stiffness (4-6). Currently, an
increasing number of breast cancer patients are diagnosed
at an early stage, and more than half of them do not have
axillary LNM. Sentinel lymph node biopsy (SLNB) has
become the standard surgical approach for invasive breast
cancer patients with clinically negative axilla (7). ALNs
were exempted from surgical excision if the intraoperative
pathological assessment of SLNB was negative. However,
SLNB still causes pain to patients and has risks for
complications. Therefore, some clinical trials have tried to
investigate the exempt surgical excision of SLNB in patients
through ultrasound and imaging examinations (8). However,
the sensitivity and specificity of these methods could not
ensure the accuracy of each case. Therefore, tools are
needed to help estimate the risk of LNM more accurately.

Many clinical researchers and clinicians have made
unremitting efforts in predicting lymph node (LN)
status. Currently, there are several LNM prediction
models of breast cancer, and most of them are based on
clinicopathology (9). However, compared with other
subtypes, these models have poor predictive performance
for triple-negative breast cancer (I'NBC). Some studies
tried to predict LN status utilizing messenger RNA (mRNA)
sequencing data, but these models still cannot predict
axillary LNM accurately in TNBC (10,11). Therefore, it is
urgent to develop a tool for predicting the ALN status of
TNBC specifically.

In our research, based on the established multi-omics
TNBC cohort in Fudan University Shanghai Cancer
Center (FUSCC) (12), we compared differences between
LN positive and LN negative cases and found potential
LN related markers in multi-omics data, including
clinicopathological information, mutation data, somatic
copy number alteration (SCNA) data and transcriptomic
data. Based on these omics data, we attempted to establish
an integrated multi-omics model to predict ALN status in
TNBC. We present the following article in accordance with
the TRIPOD reporting checklist (available at https://atm.
amegroups.com/article/view/10.21037/atm-22-277/rc).

Methods
Patient cobort

In this study, the cohort was based on our previously
published Fudan University Shanghai Cancer Center
Triple Negative Breast Cancer (FUSCCTNBC)
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project (12). A total of 445 patients who underwent
surgeries at the Department of Breast Surgery, Fudan
University, Shanghai Cancer Center (FUSCC; Shanghai,
China), from January 29, 2007, to December 17, 2014, were
enrolled in the research.

The inclusion criteria for patients in the research
study were as follows: (I) each patient did not have any
neoadjuvant therapy before surgery; (II) all patients
underwent surgical excision of ALNs; (III) all tumor
tissues were confirmed to have invasive breast cancer by
histopathological diagnosis; (IV) TNBC was diagnosed
with negative immunohistochemical tests showing ER, PR
and HER2; and (V) most clinicopathological characteristics
were available, including age, tumor type, tumor size,
histologic grade, and ALN status.

All data above is available to the public, so the approval of
the medical ethics committee board was not necessary. The
study was conducted in accordance with the Declaration of
Helsinki (as revised in 2013).

Data availability

All data used in the study can be viewed and accessed in The
National Omics Data Encyclopedia (NODE: OEP000155).
All sequence data and microarray data can also be
downloaded from the Sequence Read Archive (WES and
RNA-seq; SRA: SRP157974) and NCBI Gene Expression
Omnibus (OncoScan array; GEO: GSE118527).

Generation of DNA-sequencing data

DNA extracted from 265 tumor tissues and matched white
blood cells underwent whole exome sequencing (WES).
DNA was fragmented on a Bioruptor Plus sonication
system and sequenced on an Illumina HiSeq X TEN
platform (Illumina Inc., San Diego, CA, USA). To generate
the mutational profile, BWA-mem, Sentieon tools, FastQC,
Samtools, VarScan2, TNseq and TNscope were performed
in turn. To improve specificity, a panel of normal (PON)
samples filtering, processSomatic and somaticFilter tools
were used. In addition, mutations in at least two out of three
callers (T Nseq, TNscope and VarScan2) were included to
construct the final somatic mutation compendium.

Generation of somatic copy number variation (SCNV)
data

Genome-wide somatic copy number analysis of 385 samples
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analysis was performed based on the protocol of the
OncoScan CNV Assay Kit (Affymetrix, Santa Clara, CA,
USA). Cluster intensity values were automatically calculated
in an algorithm from DAT files using GeneChip Command
Console software (Affymetrix, Inc.). OncoScan Console
1.3 software (Affymetrix, Inc.) and GISTIC2.0 (v2.0.22)
were performed to generate peak level and gene level copy
number values. The Advanced Scatterometer (ASCAT)
algorithm was utilized to adjust copy numbers of genes

based on ploidy and purity.

