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Abstract 29 

Breast cancer (BrCA) therapeutic selection routinely incorporates clinicopathologic in-30 

formation along with immunohistochemistry (IHC) for ER/PR/HER2/Ki-67. However, this 31 

is incomplete and has shortcomings that are seen in clinical outcome differences even 32 

within the same subtype. Herein, we analyzed the proteome of 116 HER2-negative pri-33 

mary BrCA samples and subsequently validated a 34-proteogenomic signature in 5,963 34 

BrCA tumor samples from TCGA, METABRIC, and GSE96058 that demonstrated a 35 

metabolic enrichment signature impacting overall survival, progression free survival, 36 

and response to therapy. The 34-proteogenomic signature selected ER+ BrCA tumors 37 

for upstaging to a more triple negative pathophysiological phenotype, herein referred to 38 

as Luminal/TN-like (L/T), impacting likelihood for chemotherapy consideration and other 39 

therapeutic modalities rather than hormonal therapy alone. Further, analysis of 9,530 40 

tumors across 33 types of cancers in TCGA demonstrated the 34 proteogenomic signa-41 

ture utility in the reclassification of other cancer types into different risk groups. 42 

Introduction 43 

Precision classifying of BrCA subgroups is critical to support appropriate therapeutic in-44 

terventions. In practice, IHC markers are incorporated with clinicopathologic information 45 

for this clinical decision. Estrogen receptor (ER), progesterone receptor (PR), human 46 

epidermal growth factor receptor 2 (HER2), and Ki-67 are important IHC markers well 47 

established in clinical practice. As previously reported, the existence of ER-negative 48 

PR-positive (ER-PR+) BrCA is highly unlikely and possibly inaccurate1. Therefore, BrCA 49 

tumors for this study were classified into five IHC subtypes: Luminal A (LA, ER+/HER2-50 

/Ki-67-), Luminal B1 (LB1, ER+/HER2-/Ki-67+), Luminal B2 (LB2, ER+/HER2+), HER2+ 51 
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(ER-/PR-/HER2+) and Triple Negative Breast Cancer or TNBC subtype (ER-/PR-52 

/HER2- or ER-/HER2-)2. Among them, Luminal (LA, LB1) BrCA is considered the least 53 

aggressive and has the highest relative survival rate. TNBC BrCA is the most aggres-54 

sive and has the lowest relative survival rate.  55 

Although IHC-based subtyping is the gold standard in clinical diagnosis and 56 

treatment selection, emerging high throughput technologies provide a more compre-57 

hensive molecular characterization of breast tumors. Numerous studies have demon-58 

strated that at the genomic and transcriptomic levels, patients with the same IHC sub-59 

type have different molecular profiles and are associated with different clinical outcomes 60 

and treatment responses3-6. A 50-gene signature (PAM50), developed from gene ex-61 

pression microarray platform, has been applied to classify BrCA into five intrinsic mo-62 

lecular (gene-based) subtypes: Luminal A, Luminal B, HER2-enriched, Basal-like, and 63 

Normal-like. It has been reported that the PAM50 subtypes and IHC-based subtypes 64 

are discrepant3,4. In addition, five heterocellular subtypes were identified from Luminal 65 

breast cancer samples which were associated with varying clinical outcomes and treat-66 

ment responses5. Also, a Luminal immune-positive subgroup in TNBC samples was as-67 

sociated with an improved prognosis6. This provides an opportunity for additional granu-68 

larity with survival implications. 69 

Currently available molecular signatures developed for BrCA subtyping are most-70 

ly based on mRNA expression or genomic mutation profiles. Multigene expression as-71 

says such as PAM503, BluePrint7 and MammaPrint8, Oncotype Dx9 have been estab-72 

lished to stratify patients into different risk groups. It has been reported that the correla-73 

tion between a gene and its corresponding protein expression was relatively low and 74 
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that the mRNA expression level of a given gene may not be suitable to represent the 75 

corresponding protein expression level. For example, studies showed that the median 76 

Pearson correlation value of mRNA-to-protein was 0.3910, the mean Spearman’s corre-77 

lation coefficient between mRNA and protein abundance was 0.31 in tumors and 0.19 in 78 

adjacent non-cancerous tissues11. As proteins, not genes, convey the actual functional 79 

properties of cells, the classification based on protein expression may be more accurate 80 

to reflect the cell functional heterogeneity, thus appropriate to investigate a biomarker 81 

signature at the protein expression level. A few researchers have already investigated 82 

BrCA subtyping using quantitative proteomics data. The Super-SILAC mix technique for 83 

quantitative proteomics of BrCA tumors was used to identify unique features not ob-84 

servable by genomic approaches12. LC-MS/MS-based protein quantification was utilized 85 

to investigate the PAM50 subtype and showed Luminal B and HER2 subtypes were in-86 

termixed at the protein level and basal-like subtype was separated into two groups13. 87 

Moreover, most of the molecular subtyping was generally achieved through un-88 

supervised clustering methods on the molecular profiles of tumors. BluePrint, an 80-89 

gene signature developed from microarray gene expression data, is the only signature 90 

using the IHC-based clinical subtype as a guide7. Considering that IHC-based BrCA 91 

subtypes have been widely used and accepted for stratifying patients into different 92 

treatment groups in clinical practice, there is clear benefit to using available IHC sub-93 

type information to identify differentially expressed biomarkers between BrCA subtypes 94 

as the basis of developing biomarker panels. In previous research, the use of a label-95 

free protein quantification technique on formalin-fixed, paraffin-embedded HER2- breast 96 

tumors to generate global proteomics data and perform differential analysis (Signifi-97 
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cance Analysis of Microarrays) identified 224 differentially expressed proteins between 98 

ER+ BrCAs and TNBCs and demonstrated that a subset of ER+/PR+ BrCA tumors had 99 

a protein expression profile and clinical outcomes similar to those of TNBCs14. 100 

In this study, available clinical IHC results from core biopsies were used to select 101 

the cohort of patients’ tumors from flash-frozen surgical samples. These 116 unifocal 102 

primary tumors characterized by IHC as HER2-, including Luminal (LA, LB1) and TNBC 103 

tumors, were selected for proteomic analysis. Liquid chromatography-tandem mass 104 

spectrometry (LC-MS/MS) based quantitative proteomic analysis with the tandem mass 105 

tags (TMT) labeling was conducted on these tumors to generate the global proteomics 106 

data. Consensus altered proteins between TNBC and Luminal subtypes were first iden-107 

tified, followed by analyses of mRNA expression, gene-protein correlation, pathway en-108 

richment, and proteogenomic characteristics using TCGA-BRCA and CPTAC proteoge-109 

nomics data to identify a proteogenomic metabolism dependent predictive and prognos-110 

tic signature. This signature demonstrates the potential to enhance the clinical IHC sub-111 

typing-based diagnosis for HER2- patients, enabling stratification of patients into differ-112 

ent risk groups and providing potential targetable interventions. Moreover, this study 113 

demonstrates the potential to stratify the clinical subgroups of all breast cancers into dif-114 

ferent risk groups, as well as separate the patients associated with worse survival from 115 

the patients associated with good survival. In addition, the signature could apply to mul-116 

tiple cancer types and stratify the cancer patients into groups with significantly different 117 

outcomes demonstrated from The Cancer Genome Atlas (TCGA) data sets. 118 
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Results 119 

Demographic and clinicopathological characteristics of the study cohort 120 

The demographic and clinicopathological characteristics of patients are shown in Table 121 

