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APPENDIX
[0001] The Appendix includes a bibliography of potentially relevant references listed in a paper authored by
the imventors. The subject matter of the paper is covered in the US Provisionals to which this Application claims
priority to/benefit of. These references can be made available by the Counsel upon request or may be accessible via
Global Drossier. The paper is the first bsted reference.
PREIORITY APPLICATIONS

{3002} This application claims prioxity to or the benefit of US Provisional Patent Application

Mo, 62/573,144, utled, “Traming a Deep Pathogenicity ClassiBer Using Large-Scale Bemgn Training Data,” by
Hong Gao, Kat-How Farb, Laksshman Sundacarn aad Jeremy Francs McRae, filed October 16, 2017 (Attorney
Docket No. ILLM 1000-1/1P-161 I-PEVY; US Provisional Patent Application No. 62/573,149, titled, “Pathogenicity
Classifier Based On Deep Convolutional Neural Networks {CNN5S),” by Kai-How Farh, Laksshman Sundaram,
Samskruthi Reddy Padigepati and Jeremy Francis McHRae, filed October 16, 2017 {Attorney Docket No. ILLM
1000-2/1P-1612-PRVY; US Provisional Patent Application No. 62/373,153, titled, “Deep Semi-Supervised Learning
that Generates Large-Scale Pathogenic Training Data,” by Hong Gao, Kai-How Farh, Laksshman Sundaram and
Jeremy Fraucis McRae, filed October 16, 2017 (Attorney Docket No. ILLM 1000-3 /IP-1613-PRV); and US
Provisional Patent Application No. 62/582,898, titled, “Pathogenicity Classification of Genomic Data Using Deep
Convolutional Neural Networks (CNNs),” by Hong Gao, Kai-How Farh and Laksshman Sundarar, filed Noveruber
7, 2017 (Attorney Docket No. JLLM 1000-4/IP-1618-PRV). These provisional applicanions are hereby incorporated
by reference for all purposes.

INCORPORATIONS

{6063} The following are incorporated by reference for all purposes as if fully set forth herein:
{0004} PCT Patent Application No. PCT/US18/55840, titled “DEEP LEARNING-BASED TECHNIQUES

FOR TRAINING DEEP CONVOLUTIONAL NEURAL NETWOERKS,” by Hong Gao, Kai-How Farh, Laksshman
Sundaram and Jeremy Francis McRae, filed on October 15, 2018 (Attorney Docket No. ILLM 1060-8/ IP-1611-
PCT), subsequently published as PCT Publication No. WO .

{0005} PCT Patent Application No. PCT/USEE/ , titled “SEMI-SUPERVISED LEARNING FOR
TRAINING AN ENSEMRBLE OF DEEP CONVOLUTIONAL NEURAL NETWORKS,” by Laksshman Sundaram,
Kai-How Farh, Hong Gao and Jereray Francis McRae, filed contemporaneously on October 15, 2018 (Attomey
Docket No. ILEM (000-30/1P-1613-PCT) , subsequently published as PCT Pubbicagop No. WO
{6006} US Nouprovisional Patent Application titled “DEEP LEARNING-BASED TECHNIQUES FOR.
TRAINING DEEP CONVOLUTIONAL NEURAL NETWORKS,” by Hong Gao, Kai-How Farh, Laksshman
Sundaram and Jeremy Francis McRae, (Attorney Docket No. ILLM 1600-5/IP-1611-US) filed contemporancously.
{05607} US Nonprovisional Patent Application titled “DEEP CONVOLUTIONAL NEURAL NETWORKS
FOR VARIANT CLASSIFICATION,” by Laksshman Sundaram, Kai-How Farh, Hong Gao and Jeremy Francis
McRage, (Attorney Docket No. ILLM 1000-6/1P-1612-US) filed contemporaneously.

{008} LS Nonprovisional Patent Application titled “SEMI-SUPERVISED LEARNING FOR TRAINING
AN ENSEMBLE OF DEEP CONVOLUTIONAL NEURAL NETWORKS,” by Laksshran Sundaram, Bai-How
Farh, Houg Gao and Jeremy Francis McRae, (Attorney Docket No. ILLM 1000-7/IP-1613-US} filed

conteraporanesou ‘)I}/ .
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[6009] Document } — A. V. D Gord, S. Dnelernan, H. Zen, K. Sirnonyaag, O. Vinyals, A. Graves, .
Kalchbrenuer, A. Senior, aad K. Kavukevogly, “WAVENET: A GENERATIVE MODEL FOR RAW AUDIO)”
arXiv:1609.03499, 2016;

{4010} Document 2 — S. O. Arik, M. Chrzanowski, A. Coates, G. Diamos, A. Gibiansky, Y. Kang, X. L, J.
Miiler, A. Ng, J. Raiman, S. Sengupta and M. Shoeybi, “DEEP VOICE: REAL-TIME NEURAL TEXT-TO-
SPEECH,” arXiv:1702.07825, 2017;

{0011} Document 3 - F. Yu and V. Koltun, “MULTI-SCALE CONTEXT AGGREGATION BY DILATED
CONVOLUTIONS,” arXiv:1511.07122, 2016;

{0012} Document 4 - K. He, X, Zhang, S. Ren, and J. Supn, “BEEP RESIDUAL LEARNING FOR IMAGE
RECOGNITION,” arXiv:1512.03385, 2015;

{4013} Document 5 - R.K. Srivastava, K. Greff, and J. Schmidtivber, “HIGHWAY NETWORKS,” arXiv:
1505.00387, 2015;

{6014} Docuraent 6 — G, Huaog, Z. L, L. van der Maaten and K. Q. Weinberger, “DENSELY
CONNECTED CONVOLUTIONAL NETWORKS,” arXiv: 1608.06993, 20617;

[#0615] Docurment 7 — €. Szegedy, W. Lin, Y. Jia, P. Sermanet, S. Reed, D. Anguclov, D. Erhan, V.
Vanhoucke, and A. Rabinovich, “GOING DEEPER WITH CONVOLUTIONS,” arXiv: 1409.4842, 2014;

{0016} Document 8 — S. Ioffe and C. Szegedy, “BATCH NORMALIZATION: ACCELERATING DEEP
NETWORK TRAINING BY REDUCING INTERNAL COVARIATE SHIFT,” arXiv: 1502.03167, 2015;

(3617} Document 9 - I. M. Wolterink, T. Lesuer, M. A. Viergever, and L Bgum, “DILATED

CONVOLUTIONAL NEURAL NETWORKS FOR CARDIOVASCULAR MR SEGMENTATION IN
CONGENITAL HEART DISEASE,” arXiv:1704.03669, 2017;

[0618] Docuraent 10 - L. C. Pigueras, “"AUTOREGRESSIVE MODEL BASED ON A DI
CONVOLUTIONAL NEURAL NETWORK FOR AUDIO GE
2016;

<P

(ERATION,” Tampere University of Technology
[ERATION,” Tampere University of Technology,

{6019} Document 11 — J. Wu, “Introduction to Convolutional Neural Networks,” Nanjing University, 2017;
{8020} Document {2 — 1. J. Goodfellow, D. Warde-Farley, M. Mirza, A. Courville, and Y. Bengio,
“CONVOLUTIONAL NETWORKS”, Deep Learning, MIT Press, 2016; and

{0021} Document 13 - J. Gu, Z. Wang, J. Kuen, L. Ma, A. Shahroudy, B. Shuai, T. Liu, X. Wang, and G.

Wang, “RECENT ADVANCES IN CONVOLUTIONAL NEURAL NETWORKS,” arXiv:1512.87108, 2017.
{9022} Document 1 describes deep convolutional neural network architectures that use groups of residual
blocks with convolution filters having same convolution window size, batch nommalization layers, rectified hnear
unit (abbreviated ReLL} layers, dimensionalbity altertag layers, atrous convolution layers with exponentially growing
atrous convolution rates, skip counections, and a softmax classification layer to accept an loput sequence and
produce an output sequence that scores entries in the input sequence. The technology disciosed uses neural network
components and parameters described in Document 1. In one implementation, the technology disclosed modifies the
parameters of the neural network components described in Document L. For instance, uniike in Document 1, the
atrous convolution rate in the technology disclosed progresses non-cxponentially from a lower residual block group
to a higher residual block group. In another example, unlike in Document 1, the convolution window size in the
technology disclosed varies between groups of residual blocks.

{6023} Docurent 2 describes detatls of the deep convolutional newral network architectures described in

Document 1.
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0024} Document 3 describes atrous convolutions used by the technology disclosed. As used herein, atrous
convolutions are also referred to as “dilated convohrtions”. Atrous/dilated convolutions allow for large receptive
fields with few trainable parameters. An atrous/dilated convolution 18 a convolution where the keruel is applied over
an area larger than its length by skipping mput values with a certain step, also called atrous convolution rate or
dilation factor. Atrous/dilated convolutions add spacing between the elements of a convolution filter/kernel so that
neighboring input entries (e.g., nucleotides, amino acids) at larger intervals are considered when a convolution
operation is performed. This enables incorporation of long-range contextual dependencies in the input. The atrous

convolutions conserve partial convolution calculations for reuse as adjacent nucleotides are processed.

[6925] Docurent 4 descubes residual blocks and residual counections used by the technology disclosed.
{0026} Document 5 describes skip connections used by the techuology disclosed. As used heren, skip

connections are also referred to as “highway networks”.

{6027} Bocument 6 describes densely counected convolutional network architectures used by the techuology
disclosed.
{6028} Document 7 describes dimensionality altering convolution layers and modules-based processing

pipelines used by the technology disclosed. One example of a dimensionality altering convolutionisa | x 1

convolution.

{0029} Document 8 describes baich normalization layers used by the technology disclosed.

{3030} Docunient 9 also describes atrous/dilated convolutions used by the technology disclosed.
{0031} Document 10 describes various architectures of deep neural networks that can be used by the

technology disclosed, including convolutional neural networks, deep convolutional neural networks, and deep
convolutional neural networks with atrous/dilated convolutions.

{4032} Docurcent 1 describes details of a convolutional neural network that can be used by the techuology
disclosed, 1ucluding algorithras for tratning a convolunonal neural vetwork with subsampling layers {e.g., pooling)

&

and fully-connected layers.

{6033} Document 12 describes details of various convolution operations that can be used by the technology
disclosed.
[8034] Docunent 13 describes various architectures of convolutional neural networks that can be used by the

technology disclosed.

INCORPORATION BY REFERENCE OF TABLES
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{035} Following table files 1 ASCII text format are submitted with this application and ncorporated by

reference. The names, creation dates and sizes of the files are:

{3036} SupplersentaryTabled ki Ociober 2, 2018 13 KR
{6037} SupplementaryTable2.txt October 2, 2018 13 KB
[0038] SupplementaryTable3.txt October 2, 2018 11 KB
{6039} SupplementaryTabled.txt October 2, 2018 13KB
{3048} Supplementary Table6.1xt October 2, 2018 12 KB
{8041} SupplementaryTable7.txt October 2, 2018 44 KB
{8042} SupplementaryTablel3.txt QOctober 2, 2018 119 KRB
{8043} SupplerentaryTablel 8.1t October 2, 2018 35 KRB
[3644] Supplementary Table2C.ixt October 2, 2018 1027 KB

{1045} SuppleraentaryTable2 0Swmrnary . txt October 2,2018 9KB



{346} SupplementaryTable2 1.ixt {October 2, 2018 24 KB

[(#047] SupplernentaryTable2 Lixt October 2, 2018 24 KB

{3048} SupplementaryTablei8.ixt {October 4, 2018 35KB

[3049] DataFileS1.txt October 4, 2018 138 MB

[3050] DataFileS2.txt October 4, 2018 980 MB

{8051} DataFileS3.txt October 4, 2018 1.01 MB

[8052] DataFileS4.txt October 4, 2018 834 KB

{0053} Pathogenicity prediction_model.txt October 4, 2018 8.24 KR

{6054} Supplementary Table 1: Details of the variants from each species used in the analysis. The table

inclodes the wtenmediate resolts in the pipehne for each of these data sources. Note this table 1is provided in
Supplementary Tablel txt.

{0835} Supplementary Table 2: Depletion of ruissense variants present 1o other species at comraon human
allele frequencies. The depletion was calculated based on the missense:synonyraous ratio 1o common variands (>
0.1%) compared to rare variants (< 0.1%), using variants that were identical-by-state between human and the other
species. Note this table is provided in SupplementaryTable2.txt.

{6056} Supplementary Table 3: Depletion of missense variants present in other species at common human
ailele frequencies, restricted only to genes with > 50% mean nucleotide conservation between human and other
mammals. The depletion was calculated based on the missense:synonymous ratio in commmon variants (> 0.1%;)
conapared to rare vartants (< (.1%), using variants that were identical-by-state between human and the other species.
Note this table is provided in SupplementaryTable3. it

{6057 Supplementary Table 4: Depletion of miissense vanants present as fixed substitutions in related species
pairs at coramon human allele frequencies. The depletion was caleulated based on the missense:synonymous xatio in
coramon vagants (> 0.190) compared to rare vagaats {< 0.1%;), using variants that were wdentical-by-state between
human and the related species pair. Note this table is provided 1o SupplementaryTabled.xt.

{6058} Supplementary Table 6: Domain specific annotation of SCNZA gene. Wilcoxon rank sum p-values
indicate the divergence of PrimateAl scores in the specific domain in comparison with the entire protein. The
domains, highlighted in bold, cover approximately 7% of the protein, but have the majority of ClinVar pathogenic
annotations. This correlates well with the average PrimateAl scores for the domains and are the top 3 pathogenic
domains according to the PrimateAl model. Note this table is provided in Sopplementacy Table6. tat.

{3459} Supplementary Table 7: Raw counts used in calculating the effect of allele frequency on expected
nissense:synonyrous ratio. Expected counts of synonymous and missense variants were calculated based on
variants 10 wteonic regions, ustag trinucleotide context to control for youtational rate and gene conversion. Note this

table is provided in Supplementacy Tables xlsx.

{0066} Supplementary Table 13: List of protein names from the Protein DataBank (PDB) used for training the
deep learning models for 3-state secondary structure and 3-state solvent accessibility prediction. The label columm

indicates if the proteins are used in the training/validation/testing phases of model training. Note this table is
provided in SupplementaryTablel 3 1xt.

{0061} Supplementary Table 18: List of 605 genes that were nominally significant for disease association in
the DDD study, calculated from protein-truncating variation only {(p<0.05). Note this table is provided in
Supplementary Table 18.1xt.

{8062} Supplementary Table 20: Results of testing for ennchment of de nove mutations (DNMs) per gene, for

all genes with at least one observed DNM. P-values are provided, when including all DNMs, and after removing



missense DNMs with PrimateA] scores < 0.803. FDR corrected P-values are similarly provided. Counts of observed
protern truncating (PTV) and raissense DNMs are included, from just the DDD cohort and frora the full meta-
analysis cohort. Stmilar counts of observed and expected raissense DNMs are also iecluded, fiestly wheo wcluding
al missense DNMs, and secondly after removing all missense DNMs with a PrimateAl score < 0.803. Note this
table is provided in SupplementaryTable20.txt and SuppiementaryTable20Summary txzt.
{0063} Supplementary Table 21: Results from: testing enrichment of de novo mutations in genes with FDR <
0.1. Counts of observed protein truncating (PTV) de novo mutations, and counts of other protein-altering de novo
mutations, once with all missense de novo mutations and once with only damaging missense mutations, are
included. P-values when including all missense sites, versus P-values after excluding low scoring miissense sites are
provided. Note this table 1s provided in SupplementaryTable2 1.1xt.
{6064} DatabileSt: List of all variants present in other species. The ClinVar Significance column contains the
avaliable non-conflicting ClinVar anuotations. Note this table is provided in DataFileS] .txt.
[(065] DataFdeS82: List of all fixed substitutions from related species pairs. Note this table 1s provided w
DataFileS2.ixt.
{3066} DataFileS3: List of withheld benign test variants IBS with primates. The benign test variants are non-
cormmon human variants that are IBS with >=1 primate species. Note this table is provided in DataFileS3.1xt.
[0067] DataFileS4: List of uniabeled variants IBS with primates matched to withheld benign test variants. The
unlabeled variants are matched with benign test variants, for mutational rate, coverage biases and alignability with
primate species. Note this table 1s provided 1 DatabileS4.txt.
{0068} Pathogenicity prediction model: Code in Python programming language that enables the technology
disclosed according to one irnplementation. Note this code file 1s provided in Pathogenicity prediction model.txt.
FIELD OF THE TECHNOELOGY DISCLOSED
{6069} The technology disclosed relates to artificial xtelligence type computers and digital data processing
systems and corresponding data processing methods and products for exulation of 1otelhigence (i.e., knowledge
based systenss, reasoning systemas, and knowledge acquisition systems); and including systems for reasoning with
uncertainty (e.g., fuzzy logic systems), adaptive systems, machine learning systems, and artificial neural networks.
In particular, the technology disclosed relates to using deep learning-based techniques for training deep

convolutional neural networks.

BACKGROUND
{0076} The subject matter discussed in this section should not be assurned to be prior act merely as a result of

its mention 1o this section. Sumilarly, a problem meationed in this section or associated with the subject matter
provided as background should not be assumed to have been previously recognized in the prior art. The subject
matter in this section merely represents different approaches, which in and of themselves can also correspond to

implementations of the claimed technology.

Machine Learning
{0071} In machine learning input variables are used to predict an output vaniable. The mput vartables are often
alled features and are denoted by X = (X, X5, ..., X}, where each X,/ € 1, ., kis a feature, The output variable is

often called the response or dependent variable and is denoted by the variable Y. The relationship between ¥ and the
corresponding X can be written in a general form:

Y= f0+e



{6472} Io the equanion above, fis a function of the features (X, X5, .., & and € is the random ercor teron.
The error term is independent of X and has a mean value of zero.
{6873} In pracoee, the features X are available without having Y or knowing the exact relation between X and

Y. Since the error terra has a mean value of zero, the goal is to estimate

{0074} In the equation above, | /" is the estimate of €, which is often considered a black box, meaning that
only the relation between the input and output of f is known, but the question why it works remains unanswered.

{4075} The function £ is found using learning. Supervised learning and wnsupervised learning are two ways

used in machine learning for this task. In supervised learning, labeled data is used for training. By showing the

inputs and the corresponding outputs (=labels), the function f is optimized such that it approximates the output. In

supervised learning, the goal s to find a hidden structuee froro unlabeled data. The algorithro has no raeasure of

accuracy on the input data, which distinguishes it from supervised learning.

Neural Metworks
[8076] FIG. 1A shows one implementation of a fully connected neural network with multiple layers. A neural

unetwork is 2 system of intercounected artificial neurons {e.g.. a;, &, a;) that exchange messages between each other.

The iilustrated neural network has three wnputs, two nevrons in the hidden layer and two neurons in the output layer.

The hidden layer has an activation function [ (#) and the output layer has an activation function g{e) . The

conuections have numenc weights {e.g., Wi, Wai, Wiz, Wai, Wiz, Wi, Vip, Voz) that are tuned during the training

process, so that a properly trained network responds correctly when fed an image to recognize. The input layer
processes the raw input. the hidden layer processes the output from the input layer based on the weights of the
connections between the input layer and the hidden layer. The output layer takes the output from the hidden layer
and processes it based on the weights of the connections between the hidden layer and the output layer. The network
includes multiple layers of feature-detecting neurons. Each layer has many neurons that respond to different
combinations of inputs from the previous layers. These layers are constructed so that the first layer detects a set of
primitive patterns in the input image data, the second layer detects patterns of patterns and the third layer detects
patterns of those patterns.
{8877} A survey of application of deep learaimg v genomics can be found i the following publications:
« T. Ching et al., Opportunities And Obstacies For Deep Learning In Biclogy And Medicine,
www.biorxiv.org:142760, 2017;
e  Angermuelier C, Pérnamaa T, Parts L, Stegle O. Deep Learning For Computational Biology. Mol Syst
Biol. 2016;12:878;
e Park Y, Kellis M. 2015 Deep Learning For Regulatory Genomics. Nat. Biotechnol. 33, 825-826.
(do1:10.1038/mbt.3313);
e Min, 5., Lee, B. & Yoon, S. Deep Leaming (n Bioinformatics. Bref, Bioinform. bhw068 (2016);
e  Leung MK, Delong A, Alipanahi B et al. Machine Learning In Genomic Medicine: A Review of
Computational Problems and Data Sets 2016; and
¢ Libbrecht MW, Noble W5, Machine Learmug Applications In Genetics and Genomics. Nature Reviews

Genetics 2015;16{6%321-32.
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BRIEF DESCRIPTION OF THE DRAWINGS

{3078} In the drawings, like reference characters generally refer to like pacts throughout the different views.
Also, the drawings are not necessarily to scale, with an emphasis instead generally being placed upon illustrating the
* o e 7 i o o o <

principles of the technology disclosed. In the following description, various implementations of the technology

disclosed are described with reference to the following drawings, in which:

{0079} FIG. 1A shows one implementation of a feed-forward neural network with multiple layers.
{3080} FIG. 1B depicts one implementation of worldngs of a convelutional neural network.
{8081} FIG. 1€ depicts a block diagram of training a convolutional neural network in accordance with one

impleruentation of the technology disclosed.

{0082} FIG. 18 is one implementation of sub-sampling layers (average/max pooling) in accordance with one
impleruentation of the technology disclosed.

{3483} FIG. 18 shows one iroplernentation of a RelL.U non-iraear layer 10 accordance with one

inplementation of the technology disclosed.

{6084} FIG. 1F depicts one implementation of a two-layer convolution of the convolution layers.

{3085} FIG. 16 depicts a residual connection that reinjects prior information downstream via feature-map
addition.

[0086] FIG. 1H depicts one impiementation of residual blocks and skip-connections.

{0087} FIG. 18 shows the batch normalization forward pass.

{8088} FEG. 1.3 ilustrates the batch nornmalization transform at test time.

{3089} FiG. 1K shows the batch normalization backward pass.

D FIG. 1L depicts use of a bateh normalization layer after and before a convolutional or densely

counected layer.

{0691} FIG. 1M shows one winplementation of 1D convolution.

{4092} (s, IN ilusteates how global average pooling (GAP) works.

[6093] FIG. 10 illustrates dilated convolutions.

[0094] FIG. 1P shows one implementation of stacked dilated convolutions.

[8095] FIG. 1Q shows an example computing environment in which the technology disclosed can be
operated.

{096} FRG. 2 shows an example architecture of a deep residual network for pathogenicity prediction, referred

to herein as “Primate AL

{097} FRG. 3 depicts a schematic illustration of Primuate Al the deep learning network architecture for

pathogenicity classification.

{3098} Fi(ss. 4A, 4B, and 4€C are Supplementary Table 16 that show exaraple yoodel architectare details of
the pathogenicity prediction deep learning model PrimateAl

[0099] FIGs. § and 6 illustrate the deep learning network architecture used for predicting secondary structure
and solvent accessibility of proteins.

{00100} FIGs. 7A and 7B are Supplementary Table 11 that show example model architecture details for the 3-
state secondary structure prediction deep learning (DL) model.

{00101} FIGs. 84 and 8B are Supplementary Table 12 that show example model architecture details for the 3-
state solvent aceessibility prediction deep learning model.

{60162} FEG. 9 depicts one implementation of generating reference and altemative protein sequences from

benign and pathogenic variants,



{60143} ¥EG. 14 shows one implerentation of aligning reference and altermative protetn sequences.
{30104} iz, 11 is one tmplementation of generating position frequency matrices {abbreviated PFMs), also

alled posttion weight raatrices (abbreviated PWMs) or position-specific scortng matrix (abbreviated PSSM).

[#0105] FiGs. 12, 13, 14, and 15 show processing of the secondary structure and solvent accessibility
subnetworks.
{00106} FIG. 16 operation of a variant pathogenicity classifier. As used herein, the term variant also refers to

single nucleotide polymorphisms {abbreviated SNPs) and generally to single nucleotide variants (abbreviated
SNVs).

[#0107] G, 17 illostrates a residual biock.

{30108} FEG. 18 depicts a neural network architecture of the secondary structure and solvent accessibility

subnetworks.

[B0109] FIG. 19 shows a newral network architecture of the vanant pathogenicity classifier.
{40114} Fie. 28 shows predicted pathogenicity score at each armive acid position in the SCN2A geue,

annotated for key functional domains.

{00111} FIG. 21D shows a comparison of classifiers at predicting benign consequence for a test set of 10,000
common primate variants that were withheld from training.

{00112} FIG. 21K illustrates distributions of PrimateAl prediction scores for de nove missense variants
occurring in Deciphering Developmental Disorders (DDD) patients compared to unaffected siblings, with
corresponding Wikcoxon rank-sum P value.

[$0113] FBG. 21F depicts comparison of classifiers at separating de novo missense variaats in DDD cases
versus controls. Wileoxon rank-sum test P values are shown for each classifier.

[#0114] FiG. 22 A shows endchraent of de novo missense mutations over expectation w affected wndividuals

frorn the DD cohort within 603 associated genes that were significant for de novo protein trxncating variation
(P<0.05).

[60115] FIG. 22B depicts distributions of PrimateAl prediction scores for de nove missense variants occurring
in DDD patients versus unaffected siblings within the 605 associated genes, with corresponding Wilcoxon rank-sum
P value.

{80116} FIG. 22C shows comparison of various classifiers at separating de novo missense variants in cases
versus conirols within the 603 genes.

{80117} FEG. 2213 depicts comparison of various classifiers, shown ou a receiver operator characteristic curve,

with area under curve (AUC) indicated for each classifier.

00118} FYG. 22K diustrates classification accuracy and area uoder cuxve (AUC) for each classifier.
[30119] FiGs. 234, 238, 23C, and 231 show impact of data used for training on classification accuracy.
[00128] FIG. 24 illustrates correcting for the effect of sequencing coverage on the ascertainment of common

primate variants.
{00321} FIGs. 254, 258, 25C, and 26 depict recognition of protein motifs by the disclosed neural networks.
FIG. 26 includes a line plot showing the effect of perturbing each position in and around the variant on the predicted

deep learning score for the variant.

{00122} FIG. 27 illustrates correlation patterns of weights mimic BLOSUMG2 and Grantham score matrices
[$0123] FiGs. 28A, 288, and 28C show performance evaluation of the deep learning network PomateAl and

other classifiers.

{30124} FiGs. 29A and 298 illustrate disteibution of the prediction scores of four classifiers.
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[B0125] FiGs. 304, 368, and 36C corapare the accuracy of the PrimateAl network and other classifiers at
separating pathogenic and benign vanants in 605 disease-associated genes.
{0126} FIGs. 31A and 31 dlustrate correlation between classifier performance on buman expert-curated

ClinVar variants and performance on empirical datascts.

[00127] FIG. 32 is Supplementary Tabie 14 that shows performance of the 3-state secondary structure and 3-
state solvent accessibility prediction models on annotated samples from the Protein DataBanl.

[060128] FIG. 33 is Supplementary Table 15 that shows performance comparison of deep learning network
using annotated secondary structure labels of human proteins from DSSFE database.

[{(1063129] FREG. 34 15 Supplementary Table 17 that shows the accuracy values on the 10,000 withheld primate
variants aud the p-valves for de nove variants in IDDD cases vs countrols for each of the 20 classifiers we evaluated.
{6334} Fis. 35 is Supplementary Table 19 that shows comparison of the performance of different classifiers
on de nova variants in the DD case vs control dataset, restricted to 605 disease-associated genes.

{66131

Fi¢s. 36 shows 2 computing envircnment of the disclosed semi-supervised leamer.

(68133

]
[60132] FiGs. 37, 38, 38, 40, and 41 show various cycles of the disclosed semi-supervised learning.
] FI4G. 42 is an illustration of the tterative balanced sampling process.

]

{60134 FIG. 43 illustrates one implementation of a computing environment used to generate the benign
dataset.

[00135] FIG. 44 depicts one implementation of generating benign human missense SNPs.

{80136} FIG. 45 shows one mmplementation of human orthologous missense SNPs. A missense SNP in a non-

human species that has matching reference and altemative codons with homans.

{80137} FIG. 46 depicts one implementation of classifying, as benign, SNPs of a non-human primate species
(e.g., Chirapanzee) with matching reference codons with bumans.

{60138} FIG. 47 depicts one iraplementation of caleulating enxichment scores and comparing them.

{60139} FBG. 48 depicts one unplementation of the benign SNP dataset.

[30140] FIGs. 494, 498, 49C, 49D, and 49E depict missense/synonymous ratios across the human aliele
frequency spectrum.

[00141] FIGs. 504, 568, S0C, and 58D show purifying selection on missense variants identical-by-state with
other species.

{40342} FiG. 51 shows expected missense:synonyruous ratios across the buman allele frequency spectrom in
the absence of purifying selection.

{30343} FiGs. 524, 528, 52C, and 52 depict rissense:synonymous ratios for CpG and non-Cp( variants.
{001 44] FIGs. 533, 54, and 55 :Hustrate missense:synonymous ratios of human variants :dentical by state with
31X prirnates.

[30145] FIG. 56 is a simulation showing saturation of new common missense variants discovered by
increasing the size of the human cohorts surveyed.

{00146} FIG. 57 shows accuracy of PrimateAl across different conservation profiles in the genome.

{00147} FIG. 58 is Supplementary Table 5 that shows contributions to the labeled benign training dataset from
common human variants and variants present in non-human prinates.

{00148} FIG. 59 is Supplementary Table 8 that shows effect of allele freguency on expecte
NHSSeNSEBYONYInOus ratio.

{30149} FIG. 68 13 Supplementary Table 9 that shows ClinVar analysis.
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[B015] FIG. 61 s Supplementary Table 10 that shows the nuxnber of missense variants from other species
found in ClinVar, according to one iraplementation.

2 g+
[B0151] FEG. 62 1¢ Table | that shows one wnplementation of discovery of {4 additional candidate genes i
intelicctual disability.
[00152] FIG. 63 is Table 2 that shows one implementation of the mean difference in Grantham score between

pathogenic and benign variants in ClinVar.

