[bookmark: _GoBack]Supplementary Materials and Methods

In Silico Patient Profile Generation

Each of the 33 diseases is well characterized with sufficient phenotypic features and penetrance information described using HPO terms. We produced synthetic patient profiles by selecting disease HPO terms for the disease determined by the penetrance data. For instance, to generate a synthetic patient with a disease of phenotypes A that is observed in 70% of the patients with this disease, a random value between 0 and 1 was generated by a random number generator of uniform distribution. If the number was equal to or less than 0.7, then phenotype A was assigned to the profile. Phenotype A was not added to the synthetic profile otherwise. Same procedure was carried out on other phenotypes associated with this disease. This process was repeated to generated 1,000 synthetic profiles of each disease1-3. This scenario was denoted as the "optimal" clinical scenario where the patient phenotype is well recognized. 

However, it is common that patients may exhibit symptoms that are not directly related to their indication for testing. In addition, clinician or medical specialists may fail to choose the most accurate terms to describe the phenotype manifestation or the clinical anomaly is not properly defined in HPO vocabulary, so a more generic phenotype is used. These two typical scenarios contribute to a large number of cases in clinical practice and are denoted as "noisy" and "imprecise" respectively. In order to imitate the "noisy" scenario, randomly selected HPO terms were added to the "optimal" profile as noise. The number of noise terms was determined to be half of the number of "optimal" terms in the synthetic patient. To investigate the impact of the "imprecise" terms, each of the "optimal" terms of a patient was replaced by a parent term of the original HPO term4. These procedures were repeated 1,000 times so that 1,000 in silico patient profiles for "noisy" and "imprecise" scenarios were generated respectively, resulting a total of 99,000 simulated profiles for the study.

Phenotypic Characteristics of Clinical Cohort

A total of 422 unique HPO terms were used to describe the phenotypes of all 105 individuals in the cohort. The numbers of HPO terms per case range from 1 to 23, with an average of 6 terms. Out of the 422 phenotypes, 306 terms (73%) were unique to just one individual respectively while another 62 terms (15%) were shared by only two individuals. This collection of phenotypes represents a wide range of developmental abnormalities. The most frequently used 15 terms are shown in Figure S3. It should be noted that the phenotypes with the highest term frequencies are more generic than those with lower term frequencies. For instance, Global developmental delay was used to describe 43 patients in the cohort and the term was annotated with 1063 genes, Short stature was observed in 19 patients and the term was annotated with 832 genes. This was also observed for terms such as Failure to thrive (16 patients, 577 genes), Microcephaly (14 patients, 678 genes) and etc. In contrast, terms that were unique to one or two patients were likely to be more specific, such as Prominent fingertip pads (1 patient, 8 genes), Vocal cord paralysis (1 patient, 11 genes) and Metatarsus adductus (2 patients, 30 genes). 

Sequencing and bioinformatics pipeline

For each of the clinical CES samples from the DGD, Agilent SureSelect Clinical Research Exome (CRE) V1 capture was used as the exome capture platform. FASTQ data generated by MiSeq/HiSeq was aligned to the hg19/GRCh37 reference genome using Novoalign from Novocraft (Selangor, Malaysia, v3) with average coverage of 100X. Read alignment and variant calling were performed with an in-house bioinformatics pipeline that incorporated Novoalign for read alignment, Picard (Broad Institute, Cambridge, MA, v1.14 and 2.14) for marking duplicates, the Genome Analysis Toolkit (Broad Institute, Cambridge, MA, v3.3 and 3.6) for variant calling (reference sequence: hg19/GRCh37 build) and variant read depth filtering (≥5X). Variant call sets were generated in the format VCF 4.1/4.2. Multiple versions are listed for different tools due to incremental upgrades to the clinical bioinformatics pipeline. Variant annotation and initial variant filtration were then performed. This filtration restricted the data to variants in the Human Genome Mutation Database (HGMD) and/or rare variants with a coding effect such missense, stop loss, stop gain, start loss, in-frame insertion, in-frame deletion, frameshift insertion/deletion, and variants within the consensus splice site (+/- 6 bases in intron) among all genes. To eliminate lab-specific sequencing artifacts we used an internal cohort compiled from 665 unaffected and unrelated clinical exome sequencing samples in the laboratory of DGD.  Patient variants present at a high frequency (1.0% or > 6 individuals) in this cohort were removed. All 85 DGD clinical exome samples were filtered against this internal cohort. The VCF files of final products of these exome samples were generated as the input to Phenoxome.

