Supplementary Methods 

Study Data
Annotation Data
[bookmark: 3rdcrjn][bookmark: 26in1rg][bookmark: lnxbz9][bookmark: 35nkun2][bookmark: 1ksv4uv][bookmark: 44sinio][bookmark: 2jxsxqh][bookmark: z337ya][bookmark: 3j2qqm3]To better characterize our variants, we took advantage of several external databases and in-house datasets for annotation. In particular, we used ANNOVAR to obtain information on genes, protein changes, and type of variants (missense mutations, truncating mutations, InDels, etc.) [1]. Only variants found within the coding sequence and classified as non-synonymous were retained. ANNOVAR also annotated the variants for “predicted phenotypic effect” with 9 tools included in the dbNSFP database [2] (SIFT [3], Polyphen2_HDIV, Polyphen2_HVAR [4], LRT, MutationTaster [5], MutationAssessor [6], FATHMM [7], RadialSVM, LR [8]). We summarized this information as a comprehensive deleteriousness score (DS), calculated as the proportion of tools calling a particular variant as damaging or probably damaging. Finally, ANNOVAR provided information about the presence of the variant as a somatic mutation in the COSMiC database [9], and of its presence in the ClinVar database [10]. This information was integrated with custom annotations from other public resources. In particular, we annotated whether the variant was present in the cBioPortal database [11] for the same amino acidic change, and in other databases of known disease causing and cancer related mutations, such as CIViC (https://CIViC.genome.wustl.edu), DoCM (http://docm.genome.wustl.edu/), and Humsavar (http://www.uniprot.org/docs/humsavar). These resources provided evidence of some overlap between our case variants and somatic mutations in cancer. The annotated genes were flagged if they belonged to at least one of three categories according to biological and cancer related characteristics: i) genes known to be predisposing for cancer, ii) genes known to be driver in cancer at the somatic level, and iii) genes involved in DNA repair. The first list was created based on the most recent literature, including [12–15] and it represents the state–of-the-art of the knowledge on CPGs (315 genes). The list of known somatic drivers was created using the following 6 tools for detecting driver genes: DOTS-Finder [16], MutSigCV [17], MuSiC [18], OncodriveCLUST [19], OncodriveFM [20], and TUSON [21]. We identified 413 somatic driver genes, considering only the genes predicted to be drivers by at least two different computational methods. Finally, we added a comprehensive list of 166 genes involved in DNA repair [22]. In total, we considered 758 genes as our target gene list (Additional File 1 – Table S1). In addition, we also classified these genes as potential oncogenes or tumor suppressors, based on the joint results from literature annotations and from those tools that classify genes in tumor suppressors or oncogenes based on their mutational patterns [12,13,16,21,23]. In case of discordant results, the gene was considered both a tumor suppressor and an oncogene. In total, we classified 119 genes as oncogenes and 235 genes as tumor suppressors (Additional File 1 – Table S2). We retrieved a dataset of known breast cancer associated SNPs from the GWAS studies included in the Human Genome Research Institute’s Catalog of Published Genome-wide Association Studies (NHGRI-EBI GWAS Catalog version 2016-05-08) [24]. Each SNP was reported with a p-value based on the manual curation of the literature about treat/disease association SNPs (TASs) as reported in Hindorff et al. [25]. We manually selected the publications included in the catalog under the ontology “breast cancer” with studies in cohorts of European origin during the discovery phase and presenting SNPs associated with the disease and not with some of its characteristics with at least a p-value of 5e10-8, which is the default value used in the catalog. For example, we excluded studies about drug resistance, chemotherapy adverse events, or levels of proteins in breast tissues. These variants are not directly associated with the disease but represent a flag for a probable region where the disease-causing variant might be found. In total, we collected a list of 130 unique SNPs from 23 studies (see Additional File 1 – Table S3). The table contains 177 hits because some of the SNPs are confirmed by more than one study. Using HapMap recombination data [26], we created the boundaries of such regions, defined as all the DNA regions surrounding the GWAS SNPs below a recombination rate of 20 cM/Mb (linkage disequilibrium blocks, LD blocks) [27]. If one of our variants fell into one of these regions, its distance from the flag GWAS SNP was annotated (Additional File 1 – Table S4). Actually, there is no direct relationship between physical distance and genetic distance but, since we are inside low recombination regions, we can consider base pair distance as a proxy for cM distance.

Data Preprocess
[bookmark: 1y810tw]Case data preprocess was based on the whole GATK pipeline used by the ExAC consortium to avoid pipeline specific biases [28]. This included Picard MarkDuplicates, local realignment around InDels, base quality recalibration, haplotype call, joint genotyping, and variant quality score recalibration (http://broadinstitute.github.io/picard) [29]. Our pipeline also included the splitting of multiallelic sites and left alignment, in order to phase both cases and controls more easily. In order to obtain robust genotype calls, we retained genotype calls with genotype quality higher than 20 and depth of sequencing higher than 10. 
As breast cancer is much more common in women than men, our case dataset was composed of 7 men and 666 women. We therefore fixed the ploidity for men on chromosome X in non-pseudo autosomal regions. We also checked that all the variants called were genuine germline alterations by comparing them with the somatic mutations calls available from the TCGA for all our 673 cases. We used bcftools/vcftools, variant tools (vt) [30,31] and in-house scripts to process the post-call data.

