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Supplemental Material 

Supplemental Methods 

Whole-exome sequencing (WES) of tumor and germline DNA 

Germline DNA libraries were prepared using the NEBNext Ultra DNA Library Prep Kit 

(New England Biolabs). Tumor DNA was extracted from FFPE using standard 

laboratory deparaffinization, proteinase K digestion, and ethanol precipitation. Tumor 

DNA libraries were prepared using the NEBNext FFPE DNA Repair Mix and NEBNext 

Ultra II DNA Library Prep Kit (New England Biolabs). DNA libraries were pooled and 

hybridized using SureSelect Human All Exon v7 for Illumina Multiplexed Sequencing 

(Agilent). All DNA samples, libraries, and hybridization pools were quantified with Qubit 

2.0 Fluorometer (ThermoFisher), and fragment size was determined by BioAnalyzer 

2100 (Agilent). WES was performed with 150 paired end reads on Illumina NovaSeq 

6000 by the University of Pennsylvania Next Generation Sequencing Core. 

Bioinformatics Analysis: Data Preprocessing 

Tumor and germline BAM files were aligned to the GRCh38 reference genome using 

Burrows-Wheeler Aligner (BWA v.0.7.17) (1). Sequencing quality metrics were 

generated by Samtools (v.1.20) (2). Pathogenic germline variants in BRCA1/2 were 

called by DeepVariant (v.1.6.0) and VarDict and were confirmed with prior clinical 

sequencing records for each patient at the University of Southampton (3, 4). We 

implemented an “identity by descent” (IBD) algorithm (PLINK v.1.9), using common 

biallelic SNV (SNP) locations to confirm matching of tumor and germline DNA samples 

with IBD scores > 0.9 (5, 6).  
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Bioinformatics Analysis: Identification of Somatic Pathogenic SNV and Indels 

Somatic single-nucleotide variants (SNV) and indels were called and filtered using a 

custom computational pipeline (Supplemental Figure 1). SNVs and indels were first 

called by a combination of Lancet (v.1.1.0), Mutect2 (v.4.2.0.0), Strelka2 (v.2.9.2), 

VarDict, and Varscan2 (v.2.4.4), and then annotated using Ensembl Variant Effect 

Predictor (VEP v.112) (4, 7-11). All somatic variants were preprocessed using 

Varlociraptor (v.8.4.6) and custom scripts to remove potential sequencing and FFPE 

artifacts (12). We selected variants with Varlociraptor somatic variant probability ≥ 0.9 in 

cancer genes (Supplemental Table 2) for inclusion in our analysis for POSH but not 

TCGA samples because the lower sequencing depth in the TCGA samples skewed the 

Varlociraptor probability calls (13-15). We cleaned variants to remove those we 

determined as duplicates, such as SNVs called by Strelka2 and Varscan, which 

overlapped with multi-nucleotide variants called by Lancet/Mutect2/Vardict, and indels 

within a 50bp window of a single gene. We excluded upstream and downstream gene 

variants from the analysis. We also excluded insertions and indels >5bp in length that 

were called by Vardict only because the caller does not output BAMs, preventing visual 

validation of the calls in Integrative Genomics Viewer (IGV). Smaller insertions and 

indels could be reviewed using BAM files from the alignment by BWA. 

From the clean set of variants, we selected those that were annotated as pathogenic, 

likely-pathogenic, or pathogenic/likely pathogenic in ClinVar (16).  We used AutoGVP 

(17) to resolve variants with conflicting interpretations of pathogenicity. We also selected 

protein-coding variants annotated as oncogenic or likely oncogenic by OncoKB. 

Additionally, we developed custom criteria to profile variants without ClinVar or OncoKB 



3 
 

records (Supplemental Figure 1). We used ANNOVAR (18) (November 2023 release) to 

annotate our data with gnomAD v.4.1.0 (19) allele frequencies and selected variants 

with allele frequencies ≤ 0.5%, excluding variants annotated benign or likely-benign in 

ClinVar, or neutral or likely neutral in OncoKB. Of these variants, we selected stop-

gained, frameshift, splicing (SpliceAI delta score ≥ 0.5), and start-lost variants, 

accounting for escape of nonsense-mediated decay for those within tumor suppressor 

genes (TSG) (as assigned in COSMIC and OncoKB) (20, 21). 

Bioinformatics Analysis: Calculation of tumor mutational burden (TMB) and single-base 

substitution signatures (SBS) 

Tumor mutational burden (TMB) was calculated according to the following formula: 

(𝑁 𝑠𝑜𝑚𝑎𝑡𝑖𝑐,  𝑒𝑥𝑜𝑛𝑖𝑐 𝑛𝑜𝑛𝑠𝑦𝑛𝑜𝑛𝑦𝑚𝑜𝑢𝑠 𝑆𝑁𝑉 & 𝑀𝑁𝑉 + 𝑖𝑛𝑑𝑒𝑙𝑠)

𝑠𝑖𝑧𝑒  𝑜𝑓 𝑊𝐸𝑆 𝑐𝑎𝑝𝑡𝑢𝑟𝑒 (𝑀𝑏𝑝)
  and single-base substitution (SBS) 

signatures (COSMIC) and their contributions to each tumor sample were identified using 

deconstructSigs (22, 23). Tobacco smoking/chewing signatures, unknown signatures, 

and possible sequencing artefacts, as described by COSMIC, were excluded from the 

contribution calculation (22). Only variants with alternative allele depth > 20, alternative 

allele frequency > 0.01, Varlociraptor (12) somatic variant probability ≥ 0.9, and allele 

frequency ≤ 0.005 in gnomAD v.4.1.0 were used for determining TMB and SBS.  