Construction of the expression profile

RNA sequencing was performed on 346 breast cancer
tissues and 88 paired normal breast tissues. The RNA
library was prepared in the Illumina TruSeq Stranded Total
RNA LT sample preparation kit. Then the libraries were
sequenced on the Illumina HiSeq X TEN platform (Illumina
Inc., San Diego, CA, USA). The TopHat-Cufflinks pipeline
(hg19) was used to generate fragments per kilobase of
exon per million reads mapped (FPKM) data. To construct
the expression profile with relatively accurate values, we
removed genes whose FPKMs were not 0 in more than
30% samples before Combat.

Enrichment and pathway analyses

In this study, the differentially expressed mRINAs (DEMs)
were analyzed by the package “limma” in R and met
the standard of false discovery fate (FDR) <0.05. Gene
Ontology (GO) (13) was used to investigate the biological
processes of these DEMs. The metabolic pathways were
analyzed with Kyoto Encyclopedia of Genes and Genomes
(KEGG) (14). GO and KEGG pathway analyses were both
performed utilizing the R package “clusterProfiler” (15)

Statistical analysis

We used Student’s z-test and the Wilcoxon test for
the comparison of continuous variables and ordered
categorical variables, while Pearson’s chi-square test or
Fisher’s exact test was employed to compare unordered
categorical variables. The methods used for the analyses
involving genomic and transcriptomic data were similar
to our previous publications. Copy number amplification
was defined as a log2 ratio greater than log,(2.5/2), and
copy number deletion was defined as a log, ratio less
than log,(1.5/2) (16). All analyses were performed with R
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software (R version 3.6.2, Vienna, Austria) and IBM SPSS
Statistics (R23.0.0.0). Receiver operating characteristic
(ROC) curves were generated to distinguish TNBC patients
with and without axillary LNM. Predictive accuracy was
determined by measuring the area under the ROC curve
(AUROC). The least absolute shrinkage and selection
operator (LASSO) regression model and stepwise forward
regression were used for marker selection. All tests were two
sided, and P<0.05 was considered statistically significant.

Results
Patient cobort and study design

A total of 445 TNBC patients derived from the
FUSCCTNBC cohort with available information on lymph
node status were included in this study. Some of these
patients had genomic (WES: n=265, 59.6%; OncoScan:
n=385, 86.5%) and transcriptomic (RNA-seq: n=346,
77.8%) data. Among them, 169 patients had positive lymph
node metastasis (LNM) (38.0%) and 276 patients had
negative LNM (62.0%). These two groups of patients were
similar in terms of the distribution and completeness of omics
data (Pearson’s chi-square test, P>0.05) and were comparable
in terms of clinical characteristics such as age at diagnosis
(P=0.341) and histological type (P=0.689) (Figure 1A).

We performed our research mainly in four steps. First,
we collected and collated the multi-omics data, and divided
the whole cohort into a training set and a validation set.
The training set included 305 TNBC patients (68.5%) who
underwent surgery before 1 September 2013 at FUSCC,
while remaining 140 patients (31.5%) after 1 September
2013 were included in the validation set (Figure 1B). Then,
by comparing the clinical information, mutation, copy
number and transcriptomic data in the training set, we
observed different signatures between LN positive and LN
negative cases. In addition, based on these signatures, we
developed models to predict lymph node status in TNBC.
Finally, by selecting key markers of each omics model, we
established a multi-omics prediction model with better
performance than models based on individual omics data.

Clinical characteristics of the study population

In total, the study included 445 TNBC patients who
underwent axillary surgery, and the clinicopathologic
characteristics of the patients in both the training and
validation cohorts are shown in 7able 1. The baseline clinical
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Figure 1 Components and partition of the cohort. (A) All data were divided into axillary LN positive and LN negative groups: (I) a total of 445

patients were included, and 169 patients were axillary LN positive, while 276 patients were axillary LN negative; (I) whole exome sequencing
(WES, n=265); (III) SCNA (n=385); (IV) transcriptome (n=346) and (V) all padents in the cohort had clinicopathological information. (B)
Definition of training and validation sets. The whole cohort was divided into a training set (n=305, 68.5%) and a validation set (n=140, 31.5%)

according to the time of surgery. LN, lymph node; SCNA, somatic copy number alteration; TNBC, triple-negative breast cancer.

and pathological characteristics were generally well balanced
between the training and validation cohorts (Pearson’s chi-
square test or Fisher’s exact test or Student’s 7-test, P>0.05),
except for Ki-67 (Fisher’s exact test, P=0.026).