1. There were 32 (27.6%) LA, 69 (59.5%) LB1 and 15 (12.9%) TN in the cohort. We 122 

designated ER+/HER2- including LA and LB1 as Luminal and defining the cohort with 123 

two subtypes (Luminal and TN) as Luminal-TN cohort in this paper. Of the 116 cases, 124 

94 cases were ER+ (ER>10%), 15 cases were ER- (ER<1%) and 7 cases were low 125 

ER+ (ER between 1% and 10%). To consolidate our findings, we split our cohort into a 126 

training cohort and a testing cohort using the stratified random sampling method based 127 

on IHC-based subtype. To avoid any analysis biases caused by low ER+ cases, these 128 

low ER+ cases were removed from our training and testing cohorts (see Results sec-129 

tion: Low ER+ BC tumors are closer to ER- BC tumors than ER+ BC tumors). We ana-130 

lyzed 70 cases with 61 ER+ and 9 ER- in the training cohort and 39 cases with 33 ER+ 131 

and 6 ER- in the testing cohort. There were no statistically significant differences be-132 

tween training and testing cohort among each characteristic shown in Table 1. 133 

MS-based proteomics quantification of the study cohort 134 

TMT-labeled LC-MS/MS-based proteomics quantification was performed as described 135 

in the section of Methods. A total of 7990 proteins were detected at a 1% false-136 

discovery rate (FDR) in our sample cohort, with 4422 proteins expressed across all 137 

samples. To avoid any data analysis bias caused by estimating the abundance of the 138 

undetected proteins, we focused our further analyses on these 4422 proteins. 139 
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Low ER+ BrCA tumors are closer to ER- BrCA tumors than ER+ BrCA tumors  140 

The 1,521 most variably expressed proteins were used in CPTAC-BRCA subtyping 141 

analysis10. 901 proteins were within our common detected 4,422 proteins from our co-142 

hort. To investigate the association between the IHC-based Luminal-TN subtypes and 143 

the proteomic clusters, these 901 proteins were utilized for unsupervised clustering 144 

analysis of our 116 cases. Unsupervised agglomerative hierarchical clustering analysis 145 

demonstrated that most of the low ER+ BrCAs clustered with ER- BrCAs instead of ER+ 146 

BrCAs (Supplementary Figure S1), which is very consistent with the previous reports 147 

from gene expression experiments15-17. 148 

Integrated and consensus data analyses identify metabolism dependent 34-gene 149 

panel 150 

To avoid subtype bias and identify the significantly differentially expressed proteins be-151 

tween TN and ER+/HER2- cases, comparative analyses were performed for TN versus 152 

LA and TN versus LB1 separately. To obtain robust and stable significantly altered pro-153 

teins from the training cohort, the consensus differential analysis (see Methods) were 154 

performed. For each comparison, the significance was reported at Benjamini-Hochberg 155 

(BH) adjusted p-value < 0.05 and (fold change (FC) > 1.5 or FC <0.67). The consensus 156 

differential analyses identified 512 significantly differentially enriched proteins for the 157 

comparison of TN versus LA BrCAs from the training dataset (Supplementary Table S1 158 

and Figure 1A), where 242 proteins were up-regulated and 270 proteins were down-159 

regulated in TNBCs.  Similarly, the comparison between TN and LB1 BrCAs generated 160 

226 significantly differentially expressed proteins with 108 proteins up-regulated and 161 

118 proteins down-regulated in TNBCs (Supplementary Table S1 and Figure 1B). The 162 
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Venn diagram shows that 164 significantly differentially expressed proteins were de-163 

tected from both comparisons, where 75 proteins are up-regulated and 89 proteins 164 

down-regulated in TNBCs compared to luminal BrCAs (LA/LB) (Supplementary Table 165 

S1 and Figure 1C). Among these 164 proteins, 153 proteins or their coding genes were 166 

significantly detected in all four independent public datasets: Clinical Proteomic Tumor 167 

Analysis Consortium (CPTAC), TCGA, Molecular Taxonomy of Breast Cancer Interna-168 

tional Consortium (METABRIC) and GSE96058.  169 

Further filtering was performed (Figure 1D). A total of 811 HER2- primary female 170 

BrCA samples with at least 30 days follow-up and measured by RNA sequencing (642 171 

luminal and 169 TNs) were identified from the TCGA cohort for overall survival (OS) and 172 

progression-free interval (PFI) analyses. Survival analyses unveiled 22 genes whose 173 

higher expression is significantly associated with favorable outcomes (OS and PFI with 174 

log-rank p-value<0.05). Compared with the results from the differential analyses, 20 of 175 

the 22 genes have relative expression levels that are aligned with the relative outcomes 176 

of the two subtypes (Luminal and TN). However, 2 of the 22 genes were actually ex-177 

pressed higher in Luminal but their higher expression was associated with worse out-178 

comes, contradicting the outcome results of the two subtypes. Therefore, these 2 genes 179 

were removed from subsequent study. Similarly, of the 18 genes whose higher expres-180 

sion is significantly associated with unfavorable outcomes, 3 were removed from the 181 

subsequent study because of the contradicting results from differential and survival 182 

analyses. We further investigated the correlation of the selected proteins from our train-183 

ing dataset since highly correlated proteins are generally functionally related and the 184 

linear model could benefit from reducing the level of correlation between the predictors. 185 
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The high correlation was determined by the Pearson correlation > 0.718. Correlation 186 

analysis showed two genes (PLOD1, COLGALT1) were highly correlated (Pearson cor-187 

relation=0.78) in the training dataset; COLGALT1, which had a higher p-value from the 188 

differential analysis, was removed from the list while PLOD1 was retained. Consequent-189 

ly, a set of 34 genes constituted the genes and proteins of interest for this study. A total 190 

of 20 genes were down-regulated in TN breast tumors and associated with good OS 191 

and PFI, whereas 14 genes were up-regulated in TN breast tumors and associated with 192 

poor OS and PFI (Supplementary Table S1 and Figure 1E). Further investigation of the 193 

gene-protein expression correlation showed 31 of the 34 proteins had moderate or high 194 

gene-protein expression correlation (Pearson correlation > 0.39). The 3 biomarkers 195 

(SLC2A1, NCBP1 and PHPT1) with low gene-protein expression correlation were inves-196 

tigated in the literature. These 3 biomarkers were potential biomarkers for cancer thera-197 

py or related to cancer development and were retained in our protein panel list19-22. The 198 

moderate or high gene-protein expression correlation in our identified biomarker set in-199 

dicates the 34 biomarkers may not only be a protein signature but also a gene signature 200 

for subtype prediction. 201 

KEGG pathways involved in any 34 genes were extracted. Among 24 of 34 202 

genes involved in KEGG pathways, 14 genes were involved in metabolic pathways 203 

(Supplementary Table S2). The KEGG pathway over-representation analysis also 204 

demonstrated that some metabolic pathways are significant at p<0.05. These significant 205 

metabolic pathways are involved in amino acid metabolism (alanine, aspartate, gluta-206 

mate, valine, leucine, isoleucine), one carbon metabolism, purine metabolism, pyrimi-207 
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dine metabolism, nicotinate and nicotinamide metabolism, biosynthesis of cofactors and 208 

fatty acid metabolism (Supplementary Table S2). 209 

Proteogenomic characterization of 34 genes reveals high fractions of positive cis 210 

effects of CNVs on mRNA and protein  211 

The proteogenomic characteristics of 34 genes were investigated utilizing CPTAC pro-212 

teogenomic data analysis results from Mertins et al.10. While 24 single amino acid vari-213 

ants (SAAVs) and 6 novel splice isoforms involved in 18 of the 34 proteins were detect-214 

ed (Supplementary Table S3, corresponding to supplementary Table 5 and 10 by Mer-215 

tins et al.10), the number of variants at peptides were low. The consequence analyses of 216 

copy number alterations (CNVs) on RNA and protein showed 27 of the 31 genes (87%) 217 

have significant positive cis effects on their mRNA expression and 17 of the 30 genes 218 