$8153 FiG. 64 shows one implementation of per-gene enrichment analysis.
p X t=4 3
$0154 FEG. 65 shows one i];lp‘iementation of genome-wide enrichment analysis.
i 2 5 Y
#0155 . 66 is a simplified block diagram of a COmpPtL ter system that can be used to impiemem the
p (=a ’ A

technology disclosed.

DETAILED DESCRIPTION
[B0156] The following discussion is presented to enable any person skitled 10 the art to make and use the
technology disclosed, and 15 provided 1 the context of a particular application and its requirements. Vanous
modifications to the disclosed implementations wiil be readily apparent to those skiiled in the art, and the general
principles defined herein may be applied to other implementations and applications without departing from the spirit
and scope of the technology disclosed. Thus, the technology disclosed is not intended to be Himited to the
implementations shown, but is to be accorded the widest scope consistent with the principles and features disclosed

herein.

futroduction

Convolutional Nepral Networks

[00157] A convolutional neural network is a special type of neural network. The fundamental difference

between a densely connected fayer and a convelution layer is this: Dense layers learn global patterns in their input

feature space, whereas convolution layers learn local patters: in the case of images, patterns found in small 2D
windows of the inputs. This key characteristic gives convolutional neural networks two interesting properties: (1}
the patterns they learn are translation invariant and (2) they can learn spatial hierarchies of patterns.

[B0158] Regarding the first, after learmug a certain pattern in the lower-right corner of a picture, a convelution
layver can recognize 1t auywhere: for example, in the upper-left corner. A densely connected network would have to
learn the pattern anew 1f it appeared at a new location. This makes convohtional neural networks data efficient
because they veed fewer traimung samples to leam representations they have geaeralization power,

[B0159] Regarding the second, a first convelution layer can leam small local patterns such as edges, a second
convolution iayer will leam larger patterns made of the features of the first layers, and so on. This allows
convolutional neural networks to efficiently learn increasingly complex and abstract visual concepts.

{00160} A convolutional neural network learns highly non-linear mappings by interconnecting layers of

artificial neurons arranged in many different layers with activation functions that make the layers dependent. It
includes one or more convoliutional layers, interspersed with one or more sub-sampling layers and non-linear layers,
which are typically followed by one or more fully counected layers. Each element of the convolutional neural
network receives ruputs from a set of featares 1 the previons layer. The convolutional neural network learns
concurrently because the neurons in the same feature rap have wdentical weights. These local shared weights reduce
the complexity of the network such that when muiti-dirnensional input data enters the network, the convolutional
neural network avoids the complexity of data reconstruction 1o feature extraction and regression or classification

Process.
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{60161} Convolutions operate over 3D tensors, called feature waps, with two spatial axes (height and width) as
well as a depth axis (also called the channels axis). For an RGB image, the dimension of the depth axis 1s 3, because
the iraage has three color channels; red, green, and blue. For a black-and-white picture, the depthiis | (levels of
gray). The convolution operation extracts patches from its mput feature map and applics the same transformation to
all of these patches, producing an output feature map. This output feature map is still a 3D tensor: it has a width and
a height. Its depth can be arbitrary, because the output depth is a parameter of the layer, and the different channels in
that depth axis no longer stand for specific colors as in RGB input: rather, they stand for filters. Filters encode
specific aspects of the input data: at a height level, a single filter couid encode the concept *“presence of a face in the
input,” for instance.

{00162} For example, the first convolotion layer takes a feature map of size (28, 28, 1} and outputs a feature
map of size (26, 26, 32): it computes 32 filtexs over its input. Bach of these 32 output channels contains 4 26 x 26
gridd of values, which 1s a respouse map of the flier over the nput, ndicating the response of that filter pattem at
different locations i the xoput. That is what the teren featiee map raeans: every dirnension in the depth axis s a
feature (or filter), and the 2D tensor output [, 1, n} is the 21 spatial map of the response of this filter over the input.
{00163} Convolutions are defined by two key parameters: (1} size of the patches extracted from the inputs —
these are typically 1 x 1,3 x 3 or 5 x 5 and (2} depth of the cutput feature map — the number of filters computed by
the convolution. Often these start with a depth of 32, continue to a depth of 64, and terminate with a depth of 128 or

256.

{80164} A convolution works by sliding these windows of size 3 x 3 or 5 x 5 over the 3D input feature map,
stopping at every location, and extracting the 3D patch of surrounding features (shape (window_height,

window width, input_depth)). Each such 3D patch is ten transformed {via 2 tensor product with the same learned
weight matrix, called the convolution kernel) into a 1D vector of shape (output_depth,}. All of these vectors are then
spatially reassexnbled into a 3D output map of shape (height, width, output_depth). Every spatial location 1a the
output feature map corresponds to the same location in the mput feature raap (for exaraple, the lower-aght comer of
the output contains information about the lower-right corner of the input). For instance, with 3 x 3 windows, the
vector output [, j, :] comes from the 3D patch input [i-1: i+, j-1:3+1, 1. The full process is detailed in FIG. 1B.
[80165] The convolutional neural network comprises convolution layers which perform the convelution

operation between the input values and convelution filters (matrix of weights) that are learned over many gradient

update tterations dunng the traing. Let {m, ) be the Glter s1ze and ¥ be the matrix of weights, then a convelution

layer performs a convobhution of the # with the input X by caleulating the dot product W« x + A, where x is au
instance of X and b is the bias. The step size by which the convolution filters slide across the input is called the
stride, and the flter area {m ~# n) 1s called the receptive field. A saroe convolution filter 1s applied across different
positions of the input, which reduces the number of weights learned. It also allows location invariant learniog, i.e., if

an inportant pattern exists in the input, the convolution filters learn it no matter where it 1s in the sequene

Training a Convolutional Neural Network
{00166} FIG. 1C depicts a block diagram of training a convolutional neural network in accordance with one

implementation of the technology disclosed. The convolutional neural network is adjusted or trained so that the

input data leads to a specific output estimate. The convolutional neural network 1s adjusted using back propagation
based on a companson of the output estimate aund the ground truth until the output estimate progressively matches or

approachies the ground truth.
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{60167} The convohutional neural vetwork is trained by adjusting the weights between the neurons based on the

difference berween the ground taxth and the actual output. This is roathematically descobed as:

Aw =x0
7 i

{00168} I one implementation, the training rule is defined as:

W <— Wi + Cl(z-m - @m)an

{00169} In the equation above: the arrow indicates an update of the value; Lo is the target value of neuron 77
{P'm is the computed current output of neuron #7 ; . is input #1:and o is the learning rate.

{60374} The intermediary step in the traming inclodes generating a feature vector from the input data using the
convolotion layers. The gradient with respect to the weights 1n each layer, starting at the output, is caleolated. This 1s
referred to as the backward pass. or going backwards. The weights in the network are apdated using a corubination
of the negative gradient and previous weights.

{60171} In one mmplerentation, the convolutional neural network uses a stochastic gradient update algorithm
{such as ADAM) that perfouns backward propagation of exvors by means of gradient descent. One example of a
sigmoid function based back propagation algorithm is deseribed below:

. 1
,’::’/h e
@ = f(h) T

{00172} In the sigmoid finction above, His the weighted sum computed by a neuron. The sigmoid function
tias the following dedvative:
op
Oh

[60173] The algorithmn includes computing the activation of all neurons in the network, yielding an output for

~p(l-p)

the forward pass. The activation of neuron #2 in the hidden lavers is described as:

N
7 ) ,
ho=Sa w
L R
{80374} This 1s done for all the hidden layers to get the activation described as:
|
gl)k 1+ e/’i.fc
M
7
7 s Z %
k= &~ ggm mk
mi=}
[80175] Then, the error and the correct weights are calculated per layer. The errvor at the output is computed as:

5 =(t, ~, Yo, (1-¢
ok "W e (=)
{80176} The error in the hidden layers is calculated as:

X

Ohm = Pm 1~ 2) ; Vi Cok
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{60177} The weights of the cutput layer are updated as:
Vink —Vink + QO ok(Pm

{00178} The weights of the hidden layers are updated using the learmng rate ¢ as:
Viom €~ Wnm -+ GOhmdin

{6179} In one mmplernentation, the convolutional neural network uses a gradient descent optinization
compuie the error across ail the layers. In such an optimization, for an input feature vector x and the predicted output
#, the loss function is defined as / for the cost of predicting § when the target is y, 1.e. { (§, y}. The predicted output §
is transformed from the input feature vector x using function f. Function f'is parameterized by the weights of
convolutional neural network, 1.e. § = £, {x}. The loss function is described as { (3, 3y = {f, &5, p). or

O (z, wy=1{f, (x), y) where 7z is an input and output data pair {x, ). The gradient descent optimization is performed

by updating the weights according to:
1 N
Vivi=puVi—- O — Z V'W;Q(zf,m)
R "

Wici=Wi+Via1
{40180} In the equatious above, € is the learning rate. Also, the loss is coruputed as the average over a set of
¥ data pairs. The computation is terminated when the learning rate £ is small enough upon linear convergence. In
other implementations, the gradient 1s calcolated using only selected data pairs fed to a Nesterov’s accelerated
gradient and an adaptive gradient to inject computation efficiency.
{00181} In one implementation, the convolutional neural network uses a stochastic gradient descent (SGE) to
calculate the cost funcoion. A SGD approxumates the gradient with respect to the weights in the loss fiinction by
coraputing it from only one, randomized, data pair, Z,, described as:

Vivi=uyV—-OVw{zi,wi)
Wisi=Wi+ Vi

[00182] In the equations above: X is the learning rate; /U is the momentum; and { is the current weight state

/
before updating. The convergence speed of SGD is approximately O (1/’ { > when the learning rate (¥ are
reduced both fast and slow enough. In other iraplementations, the convolutional nevral network uses different loss
functions such as Euclidean loss and softmax loss. In a further implementation, an Adam stochastic optimizer is

used by the convolutional neural network.

Convebution Lavers

{00183} The convolution layers of the convolutional neural network serve as feature extractors. Convolution
layers act as adaptive feature extractors capable of learning and deconposing the input data into hierarchical
features. In one implementation, the convolution layers take two images as input and produce a third image as
output. In such an irplementation, couvolution operates on two images in two-dimension (213}, with one image

P

kernel”, applied as a filter on th

being the fnput image and the other image, called the input image. producing an
output image. Thus, for an input vector /'of length # and a keroel g of length m, the convolution /* g of fand g is

defined as:
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[

(f*eD =2 8() [~ j+m/2)
=l
[00184] The convolution operation inciudes siiding the kernel over the input image. For each position of the

kernel, the overlapping values of the kernel and the input image are muitiplied and the resulis are added. The sum of
products is the value of the output image at the point in the input image where the kernel is centered. The resulting
different outputs from many kernels are called feature maps.

{00185} Once the convolutional layers are trained, they are applied to perform recognition tasks on new
mnference data. Since the convolutional layers leam from the training data, they avoid explicit feature extraction and
implicitly learn from the traimng data. Convolution layers use convolution filter kernel weights, which are
determined and updated as part of the training process. The convolution layers extract different features of the toput,

which are cornbined at higher layers. The convolutional neural network uses a various nuraber of convolution layers,

each with different convol

ng parameters such as kernel size, strides, padding, number of feature maps and

weights.

Sub-Sampline Lavers

{30186} FIG. 18 is one mnplementation of sub-sampling layers in accordance with one implementation of the
technology disclosed. Sub-sampling layers reduce the resolution of the features extracted by the convolution layers
to make the extracted feanwes or feature maps- robust agarast voise and distortion. In oxne wnplementation, sub-
sarapling layers employ two types of pooling operations, average pooling and max pooling. The pooling operations
divide the roput into non-overlapping two-dimensional spaces. For average pooling, the average of the four values in
the region 1s calculated. For max pooling, the raximum value of the four values is selected.

[00187] In one impiementation, the sub-sampling layers include pooling operations on a set of neurons in the
previous layer by mapping its output to only one of the inputs in max pooling and by mapping its output to the
average of the input in average pooling. In max pooling, the output of the pooling neuron is the maximum value that

resides within the input, as described by:

@, max{p Q... Ev)

{30188} In the equation above, N is the total number of elements within a neuron set.
{16189} In average pooling, the output of the pooling neuron 1s the average value of the input values that reside

with the input neuron set, as described by

1 1y
Do = NZ @
N 95
{00190} In the equation above, N is the total number of elements within input neuron set.
{60191} Io FiG. 1D, the toput (s of size 4 x 4, For 2 x 2 sub-samphug, & 4 » 4 image is divided 1nto four non-

overiappiag matrices of size 2 x 2. For average pooling, the average of the four values s the whole-integer outpu

For max pooling, the maxinmum value of the four values in the 2 x 2 matrix is the whole-integer output.

Non-Linear Layers

{40192} FIG, 1E shows one implementation of non-linear layers in accordance with one implementation of the
techoology disclosed. Non-linear layers use different non-linear trigger functions to signal distinct identification of
likely features ou each hidden layer. Non-linear layers use a vanety of specific functions to implernent the non-

linear triggering, including the rectified Hnear units (RelUs), byperbolic tangent, absolute of hyperbolic tangent,
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sigrooid and coutiouous trigger (von-linear) functions. In one aplementation, a Rel.l activation implements the
funciion v = max(x, ) and keeps the 1oput and output sizes of a layer the same. The advantage of using Rel.U is that
the convohutional neural network is trained many times faster. Rel.l] is a non-continuous, non-saturating activation
function that is linear with respect to the input if the taput values are larger than zero and zero otherwise.
Mathematically, a ReLU activation function is deseribed as:

p{(h)=max{(h,0)

hoif >0
P= o if <o

[00193] In other implementations, the convolutional neural network uses a power unit activation function,

which 1s a continuous, non-saturating function described by:
@(h)=(a+bh)°
[00194] In the equation above, o, d and ¢ are parameters controlling the shift, scale and power respectively.
The power activation function is able to yield x and y-antisyrumetric activation if ¢ is edd and y-sympetoc
tivation if ¢ is even. In some implementations, the unit yiclds a non-rectified linear activation.

{30395} In yet other implementations, the convolutional neural network uses a sigmoid unit activation function,

which i3 a continuous, saturating function described by the following logistic function:

p(h) =
I+e
{86196} In the equation above, ﬁ = 1. The sigmoid unit activation function does not vield negative activation
and is only antisymmetric with respect to the y-axis.
Convohution Examples
{60197} FIG. 1¥ depicts one wnplementation of a twe-layer convoluton of the convolution lavers. To FY¥GL 1F,

an input of size 2048 dimensions is convelved. At convelution 1, the input is convolved by a convolutional layer
corprising of two channels of sixteen kernels of size 3 x 3. The resulting sixteen feature niaps are then rectified by
means of the ReLU activation function at ReL U1 and then poecled in Pool 1 by means of average pooling using a
sixteen channel pooling layer with kernels of size 3 % 3. At convolution 2, the output of Pool 1 is then convolved by
another convolutional layer comprising of sixteen chanuels of thirty kernels with a size of 3 x 3. This is followed by
yet another RelU2 and average pooling in Pool 2 with a kemel size of 2 x 2. The convolution layers use varyiug
vumber of strides and padding, for example, zero, one, two and three. The resulting feature vector is five hundred
and twelve (512) diruensions, according 0 one nnplernentation.

{64198} In other tmplementanons, the convolutional neural vetwork uses different numbers of convolution
layers, sub-sampling layers, non-hinear layers and filly connected layers. {n one iraplercentation, the convolutional
weural network 1s a shallow vetwork with fewer layers and wore neurons per layer, for exampile, oue, two or three
fully connected layers with hundred (180} to two hundred {200) neurons per layer. In another implementation, the
convolutional neural network is a deep network with more layers and fewer neurons per layver, for exaraple, five (5},

six {6) or cight (8) fully connected layers with thirty {30) to fifty (S0) neurons per layer.
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Forward Pass

1 P g T il . -
{30199} The output of a nevron of row x, columa y in the I convolution layer and & feature map for /muraber
of convolution cores in a feature map is determined by the following equation:

O)(jf)“idnh(zd Z L WEDOUTLN 4 Biash)

(r I‘) {480+ n)
=0 r=
{60200} The output of a neuron of row x, column y in the /% sub-sample layer and K™ feature mayp s determroed
by the following equation:

()‘]’/’ ) —tanh(W‘“Z Z oL  + Bias"y

(xS, 47, pxSy,+0)
r= ¢=0

{30201} The output of an i newon of the I output layer is determined by the following equation:

0, mta,nh(z Oy W )_+_Bmgu,z‘))

Backpropagation

{60282} The output deviation of a £ neuren in the output layer is determmued by the following equation:
( 4 - b m——
d ((f k ) =Yk Zk
{80203} The input deviation of a &” neoron in the output layer is determined by the following equation:

A7) =y, ~ 139" (v) = 9'(v,)d(07)

[00204] The weight and bias variation of a A neuron in the output layer is determined by the following

equation:
A 5O - oy 5,
AW )= d(I%)y,
ABias]y=d{i%)
K

[00265] The output bias of a k' neuron in the hidden layer is determined by the following equation:

i<84

N - N
d(of)= 3 dp

{302046] The input bias of a & newon in the hidden layer is detenmined by the following equation:
HN i, H
d(1}") = ¢/ (v )d(0")
{00207} The weight and bias vartation 1o row x, column y i a ™ feature map of a prior la layer recetving 1uput

froxn & neurons in the hidden layer 1s deteroxined by the following equation:

AWy =d( )y

ABias™)=d(I")

{40208} The output bias of row x, eolurn y in a m™ feature map of sub-sample layer § is determined by the

following equation:
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AOL= YU I

tn.,,v,y

[00209] The input bias of row x, column y in a m™ feature map of sub-sample layer § is determined by the
following equation:
i 5,
AU = @ (v (O
{00210} The weight and bias variation in row x, column y in & m" feature map of sub-sample layer § and

convolution layer C is determined by the following equation:

fho f
r S e L Wl P
AWSr=d 2 duin 0T
x=0 y=0 (x/2}{y/2
!2 fw
Som FTany
ABias® ")y = Z > dO5m
x=0 y=0
[00211] The output bias of row x, colunm y in a 4™ feature map of convelution layer C is determined by the

following equation:
Coly Tk
O y=d( 154 (o3 b»/ZE)W

[00212] The input bias of row x, column y in a &” feature map of convolution layer C is determined by the

following equation:
7 'I',-',:]( — C I\
d(1F) = @'(v, )d (OC
{00213} The weight and bias variation in row 7, column ¢ in an m™ convolution core of a £ feature map of /*

convolution layer C:

AW = 3 dUGHOT"
x=0 y=0

fo fw ,
ABias“*y=%" > d(ITH)

e
x=0 y=0
Residual Connections
{00214} FIG. 16 depicts a residual connection that reinjects puior information downstream via feature-map

addition. A residual conmection compurises reinjecting previous representations into the dowustreayn flow of data by

adding a past output tensor to a later cutput tensor, which helps prevent information loss along the data-processing
flow. Residual connections tackle two common problems that plague any large-scale deep-learning model:
vanishing gradients and representational bottlenecks. In general, adding residual connections to any model that has
more than 10 layers is likely to be beneficial. As discussed above, a residual connection comprises making the
output of an earlier layer available as input to a later layer, effectively creating a shorteut in a sequential network.
Rather than being concatenated to the later activation, the earlier output is summmed with the later activation, which
assumes that both activations are the same size. [f they ave of different sizes, a linear transformation to reshape the

arlier activation into the target shape can be used. Additonal juformation about residual conuections can be found
in K. He, X. Zhang, 5. Ren, and J. Sun, “"DEEP RESIDUAL LEARNING FOR IMAGE RECOGNITION,”

arXiv:1512.03385, 2015, which 18 bereby locorporated by reference for all purposes as if fully set forth herein.
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Residual Learning and Skip-Connections

{30215} (s, 1 depacts one implementation of residual blocks and skip-connections. The main wdea of
residual learning is that the residual mapping is nch easier to be learned than the original mapping. Residual
network stacks a number of residual units fo alleviate the degradation of training accuracy. Residual blocks make
use of special additive skip connections to combat vanishing gradients in deep neural networks. At the beginning of
a residual block, the data flow is separated into two streams: the first carries the unchanged input of the block, while
the second applies weights and non-linearities. At the end of the block, the two streams are merged using an
clement-wise sum. The main advantage of such constructs 1s to allow the gradient to flow through the network more
easily. Additonal information about residual blocks and skip-connections can be found in AL V. D, Oord, 5.
[nelernan, H. Zen, K. Si
“WAVENET: A GENERATIVE MODEL FOR RAW AUDIO,” arXiv: 1609.03499, 201 6.

wnyan, O. Vinyals, A. Graves, N. Kalchbrenner, A. Senior, and K. Kavukeuoghs,

{60216} Benefited from residual network, deep convolutional neural networks {CNNs) can be easily trained

and improved accuracy has been achieved for image classification and object detection. Convelutional feed-forward
£a it - 2 - : . - 1
networks connect the output of the I layer as input to the {7 + 1Y layer, which gives rise to the following layer

vansition: x, =4, (x, |} . Residual blocks add a skip-connection that bypasses the non-linear transfonmations with

an identify function: x, = f7, (xL, _ J+x, . An advantage of residual blocks is that the gradient can flow divectly

through the dentity fuaction from later layers to the earber layers. However, the tdenuty function and the output of

I, are combined by summation, which may impede the information flow in the network.

Difated Convolutions

[80217] FIG. 10 illustrates dilated convelutions. Dilated convolutions, sometimes called atrous convolutions,

which literally means with holes. The French name has its origins in the algorithme a trous, which computes the fast
dyadic wavelet transform. In these type of convolutional layers, the inputs corresponding to the receptive field of the
filters are not neighboring points. This is illustrated in FIG. 10. The distance between the inputs is dependent on the

dilation factor.

Wavelvet
[00218] The WaveNet is a deep neural network for generating raw audio waveforros. The WaveNet

distinguishes itself fron: other convolutional networks since it is able to take relatively large ‘visual fields’ at low
cost. Moreover, i is able to add conditioning of the signals locally and globally, which allows the WaveNet to be
used as a text to speech (TTS) engine with muitiple voices, is the TTS gives local conditioning and the particular
voice the global conditioning.

{00219} The main building blocks of the WaveNet are the causal dilated convolutions. As an extension on the
causal dilated convolutions, theWaveNet also allows stacks of these convolutions, as shown in ¥, 18, To obtain
the same receptive field with dilated convolutions in this figure, another dilation layer i1s required. The stacks are a
repetition of the dilated convolutions, counectng the outputs of dilated convelution laver to a stagle output. This
enables the WaveNet to get a large “visual” field of one output node at a relatively low computational cost. For
comparison, to get a visual field of 512 mputs, a fully convelutional vetwork (FCN) would require S1H layers. In the
case of a dilated convolutional network, we would need cight layers. The stacked dilated convolutions only need

seven layers with two stacks or six layers with four stacks. To get an idea of the differences in computational power
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required for covering the same visual field, the followrng table shows the nuraber of weights required in the network
with the assumption of oue filter per layer and a filter width of two. Furthermore, it (s assumed that the network 1s

using binary encoding of the 8 bits.

Network type  No.stacks  No. weights per channel Total No. of weights
FCN 1 2.6 10° 2.6.10°
WN i 1022 8176
WN 2 1022 8176
WN 4 508 4064
{00224} The WaveNet adds a skip connection before the residual connection is made, which bypasses all the

following residual blocks. Bach of these skip connections is sumined before passing them through a series of

activation functons and couvolutions. Intuitively, this is the sum of the wformation extracted mn each laye

Batch Normalization

[00221] Batch normalization is a method for accelerating deep network training by making data standardization
an integral part of the network architecture. Batch normalization can adaptively normalize data even as the mean and
variance change over time during training. It works by internally maintaining an exponential moving average of the
batch-wise mean and vartance of the data seen duning training. The rain effect of batch normalization 18 that @t helps
with gradient propagation — mueh like residual counections - aud thus allows for deep networks. Some very deep
vetworks can only be trained if they 1ociude multiple Batch Normalization layers. Additional information about
batch normalization can be found in 5. Ioffe and C. Szegedy, “BATCH NORMALIZATION: ACCELERATING
DEEP NETWORK TRAINING BY REDUCING INTERMNAL COVARIATE SHIFT,” arXiv: 1502.03167, 2015,

which is hereby incorporated by reference for all purposes as if fully set forth herein.

[00222] Batch normalization can be seen as yet another layer that can be inserted into the model architecture,

just like the fully connected or convolutional layer. The BatchNormalization layer is typically used after a

convolutional or densely connected layer. It can also be used before a convolutional or densely connected layer.

Both implementations can be used by the technology disclosed and are shown in FEG. 1L. The BatchNormalization

layer takes au axis argument, which specifies the feature axis that should be normalized. This argument defauits to -
, the last axis in the input tensor. Thas s the correct value when vsing Deuse layers, ConviD layers, RNN layers,

and Conv2D layers with data_format set to “channels_last”. But in the niche use case of ConvZD layers with

fata_format set to “chanoels_first”, the features axis is axis 1; the axis argoment 10 BatchMorroalization cao be set to
£
[00223] Batch normalization provides a definition for feed-forwarding the input and computing the gradients

with respect to the parameters and its own input via a backward pass. In practice, batch normalization layers are
inserted after a convolutional or fully connected layer, but before the outputs are fed into an activation function. For
convolutional layers, the different elements of the same feature map — i.e. the activations — at different locations are
normalized in the same way in order to obey the convolutional property. Thus, all activations in a mini-batch are

nornwalized over all locations, rather than per activation.

{0224} The internal covariate stuft is the major reason why deep architectures have been notoriously slow to

train. This sterns from the fact that deep networks do not only have to learn a new representation at each layer, but

also have to account for the change 1n their distribution.



[60225] The covariate shift in geoeral is a knowa problem in the deep learning domain and frequently ocours 10

eal-world problerns. A common covanate shift problera is the difference in the disiribution of the training and test

set which can lead to suboptimal generahzation pecformance. This problem s usually handled with a standardization
or whitening preprocessing step. However, especially the whitening operation is computationally expensive and thus
impractical in an online setting, especially if the covariate shift occurs throughout different layers.

{00226} The internal covariate shift is the phenomenon where the distribution of network activations change
across layers due to the change in network parameters during training. Ideally, each layer should be transformed into

a space where they have the same distribution but the functional relationship stays the same. In order to avoid costly

calculations of covariance matrices to decorrelate and whiten the data at every layer and step, we normali

distribution of each input feature in each layer across each mini-batch to have zero mean and a standard deviation of

one.
Forward Pass
{00227} During the forward pass, the mini-baich mean and variance are calculated. With these mini-batch

statistics, the data is normalized by subtracting the mean and dividing by the standard deviation. Finally, the data is
scated and shifted with the learned scale and shift parameters. The batch normalization forward pass fj, 15
depicted in FIG. 1L

[00228] In F1G. 1, u 5 is the batch mean and & 5 is the batch variance, respectively. The learned scale and

shift parameters are dencted by v and B, respectively. For elarity, the batch normalization procedure is described
herein per activation and omit the corresponding indices.

[00229] Since normalization is a differentiable transforrn, the errors are propagated into these leamed
parameters and are thus able to restore the representational power of the network by learning the identity transforny.
Conversely, by learning scale and shift parameters that are identical to the corresponding batch statistics, the batch
normalization transform would have no effect on the network, if that was the optimal operation to perform. At test
time, the batch mean and variance are replaced by the respective population statistics since the input does not

depend on other samples from a mini-batch. Another method is to keep runmning averages of the batch statistics

during traiming and to use these to compute the network output at test time. At fest time, the batch normalization
transfonm can be expressed as iliustrated in FIG. 1Y, In FIG. 1, &, and O’ denote the population rueas and

variance, rather than the batch statistics, respectively.

Backward Pass

{02346 Sioce povaalization s a differentiable operation, the backward pass can be coraputed as depicted 1w
FiG. 1K

1D Convolution

[00231] 1D convolutions exiract local 1D patches or subsequences from sequences, as shown in FIG. IM. 1D
convolution obtains cach output timestep from a temporal patch in the input sequence. 1D convolution layers
ceognize local patters 1o a sequence. Because the same mput transformation is perfonmed on every pateh, a pattern
learned at a certain position in the fuput sequences can be later recognized at a different position, making 1D
convohition layers trapsiaton invariant for temporal ranstations. For instance, a 1D convolution layer processing

sequences of bases usiug convolution windows of size S should be able to learn bases or base sequences of length §



or less, and it should be able to recognize the base motifs in any countext in an input sequence. A base-fevel D

Ty

convolution is thus able to learn about base morphoiogy.

{zlobal Average Ponling

23. 1G. 1N illustrates tobal e ing (GAP) works. Global ¢ ing can be use used
04232] FIG. IN illustrates how global average pooling {GAP) works. Global average pooling can be use used
to replace fully connected (FC) layers for classification, by taking the spatial average of features in the last layer for
scoring. The reduces the training load and bypasses overfitting issues. Global average pooling applies a structural
poor to the model and it 1s equivalent to lnear transformation with predefined weights. Global average pooling

reduces the number of parameters and elirmnates the fully connected layer. Fully connected layers are typically the

most parameter and counection intenstve layers, and global average pooling provides rouch lower-cost approach to

achieve similar results. The main idea of global average pooling is to generate the average value frora each last layer

feature map as the confidence factor for scoring, feeding directly into the softmax layer.

[60233] Global average pooling have three benefits: (1) there are no extra parameters in global average pooling

layvers thus overfitting is avoided at global average pooling layers; (2) since the output of global average pooling is

the average of the whole feature map, global average pooling will be more robust to spatial translations; and (3}

because of the huge number of parameters in fully connected layers which usually take over 50% in all the
parameters of the whole network, replacing them by global average pooling layers can significantly reduce the size

of the model, and this makes global average posling very usefuld in model compression.

[$0234] (Global average pooling makes seuse, since stronger features in the last layer are expected to have a

higher average value. In some tmplementasons, global average pooling can be used as a proxy for the classification

score. The feature maps under global average pooling can be interpreted as confidence maps, and force

correspondence between the feature raaps and the categories. Global average pooliog can be parseularly effective if

} ificati { fing alone is

the fast layer features are at a sufficient abstraction for direct classification; however, global average poolin;

q

not enough if multilevel features should be combined into groups like parts models, which is best performed by

adding a simple fully connected layer or other classifier after the global average pooling.