Different molecular characteristics between LN positive
and LN negative samples

We compared the mutational events in LN positive cases
with those in LN negative cases. We found that mutations
in TP53 and PIK3CA were the two most frequent in both
LN positive and LN negative cases (Figure 2A). It is worth
mentioning that WDR63, COLSA1, ATG2B, C170rf104,
DDX41, F5 and LOXHDI showed higher mutation
frequencies in LN positive cases (Figure 2B). Most of them
have been found playing important roles in the process
of cancer metastasis, such as COL5A1 helping promoting

© Annals of Translational Medicine. All rights reserved.

gastric cancer metastasis (17) and the mutation of C170rf104
being found in the metastatic and recurrent head and neck
squamous cell carcinoma (18). In addition, there were
slightly more mutation events in LN positive cases (median
=54) than that in LN negative cases (median =49), although
there was no significant difference between them (Wilcoxon
test, P>0.05) (Figure S1A,S1B).

Next, we compared the SCNAs in LN positive cases with
those in LN negative cases. We found that the frequencies
of both amplification (68.9%) and deletion (82.3%) in
SCNAs were higher in LN negative cases (Figure 2C,2D).

Finally, by analyzing the expression profile, genes (10.9%)
were distinctly expressed between LN positive and LN
negative cases (P<0.05). Among them, the expression levels
of 1,954 genes were upregulated, and those of 1,466 genes
were downregulated in LN positive cases (Figure 3A4).
To further investigate the features of these differentially
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Table 1 Characteristics of the training and validation sets
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Variable All patients (n=445), n (%) Training set (n=305), n (%) Validation set (n=140), n (%) P

Age, year 0.386"
Median 54 54 54
Range 25-84 25-83 27-84

Tumor type 0.725
IDC 407 (91.5) 277 (90.8) 130 (92.9)

ILC 6(1.3) 4(1.3) 2(1.4)
Others 32(7.2) 24 (7.9) 8 (5.7)

Tumor size, cm - - - 0.0893*
Median 25 25 2.3 -
Median + SD [1.4,3.6] [1.3,3.7] [1.4,3.2] -

Lymph node metastasis - - - 0.439
0 276 (62.0) 186 (61.0) 90 (64.3) -
1-3 106 (23.8) 73 (23.9) 33 (23.6) -
4-9 35(7.9) 23 (7.5) 12 (8.6) -
>10 28 (6.3) 23 (7.5) 5 (3.6) -

Ki-67 - - - 0.038
<20 45 (10.1) 37 (12.1) 8(5.7) -
>20 384 (86.3) 252 (82.6) 132 (94.3) -
NA 16 (3.6) 16 (5.2) 0 (0.0 -

Lehmann subtype - - - 0.008
BL1 58 (13.0) 40 (13.1) 18 (12.9) -
BL2 19 (4.3) 12 (3.9) 7 (5.0) -
IM 68 (15.3) 34 (11.1) 34 (24.3) -
LAR 58 (13.0) 37 (12.1) 21 (15.0) -
M 51 (11.5) 39 (12.8) 12 (8.6) -
MSL 25 (5.6) 16 (5.2) 9 (6.4) -
UNS 42 (9.4) 30 (9.8) 12 (8.6) -
NA 124 (27.9) 97 (31.8) 27 (19.3) -

FUSCCTNBC subtype - - - 0.019
BLIS 134 (30.1) 95 (31.1) 39 (27.9) -
IM 83 (18.7) 48 (15.7) 35 (25.0) -
LAR 79 (17.8) 50 (16.4) 29 (20.7) -
MES 50 (11.2) 33(10.8) 17 (12.1) -
NA 99 (22.2) 79 (25.9) 20 (14.3) -