(57%) have significant positive cis effects on their protein abundance. The fractions of 219 

the significant positive cis effects on mRNA and protein in 34 genes are both significant 220 

compared with the fractions of all significant positive cis effects on mRNA (64%) and 221 

protein (31%) (one-sided fisher test p-value=0.0037 for mRNA and 0.0035 for protein). 222 

The observations are consistent with the BrCA and colon cancer analysis that metabolic 223 

functions were enriched in genes with the positive cis effect of CNVs on mRNA10, 23.  224 

34-biomarker signature distinguishes two distinct tumor subtypes  225 

Unsupervised hierarchical clustering heatmaps of the training cohort with 34 proteins 226 

(Figure 2A) demonstrated that there were two distinct clusters, one cluster consisted 227 

mostly of IHC-based luminal tumors, while the other was mostly TN tumors. The unsu-228 

pervised clustering heatmaps of testing cohort and CPTAC HER2- cohort (53 tumors, 229 

after removing the known low ER+ tumors) with 34 proteins also demonstrated the 230 
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same pattern from independent proteomic datasets: there were two distinct clusters, 231 

one cluster mapped well with IHC-based luminal subtype and PAM50 Luminal subtype 232 

(Luminal A and Luminal B) and another mapped well with IHC-based TN subtype and 233 

PAM50 Basal-like subtype. Unsupervised clustering heatmaps of TCGA HER2- cohort 234 

(799 tumors), METABRIC HER2- cohort (1645 tumors) and GSE96058 HER2- cohort 235 

(2535 tumors) after removing known low ER+ tumors using 34 protein-coding genes as 236 

features also demonstrated similar patterns from independent datasets at the gene ex-237 

pression level (Figure 2B). These findings demonstrated that the 34 proteins or protein-238 

coding genes are a strong predictive protein or gene signature to stratify HER2- patients 239 

into Luminal-like patients and TN-like patients from both protein abundance and gene 240 

expression profiles. 241 

To define the solid novel proteomic subtypes, consensus clustering analysis of 242 

the training cohort using 34 proteins was performed to investigate the optimal number of 243 

clusters and the corresponding clusters from the training cohort. The cluster results 244 

demonstrated that two clearly distinct groups were identified (Figure 3). One was de-245 

fined as a Luminal-like subtype and another one as a TN-like subtype by the Fisher’s 246 

exact test for significance. We designated Luminal-like and TN-like subtypes as LT34 247 

subtypes. 248 

Centroid model was used to predict LT34 subtype  249 

The centroid of each LT34 subtype was determined by calculating the median of the 250 

normalized protein abundance values of the samples within the subtype for each of 34 251 

proteins from the training dataset and were defined as LT34 centroids (Supplmentary 252 

Table S4). The LT34 subtype for each sample in all cohorts was determined by the 253 
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nearest centroid method through comparing the Spearman’s rank correlation between 254 

the sample’s 34-protein profile and the centroid profile of LT34 subtypes. Four en-255 

hanced subtypes (referred to as IHC-LT34 here) based on both IHC and LT34 subtype 256 

were further defined for each sample: L/L (Luminal determined by IHC and Luminal-like 257 

determined by LT34), L/T (Luminal determined by IHC and TN-like determined  by 258 

LT34), T/L (TN determined by IHC and Luminal-like determined by LT34), and T/T (TN 259 

determined by IHC and TN-like determined by LT34). The Spearman correlation with 260 

LT34 centroids, LT34 subtypes, four enhanced subtypes, the IHC-based subtype, 261 

PAM50/CLAUDIN subtype, grade, stage, survival and treatment information, as well as 262 

34 proteins/genes normalized expression values for all samples across datasets in 263 

breast cancer are shown in Supplementary Table S5. To be consistent with the availa-264 

ble public clinical data (see Methods), we used available PAM50 subtypes in TCGA and 265 

GSE96058, and kept the PAM50 + Claudin-low subtypes in METABRIC cohort down-266 

loaded from cBioPortal. 267 

L/T subtype was associated with worse prognosis compared with L/L subtype  268 

To have a robust survival estimate, generate appropriate survival results and reduce the 269 

uncertainty of a survival estimate caused by a small number of patients at risk at the 270 

censoring timepoint and incomplete follow-up data, data maturity analysis was per-271 

formed for each survival curve to investigate if censoring at 5 years was appropriate for 272 

each survival analysis (see Methods). The data maturity results of OS analyses by IHC-273 

LT34 subtypes in each cohort and the merged cohort (Supplementary Table S6) 274 

demonstrated that all of the OS analyses had robust survival estimates under our crite-275 

ria. Therefore, the OS analyses among IHC-LT34 subtypes are robust and are shown in 276 
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Figure 4. A higher percentage of  L/T subtype patients were deceased compared with 277 

the percentage of L/L subtype in each of TCGA, METABRIC, GSE96058, and the 278 

merged cohort and were shown in the contingency tables in Figure 4A (Fisher test p-279 

value=0.03 in TCGA, p-value=8.08E07 in METABRIC, p-value=8.55E-07 in GSE96058, 280 

p-value=1.24E-12 in merged cohort).  There is an equal distribution of survival status  in 281 

L/T compared with T/T subtype patients in each independent cohort (Fisher test p-282 

value=0.58 in TCGA, p-value=0.28 in METABRIC, p-value=0.09 in GSE96058). The OS 283 

Kaplan-Meier (K-M) plots among L/L, L/T and T/T  subtypes for Luminal-TN cohort are 284 

shown in Figure 4B for each of TCGA, METABRIC, GSE96058 and the merged cohort. 285 

The hazard ratios for paired comparison between IHC-LT34 subtypes are shown in Fig-286 

ure 4C and Supplementary Table S7. The survival curves and hazard ratios demon-287 

strate that T/T tumors have the worst outcome whereas L/L have the most favorable 288 

outcome.  L/T tumors have a statistically significant worse outcome than L/L tumors (p-289 

value <0.05), however, the survival difference between T/T and L/T tumors is not statis-290 

tically significant except in the merged cohort. Significantly, these findings demonstrate 291 

that the IHC-based Luminal subtypes contain two distinct subtypes associated with dif-292 

ferent survival and that the signature from our study can distinguish them. One subtype 293 

is aggressive, similar to the survival of the T/T subtype. PFI and progression-free sur-294 

vival (PFS) in TCGA cohort and relapse-free survival (RFS) difference in METABRIC 295 

cohort among the IHC-LT34 subtypes are shown in Supplementary Figure S2 and Sup-296 

plementary Table S7 demonstrated L/T subtype patients were associated with worse 297 

PFI/PFS compared with L/L subtype patients but there was no significant difference be-298 

tween them, a significant RFS difference between L/T and L/L subtypes was found in 299 
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the METABRIC cohort but there was no significant PFI/PFS/RFS difference between 300 

T/T and L/T subtypes. 301 

IHC-based ER+/HER2- subtype contains at least 3 distinct subtypes 302 

Of 116 cases in our cohort, all 7 low ER+ cases (2 LA and 5 LB1) and all 15 TN cases 303 

were identified as TN-like. Among the remaining  94 Luminal cases, 25 of 30 LA cases 304 

