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Abstract 45 

 46 

Breast cancer genomes harbour diverse alterations1,2, but how these converge on tumour states and 47 

clinical behaviour remains unclear, particularly in underrepresented populations3. Here, whole-genome 48 

sequencing of 501 treatment-naïve breast tumour–normal pairs from the Indian Breast Cancer Genome 49 

Atlas was integrated with transcriptomic, copy-number, structural-variation (SV) and clinical data. We 50 

identify candidate positively selected genes not previously reported in major cohorts, and frequent 51 

alterations in lipid metabolic regulators associated with PI3K pathway activation and ERBB2 52 

amplification. SVs at the ERBB2 locus revealed a distinct IKZF3-associated rearrangement activating 53 

ERBB2 independently of canonical amplification. Transcriptomic integration identified four molecular 54 

states transcending receptor classification; the HER2–androgen-receptor state, marked by androgen 55 

signalling, lipid reprogramming and reduced immune signalling, had the poorest recurrence-free 56 

survival. We further detect a HER2-like programme within HER2 IHC-negative triple-negative tumours 57 

with reduced immune infiltration. Together, these define a lipid–ERBB2 axis linking genomic diversity 58 

to tumour state and outcome. 59 

 60 

Introduction 61 

Large-scale genomic studies, including TCGA and METABRIC, have catalogued recurrent driver 62 

events, established molecular subtypes and revealed substantial genomic and transcriptomic 63 

heterogeneity in breast cancer1,2. Yet an important question remains: how does extensive genomic 64 

diversity integrate on the cellular programmes that determine tumour states, disease progression and 65 

clinical outcome? 66 

  67 

Metabolic adaptation is a fundamental component of malignant transformation4. Altered lipid synthesis, 68 

storage and utilization support membrane biogenesis, energy homeostasis and signalling, and can 69 

promote proliferation and metastatic competence5,6. Oncogenic pathways like PI3K–AKT–mTOR and 70 

ERBB2 signalling are known to regulate lipid metabolism, underlining their biological and therapeutic 71 

importance in breast cancer7–9 . What remains unclear is whether lipid metabolism is solely a 72 

downstream consequence of oncogenic signalling, or whether recurrent genomic alterations target lipid-73 

metabolic regulators and thereby contribute to specific tumour-states. 74 

 75 

Tumour phenotypes can also be altered without changing gene dosage. Structural rearrangements can 76 

reconfigure enhancer–promoter interactions and activate oncogenes through regulatory rewiring, 77 

mailto:karthikt@ccmb.res.in
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including enhancer or promoter hijacking10. However, whether such regulatory alterations cooperate 78 

with metabolic programmes to shape breast-cancer states remains poorly understood. 79 

Large-scale breast-cancer genomic studies have predominantly profiled European-ancestry and, more 80 

recently, East Asian populations11,12, leaving South Asian breast cancer comparatively 81 

underrepresented. Population diversity, including where breast cancer screening is not prevalent13, 82 

provides an opportunity to identify population-enriched alterations and to examine whether genomic 83 

heterogeneity is associated with distinct biological programmes. 84 

Here we present the Indian Breast Cancer Genome Atlas (IBCGA) (Supplementary Table S1a), a multi-85 

institutional cohort integrating whole-genome sequencing of 501 treatment-naïve breast tumour–normal 86 

pairs with transcriptomic, copy-number, structural-variation and clinical data. We use this integrated 87 

framework to examine whether and how diverse genomic alterations align across signalling, metabolic 88 

and regulatory layers, and whether such convergence identifies biologically and clinically distinct 89 

tumour states.  90 

Results with Figure Legends 91 

Somatic alteration landscape reveals population-enriched drivers and evolutionary selection 92 

Whole-genome sequencing (WGS) of 501 tumour–normal pairs (40x median depth for tumour and 93 

normal) (Supplementary Figures S1, S2, S3; Supplementary Tables S1a, S1b, S2, S3) identified 4.6 94 

million somatic mutations, including 12.53% insertions and deletions. Mutation burden was highest in 95 

triple-negative breast cancers (TNBCs; median 2.13/Mb) and lowest in hormone receptor (HR)–positive 96 

HER2-negative tumours (1.42/Mb), with intermediate levels in HER2+ subtypes. TNBCs also exhibited 97 

substantially greater copy-number alteration burden, with a median 42.51% of the genome altered 98 

compared with 26.62% in other subtypes (p = 1.58 × 10⁻⁵), driven by higher amplification (p = 0.0003) 99 

and deletion (p = 4.76 × 10⁻⁶) burdens (Supplementary Figure S4). 100 

 101 

Using MutSig2CV14, we identified 22 significantly mutated genes (SMGs; q < 0.05), considering 102 

nonsynonymous somatic variants present in >2% of tumours overall and within at least one IHC-defined 103 

subtype (Figure 1A, Supplementary Figure S5, S6, S7, S8). These included canonical breast cancer 104 

drivers such as TP53, PIK3CA, GATA3 and MAP3K1, as well as ARID1A and ERBB2 (Supplementary 105 

Figure S9), which are less commonly identified as significantly mutated genes in other breast cancer 106 

cohorts (Figure 1A).  107 

 108 

Although the overall driver landscape was broadly consistent with TCGA and other published cohorts, 109 

several alterations differed in frequency, particularly in TNBCs: KMT2C (17% vs 6%), ARID1A (9% 110 

vs 2%) and MAP3K1 (8% vs 1%) were significantly more frequent in IBCGA than TCGA, while AKT1 111 



Khanna et al., 2026 Manuscript 
 

mutations occurred in 2% of IBCGA TNBCs but were absent in TCGA (Figure 1B, Supplementary 112 

Tables S4a, S4b). 113 

 114 

Copy-number alterations also showed population-specific patterns: AKR1C3, NCEH1, PLD1, IL10, 115 

ADIPOR2 and TERT amplifications and BTNL3 deletion were observed in Indian TNBCs but not TCGA 116 

TNBCs, while several amplifications were enriched in Indian HER2+ tumours; notably, MYC 117 

amplification was significantly more frequent in Indian HR+HER2− tumours than in TCGA (23% vs 118 

9%; Supplementary Tables S9, S10). 119 

 120 

Although at relatively low frequency, we found support for four genes ISM2, QRICH2, CBX3 and 121 

OTOP1 as SMGs, and candidate driver genes, in the IBCGA cohort (Figure 1A-C). In thirty-five 122 

population-level breast cancer cohorts comprising 17,708 samples including TCGA these four genes 123 

were not reported as SMGs (Figure 1B and Supplementary Tables S4a and S4b). All the four SMGs 124 

were supported by evidence of significant positive selection. Nonsynonymous mutation rates and dN/dS 125 

calculated independently for missense mutations, truncating mutations and insertion/deletions 126 

compared strongly with established breast cancer drivers after correction for GC content and 127 

background mutation rate (shown in log scale in Figure 1C) – supporting these as candidate drivers not 128 

previously identified as significantly mutated in the reference breast-cancer cohorts examined (Figure 129 

1D). Further, majority of the identified nonsynonymous variations within ISM2, QRICH2, CBX3 and 130 

OTOP1 were IBCGA-specific, mapped to conserved and functional protein domains, and were 131 

predicted to be deleterious by multiple algorithms (Figure 1E–G; Supplementary Table S5).  132 

 133 

Next, we considered all the identified SMGs. A substantial fraction of nonsynonymous variants 134 

(median, 86% of SNVs and 36% of indels), which were not reported earlier in thirty-five population-135 

level cohorts including TCGA and METABRIC, mapped to conserved protein domains, and 136 

independent pathogenicity prediction algorithms indicated their deleterious role (Figure 1E-G), 137 

supporting functional consequence of somatic alterations detected in this cohort. Driver alterations also 138 

varied across IHC-defined subtypes (Figure 1H & I).  139 

 140 

Consistent with this, protein structure-based analysis localised variants to constrained functional 141 

surfaces. Fifteen of 19 PIK3CA variants unique in IBCGA, that is, absent from TCGA-BRCA, mapped 142 

to the interface with regulatory subunits PIK3R1/2/3, and docking predicted loss of interface salt 143 

bridges and hydrogen bonds (V344G, N345S, E418K, E453Q, Q546E; Supplementary Results, 144 