Deep Learning in Genomics

[$0235] Genetic variations can help expiain many diseases. Hvery human being has a unigue genetic code and

there are lots of genetic variants within a group of individuals. Most of the deleterious genetic variants have been

depleted frora genomes by natural selection. It is impoertant to identify which genetics variations are likely to be

pathogenic or deleterious. This will help researchers focus on the likely pathogenic genetic variants and accelerate
the pace of diagnosis and cure of many discases.

[302346] Modeling the properties and functional effects {c.g., pathogenicity) of variants is an important but
challenging task in the field of genomics. Despite the rapid advancement of functional genomic sequencing
technologies, interpretation of the functional consequences of variants remains a great challenge due to the
complexity of cell type-specific ranscription regulation systems.

{00237} Advances in biochemical tectinologies over the past decades have given xise to next generation
sequencing (NGS) platforms that quckly produce genomic data at much lower costs than ever before. Such
overwhelmingly large volumes of sequenced DNA remain difficult to annotate. Supervised machine learning
algonthros typically perform well wheu large amounts of labeled data are available. In biomformatics and many
other data-rich disciplines, the process of labeling 1ustances is costly; however, unlabeled instances are inexpensive

and readily available. For a scenario in which the amount of labeled data is relatively smali and the amount of



unlabeled data 1s substantially larger, semi-supervised learning represents a cost-effective alternative to reanual

labeling.
[60238] Au opportizaity agses to use semi-supervised algorithms to construct deep learnrag-based

pathogenicity classifiers that accurately predict pathogenicity of variants. Databases of pathogenic variants that are
free from human ascertainment bias may result.

[00239] Regarding pathogenicity classifiers, deep neural networks are a type of artificial neural networks that
use multiple nonlinear and complex transforming layers to successively model high-level features. Deep neural
networks provide feedback via backpropagation which carries the difference between observed and predicted output
to adjust parameters. Deep ueural networks have evolved with the availability of large trammiug datasets, the power
of parailel and distributed computing, and sophisticated training aigorithms. Deep neural networks have factiitated
major advances in numerons domains such as computer vision, speech recognition, aud natural language processing.
{60248} Convolutional neural networks (CNNs) and recurrent neural networks (RNNs) are coraponeuts of deep
neural networks. Convolutional neuxal networks have succeeded particularly i image recoguition with an
architecture that comprises convolution layers, nonlinear layers, and pooling layers. Recurrent neural networks are
designed to utilize sequential information of input data with cyclic connections among building blocks like
perceptrons, long short-term memory units, and gated recurrent units. In addition, many other emergent deep neural
networks have been proposed for limited contexts, such as deep spatio-temporal neural networks, muiti-dimensional
recurrent neural networks, and convolutional auto-encoders.

{80241} The goal of training deep neural networks is optimization of the weight parameters in each layer,
which gradually combines simpler features into complex features so that the most suitable bierarchical
representations can be learned from data. A single cycle of the optimization process is organized as follows. First,
given a training dataset, the forward pass sequentially computes the cutput in each layer and propagates the function
signals forward through the network. In the final output faver, an objective loss function measures error between the
inferenced outputs and the given labels. To minimize the training error, the backward pass uses the chain rale to
backpropagate error signals and compute gradients with respect to all weights throughout the neural network.
Finaily, the weight parameters are updated using optimization algorithms based on stochastic gradient descent.
Whereas batch gradient descent performs parameter updates for each conplete dataset, stochastic gradient descent
provides stochastic approximations by performing the updates for each small set of data examples. Several
optimization algovithrus stem from stochastic gradient descent. For exarniple, the Adagrad and Adarn trainiog
algorithims perform stochastic gradient descent while adaptively modifying learning rates based ou update frequency
and moments of the gradients for each parameter, respectively.

{60242} Auother core element in the trazuing of deep neural vetworks is regulanization, which refers to
strategies intended to avoid overfitting and thus achieve good generalization performance. For example, weight
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decay adds a penalty term to the objective loss function so that weight parameters converge to smaller absolute
values. Dropout randomly removes hidden units from neural networks during training and can be considered an
ensemble of possible subnetworks. To enhance the capabilities of dropout, a new activation function, maxout, and a
variant of dropout for recurrent neural networlks called rnuDrop have been proposed. Furthermore, batch
normalization provides a new regularization method through normalization of scalar features for each activation
within 2 mini-batch and learning each mean and variance as parameters.

{40243} (iven that sequenced data are multi- and high-dirnensional, deep neural networks have great promise
for bioinformatics research because of their broad applicabitity and enhanced prediction power. Convolutional

neural networks have been adapted to solve sequence-based probleras in genonics such as motif discovery,

iy



pathogenic variant identification, and gene expression inference. Convelutional neural networks use a weight-
sharng strategy that is especialiy useful for studyrag DINA because it can capture sequence motifs, which are short,
recurring local patteros ra DNA that are presumed to have significant biclogical functions. A baliraark of
convolutional neural networks is the use of convolution fifters. Unlike traditional classification approaches that are
based on claborately-designed and manually-crafted features, convolution filters perform adaptive learning of
features, analogous to a process of mapping raw input data to the informative representation of knowledge. In this
sense, the convolution filters serve as a series of motif scanners, since a set of such filters is capable of recognizing

relevant patterns in the input and updating themselves during the training procedure. Recurrent neural networks can

capture long-range dependencies in sequential data

sarying lengths, such as protein or DNA sequences.
{00244} Therefore, a powerful computational model for predicting the pathogenicity of variants can have
enormous benefits for both basic science and translational research.

[60245] Common polyraorphisius represent natural expertments whose fitness has been tested by generation
of natural selection. Comparing the allele frequency disiributions for buman missense and synonymous

ubstitutions, we find that the presence of a nrissense variant at high allele frequencies in a non-human primate
species reliably predicts that the variant is also under neutral selection in the human population. In contrast, common
variants in more distant species experience negative selection as evolutionary distance increases.

{00246} We employ comimon variation from six non-human primate species to train a semi-supervised deep
learning network that accurately classifies clinical de nove missense mutations using sequence alone. With over 500
known species, the primate lineage contains sufficient comynon variation to systematically model the effects of most
human variants of unknown sigmficance.

{60247} The buman reference genome harbors more than 70 miilion potential protein-altering ruissense
substtutions, the vast majority of which are rare mutations whose effects on human health bave not been
characterized. These vanants of uckuown significance present a challenge for genome interpretation in chinical
applications, and are a roadblock to the long terrn adoption of sequencing for population-wide screening and
individualized medicine.

{00248} Cataloguing common variation across diverse human populations is an effective strategy for
identifying clinicaily benign variation, but the common variation available in modern day humans is limited by
bottieneck events in our species’ distant past. Humans and chimpanzees share 99% sequence identity, suggesting
that natural selection operating on chimpanzee variants has the potential to model the effects of vanants that are
identical-by-state in buman. The mean coalescence tfime for neutral polymorphisms 1o the human population 1s &
fraction of the species” divergence time, heuee, naturally occurring chimpanzee vartation largely explores
murational space that s non-overlapping with tinman vanation, aside from rare instances of haplotypes maintaimed
by balancing selection.

[30249] The recent avaiiability of aggregated exome data from 60,706 hwmans cnables us to test this
hypothesis by comparing the aliele frcquen v spectra for missense and synonymous mutations. Singleton variants in
ExAC closely match the expected 2.2:1 missense:synonymous ratio predicted by de novo mutation after adjusting
for mutational rate using trinucleotide context, but at higher allele frequencies the number of observed missense
variants decreases due to the filtering out of deleterious variants by natural selection. The pattern of
missense:synonymous ratios across the allele frequency spectrum indicates that a large fraction of missense variants
with population frequency < 0.1% are mildly deleterious, that is, neither pathogenic enough to warrant 1mmediate
removal from the population, nor neutral enough to be allowed to exist at high allele frequencies, consistent with

poor observations on more timited population data. These findings support the widespread exapirical practice by



diagnostic abs of filtering out variants with greater than 0.1%~1% allele frequency as likely benign for penetrant

genetic disease, aside from a handful of well-documented exceptions caused by balancing selection and founder

efftects.
[30250] Repeating this analysis with the subset of human variants that are identical-by-state with common

chimpanzee variants {observed more than once in chimpanzee population sequencing), we find that the
missense:synonymous ratio is largely constant across the allele frequency spectrum. The high allele frequency of
these variants in the chimpanzee population indicates that they have already been through the sieve of natural
selection in chimpanzee, and their neutral impact on fitness in human populations provides compelling evidence that

the selective pressures on ruissense variants are highly concordant in the two species. The lower

missense:synonymous ratio observed in chimpanzee is consistent with the larger effective population size in

ancestral chimpanzee populations enabling more efficient filtering of mildly deleterious variants.

[B0251] In contrast, rare chirapanzee variaats (observed ouly once in chimpal

e population sequencing) show

a modest decrease in missense

Fonyraous raiso at higher allele frequencies. Sromlating an identically sized cohort
from human variation data, we estimate that only 64% of the variants observed once in a cobort of this size would
have an allele frequency greater than 0.1% in the general population, compared to 99.8% for the variants seen
multiple times in the cohort, indicating that not all of the rare chimpanzee variants have been through the sieve of

selection. Overali, we estimate that 16% of the ascertained chimpanzee missense varianis have an allele frequency
less than 0.1% in the general population, and would be subject to negative selection at higher allele frequencies.
{80252} We next characterize human variants that are identical-by-state with vanation observed in other non-
.

human primate species (Bouobo, Gorilla, Orangutan, Rhesus, and Manmoset). Sirilar to chimpanzee, we observe

that the missense:synonymous ratios are roughly equivalent across the allele frequency spectruom, other than a shght

depletion of missense variation at high allele frequencies, which would be aoticipated due to the inclusion of 2 small
wnber of rare vataots {(~5-15%). These results imply that the selective forces on raissense vanants are largely
concordant within the primate Hoeage at least out to new world reonkeys, which are esumated to have diverged frox
the human ancestral lineage ~35 million years ago.
{00253} Human raissense variants that are identical-by-state with variants in other primates are strongly
enriched for benign consequence in ClinVar. After excluding variants with unknown or conflicting annotations, we
observe that uman variants with primate orthuiogs are approximately 95% likely to be anuotated as Benign or

Likely Benign in ChaVar, compared to 45% for misseuse variation in general. The small fraction of ClinVar

variants that are classified as pathogenic from non-hvman pomates 1s coruparable to the fraction of pathogenic

ClinVar vanants that would be observed by ascertaining rave variants from a stmilar sized cohort of healthy humans.
A substaatial fraction of these variants annotated as Pathogenic or Likely Pathogenic tadicate that received the
classifications puor to the advent of large aliele frequency databases, and might be curated differently today.
[00254] The field of human genctics has long relied upon model organisms to infer the clinical impact of
human nutations, but the long evolutionary distance to most genetically tractable animal models raises concerns
about the extent to which these findings are generalizable back to human. To examine the concordance of natural
selection on missense variants in human and more distant specics, we extend our analysis beyond the primate
lineage to include largely commeon variation from four additional mammalian species (mouse, pig, goat, cow) and
two species of more distant vertebrates (chicken, zebrafish). In contrast to the prior primate analyses, we observe
that missense variation 1s markedly depleted at common allele frequencies compared to rare allele frequencies,
especially at greater evolutionary distances, ndicating that a substantal fraction of common mssense variation i

more distant species would experience negative selection 1 huxnan populations. Nonetheless, the observation of a
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wissense variant i more distant vertebrates still increases the likelihood of benign consequence, as the fraction of
connnon ymssense variants depleted by natural selection is far less than the ~50% depletion for hurnan missense
variants at baseline. Consistent with these results, we find that buman raissense variants that have been observed
mouse, dog, pig, and cow are approximately 85% likely to be annotated as Benign or Likely Benign in ClinVar,
compared to 95% for primate variation and 45% for the ClinVar database as a whole.

[00255] The presence of closely related pairs of species a

)

t varying evolutionary distances also provides an
opportunity to evaluate the functional consequences of fixed missense substitutions in human populations. Within
closely related pairs of species (branch length < 0.1) on the mammalian family tree, we observe that fixed missense
vanation is depleted at corroon allele frequencies compared to rare allele frequencies, indicating that a substantial
fraction of mter-species fixed substituions would be non-neutral in buman, even within the primate lineage. A
comparison of the magnitude of missense depletion mdicates that inter-species fixed substitutions are sigmficantly
less neuteal than within-species polymorphisms. Intaguingly, inter-species vanation between closely related
manumals are not substansally more pathogenie i ClinVar (83% likely to be annotated as Benigo ov Likely Benign)
compared to within-specics common polymorplisms, suggesting that these changes do not abrogate protein
function, but rather reflect tuning of protein function that confer species-specific adaptive advantages.

{60256} The large number of possible variants of unknown significance and the crucial importance of accurate
variant classification for clinical applications has inspired multiple attempts to tackle the problem with machine
learning, but these efforts have largely been limited by the insufficient quantity of cormmon human variants and the
dubious quality of annotations 1 curated databases. Variation from the six non-human primates contributes over
300,000 umgue missense variants that are non-overlapping with comrnon hunan variation and largely of benign
consequence, greatly enlarging the size of the traimng dataset that can be used for machine leaming approaches.
{40257} Unlike exdier models which employ 2 large oumber of huran-engineered features and meta-
classifiers, we apply a simple deep leaming residual network which takes as put only the amino acid sequence
flankiug the vanant of interest and the orthologous sequence alignments in other species. To provide the network
with information about protein structure, we train two separate networks to learn secondary structure and solvent

accessibility from sequence alone, and incorporate these as sub-networks in the larger deep learning network to
predict effects on protein structure. Using sequence as a starting point avoids potential biases in protein structure and
functional domain annotation, which may be incompletely ascertained or inconsistently applied.

{0258} We use semi-supervised learning to overcore the problem of the training set containing only variants
with benign labels, by initially training an ensemble of networks to separate likely benign primate variants versus
random unkuown variauts that are matched for mutation rate and sequencing coverage. This ensembie of networks
s used to score the complete set of unkaown variants and influence the selection of unkoown variaots to seed the
next iteration of the classifier by biasing towards unknown variants with more pathogemc predicted consequence,
taking gradual steps at each iteration to prevent the model from prematurely converging to a suboptimal result.
[00259] Common primate variation also provides a clean validation dataset for evaluating existing methods that
is completely independent of previously used training data, which has been hard to evaluate objectively because of
the proliferation of meta-classifiers. We evaluated the performance of our model, along with four other popular
classification algorithms (Sift, Polyphen2, CADD, M-CAP), using 10,000 held-out primate common variants.
Because roughly 50% of all human missense variants would be removed by natural selection at common allele

frequencies, we calculated the SOth-percentile score for each classifier on a set of randomiy picked missense variants

that were matched to the 16,000 held-out primate common variauts by mutational rate, and vsed that threshold to

evaluate the held-out primate coramon vaanants. The accuracy of our deep leaming raodel was significantly better



than the other classifiers on this independent validation dataset, ustng either deep learning networks that were
tratued only on human coramon vadants, or using both human cornmon vadants and primate variants.

{30268} Recent irio se

uencing studies have catalogued thousands of de nove mutations 1u patients with
neurodevelopmental disorders and their healthy siblings, enabling assessment of the strength of various
classification algorithms in separating de novo missense mutations in cases versus controls. For each of the four
classification algorithms, we scored each de novo missense variant in cases versus controls, and report the p-value
from the Wilcoxon rank-sum test of the difference between the two distributions, showing that the deep learning
method trained on primate variants (p ~ 10™") performed far better than the other classifiers (p ~ 107 to 10"} on

this clinical scenario. From the ~1.3-fold eurichment of de nove missense variants over expectation previd

reported for this cohort, aud prior estinates that ~20% of missense variants produce loss-of-function effects, we

would expect a perfect classifier to separate the two classes with a p-vatue of p ~ 107, indicating that our classifier

still has room for improvement.

{40261} The accuracy of the deep learning classifier scales with the size of the training dataset, and variation
data from each of the six primate species independently contributes to boosting the accuracy of the classifier. The
large mumber and diversity of extant non-human primate species, along with evidence showing that the selective
pressures on protein-altering variants are largely concordant within the primate lincage, suggests systematic primate
population sequencing as an effective strategy to classify the millions of human variants of unknown significance
that currently limit clinical genome mterpretation. Of the 504 known non-human primate species, roughly 60% face
extinction due to hunting and habitat loss, motivating urgency for a worldwide conservation effort that would

cnefit both these unique and ixreplaceable species and our own.
{80262} Although not as much aggregate whole genome data 1s available as exome data, bmitug the power to
detect the mmpact of natueal selection in deep Intronic regions, we were also able to calculate the observed vs
expected counts of cryptic splice mutations far from exonie regions. Overall, we observe a 60% depletion in cryptic
splice mutations at a distance > 500t from an exon-intron boundary. The attenuated signal 1s Iikely 2 corobination of
the snatler sample size with whole genome data compared to exome, and the greater difficuity of predicting the

impact of deep intronic variants.

Terminology
{80263} All literatore and similar material cited in this apphication, weluding, but not limited to, pateuts, patent

applications, articles, books, treatises, and web pages, regardless of the format of such literature and sumilar
materials, are expressly incorporated by reference in their entivety. In the eveunt that one or more of the incorporated

literat:

and stimilar matenals differs from or contradicts this application, including but not limited to defined

termis, term usage, described techniques, or the like, this application controls.

{00264} As used herein, the following terms have the meanings indicated.

[00265] A base refers to a nucleotide base or nucleotide, A {adenine), C {cytosine), T {thymine), or G
{guanine}.

{00266} This application uses the terms “protein” and “translated sequence” interchangeably.

{00267} This application uses the terms “codon” and “base triplet” interchangeably.

{60268} This application uses the terms “aminoe acid” and “translated umt” interchangeably.

{00269} This application uses the phrases “vanant pathogenicity classifier”, “convolutional neural network-

based classifier tor variant classification”, and “deep convolutioval neural network-based classifier for variant

classificanon” interchangeably



{60278} The terra “chromoesome” refers to the heredity-bearing gene caraer of a living cell, which is derived
from chromatin strands comprising DNA and protein coraponeuts {especially histones). The conventional

internationally recognized individual huraan genore chroraosome numbering syster 1s emaployed herein.
{00271} The term “site” refers to a unique position {e.g., chromosome 1D, chromosome position and
orientation) on a reference genome. In some implementations, a site may be a residue, a sequence tag, ora
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segment’s position on a sequence. The term “locus™ may be used to refer to the specific location of a nucleic acid
sequence or polymorphism on a reference chromosome.

[00272] The term “sample™ herein refers to a sample, typically derived fron: a biological fhuid, cell, tissue,
organ, or orgamsm contarsing a nucleic acid or a mixture of nucleie acids containing at feast one nucleic acid
sequence that 1s to be sequenced and/or phased. Such saruples inchude, but are not limited to sputunvoral fluid,
arnniotic fhiid, blood, & bloed fraction, fine needie biopsy samples {e.g., surgical biopsy, fine needle biopsy, etc.),
urine, perttoneal fluid, pleural fluid, tissue explant, organ culture and any other tissue or cell preparation, or fraction
ot derivative thereof or 1solated therefrom. Although the sample is often taken fror a buman subject (e.g., patient),
samples can be taken from any organism having chromoesomes, including, but not linvted to dogs, cats, horses,
goats, sheep, cattle, pigs, ete. The sample may be used directly as obtained from the biological source or following a
pretreatment to modify the character of the sample. For example, such pretreatment may include preparing plasma
from blood, diluting viscous fluids and so forth. Methods of pretreatment may also involve, but are not limited to,
filtration, precipitation, dilution, distillation, mixing, centrifugation, freezing, lyophilization, concentration,
amplification, nucleie acid fragmentation, inactivation of interfering components, the addition of reagents, lysing,
ete.

{60273} The term “sequence” includes or represents a strand of nucleotides coupled to each other. The
nucleotides may be based on DNA or RNA. It should be understood that one sequence may inchxde youltiple sub-
sequences. For example, a single sequence {e.g., of a PCR amplicon) may have 350 nucleotides. The saraple read
may inchide multiple sub-sequences within these 350 nucleotides. For instance, the sample read roay include frst
and second flanking subsequences having, for example, 20-5G nucleotides. The first and second flanking sub-
sequences may be located on either side of a repetitive segment having a corresponding sub-sequence {¢.g., 40-100
nucleotides). Bach of the flanking sub-sequences may include {or include portions of) a primer sub-sequence {e.g.,
10-30 nucleotides). For ease of reading, the term: “sub-sequence” will be referred to as “sequence,” but it is
understood that two sequences are not necessarily separate from eact other on a common strand. To differentiate the
various sequences described herein, the sequences may be given different Iabels (e.g., target sequence, prirer
sequence, flanking sequence, reference sequence, and the like). Other terms, such as “allele,” may be given different

labels to diffetenvate between like objects.

{40274} The term “pared-end sequencing” refers to sequencing methods that sequence both ends of a target
fragment. Paired-end sequencing may facilitate detection of genomic rearrangements and repetitive segments, as

well as gene fusions and novel transcripts. Methodology for paired-end sequencing are described in PCT publication
WOO7010252, PCT application Serial No. PCTGB2007/003798 and US patent application publication US
2009/0088327, each of which is incorporated by reference herein. In one example, a series of operations may be
performed as follows; (&) generate clusters of nucleic acids; (b) linearize the nucleic acids; {c) hybnidize a first
sequencing primmer and carry out repeated cycles of extension, scanning and deblocking, as set forth above; ()

“movert” the target nucleic acids on the Bow cell surface by synthesizing a complirnentary copy; (e) linearize the

resynthesized strand; and {f) hybridize a second sequensing primer and carry out repeated cycles of extension,



scanning and deblocking, as set forth above. The inversion operanon can be carnied out be delivering reagents as set

forth above for a single cycle of bridge amplification.

2onome

[60275] The texm “reference genorne” or “reference sequence” refers to any particular knowa
sequence, whether partial or complete, of any organism which may be used to reference identified sequences from a
subject. For example, a reference genome used for human subjects as well as many other organisms is found at the
National Center for Biotechnology Information at ncbinlm.nih.gov. A “genome” refers to the complete genetic
information of an organism or virus, expressed in nucleic acid sequences. A genome includes both the genes and the

noncoding sequences of the DNA. The reference sequence may be larger than the reads that are aligned to it. For

example, it may be at least about 100 times larger, or at least about 1000 times larger, or at least about 10,000 times
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larger, or at least about 103 times larger, or at least about 106 times larger, or at least about 107 tmes larger. In one

example, the reference genome sequence is that of a full length human genome. In another example, the reference
genorae sequence (s mited to a specific buman chroroosome such as chromosome 3. In soree wnplementations, a
reference chrornosome 1s a chromosorae sequence from hman genome version hgi9. Such sequences may be
referred to as chromosome reference sequences, although the term reference genome is intended to cover such
sequences. Other examples of reference sequences include genomes of other species, as well as chromosomes, sub-
chromosomal regions (such as strands), etc., of any species. In various implementations, the reference genome is a
consensus sequence or other combination derived from multiple individuals. However, in certain applications, the

reference sequence may be taken from a particular individual.

{80276} The texm “read” refers to a collection of sequence data that describes 2 fragment of a nucleotide
saniple or reference. The term “read” may refer to a sample read and/or a reference read. Typically, though not

necessanly, a read represents a short sequence of contiguous base pairs 1 the sampile or reference. The read may be
represented syruboheally by the base pare sequence in ATCG) of the saraple or reference fragment. It yay be stored
i a memory device and processed as appropriate to deterraine whether the read matches a reference sequence or
meets other criteria. A read may be obtained directly from 2 sequencing apparatus o radirectly from stored sequence
information concerning the saraple. In some cases, a read is a DNA sequence of sufficient length {e.g., at least about
25 bp) that can be used to identify a larger sequence or region, ¢.g., that can be aligned and specifically assigned to a
chromosome or genomic region or gene.

{86277} Next-generation sequencing methods include, for example, sequencing by synthesis technology
(Ithummna}, pyrosequencing (454}, tou seniconductor technology (Jon Torrent sequencing), single-molecule real-
tirne sequencing (Pacific Biosciences) and sequencing by Hgation (SOLD sequencing). Depending on the

sequencing methods, the length of each read ruay vary from about 30 bp to more than 16,000 bp. For example,

es nucleic acid reads of abowt 50 bp. For another

[Humiea sequencing method using SOLAD sequencer genera
example, fon Torrent Sequencing geverates nucleie acid xeads of up to 400 by and 454 pyrosequencing generates
nucleic acid reads of about 700 bp. For vet another example, single-molecnie real-time sequencing methods may
generate reads of 10,000 bp to 15,000 bp. Therefore, in certain implementations, the nucleic acid sequence reads
have a length of 30-100 bp, 50-200 bp, or 50-400 bp.

{00278} The terms “sample read”, “sample sequence” or “sample fragment™ refer to sequence data for a
genomic sequence of interest from a sample. For example, the sample read comprises sequence data fron: a PCR

amplicon having a forward and reverse primer sequence. The sequence data can be obtained from any select

sequence methodology. The sample read can be, for exampile, from a sequencing-by-synthesis (SBS) reaction, 2
sequencing-by-higation reaction, or any other suitable sequencing methodology for which it is desired to determine

the fength and/or identity of a repetitive element. The sample read can be a consensus (e.g., averaged or weighted)



sequence derived from multiple sampie reads. Jo certain iraplementations, providing a ceference sequence comprises

identifyiog a Jocus-of-interest based upon the prmer sequeace of the PCR amplicon.

{60279} The texm “raw faagment” refers to sequence data for a portion of & genomic sequence of interest that at
least partially overlaps a designated position or secondary position of interest within a sample read or sample
fragment. Non-limiting examples of raw fragments include a duplex stitched fragment, a simplex stitched fragment,
a duplex un-stitched fragment and a simplex un-stitched fragment. The term “raw” is used to indicate that the raw
fragment includes sequence data having some relation to the sequence data in a sample read, regardless of whether

the raw fragment exhibits a supporting variant that corresponds to and authenticates or confirms a potential variant

int a sample read. The term “raw fragment” does not indicate that the fragment necessarily includes a supporting

variant that validates a vanant call 1u a sample read. For example, when a sample read is determined by a vanant

call application to exhibit a first variaut, the vanant call application may determine that one or more raw fragments

lack a corresponding type of “supporting” vanant that may otherwise be expected to oceur given the vartant 1o the

saraple read.

[60280] The terms “mapping”, “aligned,” “alignment,” or “aligning” refer to the process of comparing a read or
¥

tag to a reference sequence and thereby determining whether the reference sequence contains the read sequence. If

1!

e reference sequence contains the read, the read may be mapped to the reference sequence o, in certain
implementations, to a particular location in the reference sequence. In some cases, alignment simply tells whether or
not a read is a member of a particular reference sequence (i.e., whether the read is present or absent in the reference
sequence). For example, the alignment of a read to the reference sequence for human chromosome 13 will tell
whether the read is present in the reference sequence for chromosome 13, A tool that provides this information may

be called a set membership tester. In some cases, an alignment additionally indicates a location in the reference

sequence where the read or tag maps to. For example, if the reference sequence is the whole human genome
sequence, an alignment may xodicate that a read is present on chromosome 13, and may fucther judicate that the read
is on a particular strand aud/or site of chiroraosome 13.

[60281] The term “indel” refers to the insertion and/or the deletion of bases in the DNA of an organism. A
micro-indel represents an indel that results in a net change of 1 to 5C nucleotides. In coding regions of the genome,
vuless the length of an indel is & multiple of 3, it will produce a frameshift mutation. Indels can be contrasted with
point mutations. An indel inserts and deletes nucleotides from a sequence, while a point mutation is a form of
substitution that replaces oue of the nuclectides without changing the overall number in the DNA. Indels can aiso be

contrasted with a Tandem Base Mutation {TBM), which may be defined as substitution at adjacent nucleotides

(prisuarily substitutions at two adjacent nucleotides, but substitutions at three adjacent nucleotides have been
observed).

{40282} The term “variant” refers to 2 ouclere acid sequence that 1s different from a nucleie acid reference.
Typical nucleic acid sequence variant includes without limitation single nucleotide polymorphism (SNP}, short

T
i

deletion and insertion polymorphisms {Indel}, copy number variation (CNV), microsatellite markers or short tandem
repeats and structural variation. Somatic variant calling is the effort to identify variants present at low frequency in
the DNA sample. Somatic variant calling is of interest in the context of cancer treatment. Cancer is caused by an
accumulation of mutations in DNA. A DNA sample from a tumor is generally heterogeneous, including some
normal cells, some cells at an early stage of cancer progression (with fewer mutations), and some late-stage cells
{with more mutations}. Because of thus heterogeneity, when sequencing a tumor {(e.g., from an FEPE sarple),

somatic mutatons will often appear at & low frequency. For example, a SNV mmght be seen in only 10% of'the reads
somatic mutatons will often appear at & low frequency. For example, a SNV mmght be seen in only 10% of the reads
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covering a given base. A variant that is to be classified as somatic or genraline by the vanaot classifier is also
)5

referred to herein as the “vanant under te

[B4283] The term “noise”

fers to 2 mistaken variant call resulting from one or wore ercors 1 the sequencing

process and/or in the variant call application.

[00284] The term “variant frequency” represents the relative frequency of an allele (variant of a gene) ata
particular locus in a population, expressed as a fraction or percentage. For example, the fraction or percentage may
be the fraction of all chromosomes in the population that carry that allele. By way of example, samiple variant
frequency represents the relative frequency of an allele/variant at a particular locus/position along a genomic

nierest over a pa)pbi(.tl()n corresponding to the number of reads and/or samples obtained for the

sequence of it
enoniic sequence of taterest from an individual. As another example, 2 baseline vaniant frequency represents the
> £ > ¢ +

relative frequency of an allele/vanant at a particular locos/position along one or more baseline genomic sequences

where the “population” corresponding to the number of reads and/or samples obtained for the one or more basel
genonxc sequences from a populanon of nommal individuals.