Table 1 (continued)
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Variable All patients (n=445), n (%) Training set (n=305), n (%) Validation set (n=140), n (%) P
RFS status at last follow-up - - - 0.286
Event-free 373 (83.8) 260 (85.2) 113 (80.7) -
Event 72 (16.2) 45 (14.8) 27 (19.3) -
Family history - - - 0.181
BC or OC 49 (11.0) 33(10.8) 16 (11.4) -
Other cancer 95 (21.3) 58 (19.0) 37 (26.4) -
No 301 (67.6) 214 (70.2) 87 (62.1) -

*, Student’s t-test [after Shapiro-Wilk test and analysis of variance (ANOVA)] was used to calculate P values. The other P values were
calculated utilizing Pearson’s chi-square test or Fisher’s exact test. NA was not included in any calculation. IDC, invasive ductal carcinoma;
ILC, invasive lobular carcinoma; SD, standard deviation; FUSCCTNBC, Fudan University Shanghai Cancer Center Triple-negative Breast
Cancer; RFS, relapse free survival; BC, breast cancer; OC, ovarian cancer.

expressed genes, we analyzed their enrichment pathways
utilizing GO and KEGG gene sets. The results of GO
enrichment analysis demonstrated that genes highly
expressed in LN positive cases were mainly enriched in
immunity and neutrophil-related pathways (Figure 3B).
It has been proved that neutrophils and some special T
cells conspired to promote breast cancer metastasis (19).
In addition, we found that genes highly expressed in LN
positive cases were enriched in cytokine-related pathways
using KEGG enrichment analysis (Figure 3C).

Prediction models of axillary LNM developed by each omics

We tried to construct LNM prediction models based on the
specific characteristics of each omics approach. All models
were developed in the training set and were tested in the
validation set. ROC curve analyses were utilized to evaluate
the performance of each model (Figure 44,4B).

Clinical model

Various clinical and pathological characteristics, including
age at surgery, tumor size, histological grade, and HER?2
and Ki-67 levels, were included to build a clinical model
based on multivariable logistic regression analysis. The
AUC was 0.624 (95% CI: 0.557-0.691) in the training
set and 0.602 (95% CI: 0.502-0.702) in the validation set
(Figure S2A,S2B).

© Annals of Translational Medicine. All rights reserved.

Moutation model

We first selected 116 genes with a high frequency of
mutation events (the number of mutations in each gene was
greater than or equal to 3 in our cohort). We then used the
LASSO regression model to select genes and established a
panel of 12 genes (Figure S3A,S3B). Based on these results,
we performed a multivariable logistic regression model with
an area under the curve (AUC) of 0.591 (95% CI: 0.547-
0.634) in the training set and 0.501 (95% CI: 0.444-0.558)
in the validation set (Figure S3C,S3D).

SCNA model
To identify genes with differences in SCNA between LN

positive and LN negative cases, Fisher’s exact test was
utilized, and 1,008 genes (P<0.01) were selected. A LASSO
regression model was used to further screen significant
genes (Figure S4A,S4B), and 78 genes were finally selected
to construct a multivariable logistic regression model. The
AUC of the SCNA model was 0.805 (95% CI: 0.753-0.857)
in the training set and only 0.558 (95% CI: 0.451-0.664) in
the validation set (Figure S4C,S4D).

Expression model

At the transcriptomic level, we first selected 11 genes
meeting two requirements: first, the expression was

Ann Transl Med 2022;10(11):623 | https://dx.doi.org/10.21037/atm-22-277


https://cdn.amegroups.cn/static/public/ATM-22-277-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-22-277-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-22-277-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-22-277-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-22-277-Supplementary.pdf