(83.3%) were predicted as Luminal-like (L/L) while 5 of them (16.7%) were identified as 305 

TN-like (L/T), 49 of 64 LB1 cases (76.6%) were identified as Luminal-like (L/L) and 15 of 306 

them (23.4%) were identified as TN-like (L/T) (Supplementary Table S8). L/L (or L/T) 307 

subtype patients were equally enriched in LA and LB1 subtype patients (Fisher exact p-308 

value=0.59). This finding indicates that cell proliferation as measured by Ki-67 percent-309 

ages and growth may not distinguish the L/T from L/L subtype patients. Significantly, the 310 

consensus clustering analysis of L/L subtype patients demonstrates that there are two 311 

distinct groups identified in L/L subtype patients (Supplementary Figure S3). The clus-312 

ters were also consistent with the LA/LB1 subtype distribution (Fisher exact p-313 

value=0.0003). Therefore, there are at least three subtypes in ER+/HER2- cases, two 314 

subtypes in L/L Luminal-like, and one in the L/T TN-like. 315 

Survival outcome of L/T subtype is similar to T/T rather than L/L subtype with or 316 

without treatment 317 

The choice of therapy is influenced by numerous factors. In the GSE96058 cohort, 318 

available treatments for the patients are endocrine or hormone therapy (ET or HT, we 319 

called it HormT or HT here), chemotherapy (ChemoT or CT), or combined treatments of 320 

CT+HT. In the METABRIC cohort, available treatments for the patients are HT, radio-321 

therapy treatment (RT), CT, combined treatments of CT+HT, HT+RT, CT+RT and 322 
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CT+HT+RT. Our results and conclusions about the response to treatment are based on 323 

available treatment information from these two datasets.   324 

The data maturity results of OS analyses for IHC-LT34 subtypes under each 325 

treatment per cohort are shown in Supplementary Table S6. The survival difference of 326 

5-year OS among the IHC-LT34 subtypes within each treatment in METABRIC and 327 

GSE96058 cohorts are shown Figure 5 and SupplementaryTable S9, where each sur-328 

vival curve has sufficient numbers of samples and follow-ups satisfying our data maturi-329 

ty criteria (see Methods). The results demonstrated a statistically significant OS differ-330 

ence between L/T and L/L subtype patients under each of the following treatments: 331 

HT(p=1.1E-8 in GSE96058 and 0.04 in METABRIC), RT (p=0.039 in METABRIC), the 332 

combined treatments of CT+HT (p=0.00014 in GSE96058),  HT+RT (p=0.0066 in 333 

METABRIC) and CT+HT+RT (p=0.0022 in METABRIC). These  demonstrated that the 334 

L/T subtype patients were still associated with poor survival compared with L/L subtype 335 

patients for each treatment. This suggests that L/T subtype patients were resistant to 336 

the provided treatments compared to L/L subtype patients. 337 

There is no statistically significant difference in OS between L/T subtype and T/T 338 

subtype patients under each comparable treatment: CT (p=0.72 in GSE96058), HT+RT 339 

(p=0.71 in METABRIC) and CT+HT+RT (p=0.28).  This finding suggests that the L/T 340 

subtype is closer to T/T when compared with the L/L subtype with or without treatments. 341 

The molecular profile and survival outcome of L/T subtype patients are more similar to 342 

those of T/T subtype patients. 343 
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Survival differs significantly between two LT34 subtypes within each clinical 344 

group 345 

After removing low ER+ cases from the 5780 samples in the merged cohort (TCGA + 346 

METABRIC + GSE96058), there are 5716 samples including 4370 IHC-based Luminal, 347 

609 TN, 508 ER+/HER2+ and 229 ER-/HER2+. Of the 4370 IHC-based Luminal tumors, 348 

83.6% (3653) tumors were L/L, and 16.4% (717) were L/T. Of the 609 IHC-based TN 349 

tumors, 96.1% (585) were T/T, and 3.9% (24) were T/L. Of the 508 IHC-based 350 

ER+/HER2+ tumors, 51.2% (260) were predicted as Luminal-like, and 48.8% (248) 351 

were predicted as TN-like. Of the 229 IHC-based ER-/HER2+ tumors, 94.3% (216) were 352 

TN-like and 5.7% (13) were Luminal-like (Supplementary Table S8). In summary, 16.4% 353 

of IHC-based Luminal tumors and 48.8% of ER+/HER2+ tumors were predicted as ag-354 

gressive tumors more similar to IHC-based TN than Luminal tumors. 3.9% of IHC-based 355 

TN tumors and 5.7% of ER-/HER2+ tumors were predicted to be the favorable tumors 356 

more similar to IHC-based Luminal than TN tumors. 357 

Taking into consideration tumor grade, there were 640 G1, 2175 G2 and 1847 358 

G3 in the combined cohort. In G1 tumors 93.1% (596) and 6.9% (44) were predicted as 359 

Luminal-like and TN-like, respectively.  In G2 tumors 85.5% (1859) and 14.5% (316) 360 

were predicted as Luminal-like and TN-like. In G3 tumors 43.7% (807) and  56.3% 361 

(1040) were predicted as Luminal-like and TN-like (Supplementary Table S8) 362 

Next, considering tumor stage, there were 2148 stage I, 2072 stage II, 346 stage 363 

III and 52 stage IV (or above) in the combined cohort. In stage 1 tumors, 75.6% (1624) 364 

and 24.4% (524) were predicted as Luminal-like and TN-like, respectively.  In stage 2 365 



 

18 

 

tumors, 64.8% (1343) and 35.2% (729) were predicted as Luminal-like and TN-like. In 366 

stage 3 tumors, 60.7% (210) and  39.3% (136) were predicted as Luminal-like and TN-367 

like. In stage 4 tumors, 63.5% (33) and 36.5% (19) were predicted as Luminal-like and 368 

TN-like (Supplementary Table S8). 369 

Next, comparing PAM50 and CLAUDIN gene expression based subtypes, there 370 

were 2769 Luminal A, 1346 Luminal B, 366 Normal-like, 522 HER2-enriched, 522 Ba-371 

sal-like and 191 Claudin-low in the combined cohort. 93.1% (2579)  and 6.9% (190) of 372 

Luminal A tumors were predicted as Luminal-like and TN-like respectively; 71.8% (966) 373 

and 28.2% (380) of Luminal B tumors were predicted as Luminal-like and TN-like; 374 

17.8% (93) and 82.2% (429) of HER2-enriched tumors were predicted as Luminal and 375 

TN-like; 1.3% (7) and 98.7% (515) of Basal-like tumors were predicted as Luminal-like 376 

and TN-like; 26.7% (51) and 73.3% (140) of Claudin-low tumors were predicted as Lu-377 

minal-like and TN-like (Supplementary Table S8). In summary, 6.9% of Luminal A tu-378 

mors and 28.2% of Luminal B tumors were predicted as TN-like, whereas only 1.3% of 379 

Basal-like tumors and 17.8% HER2-enriched tumors were predicted as Luminal-like. 380 

The data maturity results of OS analyses by LT34 subtypes under each clinical 381 

characteristic (IHC-based subtype, grade, stage, and PAM50 [CLAUDIN-LOW] per co-382 

hort are shown in Supplementary Table S6.  The OS differences by Luminal-like and 383 