Supplementary Figure S10, S11). Release of p85-mediated inhibition was reported to activate canonical 145 

PIK3CA hotspots15, suggesting association of these variants with PI3K activation.  146 

 147 
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Several driver mutations, including recurrent hotspot mutations in PIK3CA and TP53, were predicted 148 

to generate neoantigens in the context of patient-specific germline HLA alleles (Supplementary Table 149 

S6). Notably, the prevalence of specific hotspot mutations showed an inverse correlation with their 150 

predicted HLA presentation (e.g., neoantigenic) potential, suggesting that immune-mediated selection 151 

may influence the observed driver-mutation spectrum (Supplementary Figures S12, S13).  152 

 153 
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 156 

 157 

Figure 1: Population-enriched driver landscape identifies positively selected breast cancer genes 158 

in the IBCGA cohort. (A-B) Twenty-two significantly mutated genes (SMGs) identified by 159 

MutSig2CV analysis of 501 treatment-naïve breast tumours (q < 0.05; genes present in ≥2% of 160 

tumours). Colour intensity denotes statistical significance (-log10(q)) (A); and, mutation frequencies of 161 

the identified SMGs in IBCGA compared with representative global breast cancer cohorts (TCGA and 162 

4 others). Comparison with all 35 external cohorts is provided in Supplementary Tables S4a and S4b. 163 

(C) Gene-specific dN/dS ratios for missense, truncating and insertion/deletion mutations following 164 

correction for background mutation rate and GC content, consistent with positive selection. (D) Four 165 

genes (ISM2, QRICH2, CBX3 and OTOP1) identified as candidate driver genes in the IBCGA cohort. 166 

(E) Fraction of novel somatic SNVs and InDels compared to major breast cancer cohorts. (F) Proportion 167 

of novel mutations mapping to conserved functional protein domains. (G) Pathogenicity prediction of 168 

novel missense variants using fourteen independent computational algorithms (Supplementary Table 169 

S5). (H) Distribution of SMGs across immunohistochemistry-defined breast cancer subtypes. (I) 170 

Spectrum of nonsynonymous mutation classes observed for each SMG. Number of patients 171 

corresponding to each subtype: HR+ (ER+/PR+) HER2-: 260; HR- (ER-/PR-) HER2+: 45; HR+ 172 

HER2+: 64; TNBC: 128; Others (IHC inconclusive): 4. 173 

 174 

Genomic alterations converge on a coordinated lipid metabolic program 175 

Across subtypes, genomic alterations are consistent with a coordinated lipid metabolic programme 176 

characterized by PI3K–AKT pathway activation and ERBB2 signalling (Figure 2A; Supplementary 177 

Table S7). Surprisingly, 73.9% (362 of 490; in 11 cases CNV could not be resolved unambiguously) of 178 

tumours harboured either activating mutations in known PI3K pathway genes16 or focal copy-number 179 

alterations in lipid metabolic regulators17. Gene-specific occurrences within specific tumour subtypes: 180 

PIK3CA oncogenic mutations or PTEN deletions, alongside somatic mutations/copy number 181 

amplifications in genes that contribute directly to impaired lipid metabolism are shown in Figure 2A 182 

(PIK3CA or PTEN oncogenic mutations in 18.98% of the tumours; PIK3CA amplifications or PTEN 183 

deletions along with amplification in other lipid related genes in 36.35%; and, both of these events were 184 

found in 18.55% cases). 185 

 186 

Recurrent copy-number gains affected genes involved in lipid synthesis, lipolysis, and trafficking 187 

(including NCEH1, PLD1, ADIPOR2, ESYT2), alongside amplification of genes directly affecting the 188 

PI3K-AKT pathway (PI4KB, GATA3, PIK3CA), and, additionally, deletion of the PI3K-AKT 189 

suppressor PTEN (Figure 2A, Supplementary Figure S14). Moreover, these alterations were associated 190 
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with significantly increased expression of lipid metabolism genes: including fatty acid metabolism, 191 

cholesterol homeostasis and adipogenesis (Figure 2B). 192 

 193 

PIK3CA mutations were associated with increased metabolic pathway activity in both HR+ and TNBC 194 

tumours, with subtype-specific differences in pathways (Figure 2B, Supplementary Figure S15). 195 

Similarly, in ERBB2 amplification associated HER2+ tumours, enhanced expression of lipid- associated 196 

genes and pathways, including oestrogen response, PI3K-AKT-mTOR signalling, xenobiotic 197 

metabolism and adipogenesis was notable (Figure 2B-C). These alterations co-occur across lipid 198 

synthesis, storage and utilization (Figure 2D) indicating subtype-dependent lipid metabolic 199 

reprogramming that links oncogenic signalling to the metabolic state.  200 

 201 

To understand if this was cohort-specific, we independently tested the lipid-alteration genomic changes 202 

in data from other large breast cancer cohorts TCGA-BRCA and CPTAC. In TCGA-BRCA, 551 out of 203 

857 (64.3%) patients with invasive/ductal carcinoma had at least one of the genomic changes within 204 

the lipid-related genes (Supplementary Figure S16A). Systematic comparisons of ssGSEA scores 205 

between the two groups (lipid-altered vs unaltered at the somatic mutational or copy number level) 206 

identified lipid-related hallmark pathways including, cholesterol homeostasis, glycolysis, MTORC1, 207 

and PI3K-Akt-mTOR signalling to be concordantly upregulated in ‘lipid-altered’ tumours ((p < 0.05, 208 

one-tailed Wilcox; Supplementary Figure S16B). 209 

 210 

In the CPTAC data comprising 122 breast cancers, 78.7% of the tumours had lipid-related genomic 211 

alterations (Supplementary Figure S17A); and, ssGSEA analysis identified four lipid-related hallmark 212 

pathways (cholesterol homeostasis, glycolysis, MTORC1 and PI3K-Akt-mTOR signalling) had 213 

increased expression in the ‘lipid-altered’ tumours relative to the unaltered group (Supplementary 214 

Figure S17B). Although underpowered in CPTAC, these findings were directionally consistent and 215 

support recurrent genomic selection affecting lipid metabolism. 216 

 217 

Overall, arm-level amplifications at chr6, deletions at chr21, focal amplifications in genes (including 218 

PI4KB, PIK3CA, CCND1, MYC and IL10), and deletions (including CDKN2A, PTEN, RB1 and 219 

ARID3A) were prevalent. 79% HER2+ tumours had ERBB2 amplification, and TNBC tumours had 220 

significant copy number amplifications (PIK3CA, PI4KB, TERT, TERC, SOX11, FGF14, GATA3 and 221 

EGFR), and deletions (RB1, ARID3A, BTNL3 and CREBBP) genes. 222 

Individual metabolic genes have previously been shown to undergo copy-number-driven selection in 223 

breast cancer — notably FLAD1 amplification at 1q21.3, which drives lipogenesis18, and ENSA 224 

amplification, which promotes cholesterol biosynthesis19. Our observation is distinct in scope: rather 225 

than a single amplified enzyme acting through one downstream axis, we find that alterations distributed 226 
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across multiple lipid-regulatory loci co-occur with PI3K–AKT and ERBB2 events in the majority of 227 

tumours and are reproduced in TCGA-BRCA and CPTAC, indicating class-level rather than gene-level 228 

selection on the lipid programme. 229 

 230 

 231 
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 233 

 234 

 235 

 236 

 237 
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 238 

Figure 2 | Genomic alterations converge on coordinated lipid metabolic reprogramming across 239 

breast cancer subtypes. (A) Distribution of activating mutations in PI3K pathway genes together with 240 

recurrent copy-number amplifications or deletions (GISTIC, q < 0.1) affecting lipid metabolic 241 

regulators across individual tumours. Homozygous focal copy-number events (<2 Mb) are shown. TP53 242 

mutation status is included for reference. Overall, 73.9% (362/490) of tumours harboured at least one 243 

genomic alteration predicted to perturb lipid metabolism or PI3K signalling. (B) Hallmark pathway 244 

enrichment (ssGSEA) associated with individual genomic alterations across breast cancer subtypes. 245 