[60285] The term “variant allele frequency (VAF) refers to the percentage of sequenced reads observed
matching the variant divided by the overall coverage at the target position. VAF is a measure of the proportion of
sequenced reads carrying the variant.

i)

{80286} The terms “position”, “designated position”, and “locus™ refer to a location or coordinate of one or

more nucleotides within a sequence of niucleotides. The terms “position”, “designated position”, and “locus™ also

refer to a location or coordinate of one or more base pairs in a sequence of nucleotides.

{30287} The term “haplotype” refers to a combination of alleles at adjacent sites on a chromosome that are

inherited together. A haplotype may be one locus, several loci, or an entire chromosome depending on the number
of recombination events that have occurred between a given set of laci, if any cocurred.

{66288} The term “threshold” herern refers to a numeric or non-numeric value that is used as a cutoff to
characterize a sample, a nucleie acid, or portion thereof (e.g., a xead). A threshold raay be varied based upon

enpirical analysis. The threshold may be compared to a measured or calculated value to determine whether the

source giving rise to such value suggests shouid be classified in a particular manner. Threshold values can be

identified empirically or analytically. The choice of a threshold is dependent on the level of confidence that the user

wishes to have to make the classification. The threshold may be chosen for a particular purpose (e.g., to balance
sensitivity aud selectivity). As used herein, the term “threshold” indicates a point at which a course of analysis may
be changed and/or a point at which an action may be triggered. A threshold 18 not required to be a predetenmined
number. Instead, the threshold may be, for instance, a function that is based on a plurality of factors. The threshold
may be adaptive to the crrcumstances. Moreover, a threshold may indicate an upper i, 2 lower lunit, or a range
between lmits.
[00289] In some implementations, a metric or score that is based on sequencing data may be compared to the
threshold. As used herein, the terms “metric” or “score” may include values or results that were determined from the
sequencing data or may include functions that are based on the values or results that were determined from the
sequencing data. Like a threshold, the metric or score may be adaptive to the circumstances. For instance, the metric
or score may be a normalized value. As an example of a score or metric, one or more implementations may use
count scores when analyzing the data. A count score may be based on the number of sample reads. The sample reads

may have undergone one or more filtering stages such that the saruple reads have at least one comuon characteristic

or gquality. For example, each of the sample reads that are used to deterruine a count score may have been aligned

with a reference sequence or ynay be assigoned as a potential allele. The number of sample reads having a common
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characteristic may be counted to determine a xead count. Count scores may be based on the read count. {n some

implementations, the cowat score may be a vahie that is equal to the read count. Tn other implementations, the count

ot

score ruay be based oo the read count and other inforroation. For examplm a count score may be based on the read
count for a particular allele of a genctic locus and a total number of reads for the genctic locus. In some
implementations, the count score may be based on the read count and previously-obtained data for the genectic locus.
In some implementations, the count scores may be normalized scores between predetermined values. The count
score may also be a function of read counts from other loct of a sample or a function of read counts from other
samples that were concurrently run with the sample-of-interest. For instance, the count score may be a function of
the read count of a particular allele and the read counts of other loct in the saruple and/or the read counts from other

samples. As one example, the read counts from other ot and/or the read counts from other samples may be used to

normalize the count score for the particular aliele.

{04298} The terms “coverage” or ““fx.

gt

rent coverage” refexr to 2 count or other rueasure of a number of saraple
reads for the same fragment of 2 sequence. A read count may represent a count of the number of reads that covera
corresponding fragment. Alternatively, the coverage may be determined by multiplying the read count by a
designated factor that is based on historical knowledge, knowledge of the sample, knowledge of the locus, ete.
[60291] The term “read depth” (conventionally a number followed by “x”) refers to the number of sequenced
reads with overlapping alignment at the target position. This is often expressed as an average or percentage
exceeding a cutoff over a set of intervals (such as exons, genes, or panels). For example, a clinical report might say
that a panel average coverage is 1,105 with 98% of targeted bases covered >100x.

{60292} The terms “base call guality score” or “QQ score” refer to a PHRED-scaled probability ranging from 0-
28 inversely proportional to the probability that & single sequenced base is correct. For example, 2 T base call with Q
of 20 is considered likely correct with a confidence P-value of 0.01. Any base call with Q<20 should be considered
low quality, and any vagaot ideotified where a substantial proportion of sequenced reads supporting the variant are
of low quality should be cousidered potentially false positive.

[60293] The terms “variant reads” or “variant read number” refer to the number of sequenced reads supporting

the presence of the variant.

Seguencing Process

k

{80294} Implementations set forth herein may be applicable to analyzing nucleic acid sequences to wdentify

sequence vartations. Implemeuntations may be used to analyze potential variants/alleles of a genetic position/tocus
and deteroine a genotype of the genetic locus or, 1 other words, provide a genotype call for the locus. By way of
example, nucleic acid sequences may be analyzed in accordance with the methods and systems described in US
Patent Application Publication No. 2016/0085910 and US Patent Application Publication No. 2013/0296175, the
complete subject matter of which are expressly incorporated by reference herein in their entirety.

[00295] In one impiementation, a sequencing process includes receiving a sample that includes or is suspected
of including nucleic acids, such as DNA. The sample may be from a known or unknown source, such as an animal
(e.g., human), plant, bacteria, or fungus. The sample may be taken directly from the source. For instance, blood or
saliva may be taken directly from an individual. Alternatively, the sarople may not be obtained directly from the
source. Then, one or more processors direct the system to prepare the saruple for sequencing. The preparation ray
inclode removing extraneous material and/or tsolating certam material {e.g., DNA}. The biological sample may be
prepared to include features for a particular assay. For example, the biological sample may be prepared fox

sequencing-by-synthesis (SBS). In certain rnplementations, the prepanog may mchude araplification of certain
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regions of a genome. For instance, the prepariag may wclude araplifying predetermined genetic loci that are known
to 1achude STRs and/or SNPs. The genetic loct may be amplified using predeterrained privaer sequences.

{60296} Next, the oue or more processors direct the system to sequence the sampie. The sequencing roay be
performed through a varicty of known sequencing protocols. In particular implementations, the sequencing includes
SBS. In 5B5, a plurality of fluorescently-labeled nucleotides are used to sequence a plurality of clusters of amplified
DNA {possibly millions of clusters} present on the surface of an opticai substrate {e.g., a surface that at least

partially defines a channel in a flow cell). The flow cells may contain nucleic acid samples for sequencing where the

flow cells are placed within the appropriate flow cell holders.
{60257} The nucleic acids can be prepared such that they compuse a known prirer sequence that is adjacent to

an unknown target sequence. To mmtiate the first SBS sequencing cycle, one or more differently labeled nucleotdes
& 1 & LY > 5

and DNA polymerase, etc., can be flowed mto/through the flow cell by a fluid flow subsystern. Either a single type
of nucleotide be added at a tirae, or the nucleotides used in the sequencing procedure can be specially designed
to possess a reversible ferraination property, thus atiowing each cycle of the sequencing reaction to occux
simultaneously in the presence of several types of labeled nucleotides (e.z., A, C, T, (). The nucleotides can include
detectable label moteties such as fluorophores. Where the four nucleotides are mixed together, the polymerase is
able to select the correct base to incorporate and cach sequence is extended by a single base. Non-incorporated
nucleotides can be washed away by flowing a wash solution through the flow cell. One or more lasers may excite
the nucleic acids and induce fluorescence. The fluorescence emitted from the nucleic acids is based upon the
fluorophores of the incorporated base, and different fluorophores may emit different wavelengths of erission light.
A deblocking reagent can be added to the flow cell to remove reversible terminator groups from the DNA strands
that were extended and detected. The deblocking reagent can then be washed away by flowing a wash solution
through the flow cell. The fow cell is then ready for a further cycle of sequencing starting with introduction of a
labeled pucleotide as set forth above. The fluidic and detection operations can be repeated several times to complete
a sequencing run. Example sequenciog methods are descbed, for example, i Bentley et al,, Nature 456:53-59
(2008), International Publication No. WO 04/018497; U.S. Pat. No. 7,057,026; International Publication No. WO
91/06678; International Publication No. WQ 07/123744; U.S. Pat. No. 7,329,402; U.S. Patent No. 7,211,414; U.S.
Patent No. 7,315,019; U.S. Patent No. 7,405,281, and U.S. Patent Application Publication No. 200&/0108082, each
of which is incorporated herein by reference.
{0298} In some unplementations, nvcleic aeids can be attached to a surface and amplified prior to or dunong
sequencing. For example, amplification can be carried out using bridge amplificaton to form nucleic acd clusters
ou a surface. Useful bridge amplificaton methods are described, for exampie, in U.8. Patent No. 5,641,658; U.S.
Patent Application Publication No. 2002/06055100; U.S. Patent No. 7,115,400; U.5. Patent Application Publicanon
No. 2004/0096853; U.5. Patent Application Publicanion No. 2004/06002090; U.S. Patent Application Publication No
2007/0128624; and U.S. Patent Application Publication No. 2008/0009420, cach of which is incorporated herein by
reference in its entirety. Another useful method for amplifying nucleic acids on a surface is rolling circle
anplification (RCA), for example, as described in Lizardi et al., Nat. Genet. 19:225-232 (1998} and U.S. Patent
Application Publication No. 2007/0099208 A1, each of which is incorporated herein by reference.
{{50299} One example SBS protocol exploits modified nucleotides having removable 37 blocks, for exaniple, as
escribed in International Publication No. WO 04/018497, U.S. Patent Application Publication No.
2007/0366705A1, and U.S. Patent No. 7,057,026, each of which is incorporated herein by reference. For exaruple,
repeated cycles of SRS reagents can be delivered to a flow cell having target nucleie acids attached thereto, for

example, as a result of the bridge amplification protocol. The nucleic acid clusters can be converted to singie

&t
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stranded forra using a linearization solution. The lineanzation solution can coutain, for exampie, a restriction

endonuclease capable of cleaving one strand of each cluster. Other methods of cleavage can be used as an

chuding inter alia chemical cleavage (e.g., cleavage of a diol

altermative o restiicnon enzymes or nicking enzymes
linkage with periodate), cleavage of abasic sites by cleavage with endonuclease {for example ‘U SER'7 as suppiied
by NEB, Ipswich, Mass., USA, part number M53058S), by exposure to heat or alkali, cleavage of ribonucleotides
incorporated into amplification products otherwise comprised of deoxyribonucleotides, photochemical cleavage or
cleavage of a peptide linker. After the linearization operation a sequencing primer can be delivered to the flow cell
under conditions for liybridization of the sequencing primer to the target nucleic acids that are to be sequenced.

o

35 extension reagent having modified nucleotides with

{40300} A flow cell can then be contacted with an 8
removable 3° blocks and fluorescent labels under conditions to extend a primer hybridized to each target nucleic
actd by a single nuclectide addition. Ouly a single nucleotide is added to each primer because once the modified
aucleotide has been tncorporated wto the growing polynucleotide chain complementary to the region of the template
being sequenced there is no free 37-OH group available to divect fither sequence extension and therefore the
polymerase cannot add further nucleotides. The SBS extension reagent can be removed and replaced with scan
reagent containing components that protect the sample under excitation with radiation. Example components for
scan reagent are described in U.S. Patent Application Publication No. 2008/0280773 Al and U.S5. Patent Application
No. 13/018,255, each of which is incorporated herein by reference. The extended nucleic acids can then be
fluorescently detected in the presence of scan reagent. Once the tluorescence has been detected, the 37 block may be
removed using a deblock reagent that 1s appropriate to the blocking group used. Example deblock reagents that are
useful for respective blocking groups are described in WO004018497, US 2007/0166705A1 and U.S. Patent No.
7,057,026, ecach of which 1s incorporated heretn by reference. The deblock reagent can be washed away leaving

tars

et niucleic acids hybudized to extended primers having 37-0H groups that are now competent for addition of a
further nucleotide. Accordingly the cycles of adding extension reagent, scan reageot, and deblock reagent, with
optional washes between one or more of the operations, can be xepeated until 2 desired sequence is obtained. The
above cycies can be carried out using a single extension reagent delivery operation per cycie when each of the
modified nucleotides has a different label attached thereto, known to correspond to the particular base. The different
labels facilitate discrimination between the nucleotides added during each incorporation operation. Alternatively,
cach cycle can include separate operations of extension reagent delivery followed by separate operations of scan
reagent delivery and detection, in which case two or more of the nucleotides can have the same label and can be
distinguished based on the known order of delivery.

ed above with respect o a particular SBS protocol,

{40301} Although the sequencing operation has been disc
it will be understood that other protocols for sequencing any of a variety of othex yaolecular analyses can be carnied
out as destred.

[00302] Then, the one or more processors of the system receive the sequencing data for subsequent analysis.

ot

The sequencing data may be formatted in various manners, such as in a .BAM file. The sequencing data may
include, for example, a number of sample reads. The sequencing data may include a plurality of sample reads that
have corresponding sample sequences of the nucleotides. Although only one sample read s discussed, it should be
understood that the sequencing data may mclude, for example, hundreds, thousands, hundreds of thousands, or
millions of sample reads. Different sample reads may have different numbers of nucleotides. For example, a sample
read may range between 1§ nucleotides to about 500 nucleotides or more. The sample reads may spau the eutire
genonie of the source(s}). As one example, the sample reads are directed toward predeterruined genetic loci, such as

those genetic loci having suspected STRs or suspected SNPs.
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{60303} Hach saraple read may include a sequence of nucleotides, which may be referred to as a sample
sequence, sample fragment or a target sequence. The sample sequence raay inchude, for example, privaer sequences,
flanking sequences, and a target sequence. The oumber of nucieotides within the sample sequence may incluade 30,
40, 50, 60, 70, 80, 90, 100 or more. In some implementations, one or more of the sampie reads {or sample
sequences) inciudes at least 150 nucleotides, 200 nucleotides, 300 nucleotides, 400 nucleotides, 500 nucleotides, or

more. In some implementations, the sample reads may include more than 1000 nucleotides, 2000 nucleotides, or
more. The sample reads (or the sample sequences) may include primer sequences at one or both ends.
[00304] Next, the one or more processors analyze the sequencing data to obtain potential variant call(s) and a

saruple variant frequeney of the sample variant call{s}. The operation may also be referred to as a variant call

application or vanant caller. Thus, the variant caller identifies or detects vanants and the variant classifier classifies

the detected variauts as somatic or germbine. Alternative variant callers may be utilized in accordance with
implementations herein, wherern different variant callers yaay be used based on the type of sequencing operation
being performed, based on features of the sample that are of interest and the like. Oue non-itmiting example of a
variant call application, such as the Pisces™ application by IHlumina Inc. {San Diego, CA) hosted at
https://github.com/IHumina/Pisces and described in the article Dunn, Tamsen & Berry, Gwenn & Emig-Agius,
Dorothea & Jiang, Yu & Iver, Anita & Udar, Nitin & Strémberg, Michael. (2617). Pisces: An Accurate and
Versatile Single Sample Somatic and Germline Variant Caller. 595-595. 10.1145/3107411.3108203, the complete

subject matter of which is expressly incorporated herein by reference in its entirety

{30305} Such a variant call application can comprnise four sequentially executed modules:
{80306} {1y Pisces Read Sttcher: Reduces noise by stitching paired reads in a BAM {read one and read two of

the same molecule) into consensus reads. The outputis a stitched BAM.

{30387} {2} Pisces Vanant Caller: Calls small SNVs, insertions and deletions. Pisces includes a vadant-
collapsing algorithro to coalesce vanants broken up by read boundaries, basic filtering algorithyas, and a siraple
Powsson-based variant confidence-scoring algorithyo. The outputis a VCF.

[60308] (3) Pisces Variant Quality Recalibrator (VQR): In the event that the variant calls overwhelmingly
follow a pattern associated with thermal damage or FFPE deamination, the VR step will downgrade the variant ¢
score of the suspect variant calls. The output is an adjusted VCF.

{60309} (4) Pisces Variant Phaser (Scylla): Uses a read-backed greedy clustering method to assemble snuall
vanants into coruplex alleles from clonal subpopulations. This allows for the more accurate determuation of
functional conseguence by downstrear tools. The output is an adjusted VCF

{40316} Additionally or alternatively, the operation may utilize the vanant call application Strelka™

H I
i

application by Hiuenaa Inc. hosted at htps:/github.convilumina/strelka and described in the article T Saunders,
Christopher & Woung, Weody & Swamy, Sajant & Becq, Jeontfer & J Muxray, Lisa & Cheetham, Keira. (2012).
Strelka: Accurate somatic smail-variant calling from sequenced tumor-normal sample pairs. Bioinformatics {Oxford,
England). 28. 1811-7. 10.1093/bioinformatics/bts271, the complete subject matter of which is expressly
incorporated herein by reference in its entivety. Furthermore, additionally or altematively, the operation may utilize
the variant call application Strellka2™ application by lllumina Inc. hosted at https://github.com/Illumina/strelka and
described in the article Kim, S., Scheffler, K., Halpern, A.L., Belaitsky, M.A., Noh, E., Killberg, M., Chen, X,
Beyter, D., Krusche, P., and Saunders, C.T. (2017). Strelka2: Fast and accurate variant calling for clinical
sequencing applications, the coruplete subject matter of which 1s expressly incorporated herein by reference i its
entirety. Moreover, additionally or altematively, the operation may utiize a variant anuotation/cail tool, such as the

Nirvana™ application by Ilumina Tue. hosted at hetps://github corn/Hurnina/Nirvana/wiki and descabed in the
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articie Stroroberg, Michael & Roy, Rajat & Lajugie, Julien & Jiang, Yu & L, Haochen & Margulies, Eliiotr. (2017).
Nirvana: Clinical Grade Variant Annotator. 596-596. 10.1145/3107411.3108204, the complete subject raatter of

which is expressly incorporated herein by reference in its entirety.

{00311} Such a variant annotation/call tool can apply different algorithmic techniques such as those disclosed
in Nirvana:
[00312] a. Identifying all overlapping transcripts with Interval Array: For functional annotation, we can

identify all transcripts overlapping a variant and an interval tree can be used. However, since a set of intervals can be
static, we were able to further optimize it to an Interval Array. An interval tree returns all overlapping transcripts in

Ofruinfu,k ig n}) tme, where n is the number of tatervals 1 the tree and k is the number of overlapping intervals. In

practice, since k is really small compared to n for most variants, the effective muntime on interval tree would be Ok
lg ) . We irnproved to O(lg n + k ) by creating an 1nterval array where all intervals are stored in a sorted array so
that we ouly need to find the first overlapping interval and then enumerate through the remaining (k-1).

{40313} b. CNVe/5Vs (Yu): annotations for Copy Number Variation and Structural Variants can be provided.

Sinilar to the annotation of small variants, transcripts overlapping with the SV and also previcusly reported
structural variants can be annotated in online databases. Unlike the small variants, not all overiapping transcripts
need be annotated, since too many transcripts will be overlapped with a large SVs. Instead, ail overlapping
transcripts can be annotated that belong to a partial overlapping gene. Specifically, for these transcripts, the

impacted introns, exons and the consequences caused by the structural variants can be reported. An option to allow

output all overlapping transcripts is available, but the basic 1nformation for these transcupts can be reported, such as
gene symbol, flag whether 1t 1s canonical overlap or partial overlapped with the transcupts. For each SV/UNV, it1s
also of interest to know if these variants have been studied and their frequencies in different populations. Hence, we
reported overlapping SVs in external databases, such as 1000 genomes, DGV and ChnGen. To avoid using an
arbiteary cutoff to determine which SV s overlapped, instead all overlapping transcxipts can be used and the
reciproeal overlap can be calculated, i.e. the overlapping length divided by the mintmum of the length of these two
SVs.

{00314} ¢. Reporting suppiementary annotations : Supplementary annotations are of two types: small and
structural variants {SVs). Vs can be modeled as intervals and use the interval array discussed above to identify
overlapping SVa. Small variants are modeled as points and matched by position and {optionally) allele. As such,
they are searched using a binary-search-ike algorithm. Since the supplementary aunotation database can be quite
large, a mauch smaller index 1s created to map chromosome positions to file locations where the supplementary
anuotation restdes. The index is a sorted array of objects (made up of chromosome position and file location) that
can be binary searched using position. To keep the index size small, multiple positions (up to a certain yaax count)
are compressed to one object that stores the values for the first posinon and only delas for subsequent positions.
Since we use Binary search, the runtime is O{ig n) , where n is the number of items in the database.

[B0315] d. VEP cache files

[00316] ¢. Transcript Database : The Transcript Cache (cache) and Supplementary database (SAdb) files are
serialized dump of data objects such as transcripts and supplementary annotations. We use Ensembl VEP cache as
our data source for cache. To create the cache, all transcripts are inserted in an interval array and the final state of
the array is stored in the cache files. Thus, during annotation, we only need to load a pre-computed interval array
and performu searches on it. Since the cache s loaded up 1n memory and searching is very fast {deseribed above),

finding overlapping transeripts is extremely guick in Nirvana (profiled to less than 1% of total runtime?}.
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{60317} f. Supplementary Database : The data sources for SAdb are listed under supplementary material. The

SAdb for synall variants is produced by a k ~way reerge of all data sources such that each object in the database

ng

(identified by reference name and position) bolds all relevant supplementary annotations. Issues encountered du
parsing data source files have been documented in detail in Nirvana’s home page. To limit memory usage, only the
SA index is loaded up iIn memory. This index allows a quick lookup of the file location for a supplementary
annotation. However, since the data has to be fetched from disk, adding supplementary annotation has been
identified as Nirvana’s largest bottleneck (profiled at ~30% of total runtime.)
§0318 g. Consequence and Sequence Ontology : Nirvana’s functional annotation {when provided) follows the
. a Y { I

Seguence Ountology (S0) (httpi//www sequenceontology.org/ ) gmdelines. On occasions, we hiad the opportonity to

identify issues in the current 5O and collaborate with the SO team to improve the state of annotation.

{60319} Such a vanant annotation tool can inclode pre-processing. For example, Nirvana incloded a large
aumber of anwotations from Extermal data sources, like ExAC, BVS, 1000 Genomes project, dbSNP, ClinVar,
Cosmic, DGV and ChinGen. To make full use of these databases, we have to sanitize the inforreation from them. We
implemented different strategy to deal with different conflicts that exist from different data sources. For exampie, in
case of muitiple dbSNP entries for the same position and alternate allele, we join all ids into a conmma separated list
of ids; if there are multiple entries with different CAF values for the same allele, we use the first CAF value. For
conflicting ExAC and EVS entries, we consider the number of sample counts and the entry with higher sample
count is used. In 1000 Genome Projects, we removed the allele frequency of the conflicting allele. Another issue is
inaccurate information. We mainly extracted the aliele frequencies information from 1000 Genome Projects,
however, we noticed that for GRCH3E, the allele frequency reported in the info field did not exclude samples with
genotype not available, leading to deflated frequencies for variants which are not available for all samples. To
guarantee the accuracy of our annotation, we use all of the individual level genotype o compute the true allele
frequencies. As we koow, the same variants can bave different xepresentations based on different alignments. To
make sure we can accurately repoxt the information for already identified variants, we have to preprocess the
variants from different resources to make them have consistent representation. For all external data sources, we
trimmed alleles to remove duplicated nucleotides in both reference allele and alternative allele. For ClinVar, we
directly parsed the xmi file we performed a five-prime alignment for all variants, which is often used in vef file.
Different databases can contain the same set of information. To avoid unnecessary duplicates, we removed some
duplicated information. For example, we removed variauts in DGV which has data source as 1000 genome projects,

sinee we already reported these variants in 1000 gepomes with more detailed infonmation.

{40328} In accordance with at least sorne implementations, the vanant call application provides calls for low

frequency vartants, germline calling and the lke. As von-limiting example, the variant call application way run oa

tumor-only samples and/or tumor-normal paired samples. The vanant call application raay search for single
nucleotide variations (SNV), multiple nucleotide variations (MNV), indels and the like. The variant call application
identifies variants, while filtering for mismatches due to sequencing or sample preparation errors. For each variant,

the variant caller identifies the reference sequence, a position of the variant, and the potential variant sequence(s)

{e.g., Ato C SNV, or AG to A deletion). The variant call application identifics the sample sequence {or sampie
fragment), a reference sequence/fragment, and a variant call as an indication that a variant is present. The variant

call application may 1dentify raw fragments, and output a designation of the raw fragments, a count of the number of

raw fragments that venify the potential variant call, the position within the raw fragment at whach a supporting

variant ccourred and other relevant information. Non-limiting examples of raw fragments mchude @ duplex stitched

fragment, a simplex stitched fragment, a duplex un-stitched fragment and a simplex un- stitched fragment.
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{60321} The vagant call application may output the calls in vagous forrats, such as in a .VCF or GVCF file.

By way of example only, the vasant call apphication may be included in & MiSegReporter pipeline {e.g., when

emented with various

implemented on the MiSeq® sequencer nstrument). Optionally, the application yoay be i
workflows. The analysis may include a single protocel or a combination of protocois that analyze the sample reads
in a designated manner to obtain desired information.
[00322] Then, the one or more processors perform a validation operation in connection with the potential
variant call. The validation operation may be based on a quality score, and/or a hierarchy of tiered tests, as explained
hereafter. When the validation operation authenticates or verifies that the potential variant call, the validation
operation passes the variant call information (from the vanant call application} to the sample report generator.
Alternatively, when the validation operation invahdates or disqualifies the potential variant call, the vabdation
operation passes a cowrespouding indication (e.g., a negative indicator, a uo call mdicator, an in-valid call indicator
to the sample report generator. The validation operation also roay pass a confidence score yelated to a degree of
confidence that the variant call is corcect or the in-valid call designation 1s correct.
{60323} Next, the one or more processors generate and store a sample report. The sample report may include,
for example, information regarding a phurality of genetic loci with respect to the sample. For example, for each
genetic locus of a predetermined set of genetic loci, the sample report may at least one of provide a genotype call;
indicate that a genotype call cannot be made: provide a confidence score on a certainty of the genotype call; or
indicate potential problems with an assay regarding one or more genetic loci. The sample report niay also indicate a
gender of an mdividual that provided a sample and/or indicate that the sample inclode multiple sources. As used
rerein, a “sample report” may iuclude digital data (e.g., a data file) of a genetic locus or predetermined set of genetic
locus and/or a printed report of the genetic locus or the set of genetic loci. Thus, generating or providing may
include creating a data file and/or printing the sample report, or displaying the sample teport.
{60324} The sample report may indicate that a vartant call was determined, but was not validated. When a
varant call 1s determioed invalid, the saxaple report reay indicate additional information regarding the basis for the
determination to not validate the variant call. For example, the additional information in the report may include a
description of the raw fragments and an extent (e.g., a count) to which the raw fragments support or contradict the
variant call. Additionally or altematively, the additional information in the report may include the quality score

obtained in accordance with implementations described herein.

[60325] Implementations disclosed herein include analyzing sequencing data to identify poteatial variant calls,
Variant calling may be performed upon stored data for a previously performed sequencing operation. Additionally
or alternatively, it may be performed in real time while a sequencing operation is being performed. Each of the
sarnple reads is assigned to corresponding genetic loci. The sample reads may be assigned to corresponding genetic
loci based on the sequence of the nucleotides of the sample read or, in other words, the order of nucleotides within
the sample read {e.g., A, C, G, T). Based on this analysis, the sample read may be designated as including a possible
variant/allele of a particular genctic locus. The sample read may be collected (or aggregated or binned) with other
sample reads that have been designated as mcluding possible variants/aileles of the genetic locos. The assigning
operation may also be referred to as a calling operation 1n which the sample read is identified as being possibly

associated with a particular genetic position/locus. The sample reads may be analyzed to locate one or more

identifyrog sequences (e.g., pumer sequences) of mucleotides that differentiate the sample read from other sample
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reads. More specifically, the identifving sequence(s) may 1dentify the sample read from other sample reads as beu
associated with 2 particular genetic locus.
{08326} The

to determine if the series of n nucleotides of the identifying sequence effectively matches with one or more of the

i gnirag operation may include analyzing the series of n nucleotides of the idennifying sequence

select sequences. In particular implementations, the assigning operation may include analyzing the first n
nucleotides of the sample sequence to determine if the first n nucleotides of the samiple sequence effectively matches
with one or more of the select sequences. The number n may have a variety of values, which may be programmed
into the protocol or entered by a user. For example, the number n may be defined as the number of nucleotides of the
shortest select sequence within the database. The number nt may be a predetermined number. The predetermined
number may he, for exaraple, 10, 11, 12, 13, 14, 15,16, 17, 18, 19, 20, 21, 22, 23,24, 25,26, 27, 28, 29, or 30
nucleotides. However, fewer or more nucleotides may be used in other implementations. The number n may also be
selected by an individual, such as a user of the system. The vumber n may be based on one or more conditions. For
stance, the number n may be defined as the number of nucleotides of the shortest primer sequence within the
database or a designated number, whichever is the smaller mumber. In some implementations, a nyinimum value for
1 may be used, such as 15, such that any primer sequence that is less than 15 nucleotides may be designated as an

exception.

{80327} In some cases, the series of n nuclectides of an identif

s..

ing sequence may not precisely match the

nucleotides of the select sequence. Nonetheless, the identitying sequence may effectively match the select sequence
if the identifying sequence is nearly identical to the select sequence. For example, the sarnple read may be called for
a genetic locus if the series of u nucleotides (e.g., the first n nucleotides) of the identifying sequence match a select

sequence with no more than a designated nummber of mismatches (e.g., 3) and/or 2 designated number of shifts (e.g.,

2). Rules may be established such that each mismatch or shift may count as a difference between the sample read
and the pomer sequence. 1 the nuxaber of differences s less than a designated nuyaber, then the sample read roay be
called for the corresponding genetic locus (1.e., assigned to the corresponding genetic locus). In some
implementations, a matching score may be determined that is based on the number of differences between the
identifying sequence of the sample read and the select sequence associated with a genetic locus. If the matching
score passes a designated matching threshold, then the genetic locus that corresponds to the select sequence may be
designated as a potential locus for the sample read. In some implementations, subsequent analysis may be performed
to determine whether the saruple read is called for the genetic locus.