TN-like within each clinical group are shown in Figure 6 and Supplementary Table S10, 384 

where each survival curve satisfies our data maturity criteria. Both the K-M plots and 385 

hazard ratio table demonstrated that there was a significant survival difference between 386 

Luminal-like and TN-like subtypes within each clinical group, not just from an IHC-based 387 

perspective. 388 
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Survival differs significantly between two LT34 subtypes in other cancers 389 

9530 primary tumors with follow-up of at least 30 days across 33 different TCGA can-390 

cers were used for pan-cancer survival analyses. This clinical data, the normalized 391 

RNA-Seq V2 expressed data of 34 genes at z-score level, as well as the predicted sub-392 

type by LT34 subtype, are shown in Supplementary Table S11. The data maturity re-393 

sults in OS analyses by LT34 subtypes for each cancer showed there were 15 cancers 394 

passing our criteria that could be used to perform OS analysis (Supplementary Table 395 

S6). There was a significant survival difference between the Luminal-like subtype and 396 

TN-like subtype in 9 of these 15 cancers. The OS K-M plots for these 9 cancers are 397 

shown in Figure 7 and hazard ratios are shown in Supplementary Table S12. 398 

Discussion 399 

Utilizing LC-MS/MS proteomics data analysis for discovery followed by analyses 400 

from mRNA expression, gene-protein correlation, collinearity, pathways, proteogenomic 401 

characteristics, we identified a 34 metabolism pathway enriched protein/gene novel bi-402 

omarker panel. This resulted in an easily applied classifier to separate  HER2- BrCA pa-403 

tients into Luminal-like and TN-like BrCA patients. We successfully validated our bi-404 

omarker panel and classifier with the use of large external cohorts across different plat-405 

forms, patient treatment responses and survival outcomes. This approach suggests that 406 

the 34-biomarker panel and its centroid profile are not technology-dependent and could 407 

be adapted to multiple molecular platforms to serve as a solid predictive and prognostic 408 

signature. The signature provides additional robust risk information, enhances the accu-409 

racy of patient survival stratification by incorporating available IHC-based biomarker sta-410 
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tus and clinical characteristics. By validating treatment responses for the different en-411 

hanced subtypes, this signature provides the potential for personalized treatment strat-412 

egies. 413 

It is clinically significant that we identified two subtypes (L/L and L/T) within the 414 

IHC-based Luminal subtype. We went on to demonstrate that the L/T subtype patients 415 

were significantly associated with worse overall survival and greater resistance to 416 

treatments when compared with the L/L subtype patients. We also observed that L/L (or 417 

L/T) subtype patients were equally enriched in LA and LB1 subtype patients which sug-418 

gest that the Ki-67 biomarker alone does not capture the L/T subtype from the L/L sub-419 

type. These observations are in agreement with previous reports that a stem-like sub-420 

type was detected from Luminal BrCA samples regardless of Luminal A and Luminal B 421 

subtype status5,24. This suggests L/T subtype patients might be undertreated and more 422 

aggressive treatment might possibly be considered for them. Further, we identified two 423 

distinct clusters in the L/L subtype. These clusters are consistent with the distribution of 424 

Ki-67 biomarker-based LA and LB1 subtypes. These findings indicate there are at least 425 

three subtypes in ER+/HER2- (Luminal) cases: two L/L Luminal-like and one L/T (TN-426 

like). Further investigation towards developing a biomarker signature of the two sub-427 

types of L/L subtype breast cancers will also be important for patient stratification in the 428 

future. 429 

Moreover, we identified two subtypes in TNBCs: T/L and T/T subtypes. We could 430 

not investigate the T/L subtype currently because of the small number of cases. Re-431 

searchers have reported that a luminal immune-positive subtype with favorable progno-432 
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ses was detected in the TNBC subtype6. We suspect that the T/L subtype may be an 433 

independent subtype associated with better outcomes compared to the T/T subtype, 434 

possibly preventing overtreatment for this subtype in the future or consider more target-435 

ed approaches.  436 

The significant survival difference between the Luminal-like subtype and TN-like 437 

subtype across 9 of 15 suitably analyzed TCGA pan-cancers indicates our LT34 signa-438 

ture can be applied to several other TCGA cancers. Two distinct IHC-based subtypes 439 

(ER+/HER2- and TN subtypes) selected for the study are involved in two distinct tumor 440 

cell types: Luminal cells and Basal cells. The previous findings demonstrate the tumor 441 

cell-of-origin impacts the potential development of the tumor, plays a dominant role for 442 

cancers and determines the distinct cancer subtypes within an organ25-28. The cell-of-443 

origin mechanism of the LT34 subtypes will be investigated in the future to understand 444 

its applications to pan-cancers. Moreover, the identified 34 genes are enriched in bi-445 

omarkers of metabolism. Cancer metabolism is being widely investigated and previous 446 

findings show that the activities of oncogenes and tumor suppressor genes are associ-447 

ated with metabolic reprogramming29-32. As example, previous research strongly sup-448 

ports our findings regarding ABAT and alanine metabolism in ER positive BrCA33. The 449 

future integrated analyses of the abundances of the metabolites and proteins involved in 450 

the metabolic pathways may provide us a deep understanding of the metabolic path-451 

ways employed by BrCA as well as other cancers. 452 
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Methods 453 

BrCA sample selection 454 

Fresh frozen HER2- BrCA tissue samples were obtained from The Clinical Breast Care 455 

Project (CBCP). Clinical immunohistochemistry (IHC) subtyping of formalin-fixed paraf-456 

fin-embedded (FFPE) core biopsies was used to select a flash-frozen surgical sample 457 

cohort of 116 HER2- BrCA patients. The tumors were all primary single-focal BrCA tu-458 

mors and all surgical samples were collected after immediate surgery. The posi-459 

tive/negative status of ER/PR/HER2 was defined using updated ASCO 2020 guide-460 

lines34. ER status of a sample was determined by the percentage of tumor cell nuclei 461 

staining positive by ER immunohistochemistry. The sample is considered ER- if less 462 

than 1% of cells stain ER-positive, whereas ER+ samples have >=10% of cells staining 463 

positive, the samples with tumor cells having ER positive staining between 1% and 10% 464 

are regarded as low ER+. The sample is considered as HER2+ if the HER2- values are 465 

3+ and HER2- if the HER2 values are 0, 1+. When HER2 value is 2+, FISH was used to 466 

further determine its status following ASCO 2020 guidelines. Ki-67 status was deter-467 

mined using the 2011 St. Gallen’s International Expert Consensus recommendations35, 468 

where a cut-off of 14% was used to denote Ki67+ or Ki67-. 469 

Samples and data for this research were collected from study participants who 470 

consented to the protocol, ‘Tissue and Blood Library Establishment for the Molecular, 471 

Biochemical and Histologic Study of Breast Disease,' at Walter Reed National Military 472 

Medical Center (WRNMMC) or at Anne Arundel Medical Center (AAMC), and who 473 

agreed to the use of their samples and data in future cancer research. 474 
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LC-MS/MS proteomic analysis 475 

Tissue lysis  476 

Tissue samples were lysed with a 200 uL lysis buffer containing 7M Urea, 2M thiourea, 477 

0.1% SDS, 1% Protease and Phosphatase Inhibitor Cocktail, and Optima LC/MS Water. 478 

Samples were Homogenized using Omni bead rupter. Homogenized samples were cen-479 

trifuged at 17,000 x g for 10 minutes, and the supernatant was then used in the Brad-480 

ford Assay to determine the protein concentration. 481 

Trypsin digestion 482 

Samples were prepared following the method previously described in Sturtz et al.36. In 483 

brief, proteins were reduced and alkylated with 10 mM Tris (2-carboxyethyl) phosphine 484 