Annals of Translational Medicine, Vol 10, No 11 June 2022

Page 7 of 13

A B
Altered in 61 (91.04%) of 67 samples Altered in 91 (91%) of 100 samples WDR63
600 600
C170rf104 Frequency
F5
. 5
LoxL [
NDUFV1 | Em3
! |I Ll ! ||! 0 46 I | || | II | i 0 74 PZP 1 1
[E— 0 [ ~— 0
TP53 I 1 [T mmm 69% NN TP53 | VN R R 74% [N -
PIK3CA [l L1111 22% PIK3CA Il 11 15% W |
ABCA13 |11} 9% M KmT2cl I 9% —
CACNATE Il il 9% N CSMD3 [I[] Il 8% —
PTEN (1] | 9% I RYR2 1 17 7% —
EYS | ni 1000 7% TNXB | I | 7% —
WDR63 Il i | 7% MYH14 1l I 6%
ABCC1 | I 6% PTEN | [ 6% |
ANK2 | 11 I 6% SPEN T | I 1 6% |
g g s ) =
c17orfi04 | | I 1 6% cELSR3 LT 5% —
Ry~ i | o gl 2% =
0 0
FNT 11 1 | 6% FAT3 | | I 5% .| mm0.009
FRMPD3 | | 6% FOXATILI | | 115% .| Wm0.025
GTF3C1 Il 1 6% LAMA1 111 5% .| [10.039
LOXHD1 m 6% Muc2 'l | I] 5% | [10.063
MICAL3 ' I 1 | 6% PIK3R1 110 5% —| [10.083
RYR2 LTI I 6% TICR 11 5% —
SPTAT | I 6% vPs138 | 1] 5% 1
SPTBN5 | | 1 | 6% DR871 | W 5% -
TRANK1 I I 6% ABCA13 | | I 4% |
ABCA10 1 1 | 4% ADAMTS10 [T 4% —
ABCA9 ' | 11 4% ADAMTSL3 | | Il 4% —
AHI1 LI I 4% AKT1 I | | 4% —
NHDT Il 4% ASXi1 [T 4% —
NDUFV1 I | 4% BSN | (I | 4% |
Pzp I 4% c150m39 | | Il 4% -
VPS13B | | I 4% CDHR2 I 1 4% s
= Missense mutation = Frame shift del In frame del = In frame ins 780, Ve/(,e
= Splice site = Frame shiftins ® Nonsense mutation® Multi hit e Wi
C
1'0— L} ll l Ll l L 1 U L 1l L} 1 1 L} 1 L} L} 1 L) L}
2 0.54 ] 1 . : ; 1 |
c
2 0.04
g H 1 ' h i
=059 A Lo
_1.0_ ] 1 ' 1 1l ] 1 ] ] 1 [l [ ] i [ [ ] [} 1
LN positive samples SCNAs
1.0 5
3 0.5
5]
qg)_ 0.0 4 ;
0.5 E : Lo i \ - : i o
~1.04 . H . | | - :_ i \ T R \ v I
LN negative samples SCNAs
mplification [l Gain Loss eletion
Amplificati [ | Deleti
D
10 ) . o ) ) T ) I ' e '
g ) H . i | o ) ' 1 R H
§ 97 pvaue=001; I S S | FEUI VY AR I SPAVR TS 1T ; :
O e e T T L ey B s s e o]
05; ) ' P LR | ) o ) I ' a5 b i v I Vo
3 -5 H H N ] : o ] : . A | B : v oAl

Samples LN positive vs. negative

Amplification centric comparison [l Deletion centric comparison

Figure 2 Differences in genome between LN positive and LN negative patients. (A) Mutation signatures of LN positive and LN negative

patients. Each column represents an individual patient. The upper bars show the TMB. The number on the right indicates the mutation

frequency of each gene. (B) Significant differences in mutation between LN positive and LN negative patients. The number of mutation

events and the exact P values (Fisher’s exact test) are shown in the graph. (C) SCNAs in LN positive and LN negative patients. Each vertical

bar represents the frequency of amplification (dark red), gain (light red), deletion (dark blue) and loss (light blue) in a gene. (D) Comparison

of SCNAs between LN positive and LN negative patients in the amplification-centric (yellow) or deletion-centric (green) calculations (Fisher’s

exact test). LN, lymph node; TMB, tumor mutational burden; SCNAs, somatic copy number alterations.
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significantly distinct between LN positive and LN negative
cases [llog2(fold change)| >0.3 and P<0.05]; second, the
expression of genes in tumor tissues was different from that
in normal tissues [ llog2(fold change)| >2 & P<0.01]. Then,
we performed a LASSO regression model, after which 10
genes (Figure S5A,S5B) were selected for the multivariable
logistic regression model. The AUC of the model was 0.777
(95% CI: 0.718-0.837) in the training set and 0.656 (95%
CI: 0.557-0.755) in the validation set (Figure S5C,S5D).