[84328] If the sample read effectively matches one of the select sequences 1n the database {1.¢., exactly matches

or nearly matches as deseribed above), then the saruple read is assigned or designated to the genetic locus that

correlates to the select sequence. This may be referred to as locus calling or provisional-locus calling, wherein the
saraple read is called for the genetic locus that cowrelates to the select sequence. However, as discussed above, a
sample read may be called for more than one genetic locus. In such implementations, further analysis may be
performed to call or assign the samaple read for only one of the potential genetic loci. In some implementations, the
sample read that is compared to the database of reference sequences is the first read from paired-end sequencing
When performing paired-end sequencing, a second read (representing a raw fragment) 1s obtained that correlates to
the sample read. After assigning, the subseguent analysis that is performed with the assigned reads may be based on
the type of genetic locus that has been called for the assigned read.
{0329} Next, the sample reads are analyzed to identify potential variant calls. Among other things, the results
of the analysis identify the potential variant call, a sample vanant frequency, a reference sequence and a position

within the genomic sequence of interest at which the variant occured. For example, if a genenc locus s known for
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inclading SNPs, theo the assigned reads that bave been called for the gecetic locus may undergo analysis to identify
the SNPs of the assigned reads. If the genetic locus s known for including polymorphic repetitive DNA elements,
then the assigned reads raay be analyzed to :dentify or characterize the polymorphic repetitive DNA elements within
the sample reads. In some implementations, if an assigned read effectively matches with a STR locus and a SNP
locus, a warning or flag may be assigned to the sarple read. The sampie read may be designated as both a STR
locus and an SNP locus. The analyzing may include aligning the assigned reads in accordance with an alignment
protocol to determine sequences and/or lengths of the assigned reads. The alignment protocol may include the

method deseribed in International Patent Application No. PCT/US2013/030867 (Publication No. WO 2014/142831),

filed on March 15, 2013, whict 18 herem mcorporated by reference in its entirety.
{00339} Then, the one or more processors analyze raw fragrients to determine whether supporting variants

Hed. For

exist at corresponding positions within the raw fragments. Various types of raw fragments may be identi

example, the varant caller may idenufy a type of raw fragment that exhibits a variant that validates the original

varant catl. For exaraple, the type of raw fragiment ray represent a duplex stitched fragroent, a sixaplex stitched
fragment, a duplex un-stitched fragment or a stmplex un-stitched fragment. Opticnally other raw fragments may be
identified instead of or in addition to the foregoing examples. In connection with identifying cach type of raw
fragment, the variant caller also identifies the position, within the raw fragment, at which the supporting variant
oceurred, as well as a count of the number of raw fragments that exhibited the supporting variant. For example, the
variant caller may output an indication that 10 reads of raw fragments were identified to represent duplex stitched
fragrents having a supporting variant at a pargcular position X. The variant caller may also output indication that
five reads of raw fragrments were identified to represent simplex un-stitched fragments baving 2 supporting varnant at

a particular position Y. The varant caller may also output a mumber of raw fragments that corresponded to reference

sequences and thus did not include a supporting vaciant that would otherwise provide evidence validating the
potential variant call at the genomic sequence of interest.

{40331} Next, a count is maintained of the raw fragments that include supportiog variaats, as well as the
position at which the supporting variant occurred. Additionally or alternatively, a count may be maintained of the
raw fragments that did not include supporting variants at the position of interest {relative to the position of the
potential variant call in the sample read or sample fragment). Additionally or alternatively, a count may be
maintained of raw fragments that correspond to a reference sequence and do not authenticate or confirm the
potential variant call. The information determined 1s output to the vaviaut call validation apphcation, includin

count and type of the raw fragments that support the potential variant call, positions of the supporting varianee o the

raw fragments, 4 count of the raw fragruents that do not support the potential variant call and the like.

{60332} When a potential variaat call is identiBed, the process outputs an judicating of the potential vanant
call, the variaot sequence, the variant position and a reference sequence associated therewith. The variant call is
designated to represent a “potential” variant as errors may cause the call process to identify a false variant. In
accordance with implementations herein, the potential variant call is analyzed to reduce and eliminate false variants
or false positives. Additionally or alternatively, the process analyzes one or more raw fragments associated with a

sample read and outputs a corresponding vanant call associated with the raw fragments.

Benign Training Set Generation

33 illions of human genomes and exomes have been sequenced, but their clinical applications remain
84333 Milil f hi g i have b } 1, but th L { licat
hmited due to the difficulty of distinguishing disease-causing mutations from benign genetic variation. Here we

deraonstrate that common missense varianis 10 other privaate species are largely clinically benigo 1o huraan,



40

enabling pathogenic yutations to be systematically identified by the process of ehuonnation. Using hundreds of
thousands of common variants from population sequencing of six non-human primate species, we traia a deep

neural network that identifies pathogenic rautations in rare disease patients with 88% accuracy and enables the

discovery of 14 new candidate genes in inteliectual disability at genome-wide sig ance. Cataloging common

variation from additional primate specics would improve interpretation for millions of variants of uncertain
significance, further advancing the clinical utility of human genome sequencing.

[00334] The clinical actionability of diagnostic sequencing is limited by the diffienlty of interpreting rare

genetic variants in human populations and inferring their impact on disease risk. Because of their deleterious effects

ou fitness, clinically ificant genetic variants tend to be extremely rare in the popuolation and, for the vast

majority, their effects on human bealth have not been deterrined. The large mumber and rarity of these variants of
uncertain clinical sigmficance present a forimdable obstacle to the adoption of sequencing for individualized
medicine and population-wide health screening.

{0335} Most penetrant Mendelian diseases bave very low prevalence 1 the population, bence the observation
of a variant at high frequencies in the population is strong evidence in favor of benign consequence. Assaying
conmon variation across diverse human populations is an effective strategy for cataloguing benign variants, but the
total amount of common variation in present-day humans is fimited due to bottleneck events in our species’ recent
history, during which a large fraction of ancestral diversity was lost. Population studies of present-day humans show
a remarkable inflation from an effective population size (N} of less than 10,000 individuals within the last 15,000-
65,000 years, and the small pool of cormon polymorphisms traces back to the lmited capacitance for variation in &
population of this size. Out of more than 70 million potential protein-altering rmssense substitutions 1n the reference

genonie, only roughly 1 in 1,000 are present at greatey than 0.1% overall population atlele frequency.

{40336} Outside of roodern timan populations, chimpanzees comprise the next closest extant species, and
share 99.4% araino acid sequence identity. The near-identty of the protetu-coding sequence o humans and
chimpagzees suggests that purifying selection operating on chimpanzee protein-coding variants raght also model
the consequences on fitness of human mutations that are identical-by-state.

{00337} Because the mean time for neutral polymorphisms to persist in the ancestral human lineage (~4N,
generations) s a fraction of the species’ divergence time (~6 million years ago), naturally oceurring chimpanzee

variation explores mutational space that is largely non-overlapping except by chance, aside from rare instances of

haplotypes maintained by balancing selection. If polymorphisms that are idemzical‘by—state similarly affect fitness in
the two species, the presence of a vartant at lngh allele frequencies tn chimpanzee populations should indicate

CIgn Consequence in buman, expanding the catalog of known variants whose hemgn consequence has been

established by punfying selection.

Besuits - Common YVarianis fa Other Primates are Largely Benign in Huwmag

[00338] The recent availability of aggregated exome data, comprising 123,136 humans collected in the Exome
Aggregation Consortium (ExAC) and Genome Aggregation Database {(gnomAD}, allows us to measure the impact

of natural selection on missense and synonymous nwutations across the allele frequency spectrun:. Rare singleton

variants that are observed ouly once in the cohornt closely mateh the expected 2.2/1 missense/synonymous ratio
predicted by de nove mutation after adjusting for the effects of trinucleotide context on mutational rate (FIG. 484,
FRG. 51, and FiGs. 524, 528, 52C, and 521), but at higher allele frequencies the nnmber of observed missense
varants decreases due to the purgrag of deletertous mutations by natural selection. The gradual decrease of

mHssense/synonymous ratios with increasing allele frequency ts conststent with a substantial fraction of yuissense
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variants of populaiion frequency < §.1% having a mildly deleterious consequence despite being observed 1a healthy
individuals. These findings support the widespread empirical practice by dragnostic laboratories of filtering out
variants with greater than 8.1% to ~1% allele frequency as probably benign for penetrant genetic disease, aside frora
a handful of well-documented exceptions due to balancing selection and founder effects.
[060339] We identified common chimpanzee variants that were sampled two or more times in a cohort of 24
unrelated individuals; we estimate that 99.8% of these variants are common in the general chimpanzee population
(alicle frequency (AF) > 0.1%), indicating that these variants have already passed through the sieve of purifying
selection. We examined the human allele frequency spectrum for the corresponding identical-by-state human
vanants (FEG. 498), excluding the extended major histocompatibility complex region as a known region of
balancing selection, along with variants lacking a one-to-one mapping 1n the mnultiple sequence alignment. For
human variants that are 1dentical-by-state with common chimpanzee variants, the missense/synonymous ratio is

largely constant across the human aliele frequency spectrum (P > 0.5 by Chi-squared (¥2) test}, which 1s cous

with the absence of negative selection against comruon chirepanzee vadants i the buman population and

concordant selection coefficients on missense variants in the two species. The low missense/synonyimous ratio
observed in human variants that are identical-by-state with commen chimpanzee variants is consistent with the
larger effective population size in chimpanzee (N, ~ 73,000), which enables more efficient filtering of nuldly
deleterious variation.

[00340] In contrast, for singleton chimpanzee variants (sampled only once in the cohort), we observe a
significant decrease in the missense/synonymous ratio at commeon allele frequencies (P < 5.8 x 1075 FIG, 490),
indicating that 24% of singleton chirupanzee missense variants would be filtered by purifying selection 1 hurman
populations at allele frequencies greater than 0.1%. This depletion indicates that a significant fraction of the
chimpanzee singleton vasaots are rare deleterious mutations whose damaging effects on fitness bave prevented
them from reaching coramon allele frequencies 1o either species. We estimate that only 69% of singleton variants
are comunon {AF > 0.1%) in the general chimypanzee population.

[60341] We next identified human variants that are identicai-by-state with variation observed in at least one of
six non-human primate species. Variation in each of the six species was ascertained from either the great ape
genome project (chimp, bonobo, gorilla, and orangutan) or were submitted to the Single Nucleotide Polymorphism
Database (dbSNP) from the primate genome projects (rhesus, marmoset), and largely represent common variants
based on the hmited number of individuals sequenced and the low missense:synonymous ratios observed for each

species (Supplementary Table 1), Sumlar to chimpanzee, we found that the nussense/synonymous ratios for variants

from the six non-human primate species are roughly equal across the human allele frequency spectrum, other than a
mild depletion of missense variation at comyon allele frequencies (FIG. 490, FIGs. 53, 54, and 85, Supplementary
Darta File 1), which is expected due to the inchusion of 2 axinority of rare vavants (~16% with under 0.1% allele
frequency in chimpanzee, and less in other species due to fewer individuals sequenced). These results suggest that
the selection coefficients on identical-by-state m 3¢ variants are concordant within the primate lineage at least
out to New World monkeys, which are estimated to have diverged from the human ancestral lineage ~35 miilion
years ago.

{80342} We found that human missense variants that are identical-by-state with observed primate variants are

strongly enriched for benign consequence in the ClinVar database. After excluding vartants of uncertain significance

and those with counflicting aunotations, ClinVar variants that are present 1n at least one non-hiuman primate species
are anuotated as benign or likely benigu 90% of the time on average, corupared to 35% for ClinVar ruisseuse

variants in general (P < (0™ FIG. 498). The pathogenicity of ClinVar annotations for primate variants is slightly
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greater than that observed from sampling a sirailarly sized cobiort of bealthy himans (~95% benign or likely benign
consequence, P = 0.07) excluding human vanants with greater than 1% allele frequency to reduce curation bias.
{60343} The field of huroan gevetics has long relied on model organisms to wfer the clinical impact of bman
mutations, but the long evolutionary distance to most genetically tractable animal models raises concerns about the
extent to which findings on model organisms are generalizable back to human. We extended our analysis beyond the
primate lineage to include largely common variation from four additional mammalian species (mouse, pig, goat, and
cow) and two species of more distant vertebrates {chicken and zebrafish). We selected species with sufficient
genome-wide ascertainment of variation in the dbSNPF, and confirmed that these are largely common variants, based
on nussense/synonymous ratios being much lower than 2.2/1. Tu contrast to our primate analyses, human missense
mutations that are identical-by-state with variation in more distant species are markedly depleted at common allele
frequenecies (FIG. 584), and the magnitude of this depletion increases at longer evolotionary distances {FEG. 568
and Supplementary Tables 2 and 3).
{40344} The mussense routations that are deleterious 1 hwnman, yet tolerated at bigh allele frequencies 1 more
distant species, indicate that the coefficients of selection for identical-by-state missense mutations have diverge
ubstantially between humans and more distant species. Nonetheless, the presence of a missense variant in more
distant mamnials still increases the likelihood of benign consequence, as the fraction of missense variants depleted
by natural selection at common allele frequencices is less than the ~50% depletion observed for human missense
variants in general (FEG. 49A). Consistent with these results, we found that ClinVar missense variants that have
been observed in mouse, pig, goat, and cow are 73% likely to be annotated with benign ox likely benign
consequence, compared to 90% for primate variation (P < 2 x 107 FIG. 58C), and 35% for the ClinVar database
overall.
[30345] To confirm that evolutionary distance, and not domestication artifact, is the primary driving force for
the divergence of the selection coefficients, we repeated the analysis ustog fixed subsututions between paies of
closely related species 1u Hew of intra-species polymorphisms across a broad range of evolutionary distances {FYG.
S0D, Supplementary Table 4 and Supplementary Data File 2. We found that the depletion of human missense
variants that are identical-by-state with inter-species fixed substitutions increases with evolutionary branch length,
with no discernable difference for wild species compared to those exposed to domestication. This concurs with
carlier work in fly and yeast, which found that the number of identical-by-state fixed missense substitutions was

lower than expected by chance in divergent lincages.

Deep Learning Network for Variant Pathovenicity Classification

{30346} The techuology disclosed provides a deep leaming network for variant pathogenicity classification.
The importance of variant classification for clinical applications has tnspired numerous attenipts to use supervised
machine leaming to address the probiem, but these efforts have been hindered by the lack of an adequately sized
truth dataset containing confidently labeled benign and pathogenic variants for training.

{00347} Existing databases of human expert curated variants do not represent the entire genome, with ~50% of
the variants in the ClinVar database coming from only 200 genes (~1% of human protein-coding genes). Moreover,
systematic studies dentify that many homan expert aunotations have questionable supporting evidence,

underscoring the diffica },ty of imerpreizin g rare variants that may be observed in (sniy a single patient, ,z’\ithough

around cousensus practices and are at risk of rein forcing existing tendencies. To reduce munan irﬁ:erpreta!i(sn biases,

recent classifiers bave been trained on coramon buman polyraorphisros or fixed humaon—chimpanzee substitutions,
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but these classifiers also use as thexr input the prediction scoves of earher classifiers that were trained on buman
curated databases. Objective benchimarking of the performance of these various roethods has been elusive in the
absence of an independent, bias-free truth dataset.

{00348} Variation from the six non-human primates {(chimpanzee, bonobo, goriila, orangutan, rhesus, and
marmoset) contributes over 300,000 unique missense variants that are non-overlapping with commeon human
variation, and largely represent conumon variants of benign conseguence that have been through the sieve of
purifying selection, greatly enlarging the training dataset available for machine learning approaches. On average,

cach primate species contributes more variants than the whole of the ClinVar database (~42,000 missense variants

as of Novernber 2017, after excluding variants of uncertain sigmficance and those with conflicting annotations

Additionally, this content is free from biases in human interpretation.

{16349} Using a dataset comuprising comyon hurman vanants (AF>-0.1%) and primate vanation {Supplementary
Table 5 (FiG. 58), we trained a vovel deep residual network, Primate AL, which takes as imput the amino acid
sequence fanking the vanant of 1nterest and the orthologous sequence aligaments in other species (FEG. 2 and FiG.
3). Unlike existing classifiers that empioy human-engineered features, our deep learning network learns to extract
features directly from: the primary sequence. To incorporate information about protein structure, we trained separate
networks to predict the secondary structure and solvent accessibility from the sequence alone, and then included
these as subnetworks in the full model (FEG. 5 and FIG. 6). Given the small number of human proteins that have

been successfully crystallized, 1

ferring structure from the primary sequence has the advantage of avoiding biases
due to incomplete protein strocture and functional domain annotation. The total depth of the network, with protein
structure included, was 36 layers of convolutions, corpusing roughly 400,000 trainable patameters.

{80350} To train a classifier using ounly vanants with benign labels, we framed the prediction problem as

whether a given mutation 1s bkely to be obse

ved as a cormmon varant in the population. Several factors influence

the probability of observing a vaxiaat at high allele frequencies, of which we are interested ouly mn deleteriousaess;

other factors inchude wutation rate, techmical ariifacts such as sequencing coverage, and factors irapacting veutral
genetic drift such as gene conversion.

{00351} We matched each variant in the benign training set with a nuissense muitation that was absent in
123,136 exomes from the ExAC database, controlling for each of these confounding factors, and trained the deep
learning network to distinguish between bepign variants and matched controls (FI1G. 24). As the number of

unlabeled variants greatly exceeds the size of the labeled benign traimug dataset, we trained eight networks in

paraliel, each vsing a different set of unlabeled variants matched to the benign training dataset, to obtain a consensus
prediction.
{60352} Using only the primary amino acid sequence as its input, the deep learning network accurately assigns

high pathogevicity scores to residues at useful protein functional domains, as showu for the voltage-gated sodium
channel SCN2A (FIG. 28), a major discase gene in epilepsy, autism, and inteliectual disability. The structure of
SCNZA comprises four homologous repeats, each containing six transmembrane helixes (S1-56). On membrane
depolarization, the positively charged S84 transmembrane helix moves towards the extracellular side of the
membrane, causing the 35/86 pore-forming domains to open via the 54-35 linker. Mutations in the 54, 34-83
linker, and 55 domains, which are clinically associated with early onset epileptic encephalopathy, are predicted by
the network to have the highest pathogenicity scores in the gene, and are depleted for variants in the healthy
population (Supplementary Table 6). We also found that the network recognizes important amine acid positions

1s the hi

within dorains, and assig est pathogenicity scores to mutations at these positions, such as the DNA-

contacnug restdues of transeription factors and the caralytic residues of enzymes (FEGs. 254, 258, 25C, and 26).
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[B0353] To better understand bow the deep learuing uvetwork derives rusights into protein structure and funchion

from the pomary sequence, we visualized the trainable pararaeters frora the fiest three layers of the network. Within
these layers, we observed that the network leams correlations between the weights of different amino acids that
approximate existing measurements of amino acid distance such as Grantham score (FIG. 27). The outputs of these
initial layers become the inputs for later layers, enabling the deep learning network to construct progressively higher
order representations of the data.

[00354] We compared the performance of our network with existing classification algorithms, using 10,000
common primate variants that were withheld from training. Because ~50% of all newly arising human missense
vanants are filtered by purifying selection at common allele frequencies (FYG. 494), we determined the 5Cth-
percentile score for each classifier on a set of 10,000 randoruly selected vanants that were matched to the 10,000
common primate variants by mutational rate and sequencing coverage, and evaluated the accuracy of each classifier
at that threshold (FIG. 2110, FYG. 284, and Supplementary Data File 4). Our deep learmug network (9% accuracy)
surpassed the performance of other classifiers (80% accuracy for the next best model} at assigning benign
consequence to the 10,000 withheld common primate variants.

{00355} Roughly haif the improvement over existing methods comes from using the deep learning network and

half comes from augmenting the training dataset with primate variation, as conrpared to the accuracy of the network

trained with human variation data only (FIG. 21D). To test the classification of variants of uncertain significance in
a clinical scenario, we evaluated the ability of the deep learning network to distinguish between de nove mutations
oceurrmg in patients with neurodevelopmental disorders versus healthy conirols. By prevalence,
reurodevelopmental disorders constitute one of the largest categones of rare genetic diseases, and recent trio
sequencing studies have mphcated the central role of de nove missense and protein roncating mutagons.
[#0356] We classified each confidently calied de nove missense variant 1o 4,293 affected individuals from the
Jeciphering Developmental Disorders (DDD) cohort versus de nove missense variants from 2,517 unatfected
siblings i the Stmon’s Suoplex Collection (887} eohiort, and assessed the difference 1u prediction scores between
the two distributions with the Wilcoxon rank-sum test (FIG. 21E and FEGs. 29A and 29B). The deep learning
network clearly outperforms other classifiers on this task (P<10 . FIG. 21F and FIG. 28B). Morcover, the
performance of the various classifiers on the withheld primate variant dataset and the DDD cases versus conirols
dataset was correlated (Spearman p = 0.57, P<0.01), indicating good agreement between the two datasets for

evaluating pathogenieity, despite using entirely different sources and methodologies (FEG. 384).

{80357} We next sought to estimate the aceuracy of the deep learning network at classif CINEN VErsus

H

pathogeuic mutations within the same gene. Given that the DDD population largely comprises wdex cases of

aftected children without affected first degree relatives, it (s iraportant to show that the classifier has not inflated its

accuracy by favorag pathogenicity in genes with de nove domioant yuodes of sheritance. We restricted the avalysis
to 605 genes that were nominally significant for disease association in the DDD study, calculated from protein-
truncating variation only (P<0.05). Within these genes, de novo missense mutations are enriched 3/1 compared to
expectation (FIG. 22A), indicating that ~67% are pathogenic.

{00358} The deep learning network was able to discrintinate pathogenic and benign de novo variants within the
same set of genes (P<107; FIG. 22B), outperforming other methods by a large margin (FIGs. 22C and 28C). Ata
binary cutoft of > 0.803 (FIGs. 22D and 38B), 65% of de novo missense mutations in cases arc classified by the
deep learning network as pathogenic, compared to 14% of de novo missense mutations in controls, corresponding to

a classification accuracy of B8% (FiGs, 22E and 38C). Given frequent incomplete peunetrance aund variable



45

expressivity in veurodevelopraental disorders, this figure probably wderestimates the accuracy of our classifier due

to the wociusion of partially penetrant pathogenic variants o controls.

Novel Candidate Gene Discovery

{00359} Applying a threshold of > 0.803 to stratify pathogenic nyissense mutations increases the enrichment of
de novo missense mutations in DDD patients from 1.5-fold to 2.2-fold, close to protein-truncating mutations (2.5-
fold), while relinquishing less than one-third of the total number of vanants enriched above expectaton. This
substantially improves statistical power, enabling discovery of 14 additional candidate genes in intellectual

disability, which tiad previcusly not reached the genome-wide significance threshold in the original DDD study

Comparison with Humap Expert Curation
{80360} We examined the performance of various classifiers on recent human expert-curated variants fron the

ClinVar database, but found that the performance of classifiers on the ClinVar dataset was not significantly

correlated with either the withheld primate variant dataset or the DD case versus control dataset (P=0.12 and P =
0.34, respectively) (FIGs. 31A and 31B). We hypothesize that existing classifiers have biases from human expert

curation, and while these hunan heuvristics tend to be in the right direction, they may not be optimal. One example is

the mean difference 1o Graotham score between pathogenmc and bemgn vadaats 0 ChaVar, which is twice as large
as the difference between de novo variants i DD cases versus controls within the 605 disease-associated genes
(Table 2). In comparison, hurean expert curation appears to vnderutilize protein structure, especially the importance
of the residue being exposed at the surface where it can be available to 1nteract with other molecules. We observe
that both ClinVar pathogenic mutations and DDD de nove mutations are associated with predicted solvent-exposed
residues, but that the difference in solvent accessibility between benign and pathogenic ClinVar variants is only haif

that seen for DDD cases versus controls. These findings are suggestive of ascertainment bias in favor of factors that

are more straightforward for a human expert o interpret, such as Grantham score and conservation. Machine

learmng classifiers trained on human curated databases would be expected to reinforce these tendencies.

ctive strategy to classify

{40361} Cur results suggest that systematic prirnate population sequencing is an ef 15y
the millions of homan vanants of uncertain significance that currently bmit clinieal genome interpretation. The

accy f our deep learning vetwork on bo tthtield common primate variants and choical variants racreases
accuracy of our deep learcing vetwork on both withtield commoen primate vaciants and clinical variants jecreases

with the number of benign variants used to train the network (FIG. 234). Moreover, training ot variants from each

of the six non-human primate species independently contributes to an increase in the performance of the network,
whereas training on variants from more distant mammalis negatively impacts the performance of the network (FIGs.
238 and 23C). These resuits support the assertion that common primate variants are largely benign in human with
respect to penetrant Mendelian disease, while the same cannot be said of variation in more distant species.

{00362} Although the number of non-human primate genomes examined in this study is small compared to the
number of human genomes and exomes that have been sequenced, it is important to note that these additional
primates contribuite a disproportionate amount of information about common benign vanation. Simulations with

Hx AC show that discovery of common human variants (> 0.1% allele frequency} plateaus guickly after only a few

mdred individuals (FEG. 86), and further healthy population sequencing into the mil

Hons maindy condributes
additional rave vaxiaats. Unbike common variauts, which are kaown to be largely clinically benigo based on allele
frequency, taxe variants 1o healthy populations may cause recessive genetic diseases or dominant genetic diseases

with incomplete penetrance. Because cach primate species carries a different pool of conmmon variants, sequencing
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several dozen members of each species is an effective strategy to systemancally catalog benigo ruissense variation in
the pnmate lineage. fndeed, the 134 individuals from six non-huynan primate species exaroined in this study
contribute neady four tirnes as many comraon ruissense vanants as the 123,136 huroans from the BExAC study
{Supplementary Table 5 (FIG. 58)). Primate population sequencing studies involving hundreds of individuals may
be practical even with the relatively smail numbers of unrelated individuals residing in wildlife sanctuaries and zoos,
thus minimizing the disturbance to wild populations, which is important from the standpoint of conservation and
ethical treatment of non-human primates.

[00363] Present-day human populations carry much lower genetic diversity than most non-human primate

species, with roughly half the number of single nucleotide variants per individual as chimpanzes, gounlia, and

gibbon, and one-third as many variants per individual as orangutan. Although genetic diversity levels for the
majority of non-human priraate species are uot known, the large number of extant non-human primate species
allows us to exrapolate that the majority of possible benign human missense positions are likely to be covered by a
couunon variant 1o at least one primate species, enabling pathogenic variants to be systematically identified by the
process of elimination (FEG. 231). Even with only a subset of these species sequenced, increasing the training data

size wil

enable more accurate prediction of missense consequence with machine learning. Finally, while our
findings focus on missense variation, this sirategy may also be applicable for inferring the consequences of non-
coding variation, particularly in conserved regulatory regions where there is sufficient alignment between human
and primate genomes to unambiguously determine whether a variant is identical-by-state.

{80364} Of the 504 known non-human primate species, roughly 60% face extinetion due to poaching and
widespread habitat loss. The reduction in population size and potential extinetion of these species represents an

irreplaceable loss in genetic diversity, motivating urgency for 2 worldwide conservation effort that would benefit

both these umaue and replaceable species and our own.

Data Generation apd Alignment
{00365} Coordinates in the application refer to human genome build UCSC hgl9/GRCh37, including the
coordinates for variants in other species mapped to hgl9 using multiple sequence alignments. Canonical transcripts
for protein-coding DNA sequence and multiple sequence alignments of 99 vertebrate genomes and branch length
were downloaded from the UCSC genome browser.
{30366} We obtained human exome polymorphism data from the Exome Aggregation Consortivu
{(ExACYGenome Aggregation Database (gnomAD exomes) v2.0. We obtained primate vanation data from the great
ape genorae sequencing project, which comprises whele genome sequencing data and genotypes for 24
chimpanzees, 13 bonobos, 27 gorillas, and 10 orangutans. We also inchuded vasaton from 35 chimpanzees froma
separate study of chimpanzee and bonobos, but because of differences in variant calling methodology, we excluded
these from the population analysis, and used them only for training the deep learning model. In addition, 16 rhesus
individuals and 9 marmoset individuals were used to assay variation in the original genome projects for these
species, but individual-level information was not available. We obtained variation data for rhesus, marmoset, pig,
cow, goat, mouse, chicken, and zebrafish from dbSNP. dbSNP also included additional orangutan variants, wiich
we only used for training the deep learning model, since individual genotype 1nformation was not available for the
population analysis. To avowd effects due to balancing selection, we also excluded vanants from within the extended
major histocompatability complex region (chr6: 28,477,797-33,448,354) for the population analysis
{60367} We used the multiple species alignment of 99 vertebrates to ensure orthologous one-to-one mapping to

turman protera-coding regions and prevent raapping to pseudogenes. We accepted variants as idengcal-by-state if
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they occurred in either reference/alternative orientation. To ensure that the variant had the sarae predicted protein-
coding consequence in both buman aod the other species, we required that the other two nucleotides i the codon
were wdentical between the species, for both nxssense and synonymous vagiaots. Polymorphisms from each species
included in the analysis are listed in Supplementary Data File 1 and detailed metrics are shown in Supplementary
Table 1.
[00368] For each of the four allele frequency categories (FIG. 494), we used variation in intronic regions to
estimate the expected number of synonymous and missense variants in each of 96 possible trinucleotide contexts
and to correct for mutational rate (FIG. 51 and Supplementary Tables 7, 8 (FIG. 59). We also separately analyzed
identical-by-state CpG dinucleotide and non-CpQG dinuclectide variants, and verified that the missense/synonyruous
a

ratio was flat across the allele frequency spectrum for both classes, indicating that our analysis holds for both CpG

and non-CpG variants, despite the large difference 1 therr mutation rate (FiGs, 824, 828, 52, and 52D).