Circle size represents statistical significance and colour denotes effect size. (C) ERBB2 copy-number 246 

amplification is associated with significantly increased expression of adipogenesis and xenobiotic 247 

metabolism pathways. (D) Correlation matrix illustrating co-occurrence between somatic mutations and 248 

recurrent copy-number alterations affecting lipid metabolic pathways. Circle size indicates frequency 249 

of co-occurrence and colour indicates Pearson correlation coefficient.  250 

 251 

Structural variation rewires regulatory landscapes ERBB2 activation and genome instability 252 

We identified 90,553 high-confidence structural variants (SV; 439 of 501 samples with consensus SVs 253 

from at least two independent algorithms were considered (Methods)) with subtype-specific 254 

distributions: highest in hormone-positive HER2+, followed by TNBC and hormone-negative HER2+, 255 

while hormone-positive HER2- had lowest SV burden in the cohort (Figure 3A, Supplementary Figures 256 

S18-S22). Recurrent intra- and inter-chromosomal rearrangements (>5% patients) affected key genes 257 

(Figure 3B); increased SV density and gain in super-enhancers (SE) in tumours compared to normal 258 

breast tissue (analysed using previous breast cancer data SEdb3.020versus ENCODE21) and supported 259 

specific copy number amplification/deletions (middle and bottom panels; Figure 3B). These clustered 260 

at key oncogenic, chromatin-regulatory and lipid-metabolic loci, including ERBB2, CCND1, ESR1, 261 

PTEN, ARID1B, PLD1 and GATA3 (Figure 3B). Chromosomal rearrangements further revealed 262 

subtype-specificity – for instance in TTC28, IKZF3 and RUNX1 genes supporting context-specific 263 

influence of the rearrangements (Figure 3C). 264 

 265 

HER2-positive breast cancer is characterized by substantial biological and therapeutic heterogeneity 266 

despite the central role of ERBB2 amplification and/or overexpression22.  At the ERBB2 locus, we 267 

identified recurrent promoter hijacking (31.2%, 34 of 109 HER2+ tumours) where IKZF3 regulatory 268 

elements are juxtaposed to ERBB2 (illustrated in Figure 3D) consistent with an alternative mechanism 269 

ERBB2 activation beyond focal amplification (Figure 3D-E). In support, from published data, increase 270 

in SE density at the ERBB2 locus in breast tumours relative to normal breast tissue was evident (SEdb3.0 271 

/ENCODE; Figure 3D lower panels) providing broader structural basis for increased ERBB2 expression. 272 

In addition, increased expression of ERBB2 in presence of IKZF3 local translocation, and not otherwise, 273 

was clear (Figure 3F). These together implicate a mechanistic model consistent with structural 274 
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variation-mediated rewiring of the ERBB2 locus, resulting in ERBB2 upregulation in a subset of breast 275 

cancers.  276 

 277 

Transcriptionally, lipid metabolism pathways were significantly affected by SVs within MACROD2, 278 

RUNX1, ARID1B, RAD51B, and ASIC2, particularly adipogenesis, cholesterol homeostasis, fatty acid 279 

metabolism, and PI3K-AKT-mTOR signalling across tumour subtypes (Figure 3G). TTC28 280 

translocation, noted in about 12% patients and across subtypes (Figure 3G), were significantly 281 

associated with increased ploidy (Figure 3H) implicating a role for these SVs in genome instability. 282 

 283 

Recent CUBRICS 12 data identified recurrent extragenic SVs surrounding ERBB2, whereas our analysis 284 

identifies a distinct promoter-hijacking rearrangement involving IKZF3 regulatory elements in primary 285 

tumours. Elevated ERBB2 expression at comparable copy number supports a copy-number-independent 286 

route to ERBB2 activation. 287 

 288 

 289 

 290 

 291 

 292 

 293 

 294 

 295 

 296 

 297 

 298 

 299 

 300 

 301 

 302 

 303 

 304 

 305 

 306 
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 310 



Khanna et al., 2026 Manuscript 
 

Figure 3: Structural variation remodels regulatory architecture and promotes ERBB2 activation. 311 

(A) Structural variant (SV) burden across breast cancer subtypes demonstrating highest burden in 312 

HR+HER2-positive tumours. (B) Genome-wide interaction map of recurrent (>5% patients) inter- and 313 

intra-chromosomal SVs (5 Mb window), illustrating genomic regions undergoing recurrent structural 314 

remodelling: Frequent events I – IV including key genes highlighted (top panel); SV density and super-315 

enhancers (SEs) in tumour/normal breast (middle panels); recurrent CNVs identified by GISTIC 316 

(bottom panel). (C) Recurrent translocations originating from TTC28, IKZF3, and RUNX1 across 317 

breast cancer subtypes; colour of individual translocation events represents affected tumour subtype. 318 

(D) IKZF3-associated rearrangements affecting the ERBB2 locus in 31.2% (34/109) of HER2+ tumours. 319 

Scheme showing the proposed promoter-hijacking configuration (top), distribution of local SV (middle 320 

panel), super-enhancer in normal/tumours, and local rearrangement profiles (lower panels). 321 

Chromosomal window indicated in top. (E) Density of SVs around the ERBB2 locus (1 Mb) showing 322 

recurrent rearrangements involving super-enhancer regions. (F) ERBB2 expression according to 323 

presence or absence of IKZF3-associated rearrangements. (G) Association between recurrent structural 324 

variants and altered lipid metabolic pathway activity; two-tailed Wilcoxon rank-sum test; number of 325 

SV events across IHC subtypes (right). (H) TTC28 rearrangements associate with increased tumour 326 

ploidy, implicating structural variation in genomic instability; median tumour allele fraction and 327 

number of events in each patient with TTC28 translocation (top panel); ploidy inferred from ASCAT.  328 

Mutational processes stratify tumours along the lipid metabolic axis 329 

Recent breast-cancer studies demonstrate that APOBEC3-associated mutagenesis contributes to 330 

genomic alterations and treatment response23.  In IBCGA, mutational signature analysis identified 331 

homologous recombination deficiency (HRD: SBS3) and APOBEC hyperactivity (SBS2, SBS13) as 332 

dominant processes (Figure 4A, Supplementary Figure S23, Supplementary Table S8-S10), consistent 333 

with earlier breast cancer WGS studies1,24. Further, HRD was relatively enriched in TNBCs, as noted 334 

before25,26, while HR+ tumours showed more heterogeneity in HRD/APOBEC hyperactivity. Tumours 335 

with high HRD had more frequent: (i) rare germline alterations in BRCA1 and BRCA2, as expected26; 336 

(ii) somatic mutations in TP53; and (iii) copy number deletions of PTEN, CDKN2A and RB1 and 337 

amplifications of MYC, CCND2, BIRC5 (Figure 4B).  338 

Further, HRD stratified TNBCs into transcriptionally distinct states, with high-HRD tumours showing 339 

increased KRAS signalling, and reduced lipid- and hormone-related metabolic programmes, including 340 

adipogenesis, cholesterol homeostasis and oestrogen response (Figure 4C). While this supports HRD-341 

associated transcriptional layers in TNBC, their direction and deployment were context-dependent. We 342 

also found five predominant SV signatures, including HRD (SV3; particularly in TNBC) consistent 343 

with mutational signatures, alongside SV2/SV4/SV5/SV7 of unknown aetiology (Figure 4D). 344 
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Synthetic-lethal relationship between BRCA1/2 deficiency and PARP inhibition establish HRD as a 345 

genomic phenotype associated to therapeutic vulnerability27. In TNBC particularly, BRCA1/2 346 

alterations and broader ‘BRCAness’ phenotypes are associated with sensitivity to DNA-damaging 347 

therapies. Consistent with this, here we find HRD-associated mutagenesis was enriched in TNBC and 348 

associated with BRCA1/2 alterations. In addition, our findings extend this biological framework 349 

suggesting the role of lipid metabolism in HRD-related genomic and transcriptional change. 350 