For PediSeq samples, exome capture was performed using SureSelect V4 kit (51MB target size). Exome sequencing was done at 100X depth of coverage on HiSeq 200 sequencers. The same bioinformatics processing was performed on these samples and the variant call sets were preliminarily filtered to remove common variants using the Exome Aggregation Consortium (ExAC)5 database (>0.5% MAF) and the "internal cohort (>5% MAF)" to remove high frequency technical artifacts. The internal cohort consisted of data from 269 samples from various PediSeq cohorts.

Clinical Cohort Analysis Using PhenIX

The samples were processed through a local implementation of PhenIX as we could not use the web version to analyze the samples directly due to the clinical nature of the data. Exomiser (V8.0.0)6 was obtained from its ftp site and then locally installed. To be consistent with the analysis on Phenoxome, same sets of paired VCF files and HPO terms were analyzed in the template of the local installation, where the variant prioritization method was set to PhenIX. Input template for PhenIX was configured to mirror Phenoxome annotation and filtration strategy as much as allowed by the template. This configuration includes setting MAF filter to greater than 0.5% for variants with functional impact of intergenic, intronic, upstream/downstream gene or synonymous variants. PhenIX used the template as its input parameter to generate the ranking of the variants from the input VCF file specified. And the ranking of the reported variants of the samples were used in the comparison against Phenoxome. 

Composite Score Weight Factor Revisit

The weight factor  in Equation 2 was used to combine phenotypic relevance score and the variant deleteriousness score to generate an overall score for each variant, and was set to 0.8 empirically to calculate the scores and hence prioritize the variants. After benchmarking Phenoxome's performance on 105 positive clinical exomes, we re-estimated  to achieve an optimal result. In practice, the higher score of the pathogenic variant generated by Equation 2, the better the rank in each case. Thus, optimizing the global ranking is correlated to maximizing the final scores of all of the pathogenic variants:

 	     (Equation S1)

where  is Equation 2 for each case  in the cohort,  is the phenotypic relevance score of the pathogenic variant,  is the variant deleteriousness score and . Then, 

 				(Equation S2)

The gradient suggests that  is maximized when  is close to 1. In practice, little gain was observed in the 95 clinical samples where the pathogenic genes were in the PGP when  was set to 1. However, completely eliminating the variant deleterious score from Equation 2 will substantially deteriorate the ranking performance of Phenoxome on those ten pathogenic variants whose genes were not in PGP. 
Furthermore, we benchmarked the performance of Phenoxome using all of the clinical samples in two additional configurations ( and ) to better estimate the optimal value of . Since Phenoxome is a phenotype-driven method,  was not considered. ROC curves were plotted based upon the rankings of the pathogenic variants of each individual samples (Figure S4). The area under curve (AUC) scores were then calculated accordingly. While the AUC score of the original configuration () was 0.984, the respective AUC scores for the other two configurations were 0.981 () and 0.982 (). The benchmarking of the three configurations indicated comparable performances while the original setting demonstrated a marginal advantage. Therefore, we decide to continue to use  in Equation 2. Further optimization of  would require additional data from multiple laboratories to prevent overfitting the model. 

Phenoxome Applications

The methods described in this paper have been implemented as a web application. The HPO annotations are updated on a monthly basis, and the web application is publicly available at https://phenoxome.chop.edu. The web application utilizes the public version HGMD obtained through Ensembl annotation system (v91)7. To allow Phenoxome to run in a reasonable time frame (~4 to 10 min) and with a limited memory, we limit the size of input VCF file to 10 MB. A standalone version of the Phenoxome executable is packaged in a docker container and is available for download at: https://hub.docker.com/r/samesense/phenoxome/.
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