(TCEP) and 18.75 mM iodoacetamide, respectively. Proteins were then precipitated at -485 

20 °C overnight using cold acetone and pellets were reconstituted in 200 mM tri-486 

ethylammonium bicarbonate (TEAB) and trypsin digested overnight at 37 °C.  487 

TMT labeling of peptides 488 

20 µg of peptides from samples were aliquoted and labeled with 10-plex TMT (Tandem 489 

Mass Tag) reagents (Thermo Fisher Scientific) using the manufacture’s protocol. Fur-490 

ther, an equal amount of peptides from all samples was pooled to create a reference 491 

sample in TMT Channel 126. Samples were incubated at room temperature for 1 hour 492 

before being quenched with 5% hydroxylamine for 30 mins. TMT-labeled peptides were 493 

mixed and dried in a speedvac (Thermo Fisher Scientific). Dried samples were desalted 494 

on C18 spin columns and dried again to be stored at −20°C until LC–MS/MS analysis. 495 
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Mass spectrometry 496 

TMT-labeled peptides were analyzed via LC-MS/MS using a Waters nanoAcquity online 497 

2-dimensional reversed-phase LC system and a Thermo Q Exactive Plus mass spec-498 

trometer. Nine fractions were created from a single injection of 5 µg of TMT-labeled 499 

peptides in the first dimension using 20 mM ammonium formate as Buffer A and 100% 500 

acetonitrile as Buffer B, and sequential elutions with 16, 20, 24, 26, 28, 30, 32, 36, and 501 

50% of Buffer B. Fractions were further separated in the second dimension over a 170 502 

minute gradient using 0.1% formic acid in water as Buffer A and 0.1% formic acid in ac-503 

etonitrile as Buffer B, and a gradual change of 20-23% from Buffer A to Buffer B. MS 504 

survey scans were performed at a resolution of 70,000 with a scan range of 400–1800 505 

Thomsons (Th; Th = Da/z) to select peptides for fragmentation. MS/MS fragment scans 506 

were performed at 35,000 resolution consisting of an isolation window of 1.2 Th. Only 507 

ions of +2 to +4 charge were ultimately selected for fragmentation. 508 

Protein quantification 509 

Data generated was processed using Proteome Discoverer v1.4 (Thermo Scientific). 510 

The database search algorithm SEQUEST was used to search spectra against the Ref-511 

Seq protein database and the reporter ion node to provide relative quantitation for all 512 

matching spectra. Protein quantification was reported using only unique peptides, with a 513 

minimum of two unique peptides required to identify a protein. Specific search parame-514 

ters included peptides of ≥ 6 amino acids and no more than two missed cleavages per 515 

peptide. The search utilized a 10 ppm precursor mass tolerance, a 0.02 Da fragment 516 

mass tolerance, static N-terminal TMT-10Plex and cysteine carbamidomethylation 517 
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modifications, and dynamic lysine TMT-10Plex, asparagine/glutamine deamidation, and 518 

methionine oxidation modifications. 519 

Statistics Methods 520 

Sample quality control investigation and normalization 521 

Log2-transformed raw TMT ratios at the protein level were employed for data analysis. 522 

Density plot and dip statistics demonstrated that the protein expression profile of each 523 

sample followed an expected unimodal Gaussian distribution. A 2-component Gaussian 524 

mixture model-based normalization algorithm used in CPTAC-BRCA was applied to our 525 

data for normalization10,37,38. Briefly, the z-scores were calculated for each sample 526 

where the center was the median of protein expression values and the standard devia-527 

tion was calculated from the expression abundance of non-changed proteins in the 528 

sample compared to the reference pool sample. The non-changed proteins were deter-529 

mined by a 2-component Gaussian mixture model-based method. The z-score method 530 

centered on the distribution of the log2-transformed TMT ratio to zero and utilized the 531 

standard deviation of non-regulated proteins compared with the reference pool sample 532 

to nullify the effect of different protein loading and systematic MS variation. 533 

Low ER+ BrCA cluster investigation with ER+ and ER- BrCAs 534 

901 proteins common to 1500+ protein-coding genes used in CPTAC-BRCA subtyping 535 

analysis10 were utilized for unsupervised clustering analysis of 116 cases and Com-536 

plexHeatmap bioconductor package (version 2.8.0) was used for heatmap visualiza-537 

tion39. The Spearman rank correlation distance was used as a distance matrix and 538 
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Ward’s criterion was used as a linkage criterion in the unsupervised hierarchical cluster-539 

ing algorithm. 540 

Independent public BrCA datasets 541 

Independent public BrCA cohorts were extracted as evaluation datasets to evaluate our 542 

identified protein signatures. The TCGA normalized RNA-Seq expression data and 543 

CPTAC normalized protein abundance data at the z-score level relative to all of the 544 

samples were extracted from Bio Cancer Genomics Portal through cgdsr Bioconductor 545 

packages (version 1.3.0). The status of ER/HER2 for the cases in the CPTAC cohort 546 

and TCGA cohort was obtained using the same method as reported in TCGA-BRCA 547 

Nature 2012 paper and Huo et al.40,41, whereas the OS, PFI and PFS survival infor-548 

mation were extracted from the Pan-Cancer clinical data resource42. TCGA treatment 549 

information was processed internally. Primary tumors with at least 30 days survival fol-550 

low-up43,44 in the METABRIC study were used as one independent evaluation dataset. 551 

The clinical data and normalized expression data at the z-score level of METABRIC co-552 

hort were extracted from cgdsr Bioconductor package. Another independent large RNA-553 

Seq validation cohort is Sweden Cancerome Analysis Network – Breast Initiative study 554 

(SCAN-B): GSE9605845. The primary tumor samples with at least 30 days survival fol-555 

low-up and their normalized expression data were extracted from the GEO data reposi-556 

tory (Reference link: https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE96058).  557 

Biomarker panel selection 558 

Consensus differential analyses between TN and Luminal subtypes 559 

Comparative analyses were first performed for TN versus LA and TN versus LB1 in 560 

training dataset using Linear Models for Microarray Data (LIMMA)46,47 Bioconductor 561 
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package (version 3.38.3) separately. For each comparison, the significance was report-562 

ed at Benjamini-Hochberg (BH) adjusted p-value < 0.05 and (fold change (FC) > 1.5 or 563 

FC <0.67). The proportional stratified randomly subsampling technique was further em-564 

ployed 100 times, where each subsample cohort was 80% of the training cohort and 565 

was stratified by IHC-based tumor subtype. Differential analysis was performed on each 566 

sub-sample cohort to compare TN vs. LA and TN vs. LB1 cases separately. The con-567 

sensus significance of one protein is reported if the protein is significant in the training 568 

dataset and all of its sub-sample cohort per comparison. The final initial biomarker can-569 

didate pools for TN vs. LA+LB1 consist of the common significantly differentially ex-570 

pressed proteins consensus in both comparisons. 571 

Biomarker panel reduction 572 

TNBCs are more aggressive and associated with poor OS and PFI. To investigate if 573 

each coding gene of the identified significantly altered proteins was significantly associ-574 

ated with survival outcome, TCGA cohort and their expressed RNA-Seq data were se-575 

lected for survival analysis. The mapping system in DAVID 6.848 was used to map gene-576 

protein names to avoid any mismatched biomarker names. For each coding gene, its 577 

expression values across the cohort were first categorized into low and high expression 578 

groups, where the optimal cutoff was determined using the method implemented in the 579 

survMisc R package49,50. Next, the univariate PFI analysis and OS analysis with the cor-580 

responding optimal cutoff were performed on the cohort and the significance of the as-581 

sociation of each gene with survival outcome was reported by log-rank p-value <0.05. 582 