 351 

352 

Figure 4: Mutational processes identify HRD-associated lipid metabolic states. (A) Somatic 353 

mutational signatures revealed two dominant mutational processes: APOBEC hyperactivity and 354 

homologous recombination deficiency (HRD), with HRD significantly enriched in TNBCs (median, 355 

28.3%; P < 5.043 × 10⁻¹⁴, t-test). (B) HRD and APOBEC activity in relation to mutational and copy-356 

number alterations in key genes; HRD was significantly associated with somatic TP53 mutations (P = 357 

1.494 × 10⁻¹⁰, t-test). HRD/APOBEC associated with germline alterations in TP53 and BRCA1/2 shown 358 

in bottom panels. (C) Tumours with genomic HRD showed altered expression of lipid- and hormone-359 
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related pathways and KRAS signalling. (D) Five predominant somatic structural-variant signatures 360 

identified across breast cancer subtypes (COSMIC v104): SV3, non-clustered tandem duplications (>1 361 

kb and <100 kb); SV2/SV4, non-clustered and clustered translocations; and SV5/SV7, deletions <1 kb 362 

and 10 kb–1 Mb. 363 

 364 

Genomic alterations associated with recurrence align on shared programs 365 

Hotspot mutations in PIK3CA or TP53 (HR = 3.6; 95%CI: 1.16-11.5; p = 0.027; Figure 5A) or 366 

mutations in SF3B1 (HR = 4.6; 95%CI: 1.19-18.0; p = 0.027; Figure 5B) significantly associated with 367 

reduced recurrence-free survival of HR+ HER2- patients. The PIK3CA or TP53 hotspot mutations 368 

significantly decreased recurrence-free survival probability in HER2+ patients (HR = 3.93; 95%CI: 369 

1.11-13.89; p = 0.0289; Figure 5C). In TNBC, recurrence-free survival was low in presence of PIK3CA 370 

mutations (including non-hotspots) or GATA3 copy number amplification (HR = 3.1; 95%CI: 1.23-7.8; 371 

p = 0.009; Figure 5D). The associations remained significant when analysed with clinical covariates 372 

(age and tumour stage) using multi-variable Cox-PH model. 373 

 374 

On integrating transcriptome data, we noted recurrence-associated genomic alterations affected lipid 375 

metabolism pathways namely, adipogenesis, estrogen response, and fatty acid and xenobiotic 376 

metabolism, alongside other pathways including DNA repair, glycolysis, myogenesis, and 377 

angiogenesis, with somewhat distinct effect sizes across subtypes (Figure 5E). Among 36/501 (7%) 378 

patients with distant metastasis, MYC amplification (47% vs 23% in non-metastatic), ERBB2 379 

amplification 42% vs 18%, CDH1 mutation 14% vs 4%, and TP53 hotspot mutation (R175H, 8% vs 380 

2%) was significant (p < 0.05, Fisher’s exact test; Supplementary Results and Supplementary Table 381 

S11 ). 382 

 383 

 384 
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 385 

 386 

Figure 5. Genomic alterations associated with poor recurrence-free survival. (A–D) Associations 387 

between recurrent genomic alterations and recurrence-free survival: TP53 or PIK3CA hotspot 388 

mutations in HR+HER2− tumours (A), SF3B1 mutations in HR+HER2− tumours (B), TP53 or PIK3CA 389 

hotspot mutations in HER2+ tumours (C), and PIK3CA mutations or GATA3 copy-number 390 

amplification in TNBCs (D). Hazard ratios were estimated using Cox proportional-hazards models. (E) 391 

Pathway enrichment associated with recurrence-linked genomic alterations across breast cancer 392 

subtypes. Clinical follow-up: disease recurrence for this study was defined as local recurrence, distant 393 

recurrence or breast-cancer-related death; multivariable models were adjusted for age and tumour stage. 394 

 395 

Transcriptome-based clusters reveal tumour states with metabolic lipid rewiring linked to clinical 396 

outcome 397 

We next performed unsupervised clustering of 438 transcriptome profiles (following QC which 398 

excluded 17 out of 455 tumour profiles, Methods and Supplementary Table S12). This identified four 399 

tumour states: Basal-proliferative (BaPro), Luminal- proliferative (LumPro), Luminal-differentiated 400 

(LumDiff), and HER2-androgenic (HER2-AR) (Supplementary Figure S24; Supplementary Figure 401 

S25D, Supplementary Table S17). These clusters partially overlapped with PAM5028 and IHC 402 



Khanna et al., 2026 Manuscript 
 

classifications but identified biologically distinct tumour populations (Figure 6A; Supplementary 403 

Figure S25). For example, the HER2-AR transcriptomic state comprised tumours from both IHC HER2-404 

positive and TNBC groups, while LumDiff was enriched for HR+ tumours. Supporting de novo 405 

transcriptome-based clustering further refined tumour stratification vis-à-vis reported states (Figure 406 

6A). We next sought to understand if the newly identified cluster-based transcriptional states impact 407 

clinical outcomes. This revealed that the molecularly classified transcriptional groups independently 408 

show significant differences in recurrence-free survival (Figure 6B), with molecular clusters remaining 409 

prognostic after multivariable adjustment. (Supplementary Figure S25E). 410 

 411 

Further, centroid-based analysis of TCGA and METABRIC data (Methods) independently recapitulated 412 

all four states (BaPro, LumPro, LumDiff and HER2-AR) with distinct survival stratification, supporting 413 

their broader biological relevance (Supplementary Results; Supplementary Figure S26). Notably, 414 

HER2-AR consistently showed the poorest outcome in both METABRIC and TCGA, with the steepest 415 

decline in overall survival in TCGA (log-rank p = 0.017) and significantly worse disease-free and 416 

overall survival in METABRIC (log-rank p < 0.001 for both disease-free and overall survival), 417 

remaining an independent adverse prognostic factor on multivariable Cox regression after adjustment 418 

for age, T-stage, and nodal status (METABRIC OS: HR 1.78, 95% CI 1.42–2.23, p < 0.001). 419 

 420 

To understand the basis of these outcome differences, we examined the underlying transcriptomic 421 

programmes of each cluster (Figure 6C, Supplementary Table S19, S20). HER2-AR tumours were 422 

characterised by activation of androgen signalling (PIP, CRISP3), lipid metabolism (ALOX15B, 423 

ACADL), and WNT signalling (DKK1), with pathway enrichment confirming activation of steroid 424 

hormone metabolism, lipophagy, and G-protein-coupled receptor signalling (Supplementary Table S18) 425 