Depletion of Human Missense Varianis that are identical-by-State with Polymorphisins in other Species

{00369} To evaluate whether variants present in other species would be tolerated at common allele frequencies
(> 0.1%) in human, we identified human variants that were identical-by-state with variation in the other species. For
cach of the variants, we assigned them to one of the four categories based on their allele frequencies in human
populations (singleton, more than singleton ~0.01%, 0.01% to ~0.1%, > 0.1%), and estimated the decrease in
missense/synonymous ratios (MSR) between the rare (< 8.1%) and common (> 0.1%} variants. The depletion of
identical-by-state ruissense variants at comrmon human allele frequencies (> 0.1%) indicates the fraction of variants
frova the other species that are sufficiently deleterions that they would be filtered out by vatural selection at common
allele frequencies in buman:

MSR . ~MSR

rare Conn

% depletion = VSR

{80378} The missense/synonymous ratios and the percentages of depletion are computed per species and are
shown in FIG. 50B and Supplementary Table 2. In addition, for chimpanzee common variants (FIG. 498),
chimpanzee singleton variants (FIG. 49C), and mammal variants (FIG. 504A), we performed the Chi-squared test (i
*) test of homogeneity on the 2x 2 contingency table to test if the differences in missense/synonymous ratios
between rare and comunon variants were significant.

{40371} Because sequencing was only performed on himited numbers of individuals from the great ape genome
project, we used the human allele frequency spectram frora EXAC to estimate the fraction of sarapled vaxiaats that
were vare (< 0.1%) or coramon (&> 0.1%) in the general chimpanzee population. We sampled a cohort of 24 bumans
based on the ExAC aliele frequencices and identified missense variants that were observed either once, or more than
once, in this cohort. Variants that were observed more than once had a 99.8% chance of being common (> §.1%) in
the general population, whereas variants that were observed only once in the cohort had a 69% chance of being
conmmon in the general population. To verify that the observed depletion for missense variants in more distant
mammals was not due to a confounding effect of genes that are better conserved, and hence more accurately aligned,
we repeated the above analysis, restricting only to genes with >50% average nucleotide identity in the multiple
sequence alignment of 11 primates and 5¢ mammals compared with human {see Supplementary Table 3).

{80372} This removed ~7% of human protein-coding genes from the analysis, without substantially affecting
the results. Additionally, to ensure that cur resuits were not affected by issues with vartant calling, or dorcestication

artifacts (siuce wost of the species selected from dbSNP were domesticated), we repeated the analyses using fixed
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substitunons froro pairs of closely related species 1o lieu of wntraspecies polymorphisius (FEG. 581, Supplementary

7

Table 4, and Supplernentary Data File 2).

ChinYar Analysis of Polymorphism Data for Huoman, Primates, Mamanals, and other Vertebrates

{00373} To examine the clinical impact of variants that are identical-by-state with other species, we
downloaded the ClinVar database, excluding those variants that had conflicting annotations of pathogenicity or were
only labeled as variants ot uncertain significance. Following the filtering steps shown in Supplementary Table 9,

there are a total of 24,5853 missense variants 1 the pathogenic category and 17,775 missense variants in the benign

category
{40374} We counted the number of pathogeunic and bemgn CliaVar vaxiants that were identical-by-state with

variation 1o hureans, non-human primates, mamnals, acd other vedebrates. For buman, we simulated a cobort of 30
humans, sampled from ExAC allele frequencies. The numbers of benign and pathogenic variants for cach species

are shown in Supplementary Table 10.

Generation of Benion and Uniabeled Variants for Model Training

{0375} We constructed a benign training dataset of largely common benign missense variauts from human and
non-hiuman pomates for machine leaming. The dataset comprises common human variants (> 0.1% allele frequency;
83,546 vaviauts}, and variauts frora chirapanzee, bonobo, gorilla, and orangutan, rhesus, and marmoset {301,690

unigue prmate variants). The oumber of bemgn training variants coutributed by each source is shown 1o

Supplementary Table 5.

{60376} We trained the deep learning network to discriminate between a set of labeled benign variants and an

unlabeled set of variants that were matched to control for trinucleotide context, sequencing coverage, and
alignability between the species and human. To obtain an uniabeled training dataset, we started with all possible

missense variants in canonical coding regions. We excluded variants that were observed in the 123,136 exones from

ExAC, and variants in start or stop codons. In total, 68,258,623 unlabeled missense variants were generated. This

was fiftered to correct for regions of poor sequencing coverage, and regions where there was not a one-to-one

alignment between homan and primate genomes when selecting matched unlabeled variauts for the primate variants.
{80377} We obtained a consensus prediction by training eight models that use the same set of labeled benign

vanants and eight randornly saropled sets of unlabeled vagants, and taking the average of their predictions. We also
set aside two randornly samopled sets of 10,000 primate variants for validation and testing, which we withbeld from
training {Supplementary Data File 3). For each of these sets, we sampied 10,000 unlabeled variants that were
matched by trinucleotide context, which we used to normalize the threshold of each classifier when comparing
between different classification algorithms (Supplementary Data File 4}. In other implementations, fewer or
additional models can be used in the ensemble, ranging from 2 to 500.

{00378} We assessed the classification accuracy of two versions of the deep learning network, one trained with
common human variants only, and one trained with the full benign labeled dataset including both commeon human

variants and primate variants.

Architectare of the Deep Learning Network

[60379] For each variant, the pathogenicity prediction network takes as input the 51-length amino acid
sequence centered at the variant of interest, and the outputs of the secondary structure and solvent accessibility

networks (FIG. 2 and FIG. 3) with the missense variant substituted in at the central position. Three 51-length
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posttion frequency matrices are generated from multiple sequence aliguments of 99 vertebrates, wociuding oue for 11
pomates, one for 50 manymals excluding primates, and one for 38 vertebrates excluding priroates and maromals.
{60388} The secondary siructure deep leaming network predicts a three-state secondary strucnure at each amino
acid position: alpha helix (H), beta sheet (B}, and coils {(C} (Supplementary Tabie 11). The solvent accessibility
network predicts a three-state solvent accessibility at each amino acid position: buried (B), intermediate (I}, and

exposed (E) (Supplementary Table 12). Both networks only take the flanking amine acid sequence as their inputs,
and were trained using labels from known non-redundant crystal structures in the Protein DataBank (Supplementary
Table 13}. For the input to the pretrained three-state secondary structure and three-state solvent accessibility
networks, we used a single length position frequency matnx generated from the multiple sequence aliguments for all
99 vertebrates, also with lengtt 51 and depth 20. After pre-training the networks on known erystal structures from
the Protein DataBank, the final two layers for the secondary structure and solvent models were removed and the
output of the network was directly connected to the toput of the pathogenicity roodel. The best testing accuracy
achieved for the three-state secondary structure prediction model was 79.86% (Supplementary Table 14). There was
1o substantial difference when comparing the predictions of the neural network when using DSSP-annotated (Define
Secondary Structure of Proteins) structure labels for the approximately ~4,000 human proteins that had crystal
structures versus using predicted structure iabels only (Supplementary Table 15).

{00381} Both our deep learning network for pathogenicity prediction {PrimateAl) and deep learning networks
for predicting secondary structure and solvent accessibility adopted the architecture of residual blocks. The detailed
architecture for PrimateAl 1s described in (FEG. 3) and Supplementary Table 16 (FI1Gs. 44, 48, and 4C). The
detatled arcintecture for the networks for predicting secondary structure and solvent accessibility 1s described in

G, 6 and Supplementary Tables 11 (FGs, 7A and 7B) and 12 (FIGs. 84 and 8B).

Beanchmarking of Classifier Performance on a2 Withheld Test Set of 18,080 Primate Variants

[60382] We used the 16,000 withheld primate variants in the test dataset to benchmark the deep learning
network as well as the other 20 previously published classifiers, for which we obtained prediction scores from the
database dbNSFP. The performance for each of the classifi n the 10,000 withheld primate variant test set is also
provided in FIG. 28A. Because the different classifiers had widely varying score distributions, we used 10,000
randoruly selected pulabeled variants that were matched to the test set by trimucleotide context to identify the 50th-
percentile threshold for each classifier. We benchmarked each classifier on the fraction of variauts in the 10,000
withheld primate variant test set that were classified as benign at the 50th-percentile threshold for that classifier, to
ensure failr coraparison between the methods.

{30383} For each of the classifiers, the fraction of withheld primate test vavants predicted as benign using the
50th-percentile threshold is also shown in in FEG. 28A and Supplementary Table 17 (FIG. 34). We also show that
the performance of PrimateAl is robust with respect to the number of aligned species at the variant position, and
generally performs well as long as sufficient conservation information from mammals is available, which is true for

most protein-coding sequence (FIG. 57).

Analvsis of de nove Variants from the DDD Study

{60384} We obtained published de nove vanants from the DDD study, and de nove variants from the healthy
sibling controls in the SSC autism study. The DDD study provides a confidence level for de snovo variants, and we
excluded variants from the DDD dataset with a threshold of <0.1 as potential false positives due to variant calbog

crrors. In one implementation, in total, we had 3,512 missense de nove variants from DDD affected individuals and
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1,208 missense de nove variants from bealthy controls. The canonical transcript annotations used by UCSC for the
99-vertebrate multiple-sequence abigmment differed shightly from the transcript annotations used by DDD, resulting
i a small difference in the total counts of missense variants. We evaluated the classificason methods on their ability
to discriminate between de nove nissense variants in the DDD affected individuals versus de novo missense variants
in unaffected sibling controls from the autism studies. For cach classifier, we reported the P value from the
Wilcoxon rank-sum test of the difference between the prediction scores for the two distributions (Supplementary
Table 17 (FIG. 34)).

[00385] To measure the accuracy of various classifiers at distinguishing benign and pathogenic variation within
the same disease gene, we repeated the analysis on a subset of 605 genes that were enriched for de novo protein-
truncating variation 1 the DDE cohort (P<0.0S, Poisson exact test) (Supplementary Table 18). Within these 605
genes, we estimated that two-thirds of the de nove variants in the DD dataset were pathogenic and one-third were
benign, based on the 3/1 eorichiment of de novo missense mutations over expectation. We assumed miniral
incomplete penetrance and that the de novo rnissense rautations in the healthly controls were benign. For each
classifier, we identified the threshold that produced the same number of benign or pathogentc predictions as the
empirical proportions observed in these datasets, and used this threshold as a binary cutoff to estimate the accuracy
of each classifier at distinguishing de nove mutations in cases versus controls. To construct a receiver operator
characteristics curve, we treated pathogenic classification of de nove DDD variants as true positive calls, and treated

classification of de noveo variants in healthy controls as pathogenic as being false positive calls. Because the DDD

dataset contains one-third benign de novo variants, the area under the curve {AUC) for a theoretically perfect

classifier is less than one. Hence, a classitier with perfect separation of beuign and pathogenie variants would

=

ssify 67% of de novo vanauts in the DD patients as true positives, 33% of de novo variants in the DD patients

atives, vielding a yaaximur possible AUC of

Py

s false negatives, and 100% of de nove variants in controls as true o

0.837 (FiGs. 294 and 298 and Supplementary Table 19 (FIG. 35)).

Novel Candidate Gene Discovery

{00386} We tested enrichment of de novo mutations in genes by comparing the observed mumber of de novo
mutations to the number expected under a pull mutation model. We repeated the enrichment analysis performed in

the DI study, and report genes that are newly genome-wide siguificant when only counting de novo misseuse

mutations with a Pri Alscore of >0.803. We adjusted the genome-wide expectation for de novo damaging
niissense vanaton by the fraction of missense variauts that meet the Primate Al threshold of >0.803 (roughly one-
fifth of all possible missense nutations genome-wide). As per the DDD study, each gene required four tests, one
testing protein truncating earichiment and oue testing enrichment of protewn-altering de nove auutations, and both
tested for just the DDD cohort and for a larger meta-analysis of neurodevelopmental trio sequencing cohorts. The
enrichment of protein-aitering de novo mutations was combined by Fisher’s method with a test of the clustering of
nissense de novo rautations within the coding sequence (Supplementary Tables 20, 21). The P value for each gene
was taken from the minimum of the four tests, and genome-wide significance was determined as P<6.757 x 107 (a0

={.05, 18,500 genes with four tests).

ClinVar Classification Accuracy

{30387} Since most of the existing classifiers are either trarned divectly or indirectly on ChaVar content, such
as ustag prediction scoves from classifiers that are trained on ChinVar, we hmited analysts of the ChinVar dataset so

that we only used ClinVar variants that had been added since 2017. There was substantial overlap among the recent
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ChaVar variants and other databases, and hence we further filtered to remove vasants found at conmmon allele
frequencies (>0.1%0) 1 BxAC, or present in HGMD (Human Gene Mutation Database}, LOVD (Leiden Open
Variation Database}, or Uniprot (Universal Protein Resource). After excluding vanants annotated only as uocertain
significance and those with conflicting annotations, we were left with 177 missense variants with benign annotation
and 969 missensc variants with pathogenic annotation. We scored these ClinVar variants using both the deep
learning network and the other classification methods. For each classifier, we identified the threshold that produced
the same number of benign or pathogenic predictions as the empirical proportions obhserved in these datasets, and

used this threshold as a binary cutoff to estimate the accuracy of each classifier (FIGs. 31A and 318).

Dmpact of Iacreasing Training Data Size and §sing Different Sowrces of Training Data

{60388} To evaluate the impact of tratning data size on the perforrnance of the deep learning vetwork, we
randomly sampled a subset of variants from the labeled benign training set of 385,236 primate and common human
variants, and kept the underlying deep learning network architecture the same. To show that variants from each
individual primate species contributes to classification accuracy whereas variants from each individual mammal
species lower classification accuracy, we trained deep learning networks using a training dataset comprising 83,546
human varianis plus a constant number of randomly selected variants for each species, again keeping the underlying
network architecture the same, according to one implementation. The constant number of variants we added to the

training set (23,380} was the total number of variants available in the species with the lowest number of missense

varants, .. honobo. We repeated the training procedures five tirues to get the median performance of each

classifier.

Saturation of All Possible Hwmoan Missense Mutations with Increasing Number of Primate Populations

Sequenced

{00389} We investigated the expected saturation of all ~70 million possible human missense mutations by
common variants present in the 504 extant primate species, by simulating variants based on the trinucieotide context
of miman common missense variants (>0.1% allele frequency) observed in EXAC. For each primate species, we

simnudated four tines the number of common missense variants observed in human (~83,500 missense variants with

allele frequency >0.1%}, because bumans have roughly half the nomber of variants per individual as other primate

species, and about ~50% of hurnan missense varaats have been filtered out by purifinng selection at >0.1% allele

frequency (FIG. 494).

{0394 1o raodel the fraction of human common nyissense variants (>0.1% allele frequency) discovered with

increasing size of human cohorts surveyed (FIG. 56), we sampled genotypes according to EXAC allele frequencies
report the fraction of commeon variants that were observed at least once in these simulated cohorts.

[00391] In one implementation, for practical application of PrimateAl scores, a threshold of >0.8 is preferred

for likely pathogenic classification, <0.6 for likely benign, and €.6-0.8 as intermediate in genes with dominant

modes of inheritance, on the basis of the enrichment of de novo variants in cases as compared to controls (FIG.

21D}, and a threshold of >0.7 for likely pathogenic and <0.5 for likely benign in genes with recessive modes of

inthertance.
{00392} FIG. 2 shows an example architecture of a deep residual network for pathogenicity prediction, referred

to herein as “PrimateAl”. Jo FiG. 2, 1D refers to {-dimensional convolutional layer. Predicted pathogenicity isona
scale frorn O (benign) to { {pathogenic). The network takes as wput the human amino acid (AA) reference and

aiternate sequence (51 AAs) centered at the variant, the position weight matrix (PWM) conservation profiles
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calculated from 99 vertebrate species, and the outputs of secondary structure and solvent accessibility prediction
deep learmng networks, which predict three-state protein secondary structire (helix—H, beta sheet—B, and coil-—

Y and three-state solvent accessibility {(buried—B, 1utenaediate—I, and exposed—FE}.

{30393} FIG. 3 depicts a schematic illustration of PrimateAl, the deep learning network architecture for
pathogenicity classification. The inputs to the model include 51 amino acids {AA) of flanking sequence for both the

reference sequence and the sequence with the variant substituted in, conservation represented by three 51-AA-length
position-weighted matrices from primate, mammal, and vertebrate alignments, and the outputs of pre-trained
secondary structure network and solvent accessibility network (also 51 AA in length).

{16384} Fi(ss. 4A, 4B, and 4C are Supplementary Table 16 that show exaraple rmodel architectare details of
the pathogenicity prediction deep learning model PumateAl The shape specifies the shape of the output tensor at
each layer of the model aud the activation is the sation given to the neurons of the layer. Inputs to the ruodel are
the position-specific frequency matrices (51 A length, 20 depth) for the flanking amino acid sequence around the
variant, the one-hot encoded human reference and alternate sequences {53 AA length, 20 depth), and the output from
the secondary structure and solvent accessibility models (51 AA length, 40 depth).

{00395} The iltustrated exampie uses 1D convolutions. In other implementations, the model can use different
types of convolutions such as 2D convolutions, 3D convolutions, dilated or atrous convolutions, transposed
convolutions, separable convolutions, and depthwise separable convolutions. Some layers also use ReLU activation
function which greatly accelerates the convergence of stochastic gradient descent compared to saturating
nonlinearities such as sigmoid or hyperbolic tangent. Other examples of activation functions that can be used by the

technology disclosed include parametric ReLU, leaky ReLU, and exponential linear unit (ELU}.

feh normalization,

{80396} Some layers also use batch normalization {{offe and Szegedy 2015). Regarding be
distribution of each layer in a convolution neweal network (CNN} changes during teatning and it vaces from one
layer to another. This reduces the convergence speed of the optimization algorithya. Batch normalization s a
technigque to overcome this problem. Denoting the input of 2 bateh vormalization layer with ¥ and its output using 7,

batch normalization applies the foilowing transformation on x:

[00397] Batch normalization applies mean-variance normalization on the input x using 1t and o and linearly
scales and shifts it using v and P. The normalization parameters 1 and o are commputed for the current layer over the
raining set using a method called exponential moving average. In other words, they are not trainable parameters. In
contrast, v and f are trainable parameters. The values for p and o caleulated during traiming are vsed 1 forward pass
during mference
{60398} FIGs. 5 and 6 illusteate the deep leaming network architecture used for predicting secondary structine
and solvent accessibility of proteins. The input to the model is a position-weighted matrix using conservation
generated by the RaptorX software (for training on Protein Data Bank sequences) or the 99-vertebrate alignments
{for training and inference on human protein sequences). The output of the second to last layer, which is 51 AAsin
length, becomes the input for the deep learning network for pathogenicity classification.
{00399} FIGs. 7A and 7B are Supplementary Table 11 that show example model architecture details for the 3-
state secondary structure prediction deep learnmg (DL} model. The shape specifies the shape of the output tensor at

cach layer of the ruodel and the activation is the activation given to the neurous of the layer. Tuputs to the model
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were the postion-specific freguency raatuces (51 AA length, 20 depth) for the flanking amino acd sequence around
the variant.
{60400} FiGs. 8A and 8B are Supplernentary Table 12 that show exaraple raodel archiutecture details for the 3-

on deep learning model. The shape specifies the shape of the output tensor at cach

3
i

state solvent accessibility predi
layer of the model and the activation is the activation given to the neurons of the layer. Inputs to the model were the
position-specific frequency matrices (51 AA length, 20 depth) for the flanking amino acid sequence around the
variant.

[00401] FIG. 20 shows predicted pathogenicity score at each amino acid position in the SCN2A gene,
anuotated for key functional domains. Plotted along the gene is the average Prmate Al score for missense
substitutions at each amino acid position.

{10402} FRG. 218 shows a comparison of classifiers at predicting benign cousegquence for a test set of 18,000

cormmon priwmate variants that were withbeld froro teainrog. The y axis represents the percentage of privaate vagants
cowrectly classified as benign, after norralizing the threshold of each classifier to its 50th-percentiie score on 2 set
of 10,000 random variants that were matched for mutational rate.

{40403} FIG. 21K illustrates distributions of PrimateAl prediction scores for de noveo missense variants
occurring in Deciphering Developmental Disorders {DDD) patients compared to unaffected siblings, with
corresponding Wilcoxon rank-sum P value.

[00404] FIG. 21F depicts comparison of classifiers af separating de novo missense variants in DDD cases
versus controls. Wileoxon rank-sum test P values are shown for each classifier.

{30405} FBGs. 224, 228, 22C, 22D, and 22K illustrate classification accuracy within 605 DDD genes with
B<0.05. FIG. 22A shows eurichiment of de nove missense mutations over expectation in affected individuals from
the DD cohort within 605 associated genes that were significant for de nove protein truncating vadation (P$<0.05).
Fi(. 228 depicts distributions of Primate Al prediction scores for de novo missense vadants occurting in DDD
patients versus unaffected siblings within the 605 associated genes, with comesponding Wilcoxon rank-sum P value.
[604006] FIG. 22C shows comparison of various classifiers at separating de novo missense variants in cases
versus controls within the 605 genes. The y axis shows the P values of the Wilcoxon rank-sum test for each
classifier.

{80407} FIG. 22D depicts comparison of vartous classifiers, shown on a receiver operator characteristic curve,
with AUC indicated for each classifier.

{30408} FIG. 22K illustrates classification accuracy and AUC for each classifier. The classification acouracy
shown is the average of the true positive and true negative error rates, using the threshold where the classifier would
predict the same number of pathogenic and benign vanants as expected based ou the earichment shown in FiG.
22A. To take into account the fact that 33% of the DD de novo missense variants represent background, the
maximum achievable AUC for a perfect classifier is indicated with a dotted line.

[00409] FiGs. 23A, 238, 23C, and 23D show impact of data used for training on classification accuracy. Deep
learning networks trained with increasing numbers of primate and hurnan common variants up to the fuil dataset

(385,236 vartants). In FIG. 234, classi

cation performance for each of the networks is benchmarked on accuracy
for the 10,000 withheld primate variants and de nove variants in DDD cases versus controls.
{00410} FIGs. 23B and 23C show performance of networks trained using datasets comprising 83,546 human
common variants plus 23,380 variants from a single pomate or mammal species, according to oue implementation.
Results are shown for each network tramed with different sources of commeon variation, benchmarked on 16,000

p

withbeld primate variants (FEG. 23B), and on de novo mussense variants (FIG. 23C) 1o DD cases versus controls.

\
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{60411} FIG. 231 depicts expected satueation of all possible buman benign missense positions by identical-by-
state comumon variants (>0.1%) in the 504 extant prixoate species. The y axis shows the fraction of bumao raissense
variants observed 1o at Jeast one primate species, with CpG missense variants indicated in green, and all imssense
variants indicated in blue. To simulate the common variants in each primate specics, we sampled from the set of all
possible single nucleotide substitutions with replacement, matching the trinucleotide context distribution observed
for comimon human variants (>0.1% allele frequency) in ExAC.

[00412] FIG. 24 illustrates correcting for the effect of sequencing coverage on the ascertainment of common
primate variants. The probability of observing a given variant in a nonhuman primate species is inversely correlated
with the sequencing depth at that position in the ExAC/gnomA D exore dataset. In contrast, the lower gnomAD
read depth did not affect the probabibty of ohserving a comuon huran variant at that position (>>0.1% alicle
frequeney) because the large number of human exomes sequenced makes ascertainment of comynon variation almost
guaranteed. When picking matched variants for each of the primate varaets for training the network, the probability
of picking a variant was adjusted for the effects of sequencing depth, 10 addivon to matching for tunucleotide
context to control for mutational rate and gene conversion.

{00413} FiGs. 25A, 258, 25C, and 26 depict recognition of protein motifs by the disclosed neural networks.
Regarding FiGs. 254, 258, and 28, to illustrate the neural networks’ recognition of protein domains, we show the
average PrimateAl scores for variants at each amino acid position in three different protein domains. In FIG. 254,
the collagen strand of COL1A2, with glycine in a repeating GXX motif is highlighted. Clinically identified
mutations 1 collagen genes are largely due to missense mutations 1o glycine in GXX repeats, as these interfere with
the normal assembly of collagen and exert strong dominant-negative effects. In FIG. 288, the active site of the 1DS
sulfatase enzyme is highlighted, which contains a cysteine at the active site that is post-transiationally medified to

formylglyeine. In FiG. 25C, the bHLHzip domain of the MYC transeription factor is shown. The basic domain

contacts IINA via positively charged arginine and lysine residues (highlighted) that tnteract with the negatively
charged sugar-phosphate backbone. The leucine-zipper domain comprises lencine residues spaced seven arnieo
acids apart (highlighted), which are crucial for dimerization.

{00414} FIG. 26 includes a line plot showing the effect of perturbing each position in and around the variant on
the predicted deep learning score for the variant. We systematically zeroed out the inputs at nearby aminoe acids
{positions -25 to +25) around the variant and measured the change in the neural network’s predicted pathogenicity
of the variant. The plot shows the average change in predicted pathogenicity score for perturbations at each nearby
amino acid position for 5,000 randomly selected variants.

{0415} FiG. 27 illusteates correlation patterns of weights mimic BLOSUMG6OZ aud Grantham score matrices.

Correlation patterns of weights froxo the fiest three layers of the secondary-structure deep learning network show
correlations between arainoe acids that are stmilar to BLOSUMSG2 and Graotham score matrices. The left heat map
shows the correlation of parameter weights from the first convolutional layer following two initial upsampling
lavers of the secondary-structure deep leaming network between amino acids encoded using a one-hot
representation. The middle heat map shows BLOSUMG62 scores between pairs of amino acids. The right heat map
shows Grantham distance between amino acids. The Pearson correlation between deep learning weights and
BLOSUMG2 scores is 0.63 (P = 3.55 x 107). The correlation hetween deep learning weights and Grantham scores is
~0.59 (F = 4.36 » 107", The correlation between BLOSUMG2 and Grantham scores is —0.72 (P = 8.09 x 1§71,
{8041 6] FiGs. 28A, 288, and 28C show performance evaluation of the deep learning network PomateAl and
other classifiers. FIG. 28A depicts accuracy of the deep learmug network PumateAl at predicting a beuign

consequence for a test set of 10,000 primate variants that were withheld from training and corapanson with other
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classifiers, inchuding SIFT, PolyPhen-2, CADD, REVEL, M-CAP, LRT, MutationTaster, MutationAssesso
FATHMM, PROVEAN, VEST3, MetaSYM, MetalLR, MutPred, DANN, FATHMM-MKL, coding, Eigen,

GenoCanyon, integrated fitCons, and GERP. The y axis represents the percentage of privaate vacgants classified as
benign, based on normalizing the threshold for each classifier to its 50th-percentile score using a set of 10,000
randomly selected variants that were matched to the primate variants for trinucleotide context to control for
mutational rate and gene conversion.

[00417] FIG. 28B depicts comparison of the performance of the PrimateAl network in separating de novo
missense variants in DDD cases versus conirols, along with the 20 existing methods listed above. The y axis shows
the P values of the Wilcoxon rank-sum test for each classifier.

{00418} FEG. 28C depicts comparison of the performance of the Primate Al network in separating de novo
missense vanants in DD cases versus unaffected controls within 605 disease-associated genes, with the 20
methods listed above. The v axis shows the P values of the Wilcoxon rank-sura test for each classifiex.

{0419} FiGss. 294 and 298 illustrate distabution of the prediction scores of four classifiers. Histograms of the
prediction scores of four classifiers, including SIFT, PolyPhen-2, CADD, and REVEL, for de novo missense
variants occurring in DD cases versus unaffected controls, with corresponding Wilcoxon rank-sunm P-values.
[60428] FiIGs. 304, 368, and 36C compare the accuracy of the Primate Al network and other classifiers at
separating pathogemnic and benign variants in 605 disease-associated genes. The scatterplot in FEG. 38A shows the
performance of each of the classifiers on DDD cases versus controls (y axis) and benign prediction accuracy on the
withheld primate dataset (x axis). FIG. 308 compares different classifiers at separating de nove missense variants i

cases versus controls within the 605 genes, shown on a recerver operator characteristic (ROC) curve, with area

under the curve (AUC) indicated for each classifier. FIG. 380 shows classification accuracy and AUC for the
PrimateAl network and the 20 classifiers listed 10 F1Gs. 284, 288, and 28C. The classification accuracy shown is
the average of the true posttive and true negative rates, ustog the threshold where the classifier would predict the
sarae nuxober of pathogenic and benign variants as expected based on the envichment in FYG. 22A. The maxinura
achievable AUC for a perfect classifier is indicated with a dotted line, assuming that de nove missense variants in
DDD cases are 67% pathogenic variants and 33% benign, and de nove missense variants in controls are 100%
benign.

{80421} FIGs. 31 A and 31B illustrate correlation between classifier performance on human expert-curated
ClinVar vanants and performance on exnpirical datasets. The scatterplot in FiG. 31 A shows the classification
accuracy {y axis) on ClinVar variants on the 10,000 withheld primate variauts (x axis) for each of the 20 other
classifiers and the Primate Al network trained with human-only or human + prirates data. Shown ave the Spearman
correlation coeffictent rho and associated P value. To liyait the evaluaton to data that were not used for tratning the

classifiers, we ouly used ClinVar variants that were added between January 2017 and Noveyaber 2017, and exchuded
,

cormmon human variants from ExAC/gnomAD (>0.1% allele frequency). The ClinVar classification accuracy shown
is the average of the true positive and true negative rates, using the threshold where the classifier would predict the
same number of pathogenic and benign variants as observed in the ClinVar dataset.

{00422} The scatterplot in FIG. 31B shows the classification accuracy (y axis) on ClinVar variants the DDD
cases versus controls full dataset (x axis) for each of the 20 other classifiers and the Primate Al network trained with
hwman-only or human + primates data.

{0423} Fis. 32 is Supplementary Table 14 that shows performance of the 3-state secondary structure and 3

state solvent accessibility prediction models ou annotated samples from the Protein DataBank, using 6,367 vnrelated

rotein sequences for training, 460 for validation, and 500 for testing. Only proteins with <25% sequence similarity
2] k T o
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were selected from the Protein DataBank. We report the accuracy of the deep learning networks as a performance

.«

]

metric, as the three classes are not grossly unbalacced for either secondary structure or solvent aceessibility.

[60424] FIG. 33 1s Supplementary Table 15 that shows performance comparison of deep learning networ!
using annotated secondary structure labels of human proteins from DSSP database when available with deep
learning network using predicted secondary structure labels.