Molecular subtype model

In Lehmann’s research, TNBC could be divided into
7 subtypes (BL1, BL2, IM, LAR, M, MSL and UNS)
according to RNA expression (Table 1) (20). Based on the
Lehmann subtype, we established a model to predict LN
status. The AUC of the model was 0.656 (95% CI: 0.582—
0.730) in the training set and 0.650 (95% CI: 0.548-0.752)
in the validation set (Figure S6A,S6B).

In our previous study, through RNA-sequencing, TNBC was
also divided into 4 subtypes (BLIS, IM, LAR and MES) (12).
We then built a model based on FUSCCTNBC subtypes,
with an AUC of 0.623 (95% CI: 0.549-0.697) in the

© Annals of Translational Medicine. All rights reserved.

training set and 0.627 (95% CI: 0.527-0.726) in the
validation set (Figure S6C,S6D).

Construction and performance of the multi-omics
prediction model

"To obtain a model with a better predictive performance, we
combined all predictive markers identified above, including
5 clinicopathologic characteristics, 12 gene mutations, 78
SCNA features, the RNA expression of 10 selected genes
and two kinds of TNBC subtypes. From all 107 predictive
markers, we built a LASSO regression model to establish
a signature with a panel of 17 features (Figure 4C,4D). To
further screen these features, forward-stepwise selection
was employed by utilizing IBM SPSS Statistics (R23.0.0.0),
and 5 predictive markers, including tumor size, SCNAs
of ZBTB6 and MTHFDI1, and mRNA expression levels of
GLPIR and NPYSR, were finally confirmed and used to
construct the multi-omics prediction model. Univariate
logistic regression was used to evaluate the risk of the 5
markers (Table 2). Then, we performed multivariable logistic
regression to build an integrated multi-omics model.

The AUC of the multi-omics prediction model was
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Figure 4 Performance of the four single-omics prediction models and a multi-omics model. (A) Performance of the six single omics models in
predicting LNM presented as the AUC in the training set. (B) The AUC of the six single omics models in predicting LNM in the validation set.
(C) The LASSO coefficient profiles of the 105 ALN-status-related markers based on the training set. (D) LASSO algorithms were utilized to
identify ALN-status-related markers and 25 optimal markers were selected in the training set. (E) The AUC was used to show the performance
of the multi-omics model in the training set, and the 95% CI was added. (F) The AUC was utilized to show the performance of the mult-
omics model in the validation set, and the 95% CI was added. AUC, area under the receiver operating characteristic curve; SCNA, somatic

copy number alterations; FUSCCTNBC, Fudan University Shanghai Cancer Center Triple-negative Breast Cancer; LASSO, least absolute

shrinkage and selection operator; LNM, lymph node metastasis; ALN, axillary lymph node.
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Table 2 Univariate association of the five predictors with axillary lymph node status in triple-negative breast cancer

Training set (n=318)

Validation set (n=145)

Variable

OR (95% ClI) P value OR (95% ClI) P value
Tumor size (cm) 1.38 (0.98-1.95) 0.064 3.27 (1.62-6.61) 0.001
ZBTBE6 (copy number) 4.9 (1.41-16.95) 0.012 2.67 (0.69-10.23) 0.153
MTHFD1 (copy number) 5.6 (1.86-16.85) 0.002 2.42 (0.81-7.27) 0.114
GLP1R (expression) 0.15 (0.04-0.5) 0.002 0.11 (0.02-0.74) 0.023
NPY5R (expression) 0.27 (0.12-0.6) 0.001 0.5 (0.21-1.2) 0.121

0.790 (95% CI: 0.711-0.869) in the training set and 0.807
(95% CI: 0.709-0.905) in the validation set (Figure 4E,4F).
The corresponding calibration curves were plotted to
assess the calibration of the multi-omics model in both the
training and validation sets, and the Hosmer-Lemeshow
test indicated that there was no significant departure
from excellent fit (P>0.05) (Figure S7A,S7B). In addition,
the decision curve analysis (DCA) results for the multi-
omics model were also plotted to show its net benefit
(Figure S7C,S7D).

Finally, in the fully integrated approach, we took all
multi-omics factors into the integrated model to apply
integration methods. Through LASSO regression
(Figure S8A,S8B) and forward-stepwise selection, potential
predictors were selected, and a logistic regression model
was built. The model had a good performance as well (AUC
of 0.83 in the training set, AUC of 0.73 in the validation
set) (Figure S8C,S8D), which further proved that predicting
LNM using multi-omics was practicable.