Statistical Analyses
Annotation based analysis
The annotation based analysis (used in the first two sections of the results) is made up of a simple annotation and filtering step-wise procedure (as summarized in Fig. 3). Rare non-synonymous variants were retained, and only those with a case MAF greater than the controls kept (control MAF below 1%). Subsequently, only damaging mutations with a DS of at least 0.5 (i.e., the majority of tools for prediction of phenotypic effect considering the mutation as damaging) were selected. The pipeline was then divided in two branches. On the one side (right arm of Fig. 3), we looked for those variants that had been classified as somatic in any type of tumor using the COSMIC and the cBioPortal databases. On the other side, we took into consideration only variants that fell into the LD blocks of previously annotated breast cancer associated SNPs in GWAS studies (see section Method – Study data - Annotation Data).

Tumor suppressor-like analysis
[bookmark: 2xcytpi][bookmark: 1ci93xb]In this analysis, we performed a gene-wise test that looks for imbalance in the allele counts in truncation events between cases and controls (Loss-of-function testing, LOF). In this testing procedure, we looked for truncating variants, i.e., frame shift InDels or nonsense mutations that retain, by definition, a higher probability of creating a loss-of-function event. In this context, we wanted to replicate the method by which driver somatic tumor suppressor genes are generally discovered, using the frequency of any rare truncation compared to the same frequency in the control cohort [13,16,21]. We first filtered out common events (over 1% in the control cohort) and then we performed, for every variant, a simple Fisher’s exact test between minor/major allele counts between cases and controls. For every gene, we aggregated all the p-values obtained from the tests using the Stouffer method [32] to obtain a single value per gene. In this procedure, a weighting proportional to the inverse of the control frequency was applied so that the rarer the variant, the higher the weighting applied in the aggregation step. Finally, amongst the genes belonging to our target gene list, we retained only those with an FDR corrected p-value below 0.05.

Age-dependent polygenic modeling
[bookmark: 3whwml4]The Age-dependent polygenic model branch is a step-wise procedure. Like for the LOF procedure, we calculated a minor/major variant-wise Fisher’s exact test between cases and controls, including all variants, without applying any filter to the MAF of the control cohort. For multiallelic sites, references and alternatives composed a matrix of 2 rows (controls and cases) by n+1 columns, where 1 represents the reference counts and n the number of different alternative alleles. A bootstrap version of Fisher’s test was used in this case. The calculated p-values were added as an explanatory variable in the step-wise procedure. We also ran other commonly used human genetic statistical tests and the p-values obtained were added as explanatory variables, both gene-wise and variant-wise. Using RVtest [33], we were able to run SKAT-O [34], CMC [35], and Kbac [36] tests for the gene-wise level, and Wald and SingleScore [37] tests for the variant-wise level. All the aforementioned tests used the 1000 genome original genotype calls [38] (for the Non Finnish European cohort) as the control cohort, since we needed the full genotypes in order to run them and they were not available for the ExAC database. These statistical tests are not used as such but represent features of a classification problem described hereby. 
The workflow:
1) We selected a set of variants from our case samples that account for every variation reported as pathogenic in at least one of the following databases: Humsavar, DoCM, ClinVar or CIViC. Variants were further subset for a manually curated list of cancer related keywords. This list included predisposition to both straight cancer and neoplastic events, as well as to cancer-related syndromes (like Li-Fraumeni or Von Hippel Lindau syndromes), for a total of 38 variants in 24 genes (Additional File 1 – Table S5). 
2) We selected a set of negative control variants from the list of ClinVar annotated variants that were established as non-pathogenic, for a total of 706 variants.
[bookmark: 2bn6wsx]3) We implemented a random forest classifier with 100,001 trees, using a dichotomous response variable (pathogenic, non-pathogenic) with a training set that included all the variants in point 1) and 2) [39]. The features used for classification are reported in Fig. 4a and include all the tests described above, MAF in cases and controls, number of homozygous and heterozygous calls, DS, and a dummy variable describing the type of variant (a truncation event or a simple missense variant). A tree-based algorithm like the random forest is particularly powerful in situations where the interaction of various features is critical for the model. The output of this analysis was the relative number of trees classifying a variant as pathogenic (a proportion between 0 and 1). We named this score random forest (RF) score.
4) We selected the variants that did not belong to the training set and filtered for those showing a RF score of at least 0.5 (majority voting in the random forest procedure)
[bookmark: qsh70q][bookmark: _GoBack]5) We correlated our variants with age at initial pathological diagnosis. The variants found at points 3-4) switched from being subjects to becoming explanatory variables, with a value of 0, 1 or 2 according to the state of the homozygous major allele and of the heterozygous or homozygous minor alleles. With such a dataset, we built a robust elastic net linear model by running, in parallel, 100 models under various random subsets of the dataset, where each feature was weighted in the model by the RF score obtained at point 4) [40]. This procedure guarantees that the average beta values and the number of times a feature is in all the elastic net models remain stable. A penalized linear model like the elastic net is preferable for its ability of assessing the direction and the magnitude of the contribution of each variant. In the case of age for example, we were interested in detecting the variants with a negative beta, in other words, those that contributed to decreasing the age at onset. Considering that a male has one hundred times less risk of getting cancer than a female of the same age, a male patient age was rescaled with a logit function in order to correspond to the same risk of a younger woman. To build the risk function, we used data from the Cancer Research UK report 1996-2011, available at http://www.cancerresearchuk.org/health-professional/cancer-statistics/statistics-by-cancer-type/breast-cancer. 

Gene-wise interactions
To assess whether samples that harbor variants on a gene are more or less prone to develop a secondary somatic mutation on the same gene we developed a permutation test that extracted a number of random patients equal to the number of carriers for 10’000 times from the pool of non-carriers. We then assessed how many times our somatic mutation burden was equal or superior or equal or inferior to the one obtained by random sampling. For this analysis we only considered genes with at least two or more carriers.
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