- pointing to a tumour state characterized by the association of androgen receptor activity and lipid 426 

metabolic reprogramming.  427 

 428 

Consistent with this, HER2-AR tumours showed markedly suppressed IFNα and IFNγ response 429 

pathways, supporting attenuated innate immune signalling, which aligned with their comparatively low 430 

immune and leukocyte infiltration scores (Figure 6C) - together pointing to an immune-cold phenotype 431 

in this cluster. On the contrary, the BaPro tumours were marked by inflammatory and interferon 432 

signalling alongside higher enrichment scores for immune cells, reflecting an immune-active state. Both 433 

luminal clusters were supported by estrogen signalling. LumDiff additionally showed enhanced 434 

angiogenesis and EMT signatures alongside a strong adipogenic programme and was distinguished by 435 

the lowest leukocyte and macrophage infiltration across all four clusters, consistent with an immune-436 

cold microenvironment (Figure 6C). The four clusters also carried distinct genomic signatures, 437 

including differential distribution of TP53 and PIK3CA mutations and cluster-specific copy-number 438 

alterations (Figure 6C, bottom panels; Supplementary Table S19, S20). A comprehensive 439 
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characterisation of immune signalling, immune-cell composition, cytokine expression, and 440 

transcription factor activity across breast cancer subtypes and transcriptomic clusters is discussed in the 441 

supplementary results. 442 

 443 

We noted that TNBCs were distributed across all the four clusters (top panels showing ER/PR/HER2 444 

states, Figure 6C). This prompted us to do a TNBC-restricted clustering, which revealed a metabolically 445 

distinct fatty acid-enriched, LAR-like subgroup (n=39), of which 18 (46.2%) overlapped with the 446 

HER2-AR state identified in the whole-cohort consensus clustering. The LAR-like subgroup showed 447 

significantly worse prognosis than the Basal-like cluster in the TNBC cohort (log-rank p = 0.039; 448 

Supplementary Figure S27A-B, Supplementary Table S23). Together, these transcriptional states 449 

provide phenotypic resolution beyond existing clinical classifiers underscoring observations from 450 

earlier studies showing that IHC-defined categories and expression-derived intrinsic states are related 451 

but not identical, and their relationship to clinical classification is complex29,30. Findings herein, in 452 

addition, suggest lipid and metabolic rewiring as an important axis that influence outcome heterogeneity 453 

in breast cancer. 454 

 455 
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 459 

 460 

 461 
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Figure 6 | Transcriptome-derived molecular states identify biologically distinct breast cancer 462 

subgroups associated with prognosis. Consensus clustering of transcriptomic profiles identified four 463 

molecular states: BaPro, LumPro, LumDiff and HER2-AR. (A) Alluvial plot showing relationships 464 

between PAM50 intrinsic subtypes, transcriptome-derived molecular clusters and 465 

immunohistochemistry-defined breast cancer subtypes (Supplementary Table S13). Band width is 466 

proportional to the number of tumours assigned to each category. (B) Kaplan–Meier analysis of 467 

recurrence-free survival according to transcriptomic cluster. Survival differences were assessed using 468 

the log-rank test; the HER2-AR cluster showed the poorest clinical outcome (log-rank p = 0.017). 469 

Pairwise comparisons are indicated. (C) Integrated heatmap showing receptor status, cluster-associated 470 

genes, pathway enrichment, recurrent somatic mutations and copy-number alterations. Gene-expression 471 

and pathway scores are displayed as z-scores. Samples lacking whole-genome sequencing data are 472 

indicated as "Not profiled”.  473 

HER2 (ERBB2)-associated transcriptional programs extend beyond IHC-defined HER2 status  474 

 475 

Patients with HER2-low, including HER2-ultralow, breast cancers derive clinically meaningful benefit 476 

from HER2-targeted ADCs31,32. This has largely been attributed to efficient target engagement together 477 

with ADC-mediated bystander killing31. However, whether an underlying HER2-associated 478 

transcriptional program is active, and captures biologically distinct tumour states with clinical 479 

relevance, remains unclear. 480 

 481 

To identify tumours with transcriptionally active HER2 (ERBB2), we analysed differentially expressed 482 

genes in tumours with high HER2 (IHC ≥3) against those with low or no HER2 protein (category-wise 483 

differential gene expression followed by concordance analysis, see Methods). This revealed a distinct 484 

144-gene HER2-associated expression signature (p = 0.05; Supplementary Figure S28, Supplementary 485 

Table S21); including ten genes from the ERBB2 locus on chromosome 17q12 genes, such as GRB7 486 

and CDK12, supporting relevance of the signature. As oestrogen receptor (ER) signalling directly 487 

influences ERBB2 transcription33, further analysis was restricted to 161 hormone-negative (HR−) 488 

transcriptomes. 489 

 490 

 491 

The HER2-associated signature resolved HR- tumours into HER2-Enriched (HER2-E; n = 43) and 492 

Basal-Like (n = 118) transcriptional states (Figure 7A; Supplementary Table S22). Notably, 19.7% of 493 

TNBCs (27/137) were in the HER2-E group, supporting an ERBB2-associated transcriptional 494 

programme despite lacking HER2 protein expression by IHC. Additionally, expression analysis 495 

supported activation of an ERBB2-associated transcriptional signature in the HER2-E tumours - 496 

including GRB7-mediated ERBB2 signalling, constitutive ERBB2 overexpression, and ERBB2 ECD 497 
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mutant signalling. Together, pointing to a transcriptionally active HER2 axis that operates 498 

independently of IHC status (Figure 7A, bottom panel). Beyond ERBB2 activity, HER2-E tumours were 499 

enriched for the LAR subtype compared with Basal-Like tumours (as per Lehmann classifications; 500 

TNBCtype-6: 32.6% vs. 4.2%; p = 6.46 × 10⁻⁶ and TNBCtype-4: 41.9% vs. 5.9%; p = 2.61 × 10⁻⁷; 501 

Figure 7B; Methods and Supplementary Tables S14-S15). To note, the HER2-AR cluster identified 502 

using all transcriptomes (Figure 6A) and the HER2-E LAR subtype (Figure 7B) from the HER2-503 

associated signature represent related but independently derived transcriptional classifications. 504 

 505 

At the tumour microenvironment level, HER2-E TNBCs had significantly lower immune scores than 506 

Basal-Like TNBCs (p = 4.5×10⁻⁶; Figure 7C), suggesting an immune cold tumour microenvironment 507 

characterised by reduced immune infiltration. This is in line with the complex and heterogenous 508 

relationship between tumour transcriptomes, molecular subtypes and the immune microenvironment in 509 

TNBCs, noted by others30,34.  510 

That a subset of IHC HER2-negative tumours harbour HER2-associated transcription is consistent with 511 

long-standing observations: molecular apocrine tumours were described two decades ago35, a 512 

substantial proportion of LAR-subtype TNBCs classify as HER2-enriched by PAM5036,37 and HER2-513 

low TNBC has been reported as a biologically distinct entity within the LAR subtype38. Our finding is 514 

not the existence of this subset but its derivation — a 144-gene signature defined from HER2 IHC3+ 515 

tumours, independent of PAM50 and Lehmann classifiers — and its coupling to the lipid–ERBB2 axis 516 

and to reduced immune infiltration, which together frame these tumours as a candidate stratum for 517 

HER2-directed ADC evaluation rather than a further transcriptional label. 518 

 519 
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 520 

 521 

Figure 7. A HER2-associated transcriptional programme identifies an immune-cold, androgen 522 

receptor-enriched subset of HER2 IHC-negative breast cancers. A 144-gene HER2-associated 523 

expression signature derived from HER2 IHC3+ tumours identifies transcriptionally HER2-active 524 

tumours independently of HER2 protein expression. (A) Heatmap of HR-negative tumours clustered 525 

using the 144-gene HER2-expression signature, resolving two transcriptional states (HER2-Enriched 526 

and Basal-Like). Lower panels show ssGSEA enrichment scores for HER2-associated transcriptional 527 

programmes, including GRB7-mediated ERBB2 signalling, constitutive ERBB2 overexpression and 528 

ERBB2 extracellular-domain signalling. Annotation tracks on top panels display IHC HER2 score (0–529 

3+) and HR-family receptor gene expression (ESR1, PGR, ERBB2, ERBB3, ERBB4). (B) Association 530 

of HER2-Enriched and Basal-Like transcriptional states with Lehmann TNBCtype-4 molecular 531 

subtypes, with unassigned samples and HR-HER2+ tumours shown separately. Correspondence with 532 
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IHC HER2 score shown in left. Statistical significance was assessed using Fisher's exact test. Band 533 

width is proportional to sample count. (C) Comparison of tumour immune scores between HER2-534 