Discussion

Currently, according to preoperative evaluation by various
methods, some breast cancer patients are exempt from
SLNB. This reduces the pain resulting from invasive
procedures, while retaining the risk of underestimation
of axillary LNM. Therefore, more tools are needed
to accurately assess the risk of ALN metastasis and
select the proper patient eligible for SLNB exemption.
The LN status of TNBC is difficult to predict using
clinical factors only. We aim to provide more evidence
for TNBC patients regarding whether they could be
exempted from LN surgical excision. In this study, we
included clinicopathological information and genomic and
transcriptomic data. Through analysis and comparison, we
found that there were distinctive characteristics between

© Annals of Translational Medicine. All rights reserved.

LN positive and LN negative cases in the four omics
datasets. We then selected the most pivotal characteristics of
each omics dataset further to construct an integrated multi-
omics model, which performed better than single omics-
based models.

Moreover, we found that different omics techniques
showed distinct impacts on LNM. The predictive power of
the clinical model was not satisfactory in the training set or
validation set. In contrast to other subtypes of breast cancer,
TNBC is a group of diseases with significant inter-tumor
heterogeneity (12) and a high degree of malignancy (21),
and its LNM is hard to predict using clinical factors only.
Compared with LN negative cases, LN positive cases had
more mutational events. However, among all models in the
study, the performance of the mutation-based model was the
worst, and its AUC was low in neither the training set nor
the validation set. This might be caused by the low mutation
frequency of each gene. The majority of the genes were
mutated in less than 5% of TINBCs, while a large fraction
of them might be “passenger” events without specific
biological impact (22). Taken together, somatic mutations
in TNBC cannot reflect the differences well between LN
positive and LN negative cases. In our previous studies, we
found that TNBC is a kind of cancer significantly driven
by SCNA (12,16,23). Therefore, we analyzed the SCNA of
each gene in the study cohort, and we found that there was
a great difference between LN positive and LN negative
cases. In the SCNA-based model, the performance was
excellent in the training set but mediocre in the validation
set, which may be due to the overfitting of the model with
an excessive number of included genes. Among the four
omics approaches, transcriptomic data showed the most
significant differences. There were 1954 upregulated genes
and 1,466 downregulated genes in LN positive cases. At
the same time, the transcriptomic model also showed the
best predictive performance, the AUC of which was 0.777
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in the training set and 0.656 in the validation set, indicating
that the transcriptome could better distinguish the internal
differences between LN positive and LN negative cases.
Then, we found that it was also difficult to predict LN
status using only the information of TNBC Lehmann or
FUSCC subtypes.

In this study, a total of 5 predictive factors were finally
included for the construction of the multi-omics model,
including tumor size, SCNA of ZBTB6 and MTHFDI, and
the RINA expression levels of GLPIR and NPY5R. Among
them, tumor size and SCNA of ZBTB6 and MTHFDI
are positively correlated with the risk of LNM. Both
tumor size and lymph node status are important factors
for evaluating the tumor malignancy. Many studies have
already demonstrated that tumor sizes are directly related
to LNM in breast cancer, especially in hormone receptor-
positive breast cancers (10,24-26). In our research, we
found that tumor size was associated with LNM in TNBC.
However, it was demonstrated that tumor size along with
other clinicopathological factors were not sufficient to
predict LNM, and the AUC of its model was just 0.624 in
the training set and 0.602 in the validation set. Hence, we
hoped to seek more predictive factors in more dimensions.
In this study, we found that the amplification of ZBTB6
was related to a high risk of LNM. There have been few
studies of ZBTB6, a gene related to energy metabolism,
and it has only been reported to be a prognostic indicator
in esophageal cancer (27). Here, we found that the
amplification of ZBTB6 was related to a high risk of LNM
in TNBC, but the mechanism is still unknown. MTHFDI,
as a well-known gene related to folic acid metabolism, has
been found to interact with BRD4, participate in folic acid
metabolism and transcriptional regulation (28), and play an
important role in many cancers, such as melanoma, lung
cancer and colorectal cancer (28-35). MTHEFDI was also
found to promote the progression of breast cancer (29).
Consistent with our study, the amplification of MTHFDI
was related to a high risk of LNM in TNBC.