The K-M plots were generated to visualize the survival association using the survival 583 

and survminer R package51,52. The biomarkers significantly associated with survival 584 
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analysis were further selected based on the concordant altered direction so that the se-585 

lected biomarkers up-regulated in TN were associated with poor survival or selected bi-586 

omarkers up-regulated in Luminal were associated with good survival.  587 

We further investigated the correlation of the selected proteins from our training dataset 588 

since highly correlated proteins are generally functionally related and the linear model 589 

could benefit from reducing the level of correlation between the predictors. The high cor-590 

relation was determined by the Pearson correlation > 0.7. In the identified highly corre-591 

lated proteins, we selected the one with the most significance from the comparative 592 

analysis in the training dataset as the representative protein. 593 

The selected biomarkers were further investigated with gene-protein correlation, KEGG 594 

pathway analysis (see KEGG pathway enrichment analysis) and proteogenomic charac-595 

teristics utilizing CPTAC-BRCA data analyses generated by Mertin et al..  596 

Cluster investigation of 34-biomarker signature 597 

Consensus hierarchical clustering analysis implemented in ConsensusClusterPlus R 598 

package53,54 with the identified 34 proteins was employed to investigate the optimal 599 

number of clusters and the corresponding clusters from the training cohort, where 600 

spearman correlation was used to generate distance matrix and ward.D was used as 601 

the linkage method. 602 

To evaluate if the 34-protein/coding-gene panel is a reliable multigene classifier 603 

to separate the cohorts into two distinguished clusters and if they could discriminate TN 604 

breast tumors from luminal breast tumors, unsupervised hierarchical clustering analysis 605 

was applied to the expression data of all of our cohorts separately with these bi-606 
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omarkers and ComplexHeatmap bioconductor package was used for heatmap visuali-607 

zation. 608 

LT34 subtype prediction 609 

Each sample’s LT34 subtype was defined by the nearest centroid through comparing 610 

the Spearman’s rank correlation between the sample’s 34-protein profile and the cen-611 

troid profile of LT34 subtypes. In short, we calculated the Spearman’s rank correlation 612 

between one sample’s 34 proteins/coding genes profile and the centroids profile of two 613 

LT34 subtypes, then assigned the subtype with the higher correlation to the sample. 614 

Data maturity analysis and survival analysis 615 

Data maturity analysis was performed for each survival curve using criterion 1 and crite-616 

rion 2 proposed by Gebski et al.55 to investigate if censoring at 5 years was appropriate 617 

for each survival analysis. In short, we used the threshold of the acceptable decrease in 618 

the estimated percentage of survival as 5% for individual cohort (or 2.5% for merged 619 

cohort) (Criterion 1)  and within one-sided 95% CI (Criterion 2) if one extra event oc-620 

curred at the interested time point. 621 

The K-M plot was generated using survminer R package for each univariate sur-622 

vival analysis. Only the survival curve satisfying all three data mature criteria was shown 623 

in the K-M plot. The Cox proportional hazard model implemented in survival R package 624 

was used to calculate the hazard ratios. The follow-up time was censored at 5 years to 625 

investigate the early breast cancer survival outcomes. The significance of the survival 626 

difference was reported at log-rank P-value <0.05.  627 
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TCGA pan-cancer data  628 

TCGA pan-cancer clinical data across 33 types of cancer were retrieved from TCGA 629 

Pan-Cancer Clinical Data Resource (TCGA-CDR, table S1) generated by Liu et al.42. 630 

Normalized RNA-seq V2 gene expression data at z-score level, median-centered and 631 

relative to all samples, were extracted from cBioPortal through cgdsr Bioconductor 632 

package (version 1.3.0) for each of 33 types of cancers. Three cancers (COAD, READ 633 

and UCEC) have few samples comparing the RNA-seq V2 data stored in Broad GDAC 634 

firehose. Therefore, the normalized RNA-seq V2 RESM data were downloaded from 635 

Broad GDAC firehose for these three cancers and processed by z-score method with 636 

median-center and relative to all of the samples. The expressed primary samples with at 637 

least 30 days’ follow-up were filtered for further data analysis. The nearest centroid 638 

method using 34-genes (Spearman’s rank correlation with our simple-centroids as dis-639 

tance) was applied to each sample and used to predict the sample’s LT34 subtype.  640 

KEGG pathway enrichment analysis 641 

KEGG pathways with genes were downloaded using ClusterProfiler Bioconductor pack-642 

age on Feb. 1, 2022 (version 3.18.1)56. Pathways involved in any gene of the 34 genes 643 

were extracted. Gene set over-representation enriched analysis was performed using 644 

the method implemented in the same package to identify significant gene sets. 645 

Data availability 646 

TMT proteomics data for our 116 cases were generated in our internal lab. The TCGA 647 

clinical data were downloaded from the supplemental information Table S1 of the Cell 648 

paper published by Liu J. et al..  CPTAC normalized protein expression data at z-score 649 
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level relative to all samples, TCGA normalized RNA-seq V2 gene expression data at z-650 

score level relative to all samples, and METABRIC clinical and normalized microarray 651 

data at z-score level relative to all samples were downloaded from Bio Cancer Ge-652 

nomics Portal through cgdsr Bioconductor package. GSE96058 clinical and normalized 653 

RNA-Seq gene expression data were downloaded through Gene Expression Omnibus 654 

(GEO). A total of 5,963 samples across our internal cohorts, TCGA, METABRIC and 655 

GSE96058 were processed and the IHC/PAM50/Claudin/LT34/IHC-LT34 subtypes, the 656 

OS/PFI/PFS survival information with the normalized 34 biomarker expression values 657 

for each sample were generated and available in Supplementary Table S5. TCGA nor-658 

malized RNA-seq V2 gene expression data at z-score level relative to all samples 659 

across 33 cancers were extracted from Bio Cancer Genomics Portal through cgdsr Bio-660 

conductor package. A total of 9,530 samples across 33 TCGA cancers were processed 661 

and LT34 subtype, clinical information as well as normalized gene expression values of 662 

34 genes for each sample were available in Supplementary Table S11.  The data pro-663 

cessing, analysis and visualization were performed with R/Bioconductor packages. 664 
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Main Tables 833 

Table 1: Demographic and clinicopathological characteristics of our study cohort 834 

 Training 
(N=70) 

Testing 
(N=39) 

Low ER+ 
(N=7) 

Total 
(N=116) 

Race     
    African American 11 (15.7%) 2 (5.1%) 1 (14.3%) 14 (12.1%) 
    White 56 (80.0%) 32 (82.1%) 5 (71.4%) 93 (80.2%) 
    Asian 2 (2.9%) 1 (2.6%) 0 (0%) 3 (2.6%) 
   Other 1 (1.4%) 4 (10.3%) 1 (14.3%) 6 (5.2%) 

Age at Diagnosis (years)     
   Mean (SD) 58.6 (11.3) 57.7 (14.1) 49.9 (9.89) 57.8 (12.3) 
   Median [Min, Max] 59.5 [34, 86] 54 [30, 85] 53 [35, 66] 57 [30, 86] 

Grade     
   G1 10 (14.3%) 9 (23.1%) 0 (0%) 19 (16.4%) 
   G2 31 (44.3%) 13  (33.3%) 1 (14.3%) 45 (38.8%) 
   G3 
   Missing 