Enriched and Basal-Like tumours. HER2-Enriched tumours exhibit significantly reduced immune 535 

infiltration (p = 4.5×10⁻⁶, Wilcoxon rank-sum test).  536 

 537 

Discussion 538 

Breast-cancer classification has progressively evolved from receptor-defined categories to intrinsic 539 

expression states and, more recently, to integrated views of genomic, transcriptomic and whole-genome 540 

variation2,11,12. Here, we find that tumour behaviour cannot be understood solely from individual 541 

genomic alterations, but instead emerges from their integration with oncogenic signalling, metabolic 542 

and transcriptional states, immune context and clinical phenotype. 543 

PI3K–AKT and ERBB-family signalling are established determinants of breast cancer biology and 544 

therapeutic response, including resistance to HER2-directed treatment39. Mutational activation of 545 

PI3K–AKT has been implicated in trastuzumab resistance, while HER2-driven tumours can remain 546 

dependent on HER2–PI3K signalling after therapeutic perturbation40. Our findings suggest that 547 

genomic alteration of lipid-metabolic regulators is coupled to this oncogenic signalling, a relationship 548 

also observed in independent TCGA-BRCA and CPTAC cohorts. Rather than viewing lipid metabolism 549 

as a downstream consequence41 , these observations raise the possibility of reciprocal coupling between 550 

metabolic state and oncogenic signalling. 551 

APOBEC-associated mutagenesis and HRD were prominent mutational processes in IBCGA, with 552 

HRD particularly enriched in TNBC. These findings are consistent with established evidence linking 553 

APOBEC3 activity to breast-cancer evolution and treatment resistance and BRCA1/2-associated HRD 554 

and broader ‘BRCAness’ phenotypes to TNBC biology and therapeutic vulnerability23,27. Notably, HRD 555 

was also associated with distinct lipid- and hormone-related transcriptional programmes, suggesting 556 

that DNA-repair phenotypes may intersect with lipid metabolism. 557 

Structural variation provided an additional route to oncogenic activation. HER2-positive breast 558 

cancer is characterized by substantial biological and therapeutic heterogeneity despite the central role 559 

of ERBB2 amplification and/or overexpression22,42. In IBCGA, recurrent IKZF3-associated 560 

rearrangements were linked to increased ERBB2 expression. This complements recent evidence for 561 

enhancer-mediated ERBB2 activation12, while defining a distinct promoter-hijacking architecture 562 

involving IKZF3.  563 

Transcriptomic analysis further indicated that genomic diversity is organized into biologically 564 

meaningful tumour states that partially correspond to conventional classifications, consistent with 565 

previous studies2,43. The HER2-AR transcriptional state, from whole-cohort unsupervised clustering, 566 
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showed the poorest outcome in IBCGA (Figure 6A-B), and was reproducible independently across 567 

TCGA and METABRIC supporting its broader biological relevance. The resulting states therefore 568 

represent a progression from classification by receptor or intrinsic expression phenotype towards 569 

integrated tumour states defined by coordinated metabolic, signalling and immune programmes. In 570 

particular, the HER2-E associated state within IHC-negative TNBC (Figure 7) highlights the limitation 571 

of defining HER2 biology solely by protein expression and raises the possibility that transcriptional 572 

state may capture clinically relevant heterogeneity not resolved by conventional receptor classification. 573 

The immune associations are consistent with previous studies of TNBC tumour–immune heterogeneity 574 

and recent spatial analyses linking immune microenvironments to prognosis44,45.  575 

 576 

The population context of IBCGA adds an important dimension. WGS in East Asian breast cancer has 577 

established that ancestry-associated cohorts reveal distinct mutational and structural spectra12. The four 578 

candidate drivers reported here (ISM2, QRICH2, CBX3, OTOP1) were absent as significantly mutated 579 

genes across 35 cohorts totalling 17,708 tumours, indicating that the South Asian genomic spectrum 580 

contributes non-overlapping candidates rather than replicating an existing catalogue, in addition to 581 

linking genomic diversity to metabolic and transcriptional states. 582 

 583 

Several limitations should be considered. The genomic and transcriptomic associations do not establish 584 

causality, and functional studies are needed to test the effects of lipid-metabolic alterations, IKZF3–585 

ERBB2 rearrangement and candidate drivers. The prognostic states require prospective validation, and 586 

immune infiltration was inferred from bulk transcriptomic rather than spatial or cellular measurements.  587 

 588 

Together, these findings identify convergent lipid–ERBB2 regulatory states as biologically meaningful 589 

features of breast-cancer heterogeneity. Their association with oncogenic signalling, immune context 590 

and clinical outcome provides a rationale for testing their functional and therapeutic consequences. 591 

 592 

 593 

 594 

 595 

 596 

 597 

 598 

 599 

 600 

 601 

 602 
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Methods 603 

Patient recruitment and sample collection 604 

This ambispective study included both prospectively and retrospectively collected breast tumour 605 

samples. Eligible participants were treatment-naïve women aged ≥18 years with a confirmed diagnosis 606 

of breast carcinoma. Retrospective cases were selected from hospital biorepositories with ≥3 years of 607 

clinical follow-up (IRB approvals: RGCIRC/IRB-BHR/41/2022; KVV/IEC/01/2025). Prospective 608 

recruitment was conducted across multiple hospitals in India (Supplementary Figure S1). All 609 

participants provided written informed consent, and the study was approved by the Institutional Human 610 

Ethics Committee of the CSIR–Institute of Genomics and Integrative Biology (CSIR-IGIB/IHEC/2020-611 

21/02). 612 

Comprehensive clinico-pathological data, including AJCC stage, ER/PR/HER2 status, nodal 613 

involvement, menopausal status, Ki-67 index, and family history were recorded (Supplementary Figure 614 

S2; Supplementary Table S1a, S24). HER2 IHC-equivocal cases were resolved by fluorescent in situ 615 

hybridisation. Tumours were classified into HR+HER2−, HR+HER2+, HR−HER2+, and triple-616 

negative breast cancer (TNBC). All patients had a minimum of 3 years of follow-up documenting 617 

treatment, recurrence, and survival. Disease recurrence was defined as local recurrence, distant 618 

recurrence or breast-cancer-related death. Tumour biopsies were snap-frozen or preserved in RNAlater 619 

at 2–8 °C and stored at −80 °C. Matched normal samples consisted of adjacent normal tissue 620 

(retrospective) or peripheral blood (prospective). All procedures adhered to institutional and national 621 

ethical guidelines. 622 

DNA and RNA extraction and sequencing 623 

High-quality DNA and RNA were co-extracted from fresh-frozen tumour and matched normal tissues 624 

using the AllPrep DNA/RNA/miRNA Universal Kit (Qiagen). Nucleic acid quality was assessed by 625 

spectrophotometry (A260/A280), fluorimetry, and RNA Integrity Number (RIN). Libraries for whole-626 

genome sequencing (WGS) were prepared using the TruSeq DNA PCR-Free Kit (Illumina) and 627 

sequenced on the NovaSeq 6000 platform (Illumina) to a mean depth of ~40× for tumour and normal 628 

samples (S4 reagent kit). 629 

Whole-transcriptome sequencing (WTS) libraries were generated following rRNA depletion (NEBNext 630 

rRNA Depletion Kit v2) and directional library preparation (NEBNext Ultra II Directional RNA Library 631 