Among the 5 predictors, the RNA expression levels of
GLPIR and NPYSR were negatively correlated with the
risk of LNM. GLPIR is also a well-studied and powerful
gene that has been found to activate cAMP and inhibit
the proliferation of breast cancer (36). In our multi-omics
model, the expression of GLPIR negatively contributed
to the LNM risk score. There have been few studies on
NPYSR, and no related mechanism has been studied in
the tumor field. Similar to GLPIR, the high expression of
NPY5R was a protective factor against LNM in the model.

© Annals of Translational Medicine. All rights reserved.
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Opverall, these molecules, which we selected as the most
significant predictive markers of axillary LNM, are still
lacking in mechanistic explorations of tumors and need
further study.

Although the multi-omics model has robust predictive
efficacy and is feasible in theory, it is difficult to implement
in clinical practice. Neither genome nor transcriptome
sequencing data can be obtained in a short time, and the
financial cost is high. However, with the development
of sequencing technology, it remains to be seen whether
sequencing technology can achieve economic timeliness in
the future. Based on this model, we also plan to evaluate
the level of these genes through rapid methods, such
as quantitative polymerase chain reaction (QPCR) or
immunohistochemistry (IHC).

Our study had several limitations. First, the models
were hard to validate externally because of the lack of full
clinicopathological information in public datasets and the
batch effect of sequencing platforms. To note, we plan to
validate the multi-omics model through a prospective study
in the future. Second, although it is the largest TNBC
multi-omics cohort analyzed in the study, the number of
patients is limited, and the reliability of the model needs
to be further improved by increasing the number of cases.
Finally, the biological impact of the selected predictors
needs further investigation.

Despite the limitations, to our knowledge, this is the first
study to predict LN status in TNBC utilizing an integrated
multi-omics model, which performed better than models
based on each single omics.

Conclusions

To conclude, we compared the difference between LN
positive and LN negative patients using the largest multi-
omics TNBC cohort and identified clinicopathological,
genomic and transcriptomic characteristics potentially
related to LNM. Based on these indicators, we established
an integrated multi-omics model with robust performance,
showing an AUC of 0.796 in the training set and 0.807 in
the validation set, which proved that using multi-omics data
could better predict LNM in TNBC. Importantly, this will
help us achieve a more precise management of lymph node
metastasis in TNBC patients.
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Figure S5 Details of the construction of the expression model. (A) The least absolute shrinkage and selection operator (LASSO) coefficient
profiles of 11 selected expressions of genes based on the training set. (B) LASSO algorithms were used to select optimal gene expression
levels. (C) The area under the curve (AUC) of the expression model in the training set. (D) The AUC of the expression model in the

validation set.
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Figure S6 Details of the construction of the Lehmann and FUSCCTNBC subtype models. (A) The area under the curve (AUC) of the
Lehmann subtype model in the training set. (B) The AUC of the Lehmann subtype model in the validation set. (C) The AUC of the Fudan
University Shanghai Cancer Center Triple-negative Breast Cancer (FUSCCTNBC) subtype model in the training set. (D) The AUC of the
FUSCCTNBC subtype model in the validation set.
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Figure S7 Evaluation of the multi-omics model. (A) The corresponding calibration curve of the multi-omics model in the training set. The
45-degree dotted black line represents a perfect prediction. The blue solid line represents the predictive performance of the multi-omics
model in the training set. The Hosmer-Lemeshow (HL) test was used to compare the multi-omics model with its calibration in the training
set. (B) The corresponding calibration curve of the multi-omics model in the validation set. The HL test was used to compare the multi-
omics model with its calibration in the validation set. (C) The decision curve analysis (DCA) of the multi-omics model in the training set.
The x-axis represents the threshold probability. The y-axis represents the standardized net benefit. The solid black line represents the net
benefit when all patients are considered as not having axillary lymph node metastasis (LNM), while the gray line represents the net benefit
when all patients are considered as having axillary LNM. The red line represents the net benefit when all patients are considered according

to the multi-omics model in the training set. (D) The decision curve analysis (DCA) of the multi-omics model in the validation set.
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Figure S8 Details of the construction of fully integrated model. (A) The least absolute shrinkage and selection operator (LASSO) coefficient
profiles of all factors in multi-omics based on the training set. (B) LASSO algorithms were used to select potendal predictive factors. (C) The area
under the curve (AUC) of the fully integrated model in the training set. (D) The AUC of the fully integrated model in the validation set.
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