27 (38.6%) 
2 (2.9%) 

17 (43.6%) 
0 (0%) 

6 (85.7%) 
0 (0%) 

50 (43.1%) 
2 (1.7%) 

Tumor Size (mm)     
   Mean (SD) 25.4 (10.5) 23.5 (10.1) 21.6 (6.24) 24.5 (10.1) 
   Median [Min, Max] 24 [7, 55] 20 [11, 51] 23 [12, 28] 22 [7, 66] 

Lymph Node Status     
   Negative 42 (60%) 20 (51.3%) 5 (71.4%) 67 (57.8%) 
   Positive 26 (37.1%) 19 (48.7%) 2 (28.6%) 47 (40.5%) 
   Missing 2 (2.9%) 0 (0%) 0 (0%) 2 (1.7%) 

ER Status     
   Negative 9 (12.9%) 6 (15.4%) 0 (0%) 15 (12.9%) 
   Positive 61 (87.1%) 33 (84.6%) 0 (0%) 94 (81%) 
   Low ER+ 0 (0%) 0 (0%) 7 (100%) 7 (6%) 

PR Status     
   Negative 19 (27.1%) 7 (17.9%) 6 (85.7%) 32 (27.6%) 
   Positive 51 (72.9%) 32 (82.1%) 1 (14.3%) 84 (72.4%) 

 HER2 Status (Negative)     
   0 11 (15.7%) 8 (20.5%) 1 (14.3%) 20 (17.2%) 
   1+ 47 (67.1%) 23 (59%) 5 (71.4%) 75 (64.7%) 
   2+ 12 (17.1%) 8 (20.5%) 1 (14.3%) 21 (18.1%) 

Ki-67 Status     
   Negative    18 (25.7%) 10 (25.6%) 2 (28.6%) 30 (25.9%) 
   Positive 46 (65.7%) 26 (66.7%) 5 (71.4%) 77 (66.4%) 
   unknown 6 (8.6%) 3 (7.7%) 0 (0%) 9 (7.8%) 

IHC Subtype     
   LA 20 (28.6%) 10 (25.6%) 2 (28.6%) 32 (27.6%) 
   LB1 41 (58.6%) 23 (59%) 5 (71.4%) 69 (59.5%) 
   TN 9 (12.9%) 6 (15.4%) 0 (0%) 15 (12.9%) 

ER: Estrogen receptor; PR: progesterone receptor; HER2: human epidermal growth factor receptor 2;  835 

LA: ER+/HER2-/Ki-67-; LB1: ER+/HER2-/Ki-67+; TN: Triple-negative 836 
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Main figures, titles and legends 837 

 838 

Figure 1. LT34 proteomic biomarker panel identification. A-B Volcano plots showing the consistently 839 

differential analysis results of the comparison between IHC-based TN and LA subtypes (A) and the com-840 

parison between TN and LB1 (B) subtypes separately from our training dataset. The significantly altered 841 

proteins shown in red were reported at FDR<0.05 and (FC>1.5 or FC<0.667) consistently across 101 dif-842 

ferential analyses. C Venn Diagram showing 164 consistently significantly altered proteins detected from 843 

TN versus Luminal (LA, LB1). D Workflow showing the steps filtering 164 protein-coding genes corre-844 

sponding to 164 significantly altered proteins to 34 protein-coding genes from TCGA transcriptomic data. 845 

E Forest plots showing log2(fold change) from the differential analyses from our training dataset, as well 846 

as hazard ratio of 34 protein-coding genes from Cox proportional hazard model using TCGA HER2- co-847 

hort with RNA-Seq data. 848 
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 849 

Figure 2. Hierarchical clustering heatmaps across cohorts using 34 proteins/genes. A Hierarchical 850 

clustering heatmaps for our internal training cohort (70 cases), our internal testing cohort (39 cases) and 851 

CPTAC HER2- cases (53 cases) using 34 proteins. B Hierarchical clustering heatmaps of TCGA HER2- 852 

cohort (799 cases in RNA-seq data), METABRIC HER2- cohort (1645 cases in Microarray data) and 853 

GSE96058 HER2- cohort (2435 cases in RNA-seq data) using 34 coding-genes. The heatmaps demon-854 

strating that two distinct clusters were derived from both proteomic and transcriptomic platforms using 34 855 

proteins/genes. 856 

857 
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 858 

 859 

Figure 3. Consensus clustering analysis for training cohort using 34 proteins. Two novel proteomic 860 

subtypes (LT34) were clearly identified using consensus clustering analysis with 34 proteins from training 861 

cohort. One cluster was defined as a TN-like subtype, another one was defined as a Luminal-like subtype 862 

based on Fisher’s exact test. 863 

864 
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 865 

 866 

Figure 4. OS differences by IHC-LT34 subtypes. A The contingency tables between IHC-LT34 sub-867 

types and living status for TCGA, METABRIC, GSE96058 and the merged cohort showing more percent-868 

ages of L/T subtype patients were deseased compared with the percentage of L/L subtype in each cohort 869 

respectively. B OS K-M plots among L/L, L/T and T/T subtypes in Luminal-TN cohort without low ER+ 870 

cases demonstrating that T/T tumors had the worst outcome whereas L/L had the most favorable out-871 

come, and L/T tumors had a statistically significant worse outcome comparing with L/L tumors (p-value 872 

<0.05), however, the survival difference between T/T and L/T tumors is not statistically significant except 873 

in the merged cohort. C The hazard ratio forest plots corresponding to each K-M plot and the hazard rati-874 

os were calculated using Cox Proportional Regression Model and also shown in Supplementary Table S7. 875 

876 
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 877 

 878 

Figure 5. K-M plots by IHC-LT34 subtypes within each treatment. K-M plots of IHC-LT34 subtype un-879 

der each treatment in GSE96058 cohort (A) and METABRIC cohort (B). Only survival curve that passed 880 

our data maturity criteria (see Supplementary Table S6) were shown. They all demonstrate that the L/T 881 

subtype patients were still associated with poor survival compared with L/L subtype patients under each 882 

treatment and imply that L/T subtype patients were resistant to the provided treatments compared to L/L 883 

subtype patients. The L/T subtype has a similar OS as the T/T subtype compared to the L/L subtype. 884 

 885 
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 886 

Figure 6. K-M plots by LT34 subtypes within each clinical group. K-M plots of LT34 subtype within 887 

each clinical group: IHC-based subtype (A), grade (B), stage (C) and PAM50 or Claudin-low subtype (D) 888 

respectively in the merged cohort (TCGA + METABRIC + GSE96058). Only survival curves that passed 889 

our data maturity criteria were shown (see Supplementary Table S6). They all demonstrated that there 890 

was a significant OS difference between TN-like subtype patients and Luminal-like subtype patients and 891 

TN-like subtype patients were associated with poor OS compared with Luminal-like subtype patients. 892 

893 
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 894 

 895 

Figure 7. K-M plots by LT34 subtypes within each TCGA cancer significantly associated with sur-896 

vival. K-M plots of LT34 subtype within 9 TCGA cancers. Only K-M plots with log-rank p-value <0.05 and 897 

survival curves that passed our data maturity criteria are shown (see Supplementary Table S6). They 898 

demonstrate that there is a significant OS difference between TN-like subtype patients and Luminal-like 899 

subtype patients in each of 9 cancers, and TN-like subtype patients are associated with poorer OS com-900 

pared to Luminal-like subtype patients. 901 
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