Prep Kit). Libraries were validated using the Agilent TapeStation (DNA 1000 ScreenTape) and Qubit 632 

dsDNA HS Kit, and sequenced (2×150 bp) on the NovaSeq 6000 (S1 reagent kit). 633 

Processing and analysis of WGS data to identify germline and somatic mutations and copy 634 

number alterations  635 

Whole-genome sequencing (40× tumour–normal pairs) underwent standard Illumina demultiplexing, 636 

quality control, and alignment to GRCh38, followed by duplicate marking, recalibration, and 637 

contamination assessment. Germline variants were jointly genotyped and clinically annotated, and 638 

pathogenic germline alterations were identified using ACMG criteria. Somatic variants were called 639 
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using paired tumour–normal analysis, stringently filtered, and annotated with multiple pathogenicity 640 

and domain-level predictors, incorporating population-specific controls. Significantly mutated genes 641 

and mutation rates were identified using MutSig2CV14, with manual IGV review of all SMG variants. 642 

Copy-number alterations were inferred using ASCAT46and GISTIC47 , and mutual 643 

exclusivity/co-occurrence patterns were assessed with maftools. Selection pressures on driver genes 644 

were evaluated using dndscv. 645 

 646 

Characterization of Somatic mutational and copy-number signatures 647 

We have utilized accelerated SignatureAnalyzer48  with COSMICv3-reference to identify single base 648 

substitution (SBS) signatures from SNVs through the extraction of substitutions based on tri-nucleotide 649 

content, followed by cosine similarity calculation. Similarly, somatic insertions and deletions were used 650 

for the detection of indel (ID) signatures. The results from signature fitting through SignatureAnalyzer 651 

were verified through an orthogonal method using SigProfilerExtractor49 .From the genome-wide 652 

somatic copy number profiles (generated through AscatNGS: 4.5.0), we have detected copy-number 653 

signatures as described by Steele et al. 202250.  654 

 655 

Protein Structure-based mutation mapping  656 

Mutation data were converted to MAF format and analyzed using maftools to identify high-mutation-657 

load genes. Corresponding TCGA-BRCA mutation data (from GDC) were compared against IBCGA, 658 

and unique mutations were retained for the top four driver genes (TP53, PIK3CA, KMT2C, MAP3K1). 659 

These were annotated using ProtVar for residue conservation, protein stability (FoldX v5.0), 660 

pathogenicity (AlphaMissense, CADD Phred, ESM-1b), structural domain localization (Pfam), and 661 

disease associations (dbSNP, ClinVar, Ensembl, UniProt). 662 

For PIK3CA specifically, five mutations (V344G, N345S, E418K, E453Q, Q546E) were identified at 663 

the PIK3R1-interacting interface. Using the crystal structure of the p110α/niSH2–p85α complex (PDB: 664 

5XGH), mutant complexes were modeled and docked with HADDOCK (100+ structures generated), 665 

then compared to wildtype to assess changes in hydrogen bonding and salt bridges via an in-house 666 

PyMOL script. Interface residues were identified from modeled PIK3CA–PIK3R1/2/3 complexes, with 667 

pDockQ used as a model-confidence metric; since PDB 5XGH represents the p110α/niSH2–p85α 668 

heterodimer, the PIK3R1 interface is directly captured in the experimental structure. 669 

 670 

Prediction of neoantigens from somatic mutation data 671 

Germline HLA class I alleles for each patient were inferred computationally from whole-genome 672 

sequencing data of matched normal tissue. Details in the supplementary methods section.  673 

 674 

Structural variant detection 675 
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Structural variants (SVs) were called from WGS data of 501 tumour-normal pairs using three tools—676 

GRIDSS (v2.13.2), Manta (v1.6.0), and SvABA (v1.1.0)—each leveraging distinct signals 677 

(discordant/split reads, soft-clipping, or local assembly). Manta and SvABA were run in chromosome-678 

wise, chunked mode for efficiency, while GRIDSS was run genome-wide to ensure accurate 679 

translocation detection. Calls were merged into a consensus set using Jasmine v1.1.5 (500 bp breakpoint 680 

proximity threshold), retaining variants supported by ≥2–3 callers; GRIDSS-reported translocations 681 

were manually validated in the merged set. This yielded high-confidence consensus SVs for 439 682 

samples, which were annotated with AnnotSV v3.4.4 and restricted to protein-coding regions (±2kb) 683 

using bedtools. Custom in-house scripts handled merging and downstream processing of caller outputs. 684 

RNA-seq processing and quantification 685 

Adapter trimming and quality filtering were performed using Trimmomatic v0.39. rRNA contamination 686 

was assessed using bbsplit.sh (BBMap v38.18) and removed using bbduk.sh. Clean reads were aligned 687 

to GRCh38.p14 using STAR v2.7.10b. QC metrics (≥75% uniquely mapped reads; >10 million reads 688 

per sample) were summarised using MultiQC v1.27. Gene-level quantification was performed using 689 

featureCounts (Subread v2.0.6), and transcript-level quantification using RSEM v1.2.28 with 690 

GENCODE annotations. Expression values were reported as TPM and FPKM. 691 

Normalization and batch correction 692 

The initial dataset comprised RNAseq data from 486 subjects across 28 sequencing batches (64 tumour-693 

normal paired, 402 tumours only and 20 normals without matched counterparts, Supplementary Figure 694 

S1 and Supplementary Table S12). Batches with <3 samples and genes expressed in <10% of samples, 695 

yielded 455 samples. Library size and tumour purity (tidyestimate v1.1.1) were computed. 696 

VariancePartition v1.32.5 was used to quantify technical and biological variance. Unwanted variation 697 

was removed using the RUVIII-PRPS framework, with negative control genes selected based on low 698 

biological signal and high technical variance. Normalization performance was assessed using PCA and 699 

variance decomposition with RUVIII parameters and negative control genes summarized in 700 

Supplementary Table S13 (Supplementary Figure S29). 701 

Integration of gene expression and genomic data 702 

Single-sample geneset enrichment analysis (ssGSEA) scores for MSigDB hallmark pathways were 703 

calculated with the TPM values as input using the package ‘GSVA’ 51. Pathways that were significantly 704 

associated with ERBB2 amplifications were identified by Wilcoxon’s rank sum test between samples 705 

with and without ERBB2 amplifications for each hallmark pathway. Subtype-specific enrichment of 706 

hallmark pathways for lipid-related alterations, as well as recurrence signature were identified by 707 

Wilcoxon’s rank sum test of ssGSEA scores between patients with and without genomic features within 708 

each IHC subtype. 709 

Validation of genomic lipid alteration features in external datasets 710 

Mutation, CNV, and PAM50 subtype information for TCGA-BRCA and CPTAC samples were 711 

obtained from ‘cBioPortal’. Unstranded TPM values for gene expression were obtained from GDC. 712 
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Samples-wise ssGSEA scores for hallmark pathways were estimated using ‘GSVA’. Genomic lipid-713 

alteration associated pathways were identified by Wilcoxon’s rank sum tests. 714 

Unsupervised Consensus Clustering and Downstream Analyses 715 

To stratify tumours based on transcriptional profiles, consensus clustering was performed on 454 716 

samples (1 sample was removed from 455 tumour profiles because of inconclusive  IHC (ER/PR/HER2) 717 

classification) using the top 5,000 most variable genes, implemented in the ConsensusClusterPlus R 718 

package (v1.66.0). Clustering used hierarchical agglomeration with Euclidean distance and Ward.D2 719 

linkage, 1,000 resamplings, and 80% item resampling. The optimal number of clusters (k) was selected 720 

using the delta area plot, CDF curve, and average silhouette width. Samples with negative silhouette 721 

scores (16 tumour profiles) were excluded, and the clustering procedure was repeated until all remaining 722 

samples, that is 438 transcriptome profiles exhibited positive silhouette widths.  723 

We assessed pathway activity by applying single-sample Gene Set Enrichment Analysis (ssGSEA) to 724 