Bioinformatic Analysis: Identification of somatic pathogenic CNV, determination of allele-

specific loss of heterozygosity, and calculation of homologous recombination deficiency 

Allele-specific copy number variants (CNV) were called by a combination of ASCAT 

(v.3.1.3), FACETS (v.0.6.2), CNVkit (v.0.9.11)/PureCN (v.2.4.0) with segmentation by 

CNVkit and allele-specific calls by PureCN, and Sequenza (v.3.0), and were annotated 
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by AnnotSV (v.3.4.2) (24-29). We filtered CNV by cancer genes and sorted by TSG and 

oncogenes as assigned in COSMIC and OncoKB. We called CNV variants in the TCGA 

samples using only FACETS and CNVkit. 

In TSG, we selected biallelic loss, as defined by copy number 0 in both alleles, noted by 

at least 2 callers.  In the oncogenes, we selected gain (total copy number = 3 or 4) and 

amplification (total copy number ≥ 5) with a consensus from at least 3 callers. When 

consensus was not reached, we calculated the average copy number and designated 

calls as 1) biallelic loss if average copy number was <0.5, 2) gain if average CN was 

>2.5 and <4.5, and 3) amplification if average total copy number was ≥4.5.  

To evaluate the CNV landscape by chromosomal arm, we obtained genomic 

coordinates for each arm from the UCSC genome browser. The average total copy 

number from ASCAT, FACETS, PureCN, and Sequenza was calculated for each arm. 

We designated the calling for each arm based on the following rules: 1) loss if average 

total copy number was <1.5, 2) gain if average total CN was ≥2.5. The visualization is 

representative of the ASCAT segmental calls in IGV. 

To evaluate joint loss of RB1-BRCA2 and TP53-BRCA1, annotated allele-specific copy 

number variation (CNV) segments (including genomic positions and allele-specific copy 

numbers) generated by ASCAT were compiled for BRCA1, BRCA2, RB1 and TP53 in 

each tumor sample. For all tumors with allele-specific loss of heterozygosity in RB1 or 

TP53, we noted the genomic coordinates of the beginning and end of the segment with 

copy loss that overlapped with each gene. We then determined how many times each 

lost segment overlapped with RB1 only or RB1 and BRCA2, or with TP53 only, or TP53 
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and BRCA1. We performed Chi-square tests to determine whether joint loss occurred 

more frequently than expected by chance.  

Allele-specific LOH at BRCA1/2 was noted if the tumor contained 1) a second somatic 

PV in the gene with the germline PV; or 2) allele-specific copy loss of the wildtype allele 

called by at least two out of four CNV callers used: ASCAT, FACETS, PureCN, and 

Sequenza. CNVs were annotated using AnnotSV (24-28). 

Genomic scars HRD score, defined as the sum of genomic LOH, telomeric allelic 

imbalance, and large state transitions, was calculated using HRDex with LOH values 

averaged from ASCAT, PureCN and Sequenza used as input (30). 
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Supplemental Tables (attached excel spreadsheet) 

Supplemental Table 1: Characteristics of BRCA1/2 pathogenic variant carriers in the full 

POSH study and in the current study 

Supplemental Table 2: List of cancer genes evaluated 

Supplemental Table 3: Homologous recombination deficiency scores and tumor 

mutational burden in germline BRCA1 and BRCA2 pathogenic variant carriers 

Supplemental Table 4: Single base substitution signatures in germline BRCA1 and 

BRCA2 pathogenic variant carriers Supplemental Table 5: Clinical characteristics of tumors 

without loss of heterozygosity (nonLOH ) 

Supplemental Table  6: Frequency of variants identified in tumors 

Supplemental Table  7: Significantly altered genes by gene variant 

Supplemental Table  8: Significantly altered genes by estrogen receptor status 

Supplemental Table  9: Significantly altered genes in homologous recombination 

deficiency high and low tumors 

Supplemental Table  10: Significantly altered genes in tumors with and without allele-

specific loss of heterozygosity 
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Supplemental Figures 

Supplemental Figure 1: Custom somatic variant analysis pipeline. 
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Supplemental Figure 2: Landscape of single base substitutions in tumors in POSH. 
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Supplemental Figure 3: Overall survival by loss of heterozygosity status. 
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Supplemental Figure 4: Overall survival by A) homologous recombination deficiency
(HRD), B) single base substitution signature 26 (SBS26), C) overall SBS3, and SBS3 in
D) BRCA1-associated tumors, E) BRCA2-associated tumors, F) estrogen receptor
(ER)-negative, and G) ER-positive tumors. HR = hazard ratio.
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Supplemental Figure 5: Differential enrichment of chromosome arm copy changes 

in BRCA1 and BRCA2 tumors with asLOH adjusted for multiple testing.  
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Supplemental Figure 6: Oncoprint of the 50 most altered genes by single 

nucleotide variants and indels. 
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Supplemental Figure 7: Number of genes with single nucleotide variants/indels/

copy number variants by estrogen-receptor status. 
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Supplemental Figure 8: CONSORT diagram of TCGA samples used in this study. 