[00425] FIG. 34 is Supplementary Table 17 that shows the accuracy values on the 10,000 withheld primate
variants and the p-values for de novo variants in DDD cases vs controls for each of the 20 classifiers we evaluated.
The PrimateAl model with Human data only is our deep learning network that was trained using a labeled benign
rawning dataset comprisiug only of common hurnan vanants {#3.5K variants with > 0.1% in the population), while
Primate Al model with Human + Primates data is our deep learing network trained on the full set of 385K labeled

benign variants, comprising both comuon human variaats and prirate vaciants.

{60426} FIG. 35 1¢ Supplementary Tabie {9 that shows comparison of the performance of different classifiers
o de novo variaats in the DD case vs control dataset, restricted to 605 disease-associated genes. To vormalize
between the different methods, for each classifier we identified the threshold where the classifier would predict the
same number of pathogenic and benign variants as expected based on the enrichment in DDD and the control set.
Classification accuracy shown is the average of the true positive and true negative error rates at this threshold.
{00427} FIGs. 49A. 498, 49C, 49D, and 49K depict missense/synonymous ratios across the human alicle
frequency spectrum. FIG. 49A shows missense and synonymous variants observed in 123,136 humans from the

ExAC

cnomAD database were divided 1nto four categones by allele frequency. Shaded grey bars represent counts
of synonymous variants in each category; dark green bars represent russense variants. The height of each bar is
scaled to the nunber of synonymous vaviants in each allele frequency category and the missense/synonyrous

counts and ratios are displayed after adjusting for mutation cate. FiGs. 498 and 49C illusteate allele frequency

specteum for buman missense and synonymous variangs that are identical-by-state (I8S) with chirapanzee comruon
vagants (F1G. 498) and chimpanz ce singleton variants {FIG. 49C). The depletion of chimpanzee missense vanants
at common human alleie frequencies (>0.1%) compared to rare human allele frequencies (<0.1%) is indicated by the
red box, along with accompanying Chi~-squared ( 1) test P values

{30428} FIG. 49D shows himman variants that are observed in at least one of the non-hiwman primate species.
FIG. 49K 1llustrates counts of benign and pathogenic missense variants in the overall ClinVar database (top row},
compared to ChoVar variants o a cobiort of 30 bumans sampled from ExAC/gnomAD allele frequencies {muddie
row}, compared to vanants ohserved in primates (hottom row). Conflicting benigu and pathogenic assextions and

vanants anuotated ouly with vneertain significance were excluded.

[60429] FIGs. 304, 568, S0C, and 361 show purifying selection ou yissense variants identical-by-state with
other species. FIG. 58A depicts allele frequency spectrum for buman missense and synonymous variants that are

identical-by-state with variants present in four non-primate mamrmalian specics (mouse, pig, goat, and cow). The
depletion of missense variants at common human allele frequencies (>0.1%) is indicated by the red box, along with
the accompanying Chi-squared (%) test P value.

{00430} FIG. 50B is a scatter plot showing the depletion of missense variants observed in other species at
common human allele frequencies (>0.1%) versus the species’ evolutionary distance from human, expressed in units
of branch length (mean number of substitutions per nucleotide position). The total branch length between each
species and human 1s indicated next to the species’ name. Depletion values for singleton and corumon vanants are
shown for species where variant freguencies were avatlable, with the exception of goritla, which coutained related

individuals.
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{60431} FIG. 58 iHlustrates counts of benign and pathogenic missense vanants in a cobort of 30 hureans
sarapled frorm BxAC/gnomAD allele frequencies (top row), compared to variants observed 1a primates (middle row),

and compared to variants observed in racuse, pig, goat, and cow {(bottom row). Conflicting benign and pathogenic

assertions and variants annotated only with uncertain significance were excluded.

[00432] FIG. 50D is a scatter plot showing the depletion of fixed missense substitutions observed in pairs of
closely related species at common human allele frequencies (>0.1%6) versus the species’ evolutionary distance from

human (expressed in units of mean branch fength).

[00433] FIG. 51 shows expected missense:synonymous rafios across the human allele frequency spectrum in

the absence of purifying selection. Shaded gray bars represent the number of synonymous variants, and dark green

bars represent the nuruber of missense variauts. The dotted line shows the baseline formued by synonyrmous vaniants.

Missense:synonymous ratios are indicated for each allele frequency eategory. According to one implementation, the

expected raissense and synonymous counts i each allele frequency category were caleulated by taking intronic

varants from the ExAC/gnomAD dataset cornpasing 123,136 exomes and using therm to estiynate the fraction of

variants expected to fall into each of the four allele frequency categories, based on the trinucleotide context of the

variant, which controls for mutaticnal rate and GC bias in gene conversion.

[60434] FiGs. 524, 528, S2C, and 52D depict missense:synonymous ratios for CpG and non-CpG variants.

FIGs. 52A and 52B show missense:synonymous ratios for CpG variants (FIG. 524} and non-CpG variants (FIG.

52A) across the human allele frequency spectrum, using all variants from the ExAC/gnomAD exomes. FIGs, 52C

and S21¥ show miissense:synonymous ratios for CpG variants (FEG. 82C) and non-Cp( variants (FEG. 521} across

the human allele frequency spectrum, restricted to only human vagants that are identical by state with chimpanzee

cornmon polymorphisms,

{0435} Fi(ss, 83, 84, and 55 illusteate missense:synonymous ratios of human vacants identical by state with

six primates. Patterns of raissense:synouymous ratios across the human allele frequency spectrurm for

Ex AC/gnomAD variants that are ideotical by state with vanation present in chimpaazee, bonobo, gorilla, oranguiag,

rhesus, and marmoset.

{00436} FIG. 56 is a simuiation showing saturation of new comrmnon missense variants discovered by

increasing the size of the human cohorts surveyed. In simulations, the genotypes of each sampie were sampled

according to gnomAD allele frequencies. The fraction of gnomAD conymon variants discovered is averaged across
130 stimulations for each sample size from 10 to 100,008,

{80437} FIG. 37 shows accuracy of Primate Al across different conservation profiles in the genome. The x axis
represents the percentage alignabality of the 51 AA around a sequence with the 99-vertebrate alignments. The y axis

represents the classification performance of Primate A accuracy for variants 1n each of the couservation bins,

beachmarked on the test dataset of 10,000 withheld primate variants.

[00438] FIG. 58 is Supplementary Table 5 that shows contributions to the labeled benign training dataset from

conymon human variants and variants present in non-human primates.

[00439] FIG. 59 is Supplementary Table & that shows effect of allele frequency on expected

missense:synonymous ratio. Expected counts of synonymous and nissense variants were calculated based on the

allele frequency spectrum of variants in intronic regions at least 20-30ut away from exon boundaries, using

trinucleotide context to control for mutational rate and gene conversion biases.

{0444} Fis. 60 is Supplementary Table 9 that shows ClinVar analysis. According to one implementation,

variants downloaded from the Nov. 2017 bumld of the ClinVar database were filtered to rernove mmssense variants
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with conflicting anootations and exclude variants of uncertain sigmficance, leaving 17,775 benign vanants and
24,853 pathogenic variants.

{60441} FIG. 61 s Supplementary Table 10 that shows the nuxnber of missense variants from other species
found in ClinVar, according to one implementation. Variants were required to be identical-by-state with the
corresponding human variant, and to have identical nucleotides at the other two positions in the reading frame to
cnsure the same coding consequence.

[00442] FIG. 62 is Table 1 that shows one implementation of discovery of 14 additional candidate genes in
intellectual disability, which had previously not reached the genome-wide significance threshold in the original
DDD study.

{30443} FIG. 63 15 Table 2 that shows one mnplementation of the mean difference in Grantham score between
pathogenic and benign variants in ChinVar, which is twice as large as the difference between de nove variants in

DD cases versus controls within the 605 disease-associated genes.

Data Generation

[00444] All coordinates used in the paper refer to buman genome build UCSC hgl9/GRCh37, including the
coordinates for variants in other species, which were mapped to hgl9 using multiple sequence alignments using the
procedure described in this section. Protein-coding DNA sequence and multiple sequence alignments of 99
vertebrate genomes with buman were downloaded from the UCSC genome browser for the g9 bold,
{http:/Mgdownload.soe uese.edw/goldenPattvhg 1 9/multiz  80way/alignments/knownCanonical.exonNuc . fa.gzy. For
genes with multiple canonical gene anuotations, the Jongest coding transeript was selected.

{0445} We downloaded human exome polyruorphism data from the Exome Aggregadon Consortium

{(ExACYgenome Aggregation Database (gnomAD) v2.0, which collected the whole-exome sequencing (WES) da

of 123,136 individuals from eight subpopulations around the world (http://gnomad broadinstitute.org/). We exciuded
variants that failed the defauit quality control fiiters as annotated in ExAC VCF file or fell outside canonical coding
regions. To avoid effects due to balancing selection, we also excluded variants from within the extended MHC
region (chr6: 28,477,797-33,448,354) for the primate analyses. The great ape genome sequerncing project provides
whole genome sequencing data and genotypes for 24 chimpanzees, 13 bonobos, 27 gorillas and 10 orangutans
(including § from the Surnatran subspecies and 5 from the Bornean subspecies, which we collapsed for the
downstream analyses). The study on chirupanzee and bonobos provides genome sequences of additional 3
chimpanzees, However, as variants for these additional chimpanzees were vot called using the same roethods as the
great ape genorae sequencing project, we excluded them from the allele frequency spectrum analysis, and used them
ouly for traraing the deep leaming model. Variation from these primate diversity studies were already mapped to the
human reference {(hgl9). In addition, for Marmoset and Rhesus, 16 rhesus individuals and 9 marmoset individuals
were used to assay variation in the original sequencing of these species’ genomes, but individual-level information
i3 not available.

{00446} The great ape genome sequencing projectd provides whole genome sequencing data and genotypes for
24 chimpanzees, 13 bonobos, 27 gorillas and 10 orangutans {including S from the Sumatran subspecies and 5 from
the Rormean subspecies, which we collapsed for the dowunstrean analyses). The study on chimpanzee and bouobos
provides genome sequences of additonal 35 chimpanzees. However, as variauts for these additional clumpanzees
were not catled using the same methods as the great ape genome sequencing project, we excluded them from the
allele frequency spectrum analysis, and used them only for training the deep learning model. Vadation from these

primate diversity studies were already mapped to the human reference (hgl9). In addition, for Marmoset and
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Rhesus, 16 rhesus mdividuals and 9 marmoset individuals were used to assay variation in the origraal sequencing of
these species” genomes, but individuai-level information 1s not available.

{60447} To corapare with other primates and mamraals, we also downloaded SNPs of other species from
dbSNP, including rhesus, marmosct, pig, cow, goat, mouse, chicken, and zebrafish. dbSNP also included additional
orangutan variants, which we only used for training the deep learning model, since individual genotype information
was not available for the allele frequency spectrum analysis. We discarded other species, such as dog, cat, or sheep,
as dbSNP provides limited numbers of variants for those species.

[00448] To map the variants to human, we used the muitiple species alignment of 99 vertebrates to ensure
orthologous 1:1 mappiug to humau protein-coding regions. Mapping vaniants using the orthologous multiple species
abgnments was essential to rerove artifacts caused by pseudogene or retrotransposed sequences, which occur when
directly mapping SNPs between species using tools such as bftOver that allow many-to-1 mappings. [n cases where
the genorne buld of the species in dbSNP did not match the genome build of the species 1o the 99-verebrate
multiple sequence alignment, we used liftOver to update the variants to the genome build used wn the multiple
sequence alignment. We accepted variants as identical-by-state if they occurred in either reference/alternative
orientation, for exampie, if the human reference was G and the alternative allele was A, this was considered to be
identical-by-state with a variant in another species where the reference was A and the alternative allele was G. To
cnsure that the variant had the same predicted protein-coding consequence in both human and the other species, we
required that the other two nucleotides in the codon are iderntical between the species, for both missense and
synonymous variants. Polymorphisms from each species included in the analysis are listed in Supplementary Data
File 1 and detailed metries are shown in Supplementary Table 1.

{80449} To ensure that the variants from each dbSNE submitter batch were of high quality and aligned
correctly  buman, we calculated the missense:synonymous ratio for each batch, confirming that this was less than
the expected ratio of 2.2:1; wost species bad ratios lower than 111, especially zebrafish and mouse, which would be
expected to have very large effective population sizes. We excluded two batches of SNPs frora cow which bhad

L GENOMES 1059190.gz
with ratio of 1.391 and snpBatch COFACTOR _GENOMICS 1059634.g7 with ratio of 2.568). The mean

unusually high missense:synonymous ratios from further analysis (snpBatch 1066 BU

)

niissense:synonymous ratio for the remaining cow batches was 0.8:1.

anﬂ, and GC-Biased Gene Conversion

[B0450] o addinon to the action of purifying selection, the observed depletion of tuman raissense vanants at
high allele frequencies could also be affected by factors not related to natural selection. The probabihity of a newtral
wmuation appeanog at a pacicular allele frequency i the population is a function of mutational rate, gene
conversion, and genetic drift, and these factors could potentially introduce a bias in the missense:synonymous ratio
across the allele frequency spectrura even in the absence of selective forees.

{00451} To compute the expected missense:synonymous ratios at cach aliele frequency category in the absence
of protein-coding selection, we selected variants within intronic regions 31-50bp upstream and 21-50bp downstream
of each exon. These regions were chosen to be distant enough to avoid effects of the extended splice motifs.

10mALY exomes, to ensure fair

Because these regions are near the edges of the exome capture sequence for ExAT/gr

&
ascertarnment of variants we removed any chrX regions aud excluded regions with mean read depth < 30. Each
vanant and its mmrediately opstream and downstream nocleotides falls within one of 64 tunucleotide contexts. 1f we

wurate the roiddle nucleotide into three othier bases, i total, 64 x 3 = {92 tri-nucleotide configurations are possible.
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As tenucieotide configurations and their reverse complements are equivalent, there are effectively 96 to-nucieotide
contexts. We observed that tri-nucleotide context bas a very strong effect on mutational rate, and a syaller effect on

ucleotide context effective for modeling these vanables.

GChiased gene conversion, making tri-
[00452] Within these intronic regions, we took each variant from the 126,136 ExAC/gnomAD cxomes and
separated them into 4 # 192 categorics, based on four categories of allele frequency (singleton, more than
singleton~0.01%, 0.01%~0.1%, > 0.1%) and 192 tri-nucleotide contexts. We normalized the number of variants
observed in each of the 4 x 192 categories (allele frequency * tri-nucleotide context) by dividing by the total number

of possible variants with that tri-nucleotide context (obtained by substituting each nucleotide in the intronic

sequence three different ways). For each of the 192 tri-nuclectide contexts, we had thereby obtained the expected
fraction of variants to fall in each of the 4 aliele frequency categonies in the absence of protein-coding selection.
This imaplicitly ruodels the effects of mutational rate, GC-biased gene couversion, and genetic drift that are due to
differences in tri-nucleotide context (Supplementary Table 7}
{0453} To get the expected missense:synouymous ratio i each allele frequency category, we counted the total
number of possible synonymous and nuissense mutations in the human genome accessible by single nucleotide
ubstitutions, and assigned each of them to one of the 192 trinucleotide contexts. For each context, we used the 4
192 table to caiculate the number of variants expected to fall within each of the 4 allele frequency categories.
Finaily, we summed up the number of synonymous and missense variants across the 192 tri-nuclectide contexts, to
obtain the total expected numbers of synonymous and missense variants in each of the four allele frequency
categories {FIG. 51 and Supplementary Table 8 (FIG. 59)).
[{#0454] The expected missense:synonyrmous ratios were nearly constant across the allele frequency spectrom
and close to the ratio of 2.23:1 that would be expected for de nove variants 1 the absence of natural selection, with
the exception of singleton vanants, whose expected missense:synonymous atio was 2.46:1. This indicates that due
to the action of factors independent of protein-coding selective pressures (mutational rate, gexe conversion, genetic
duft), variants with the singleton aliele frequency category in ExAC/goomAl are expected to have a
nissensesynonymous ratio about 10% higher than that of de nove mutations by default. To correct for this, we
adjusted down the missense:synonyimous ratio for singietons by 10% in the aliele frequency analyses (FIGs. 494,
498, 49C, 49D, and 49E and FIGs. 584, 388, S0C, and 50D). This small adjustment reduced the estimated
missense depletion for common human variants present in primates and other mammals (shown in FIGs. 494, 498,
49C, 49D, and 49K and FIGs. S04, S6B, 58C, aud 560} by roughly ~3.8%. The higher missense:synouymous ratio
for singleton variants 1s due to transition mutagons {(which are more likely to create synouymous changes) having
higher allele frequencies owing to higher mwtation rate than trapsversion mutations (which are more likely to create
missense changes).
{0455} Moreover, this explains the observed roissense:synonymous xatio of 2.33:1 for singleton variants o
ExAC/gnomAD, which exceeds the expected ratio for de novo mutations of 2.23:1. After factoring in the effects of
allele frequency spectrum on missense:synonymous ratio, this actually reflects a 5.3% depletion of singleton
variants compared to expectation, which would presumably be due to selection against pathogenic missense
muitations with de novo dominant modes of inkeritance. Indeed, when we consider only haploinsufticient genes with
high probability of loss of function (pL1 > 0.9}, the missense:synonymous ratio for ExAC/gnomAD singleton
variants is 2.04:1, indicating a depletion of around ~17% within haploinsufficient gencs. This result is concordant
with pror estimates that 20% of yrmsseuse mutations are equivalent to [oss of function mutations, assuming some

degree of incomplete penetravee,
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HIHERSY We also specifically examined raissense:synonymous ratios for CpG and non-CpG variants across the
human allele frequency spectnmm, due to the large differences wa therr mutation rates {FiGs. 524, 528, 52C, and
52D). We confirmed that for both Cp( and nou-CpG rautations, buman variants that are identical-by-state with
chimpanzee common polymorphisms have nearly constant missense:synonymous ratios across the allele frequency

spectrum.

Depletion of Human Missense Variants that are Identical-bv-State with Polvmnorphisms in Other Species

P

{0457} To evaluate whether variauts from other species would be tolerated at common allele frequencies (>

\

0.1%) in human, we identified human vanants that were identical-by-state with variation in the other species. For
each of the variants, we assigoed then to one of the four categories based on their aliele frequencies 1o burnan
populations (singleton, more than singleton~0.01%, 0.01%-~0.1%, > (.1%), and estimated the decrease 1o
missense:synonymous ratios (MSE) between the rare (< 0.1%) and commmon (> §.1%) variants. The depletion of
identical-by-state missense variants at common human ailele frequencies (> 0.1%) indicates the fraction of variants
from the other species that are sufficiently deleterious that th.y would be filtered out by natural selection at common
allele frequencies in human.

MSR__—MSR___
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{0458} The missen

synonymous ratios and the percentages of depletion were computed per species and are
shown in F1G. 508 and Supplementary Table 2. In addition, for chimpanzee common variants (FIG. 4%4),

RAY

chirapanzee singleton vacants {FiG, 49C), and wayomal variants (FiG. 30¢A), we performed the (Z’hi-squared (%2}
and commeon variants were Signiﬁcant

[60459] Because sequencing was only performed on lirited numbers of individuals from the great ape
diversity project, we used the human allele frequency spectrum from ExAC/gnomAD to estimate the fraction of
sampled variants which were rare (< 0.1%) or common {>0.1%)} in the general chimpanzee population. We sampled
a cohort of 24 individuals based on the ExAC/gnomAD allele frequencies, and identified nyissense variants that
were ghserved either ouce, or more than ouce, in this cohort. Variants that were observed more than ouce had @
99.8% chance of betng coromon (> 0.1%) in the general population, whereas variants that were observed only once
it the cohort had 2 69% chance of being comupon in the general population. In FIGs. 498 and 48C, we show that as
a cousequence of some of the chimpanzee stugleton variants being rare deleterious mutations, we observe depletior
of stugleton chimpanzee vartants at bigh allele frequencies 1o hurean, but ot for the comumon chimpanzee variants.
Roughly haif of chimpanzee variants observed in the cohort of 24 individuals were observed only once, and roughly
half were observed more than once.

[30460] To confirm that the observed depletion for missense variants in more distant mammals was not due to
a confounding effect of genes that are better conserved, and hence more accurately aligned, we repeated the above
analysis, restricting only to genes with > 50% average nucleotide identity in the multiple sequence alignment of 11
primates and 5¢ mammals compared with human (see Supplementary Table 3}. This removed ~7% of human

protein-coding genes from the analysis, without substantially affecting the results,

Fixed Subsiitutions Amonyg Primates, Marmals and Distant Yeriebrates

{0461} To ensure that our results using dbSNP variation were not affected by issues with the variant data, or

domestication artifacts (since most of the species selected from dbSNP were domesticated), we also repeated the
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analyses using fixed substitutions from pairs of closely-related species in lieu of intra-species polymorphisms. We
dowaloaded the phylogenetic tree of 100 vertebrate species
{httpi//bgdownload. soeuese.edu/goldenPath/hg 1 9/muitiz G0way/hgl9. 100way.commonNarnes.n b) from UCSC
genome browser, with phylogenctic distance measured in branch length (mean number of nucleotide substitutions
per position). We selected closely-related species pairs (branch length < 0.25) for further analysis. To identify fixed
substitutions between closely related species pairs, we downloaded coding regions for the multiple sequence
alignments of 99 vertebrate genomes with luman, as well as the alignments of 19 mammalian {16 primates)
genomes with human from the UCSC genome browser. The additional 19 mammalian multiple species alignment
was necessary because sorne of the primate species, such as bonobo, were absent in the 99 vertebrate alignment
{(http://hgdownioad.soeucsc.edu/goldenPath/hg3 8/muitiz2 Oway/alignments/knownCanonical.exo nNue.fa.gz). In
total, we obtained 15 pairs of closely related species, including five primate paies, as bsted in FEG. 568 and
Supplernentary Table 4.
{0462} We tock the multiple sequence alignments of 19 mammaliang or 99 vertebrate genomes with buman
within the canonical coding regions and obtained nucieotide substitutions between each selected pair of vertebrates,
listed in Supplementary Data File 2. These substitutions were mapped to the human genome, requiring that the other

two nucleotides in the codon were unct

anged between human and the other species, and accepting the variant in
either reference or alternative orientation. Using human variants that were identical-by-state with the fixed
substitutions from related species pairs, we calculated missense:synonymous ratios for variants in the rare (< 0.1%)
and common (> 0.1%}) allele frequency categories to obtain the fraction of fixed substitutions under negative

selection, as shown 1 Supplementary Table 4.

ClinYar Asalysis of Polymorphism Data for Human, Primates, Mammals, and Other YVertebraies

{{}0463] To examine the clinical impact of variants that are identical-by-state with other specics, we
ownloaded the release variant summary for the ClinVar database

{(fip://fip.ncbi.nlm.nih.gov/pub/clinvar/clinvar 20171029 vef gz released on 02-Nov-2017312. The database

contained 324,698 variants on the hgl® genome build, of which 122,884 were missense single nucleotide variants

mapping to our list of protein-coding genes (Supplementary Table 9). Most of the variants in the ClinVar database

ions of

were not of missense consequence, and were excluded. Next, we filtered variants with conflictug interpreta

pathogenieity, and kept only those with bemgn, likely bemgn, pathogenic, and likely pathogenic aunctations. We
merged vanants with Benign or Likely Bemgn annotations into 3 single category, as well merging variants with

Pathogenic or Likely Pathogenic anuotations. Following the filtering steps shown in Suppleraentary Table 9, there

are a total of 24,853 variants in the pathogenic category and 37,775 variants 1o the benign category; the remainder
were excluded because they arevariants of unknown significance or conflicting annotations.

{00464} To get a baseline for ClinVar missense variants in the human population, we exanyined ClinVar
nissense variants in a cohort of 30 individuals sampled from ExAC/gnomAD allele frequencies. This cohort size
was chosen to reflect roughly the number of individuals sequenced in the primate diversity project study. We report
the average number of pathogenic and benign variants in a cohort of 30 humans (FIG. 49E) from 100 such
simulations. Because curators have systematically annotated common human variants with benign consequence in
ClinVar, we excluded variants with greater than 1% allele frequency to avoid this curation bias

{00465} We analyzed ChoVar variants that were identical-by-state with vaciation in primates, mammals and
other vertebrates. The numbers of benign and pathogentc variants for each species are shown in Supplementary

Table 10. A suromary of the number of ClraVar variants that were present in humans, priraates, and more distant
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mammals is shown i FIGs. 498 and 588, along with the results from Chi-squaced (¢2) test of homogeneity for

differences in the ratio of beuign to pathogenic variants.

eueration of Benizn Variants for Model Yraining

{00466} Variants that are common in the hunian population are largely neutral aside from rare instances of
founder etfects or balancing selection, making them suitable as a benign traiming dataset for machine learning that is
unaffected by biases in buman interpretation. We used allele frequency data from 123,136 exomes from the
ExAC/gnomAD database (release v2.0), excluding vanants that did not pass filters, which left us with 83,546
mHssense variants with overall population allele frequency >= 0.1% within canoniecal protein-coding transcnpts.
{40467} Based on our earlier results showing that vagaats present in primates are largely benign in humaq, we
created a benign training dataset for reachine leaming comprising coramon buman variants (> 0.1% allele
frequency), variants from chimpanzee, bonobo, gorilla, and orangutan from the great ape diversity project and

additional primate sequencing, and rhesus, orangutan, and narmoset variants from dbSNP. In total, 301,690 unique

primate variants were added to the benign training set, according to one implementation. The number of benign

iants contributed by each source is shown in Supplementary Table 5.

ing va

[00468] A caveat is that while most primate variants are common in their respective populations, a minority of
them are rare variants. Because the non-human primate species have bad limited numbers of individuals sequenced,
we would expect that the set of ascertained vanants generally represent conmon variation. Indeed, we find that the

nissense:synonyrmous ratio for variants from each of the primate species is less than half of the expected 2.23:1

ratio for de nove rautation, tudicating that these are mostly cororuon variants that have already passed theough the

sieve of selection. Moreover, for the chimpanzee cobort, we have estirnated that ~84% of the ascertained variants
are present at comroon allele frequencies (> 0.1%) W their respective populations. Since ~30% of newly arising
missense mutations are filtered by purifving selection at common human allele frequencies (> 0.1%) (FIG. 494),
this figure is consistent with ~16% rare variants accounting for the observed depletion of 8.8% of human missense
variants that are identical-by-state with observed primate variation (FIG. 49D).
[00469] Applying the estimate that ~20% of human missense mutations are loss of function equivalent, primate
variants would be expected to comprise 3.2% fully pathogenic mutations, %1.2% benign mutations (tolerated at >
0.1% allele frequency), and 5.6% intermediate mutations that do not fully abrogate gene function, yet are deleterious
enough to be filtered out at corruon allele frequencies (> G.1%). Despite the kuown imperfections in this traxmng
dataset, the classification accuracy of the deep learning network was much better when trained on a bemgn training
iataset corprisiag both coramon buman variants and prisate variaats, corpared to common buman variants alone.
Therefore, it appears that at the current classification accuracy, the amount of trajning data available is the stronger
limitation. As larger numbers of individuals are sequenced in each primate specics, it will be possible to prepare
training datasets that contain a higher fraction of primate common variants, reducing contamination from pathogenic

variants in the training datasct and further improving classification performance.

Generation of Unlabeled Variants to Complement the Benipn Training Dataset

{00470} All possible missense variants were generated from each base position of canonical coding regions by
substitunug the nucleotide at the position withthie other three nucleondes. We excluded variants that were observed
in the 123,136 exomes frorn BExAC/gnomAD, and vanants in start or stop codons. [n total, 68,258,623 unlabeled
varianis were generated. We assigned each of the unlabeled variants to one of the 96 different tri-nucleotide context

categories. We trained the deep learning network using a semi-supervised approach, by sampling variants from this
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unlabeled dataset that roateh the variants in the benigu dataset by ta-nucieotide context, and trarning the classifier to

discriminate between benign and unlabeled tratning examples

Additional Filtering of Unlabeled Variants

{80471} By presenting examples of benign and unlabeled variants along with the tlanking amino acid sequence,
the deep learning network learns regions of proteins that are highly intolerant of mutations. However, the absence of
common vanants within a region of the protetn sequence may be due to strong punfving selection, or it may be due
to technical artfacts that prevent variants from being called in the region. To correct for the latter, we removed
variants from both the bemgn and uniabeled datasets from regions where the ExAC/gnomAD dataset had mean
coverage < L. Similarly, when matching undabeled variants to prixate vanants in the bemgn dataset during training,
we excluded unlabeled vagaats from regions where that priraate did not have orthologous alignable sequence with

human in the multiple sequence alignment.

Withheld Primate Variants for Validation and Testing, and de novo Variants from Affected and Unaffected
Individuals

{40472} For validating aud testing of the deep leaming network, we randomly sampled two sets of 10,000
primate vaviauts for vahidation and testing, which we withheld from traimug. The rest of the prirmate vanants, along
with the common human variants - 0.1% allele frequency), were used as the benign dataset for traimung the deep
learmng network. [n addition, we also sampled two sets of 10,600 unlabeled variants that were rnatched to the
withbeld primate variants for the validation set and the test set.

[60473] We used the 10,000 withheld primate variants in the validation set and the matched 10,000 uniabeled
variants to monitor the performance of the deep learning network during the course of training, by measuring the
ability of the network to discriminate between variants in the two sets. This enabled us to determine a stopping point
for training and aveid overfitiing, once the performance of the network had saturated.

[00474] We used the 16,000 withheld primate variants in the test dataset to benchmark the deep learning

network as well as the other 20 classifiers. Because the different classifiers had widely varying score distributions,

we used these unlabeled variants to identify the S0th-percentile threshold for each classifier. We benchinarked each

classifier on the fraction of variants 1 the 10,000 withheld prirmate vacnant test set that were classified as ben
the S0th-percentile threshold for that classifier, to ensure fair comparison between the raethiods.

{60475} To evaluate the performance of the deep learmug network in clinical settings using de novo variants in
affected individuals with neurodevelopmental disorders and de nove variants in healthy controls, we downloaded the
de novo variants from the Deciphering Developmental Disorders (DDD) study, and de novo variants from the
healthy sibling controls in the Simons Simplex Collection (8SC) autism study. The DDD study provides a
confidence level for de nove variants, and we excluded variants from the DDD dataset with a threshold of < 0.1 as
potential false positives due to variant calling errors. In total, we had 3,512 missense de nove variants from DDD
affected individuals and 1,208 missense de nove variants from healthy controls.