MSigDB Hallmark and C2–Reactome gene sets using the GSVA R package (v1.50.5). Lymphocyte 725 

infiltration and macrophage/CSF1 response were additionally scored per sample using the Thorsson et 726 

al. immune signature gene sets. Cluster-specific genomic alterations, including somatic mutations and 727 

copy number variations (CNVs), were analysed using Chi-square (χ²) tests implemented in the stats R 728 

package (v4.3.3). To explore transcriptional heterogeneity within TNBCs, consensus clustering was 729 

independently performed on the clinically defined cohort of 137 TNBC samples using the top 3500 730 

variable genes. Clustering was conducted using k-means hierarchical agglomeration, Euclidean 731 

distance, Ward.D2 linkage, applying 1,000 resampling iterations with 80% item resampling. 732 

Downstream pathway analysis was done using the Hallmark gene set, and survival analyses were then 733 

carried out as described above. 734 

Development of a Specificity-Based Centroid Classifier for the Four Identified Transcriptional 735 

Clusters in the IBCGA Cohort 736 

The transcriptomic clusters were originally identified using unsupervised consensus clustering of the 737 

top 5,000 most variable genes. To develop a robust classifier for assigning new samples to these clusters, 738 

a specificity-based centroid classifier was subsequently constructed using the normalized expression 739 

matrix of all protein-coding genes rather than being restricted to the 5,000 variable genes. Gene 740 

expression values were standardized by calculating gene-wise z-scores across all samples. For each 741 

cluster, the mean expression of every gene was computed, and a specificity score was defined as the 742 

difference between the mean expression in the target cluster and the highest mean expression observed 743 

across the remaining clusters. Genes with a mean z-score >0.5 in the target cluster were ranked 744 

according to this specificity score, and the top 25 genes from each of the four clusters were selected, 745 

yielding a 100-gene classifier signature. Cluster centroids were then generated as the average z-score 746 

expression profile of these signature genes within each cluster. During classification, samples were 747 

assigned to the cluster whose centroid exhibited the highest Pearson correlation with the sample's 748 

expression profile. The genes displayed in Figure 6C represent a subset of differentially expressed 749 
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marker genes selected to illustrate the biological characteristics of each cluster and are intended for 750 

visualization only; they are distinct from the complete 100-gene classifier signature used for centroid 751 

construction. 752 

Independent validation of the IBCGA-derived four-cluster centroid classifier was performed in two 753 

external, publicly available cohorts. For TCGA-BRCA52, raw RNA-seq counts and associated 754 

clinical/PAM50 annotations were retrieved using TCGA biolinks (v2.36.0), collapsed to unique gene 755 

symbols by maximum-variance selection, and normalized using TMM followed by voom 756 

transformation (edgeR/limma); for METABRIC53, pre-processed log2-normalized microarray 757 

expression values and clinical annotations were obtained from cBioPortal. In both cohorts, expression 758 

was restricted to the 100 signature genes shared with the IBCGA centroid matrix, z-scored per gene 759 

across samples, and each sample was assigned to the cluster (BaPro, HER2-AR, LumDiff, or LumPro) 760 

whose centroid yielded the maximum Pearson correlation with the sample's expression profile. Cluster 761 

assignments were evaluated against PAM50 subtype (TCGA) and IHC-defined clinical subtype (both 762 

cohorts, derived from ER/PR/HER2 status) and against clinical outcome by Kaplan–Meier analysis 763 

(RFS/OS in METABRIC; DFS/OS in TCGA) multivariable in TCGA; multivariable in METABRIC, 764 

adjusting for age, tumour stage, and lymph node status, with LumDiff as reference), with hazard ratios 765 

summarized via forest plots. 766 

 767 

HER2-associated transcriptional program: stratification and transcriptomic characterization 768 

Hormone receptor-negative (HR−) tumours were stratified into HER2 IHC categories (0, 1+, 2+, and 769 

3+) according to routine clinical pathology scoring. ERBB2 expression was quantified from RUVIII-770 

normalized RNA-seq data. To identify a HER2-associated transcriptional program independent of IHC 771 

status, a stepwise differential expression analysis between groups was first performed as follows. First, 772 

HER2- IHC 0, IHC 1+ and IHC 2+ tumour categories were independently divided into ERBB2-high or 773 

ERBB2-low using the within-category median ERBB2 expression, followed by differential gene 774 

expression (DEG) analysis within each IHC category. For HER2-IHC 0 cases, high ERBB2-expressing 775 

(n = 46) was compared with low ERBB2-expressing (n= 47) tumours. This identified 2,669/2,990 776 

up/downregulated genes (p < 0.05). Similar comparison of high vs low ERBB2-expressing tumours with 777 

HER2-IHC 1+ (n = 14 vs. 15 cases) or IHC 2+ (n = 10 vs. 11 cases) identified 896/757 and 451/581 778 

up/downregulated genes, respectively (p < 0.05). Second, DEG analysis between HER2-IHC 3+ cases 779 

(n = 18) vs IHC 0 (n = 93) tumours identified 1,076 upregulated and 2,396 downregulated genes (p < 780 

0.05). DEGs between IHC 3+ and IHC 0 were retained if they were concordant with at least two of the 781 

three (IHC 0, IHC 1+ or IHC 2+) ERBB2-high/low DEGs. This gave a 144-gene DEG set which was 782 

designated as the HER2-associated signature (57 upregulated, 87 downregulated; Supplementary Table 783 

S21). This HER2-associated signature was used for consensus clustering of hormone-negative (HR−) 784 

tumours using ConsensusClusterPlus (v1.66.0; hierarchical agglomeration, Euclidean distance, 785 

Ward.D2 linkage, 1,000 resamplings, 80% item resampling). 786 
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 787 

Biological differences between the resulting transcriptional states were assessed by ssGSEA using 788 

MSigDB Hallmark and C2 gene sets with GSVA (v1.50.5) (Figure 7A). Lymphocyte infiltration and 789 

macrophage/CSF1-response programmes were scored using Thorsson et al. immune signatures, and 790 

tumour purity-adjusted immune infiltration was estimated using ESTIMATE on FPKM expression 791 

matrices. Associations with the previously identified HER2-androgenic (HER2-AR) state and 792 

TNBCtype-4/TNBCtype-6 classifications were assessed using Fisher's exact test (Figure 7B). 793 

Transcriptomic subtyping 794 

Transcriptomic subtyping was performed using log2-transformed, normalized FPKM expression data. 795 

Intrinsic molecular subtypes were assigned using the PAM50 gene-expression signature and the AIMS 796 

algorithm (AIMS v1.32.0). TNBC samples were further classified using the Lehmann TNBCtype 797 

framework. The original TNBCtype-6 classifier identified six transcriptional subtypes: basal-like 1 798 

(BL1), basal-like 2 (BL2), immunomodulatory (IM), mesenchymal (M), mesenchymal stem-like 799 

(MSL), and luminal androgen receptor (LAR) subtypes37 (Supplementary Figure S30). Following 800 

subsequent refinement of the classifier, the TNBCtype-4 framework was applied to assign samples to 801 

the four tumour-intrinsic subtypes BL1, BL2, M, and LAR, with IM and MSL excluded because these 802 

subtypes were found to predominantly capture immune and stromal signals, respectively54. 803 

In parallel, the Burstein classification was applied to the same log2-transformed, normalized FPKM 804 

expression profiles to derive four molecular subtypes: luminal androgen receptor (LAR), mesenchymal 805 

(MES), basal-like immune-suppressed (BLIS), and basal-like immune-activated (BLIA)55. These 806 

complementary classification frameworks were used to characterize distinct dimensions of 807 

transcriptomic heterogeneity within TNBC.  808 

 809 

Data availability 810 

Processed and raw sequencing data from the Indian Breast Cancer Genome Atlas (IBCGA) will be 811 

accessible through the IBCGA data portal (https://csir-ibcga.igib.res.in/). The portal provides public 812 

access to processed datasets with gene-wise query capabilities and interactive visualisation tools. Raw 813 

sequence data are available under controlled access via the same portal. Researchers are required to 814 

submit a data access request outlining the proposed research to the Data Management Group. Raw data 815 

access is possible following review of the proposal keeping with institutional and regulatory guidelines. 816 
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