{30476} To better model the real-world clinical scenario of distinguishing between benign and pathogenic
vanants of uncertain significance witln a panel of candidate disease genes, we limited the analysis to ouly de nove
variants within 605 genes that were associated with disease in the DDD study (p<0.05}, calculated only from
protera-truncating variation (Supplementacy Table 18). We evaluated the gene-specific enxichment of protein-
truncanng de nove youtations by computing the staustical signmificance under a null bypothesis of the expected

number of de novo mutations given the gene-specific mutation rate and the number of considered chromosomes. We



65

elected the 6035 genes with a nominal P-value < 6.05. We calculated the excess of syconymous and missense de
roveo mutations withia the 605 geaes (F¥G. 22A) as the ratio of counts of observed de novo rautations versus
apected de novo mutations, as well as the difference of abserved de novo mutations minus expected de novo
mutations. Within these 605 genes, we observed 380 de novo missense mutations from the DDD affected individuals
(FEG. 22A). For cach of the classifiers, including our own, a small fraction of variants did not have predictions,
generally because they did not map to the same transcript models used by the classifier. Hence, for our deep learning
network, we performed the downstream analyses in FIGs. 224, 22B, 22C, 22D, and 22E using 362 de nove

missense mutations from DDD affected individuals and 65 de novo missense mutations from healthy controls.

Saturation of All Possible Huoman Missense Mutations with Encreasing Namber of Primate Populations
Sequenced

{40477} We investigated the expected satuxation of all ~70M possible buman missense routations by common
variants present in the 504 extant primate species. For each primate specics, we sinwlated 4 times the number of
conmmon missense variants observed in human (~83,500 nrissense variants with alicie frequency > 0.1%), because
humans appear to have roughly half the number of variants per individual as other primate species, and about ~50%
of human missense variants have been filtered out by puritying selection at > 0.1% aliele frequency (FIG. 49A). We
assigned simulated variants based on the observed distribution of human conunon missense variants in the 96 tri-

£

uncleotide contexts. For example, if 2% of human comron ruissense vartants were from the CCG>CTG i~

nucleotide context, we would require that 2% of the simulated variants were randomly sampled CCG>CTG
mutations. This has the effect of countrolbug for the effects of mutational rate, genetic drift, and geue conversion
bias, using toi-nucieotide context.

{00478} The curves in FEIG. 230 show the curculative satweation of the ~70M possibie human missense
mutations by comron variants present in any of the 504 primate species, assuming that we ascertain all comnmon
variants in each primate species (> 0.1% allele frequency). From FIG. 494, roughly ~50% of human missense
mutations are sufficiently deleterious in both human and other primates to prevent them from rising to common
allele frequencies (> 0.1%), and thercfore the curves in FIG. 23D represent the fraction of non-deleterious human
missense mutations saturated by common primate variation as the number of primate species grows. We show that
with 504 primate species, the majority of non-deleterious human missense mutations will be saturated, with non-
deleterious CpG mutations saturated with 2 much smaller noruber of species due to their ngher mutation rate.
{0479} To model the fraction of human common missense variants (> $.1% allele frequency) discovered with
increasing size of human cohorts sueveyed (FYIG. 36), we sampled genotypes according to guomAL allele
frequencies. The fraction of gnomA D common uussense variants discovered was averaged across 100 stmulations

for each sample size from 10 to 106K

Prediction of Secondary Structure and Solvent Accessibility

[00480] The deep learning network for pathogenicity prediction contains 36 total convolutional layers,
including 19 convolutional layers for the secondary structure and solvent accessibility prediction networks, and 17
for the marn pathogenmcity prediction network which takes as mmput the results of the secondary structure and solvernt
accessibility networks. Because the crystal structures of most buman proteins are unknown, we trained two models
to enable the network to learn protein sgucture from primary sequence. Both models used the same network

architecture and wpuis shown i FIG. 6. The nputs to the secondary structure and solvent accessibility networks is
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2 51 leagth x 20 amino acid position frequency yoatnx encoding conservation information from the ranluple
sequence aligament of huroan with 99 other vertebrates.

{60481} The secondary siructure network is traxoped to predict 3-state secondary steuctiee: alpha belix (H}, beta
sheet (B}, and coils (C). The solvent accessibility network is trained to predict 3-state solvent accessibility: buried
(B), intermediate (I}, and exposed (E). Both networks only take primary sequence as their inputs, and were trained
using labels from known crystal structures in the Protein DataBank. The models predict one state for each amino

acid residue.

Data Preparation for Prediction of Secondary Structure and Solvent Accessibility

[40482] We used unrelated crystal structures from the Protein Databank for training the models. Amino acid
sequences with more than 25% sequence sirnilarity were removed. {n total, 6,367 protein sequences were used for

training, 400 for validation, and 500 for testing (Supplementary Table 13). The data used for training, including the

amino acid sequence and the secondary structure and solvent accessibility labels is available from the RaptorX
website: http:/raptorx.uchicago.edu/download/.

[00483] Most solved crystal structures are of non-human proteins, henee for pre-training the secondary
structure and solvernt models, we used the RaptorX suite (based on PSI-BLAST) to obtain related sequences, since
human-based multiple sequence alignments were generally not available. We generated multiple sequence
alignments for the proteins using the CNFsearchl.66_release tool from RaptorX, and counted the amino acids at

ie, the specific

each position from the 99 closest alignments to form the position frequency matrix, For examy
coramands using RaptorX to retrieve the multiple sequence aligament for the T671A fasta protese were as follows:

% JbuildFeature -t 1u7lA fasta -¢ 10 -0 /TG Tu7lA tgt
JCNFEsearch -a 30 -q Tu7lA

{10484} Por each amino acid position in the dataset, we took a window from the position frequency matrix
corresponding to the flanking 51 amino acids, and used thus to predict the label for either secondary structure or
solvent accessibility for the arine acid at the center of the $1- length amino acid sequence. The labels for secondary
structure and relative solvent accessibility were dicectly obtained from the kuown 31 crystal structure of the protein
using the DSSP software and did not require prediction from primary sequence. To iecorporate the secondary
structure and solvent accessibility networks as part of the pathogenicity prediction network, we computed position
frequency matrices from the human-based 99 vertebrate multiple sequence alignments. Although the conservation
matrices generated from these two methods are generally similar, we enabled backpropagation through the
secondary structure and solvent accessibility models during training for pathogenicity prediction to allow fine-

tuning of the parameter weights.

Model Architecture and Training

{40485} We trained two separate deep convolutional neural network models to predict secondary structure and
relative solvent accessibility of proteins. The two yoodels bave identical architectiree and input data, but differ on the
prediction states. We conducted detailed hyperparameter search to optimize the models for best performance. Both
our deep leamning network for pathogenicity prediction and deep learning networks for predicting secondary
structire and solvent accessibility adopted the architecture of residual blocks, which has become widely adopted due
to its success in image classification. The residual blocks comyprise repeating units of convolution, interspersed with
skip connections that allow information from earlier layers to skip over residual blocks. In each residual block, the

input fayer 1§ first batch normalized, followed by an activation layer using rectified linear units (ReLU). The
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activation is then passed through a 113 convolution layer. This intermediate output fron the 1D convolution layer is
again batch nonaalized and Rel.U acnvated, followed by avother 112 convolution layer. At the end of the second 113
convolution, we summed its output with the original input into the residual block, which acts as 2 skip connection by
allowing the original mput information to bypass the residual block. In such an architecture, termed a deep residual
learning network by its authors, the input i3 preserved in its original state and the residual connections are kept free
of nonlinear activations from the model, allowing effective training of deeper networlks. The detailed architecture is
provided in FIG. 6 and Supplementary Tables 11 (FIGs. 7A and 7B) and 12 (FIGs. 8A and 8B).

2

{00486} Following the residual blocks, the softmax layer computes probabilities of the three states for each
aruine acid, among which the largest softmax probability determines the state of the amino acid. The model s
trained with accomulated categorical cross entropy loss function for the whole protein sequence using the ADAM

optimizer. Once the networks had been pretrained on secondary structure and solvent accessibility, instead of

directly taking the cutput of the networks as 1aputs for the pathogenicity prediction vetwork, we took the layer

before the softmax layer, so that more information would pass through to the pathogenicity prediction network.
{60487} The best testing accuracy achicved for the 3-state secondary structure prediction model is 79.86 %
{Supplementary Table 14}, similar to the state-of-the-art accuracy predicted by DeepCNF model30. The best testing

+

accuracy for the 3-state solvent accessibility prediction model is 60.31% (Supplementary Table 14), similar to the
current best accuracy predicted by RaptorX on the similar training dataset. We also compared the predictions of the
neural network when using DSSP-annotated structure labels for the approximately 4000 human proteins that had
crystal structures, versus using the standard PrimateAl model which uses predicted structure abels only. We did not
obtain further improvement 1o pathogenicity prediction aceuracy when vsing the DSSP-annotated labels

{Supplemental Table 15}

Input Features for Beep Learning Models for Pathogepiclty Prediction

[00488] The training dataset for the pathogenicity prediction network contains 385,236 labeled benign variants
and 68,258,623 unlabeled variants after filtering. For each variant, we generated the following input features. The
first input feature of each variant is its 51-length flanking amino acid sequence, i.e., 25 amino acids to each side of
the variant obtained from the reference sequence of hgl9, to provide the deep learning models the sequence context
of the variant. In total, this flanking reference sequence is 51 armuo acids in length. Through empinical observaton
e found that amino acid representation of the protein sequence was more effective than representing the protein
coding sequence using nucleotides.
{34891 The second feature (s the 51-length flanking buman amino acid sequence with the alternative amino
acid substituted at the central position by the vagaot. The alternative flanking sequence 1s the sarae as the reference
flanking sequence in the first feature, except that the middle position of the sequence contains the alternative amino
acid, instead of the reference amino acid. Both reference and alternative human amino acid sequences were
converted to one- hot encoded vectors of length 51 x 20, where cach amino acid is represented by a vector of 19
amino acids with value 0, and a single amino acid with value 1.
[00490] Three position frequency matrices (PFMs) are generated from multiple sequence alignments of 99
vertebrates for the variant, incloding one for 11 primates, one for 50 maromals excluding primates, and one for 38
vertebrates excloding primates and mammals. Bach PFM has dimensions L x 20, where L 1s the length of flanking
sequences arcund the variant (in our case, L represents 51 amino acids).
{40491} For the input to the pre-tratned 3-state secondary structure and 3-state solvent accesstbility networks,

we used a single PFM matux generated from the multiple sequence alignments for all 99 vertebrates, also with
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length 51 and depth 20. After pre-training the networks on known erystal staucnuces from the Protein DataBaok, the
final two layers for the secondary structure aud solvent models were removed {the global maxpool layer and the
output layer), and the 51 # 40 shape of the previous layer’s output was used as input for the pathogenictiy prediction

network. We allowed backpropagation through the structural layers of the network to fine-tune parameters.

Semi-Supervised Learning

{00492} Because semi-supervised learning algorithms use both labeled and unlabeled instances in the trammng
process, they can produce classifiers that achieve better performance than completely supervised leaming algorthins
that have only a small amount of labeled data available for training. The prineiple behind semi-supervised learming
is that jutrinsic knowledge within unlabeled data can be leveraged in order to strengthen the prediction capability of
a supervised raodel that only uses Iabeled rastances, thereby providing a potential advantage for semi-supervised
learning. Model parameters learned by a supervised classifier from a small amount of labeled data may be steered
towards a more realistic distribution {which more closely resembles the distribution of the test data} by the unlabeled
data.

[00493] Another challenge that is prevalent in bioinformatics is the data imbalance problent. The data
imbalance phenomenon arises when one of the classes to be predicted is underrepresented in the data because
instances belonging to that class are rare {notewortly cases) or hard to obtain. Ironicaily, minority classes are
typically the most irmportant to learn, because they may be associated with special cases.

[$0494] An algorithmic approach to bandie nhalanced data distributions is based on ensembles of classifiers.
Limited amounts of labeled data nanieally lead to weaker classifiers, but ensembles of weak classifiers tend to
surpass the performance of any single constituent classifier. Moreover, ensembles typically improve the prediction
accuracy obtained from a single classifier by a factor that validates the effort and cost associated with learning

muitiple models. Intuitively, aggregating several classifiers leads to better overfitting control, since averaging the

high variability of individual classifiers also averages the classifiers’ overfiiting
[00495] We pursued a semi-supervised learning strategy because of the lack of adequately sized datasets of

confidently labeled pathogenic variaunts. Although the ClinVar database has over 300,000 entries, after removing

variants of uncertain significance, there were only ~42,000 missense variants remaining with non-counflicting

interpretations of pathogenicity,

{80496} Systematic reviews have also found that these entries often have insufficient climcal evidence to
support their annotated pathogenicity. Moreover, most of the variants in huwuan curated databases tend to be within &

very small set of genes, making them mismatched for variaots (o benign trataing datasets, which are ascertained

gepome-wide using human common variaats or chimpanzee-buman fixed substitutions. Given how differently the

datasets were ascertained, training a supervised learning mode!l with human-curated variants as the pathogenic set

and genome-wide common variants as the benign set is likely to introduce significant biase

[00497] We trained the deep learning network to discriminate between a set of labeled benign variants and an
unlabeled set of variants that were carefully matched to remove biases. According to one implementation, the set of
385,236 labeled benign variants comprised human comunon variants (> 0.1% allele frequency) from the

ExAC

qnomAD database and varants from six species of non-human pri

{10498} We sampled a set of unlabeled variants, requiring matching with the benign variants on trinucleotide
context (to coutrol for mutational rate, genetic drift, and gene conversion), and adjusting for the mmpact of
alignability and sequence coverage on variant ascertainment. Because the nummber of unlabeled vartants greatly

exceeds the labeled benign vartants, we obtained a cousensus prediction by tratmug eight models that use the same
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set of labeled benign variants and eight randomly sampled sets of unlabeled variants and takiog the average of their
predictions.

{60499} The motivation of choosing semi-supervised learning s that human-curated variant databases are
unreliable and noisy, and in particular, the lack of reliable pathogenic variants. We obtained a set of reliable benign
variants from human common variants from gnomAD and primate variants. For pathogenic variants, we adopted an
iterative balanced sampling approach to initially sampling pathogenic variants from a set of unknown variants (VUS
variants without annotated clinical significance).

[00500] To reduce the sampling bias, we trained an ensemble of eight models that use the same set of benign

tants and eight

raring va ferent sets of pathogenic variants. Imtially, we randoraly sarupled unknown variants to
represent pathogenic variants. Next, iteratively, the ensemble of models are used to score a set of unknown vartants
that were not involved 1o the prior training cycle. The top scorved pathogenic variants are then obtained to replace 5%
of random waknown variants 1o the prior cycle. Note that we retained 25% more top scored pathogenie vanants than

needed, so that we can sample eight different sets of scored pathogenie vartants to replace unkonown vanants which

nereases randomness for the cight models. Then the new pathogenic training set is formed and a new cycle of
training isexecuted . This process is repeated till initial randomiyv-sampled unknown variants are all replaced by
highiy confident pathogenic variants predicted by the ensembie models. FEG. 42 is an illustration of the iterative

balanced sampling process.

Bal

{08561} The sampling scheme of unkoown variaats that match benign vaaots (s useful 10 reducing the buas of
our model teatniog. When the uekuown variants ace sampled randoyaly, deep leaming raodels often extract biased
nforraation and preseot trivial solusons. For example, if an amino acid substitution K->M occurs roore frequently

in unknown variants than benign variants, the deep learning models tend to always classify K->M substititions as

pathogenic. Thus, it is important to balance the distribution of amino acid substitutions between the two training
sets.

[00502] Higher mutable classes like Cp(G transitions have a huge representation bias in the benign common

variants. The orthologous variants from other primates also follow the human mutation rates, implying enrichment

of the highly rautable classes 1a the overall bemgn training set. If the sampling procedure of unkuown variants is not

weill controlled aud balanced, deep leaming models tend to be more likely to classify Cp(s transitions as benign,
compared to a less represented class such as transversion or non CpG transitions.

{60503} To prevent deep learming models from converging to a trvial, non-biological solution, we consider
balancing the trinucleotide contexts of benign and uokeown variants. The trinucleotide (s formed by the base before
the variant, the reference base of the variant, and the base after the variant. And the reference base of the variant can

be changed into the other three nucleotides. In total, there are 64x3 trinucicotide contexts.

Iterative Balanced Sampling

Cyele
{30504 We sampled the unknown vagaots to match the exact oumber of benign variants for each trinucleciide

context. [n other words, at the first cycle, we ronrrored the benign and pathogenic training sets i terms of
trimucleotide contexts of vanants. The intwidon behind such a sampling methodology is that there are equal
representation of variants with identical mutation rates between the benign and unknown sets. This prevents the

meodel from converging to a trivial solution based on mutation rates.



Cyele 2 to Cyele 20

{H0505] For cycle 2, we applied the trained model from cycle 1 to score a set of unkuown variants that are not
involved in cycie I, and replaced 5% of the unknown variants with the top predicted pathogenic variants. This set is
purely generated by the model and we applied no balancing for trinucleotide contexts in this set. The rest of 95% of
the unknown variants required for training are sampled to be 93% of the counts of each trinucleotide context in
benign variants.

{69506} The intuition is that since cycle I uses completely matched training sets, the top predicted pathogenic
variants are generated without any mutation rate bias. Hence, There is no need to account for any hias in this set.
The rest of 95% of the data is still controlled for the trinucleotide context mutation rate to prevent the model from
convergiog to a trvial solution.

[B0507] For each cycle, the percentage of the replaced unknown vanants increases by 5%. For cycle 3, we
replaced 5% of the unknown variants with the top predicted pathogenic variaats from the xnodel of cycle 3.
Accumulatively, the fraction of pathogenic variants increases to 10% and that of the trinucleotide-context-mirrored

unlknown variants is reduced to 90%. The sampling process is similar for the rest cycles

Cyele 21

$0508 For cyele 21, the last cyele, the entire pathogeuic training set comprise purely of the top pathogenic
o o g+] w o o

variants predicted from the deep learning models. Since we have explicitly controlled for the mtation rate bias at

every cycle, the pathogenic vagaots are reliable to use as traming data and not affected by the mutation tate bias.

ing wmodel for pathogenicity prediction.

Thus, the last eyele of training produces the final deep lear

Matching the Labeled Bendon and Unlabeled Training Sets
{00509} Balanced sampling of unlabeled variants is crucial for removing biases that are unrelated to the
deleteriousness of the variant. In absence of proper control of confounding effects, deep learning can easily pick up

on madvertently wmtroduced biases to discriminate between the classes. Human conumon vaniants tend to be enriched

with variants from bighly mutable classes, such as those on Cp(s islands. Likewise, primate polymorphisms also

follow human mutational rates, implying enrichment of highly mutable variants in the overall benign tratmuog set. If
the sampling procedure of uclabeled variants 1s oot well controlled and balanced, deep learning networks tend to
rely on mutanonal rate bias to classify variants, thus they are roore likely to classify CpG transitions as benigo,
compared to less represented classes such as transversion or non-CpG transition. We sampled exactly the same
number of unlabeled vartants as labeled benign variants in each of the 96 trinucleotide contexts (discussed
previously).

{00510} When matching unlabeled variants for the primate variants in the labeled benign dataset, we
disallowed unlabeled variants from being selected from: regions of the human genome where that primate species
was not aligned in the multiple sequence alignment, sinee it was not possible to call a variant in that primate species
at that position.

{00511} Within each of the 96 trinucleotide contexts, we corrected for sequencing coverage for primate
varants. Because of the large number of bumans sequenced, commmon variants in the hurnan population are observed
frequently enough that they are well-ascertained even in areas with Jow sequencing coverage. The same is aot frue
for primate variants, since only a small oumber of rodividuals were sequenced. We split the genorne into 10 bing
based on sequencing coverage in ExAC/gnomAD exomes. For each bin, we measured the fraction of primate

variants in the labeled benign dataset versus the unlabeled dataset. We calculated the probability that a primate



variant is a roeraber of the labeled benign dataset, based only on sequencing coverage, using huear regression {FiG.
24). When selecting unlabeled vagants to match the pomate variants in the labeled benign dataset, we weighted the

probability of sampliog a variant based on the sequencing coverage at that position using the regression coefficients.

Generation of Benion and Unknown Variants

Common Variants in Human Population

{80512} Recent studies dernounstrated that comnon variants in human populations are generally benign.
guomAD provides 90,958 nonsynonymous SNPs with minor allele frequency (MAF) >= 0.1% within canonical
coding regions, according to one iroplementation. Variants that passed filters are retained. Judels are excluded.
Variants that occur in the start or stop codons are removed, as well as protein-iruncating vanants. Serutinizing

subpopulations, the total number of missense variants with MAF >=0.1% within each subpopulation increases to

245,360, according to one inplementation. These variants forms part of the training set of benign variants.

Common Polvmorphism in Great Apes
{80513} As coding regions are kuown to be highly conservative, it is straightforward to assume if a
shym 1sm is segregating 1 a great ape population at bigh frequency, it may also have a mild impact on human
polymorphism is segregating w a great ape population at lugh frequency, it may also have & mi P
ness. Po tsm data of bonobe, chimp, gorilia. and oxs an from great ape 1€ projects and ¢
fitness. Polymorphism data of bonobe, chimp, gorilia. and orangutan from great ape genorue projects and other

studies were merged with SNPs of rhesus and marmoset frora dbSNP.

Generation of Unknown Varianis

{00514} All the possible variants are generated from each base position of canonical coding regions by
substituting the nucleotide at the position to the other three nucleotides. New codons are formed leading to potential

changes of amino acids at the positons. Synonymous changes are filtered.

{00515} Variants observed m gnomAD dataset are removed. Variants that oceur in the start or stop codons are
remnoved, as well as vartants that form stop codons. For SNPs with raultiple gene annotations, the canomcal gene
anootation is selected to represent the SNP’s annotation. In total, 68,258,623 unknown vanants are generated,

according to one implementation,

Additional Filtering of Varianis

{80516} In some regions of human genome, it is known to be difficult to align reads. Inclusion of those regions
cause confounding effects on the training and testing datasets. For example, regions under high selective pressure
tend to have limited nombers of polymorphisms. Whereas, regions that are baxd to sequence also have fewer
polymorplisms. To avoid such confounding inpuots © our models, we removed variants from genes that were got

sequenced by gnore AD.

{60517} Generally beniga variants are discovered i the well-sequenced regions which tend to be conservative
across multiple species. While unknown variants are randomly sampled across genomes, which tnclude some

poarly-covered regions. This causes ascertainment bias between the benign and unknowa sets. To reduce the bias,
we filtered out variants with read depths < 10 in gnomAD. We also filtered out all variants which have more than

10% missing data in the flanking sequence alignments across all the maramal species.

Data for Validation and Testing

(0518 For validating aud testing the pathogemcity models, we randomly sampled from the big pool of beuign
g £ e patnog ) Y P gp 2

varianus two sets of 10,000 benign vanants for validanon and testing, xespectively, according to one implementation.



The rest of bemgn variants ace used for training the deep learming models. These variants are specifically sampled
from orthologous primate variaats to ensure faiwr corapaason between rethods as some methods are trained on
buman common variants. We also randomly sampled two sets of 10,000 unkoown vanants for validation and
testing, separately, according to one iraplementation. We ensure that the number of unknown variants within cach of

the 192 trinucicotide contexts match that of benign variants for validation and testing sets, respectively.
[00519] We evalnated the performance of muitiple methods in clinical settings using de nove variants of

affected children with autism or developmental disability disorder (DDD) and their unaffected siblings. Totally,
according to one implementation, there are 3821 missense de novo variants from the cases with DDD and 2736
missense de nove variants from the cases with avtism. There are 1231 missense de noveo variauts for unaffected

siblings, according to one implerentation.

Deen Learning Network Architectare

[00520]  Th

]

pathogenicity prediction network receives five direct inputs and two indirect inputs via the

ondary structure and soivent accessibility networks. The five direct inputs are the 51-length amino acid
sequences * 20-depth (encoding the 20 different amino acids), and comprise the reference human amino acid
sequence without the variant (1a), the alternative human aniino acid sequence with the variant substituted in (1b),
\ th

the PFM from the multiple sequence alignment of primate species (1c¢), the PFM from the multiple sequence

it grient of more distant vertebrate

p=9

abgnment of mammalian species (1d), and the PEM from the muitiple sequence ali

species {Ie). The secondary structure and solvent accessibility networks each receive as wput a PEM from the
multiple sequence aligoraent (16 and (1g), and provide their ovtputs as waputs woto the main pathogenieity predicton
network. The secondary structure and solvent accessibility networks were pre-trained on knowan protein crystal
structures for the Proteln DataBank, and allow backpropagation during the pathogenicity model taainiog.
{00521} The five direct input channels are passed through an upsampling convolution layer of 40 kernels with
linear activations. The human reference anyino acid sequence {Ia) is merged with the PFMs from primate, mammal,
and vertebrate multiple sequence alignments (Merge 1a). Similarly, the human alternative amino acid sequence (1b),
is merged with the PFMs from primate, mammnal, and vertebrate muitiple sequence alignments (Merge 1b). This
creates two paraliel tracks, one for the reference sequence, and one with the alternate sequence with the variant
substituted .
{80522} The merged feature map of both reference channel and the alternative channe! (Merge fa and Merge
1) are passed through a series of six residual blocks (Layers 2a to 7a, Merge 2a and Layers 2b to 7b, Merge 2b).
The output of the residual blocks (Merge 2a and Merge 2b) are concatenated together to form a feature map of size
(51,80} (Merge 3a, Merge 3b) which fully mixes the data from the reference and alternative channels. Next, the data
has two paths for passing through the network in parallel, either through a series of six residual blocks containing
two convolutional layers each, as defined in section 2.1 (Merge 3 to 9, Layers 9 to 46 excluding layer 21,34), or via
skip connections, which connect the output of every two residual blocks after passing through a 1D convolution
{Layer 21, Layer 37, Layer 47). Finally, the merged activations (Merge 10} are fed to another residual block (layers
48 to 53, Merge 11). The activations from Merge 11 are given to a 1D convolution with filter size 1 and sigmoid
ctivation (Layer 54}, then passed through a global max pooling layer that picks a single value representing the

stration of the model is shown in FiG. 3 and

network’s prediction for vanant pathogenicity. A schematic i}

Supplernentary Table 16 (FiGs. 4A, 4B, and 4C).



Model Overview

{30523} We developed semi-supervised deep convolutional neural network ({CNN) moodels to predict
pathogenicity of variants. The input features to the models include protein sequences and conservation profiles
flanking variants, and depletion of missense variants in specific gene regions. We also predicted the changes caused
by variants to secondary structure and solvent accessibility by deep leaming models and integrated that into our
pathogenicity prediction model. For training the model, we generated benign variants from common variants of
human subpopulations and orthologous variants from primates. However, we are still lacking reliable sources for
pathogenic variants. We mtially trained the model with benign and voknown variants, and then used a seni-
supervised iterative balanced sarupling (1BS) algorithin to gradually replace onknown variants with a set of
pathogenic variants predicted with high confidence. Finally, we dernoustrated that our model sutperformed the
existing methods i distinguishing de nove variants causing developmental disability disorder in humans frora

benige oves.

Adoption of Residual Block

{80524} FIG. 17 illustrates a residual block. Both our deep learning model of pathogenieity prediction and deep

esidual blocks

learmng models for predicting secondary stoucture and solvent accessibility adopt the defimtion of s

that was first illustrated in the. Structure of a residual block is shown re below. The wput tayer ts first batch

unorahized, followed by the nonlinear activation “Rel.U”. The activation is then passed through 2 1D couvolution
layer. This waterraediate sutput from the 1D couvolution layer (s again batch noomalized and Rell acuvated,
followed by another 11} convolution layer. At the end of the second 11} convolution, we roerge its output with the
ouginal tnput. o such an architecture, the toput (s preserved 1o its onginal state and the residual counections are
kept free of non-linear activations of the model.

[00525] Atrous/dilated convolutions allow for large receptive fields with few trainable parameters. An
atrous/dilated convolution is a convolution where the kernel is applied over an area larger than its length by skipping
input values with a certain step, also called atrous convohution rate or dilation factor. Atrous/dilated convolutions
add spacing between the elements of a convolution filter/kernel so that neighboring input entries (e.g., nucleotides,
amino acids) at larger wtervals are considered when a convolution operation is performed. This enabies
ineorporation of long-range contextual dependencies in the input. The atrous convolutions conserve partial

convolution caleulations for reuse as adjacent nucleotides are processed.

Novelty of Our Model

{60526} Cur method differs from the existing methods for predicting pathogenicity of variants in three ways.
First, our method adopts a novel architecture of semi-supervised deep convolutional neural networks. Second,
reliable benign variants are obtained from human common variants from gnomAD and primate variants, while the
highly confident pathogenic training set is generated through iterative balanced sampling and training, to avoid
cireular traimng and testing of models using the 1dentical human curated variant databases. Third, deep learning
models for secondary structure and solvent accessibility are integrated into the architecture of our pathogeunicity
model. The inforuation obtained from the structure and solvent models ave vot limited to label prediction for
specific arnino acid residues. Rather, the readout Jayer 1s removed from the structure and solvent models, and the
pre-iraraed models are merged with the pathogenicity model. While training the pathogenicity model, the structure
and solvent pretrained layers also backpropagate to minimize the ervor. This helps the pre-trained structure and

solvent model to focus on the pathogenicity prediction problen.



Training Secondary Structere and Solvent Accessibility Models

Data Prepavation
[00527] We trained deep convolutional neural networks to predict the 3-state secondary structure and the 3-
state solvent accessibility of the proteins. Protein annotations from PDB are used for training the models. Sequences
with more than 25% similarity with their sequence profile are removed, according to one implementation. In total,
6,293 protein sequences are used for training, 392 for validation, and 499 for testing, according to one
inplernentation.
{30528} The position-specific scoring matrix (PSSM) conservation profiles for the proteius are generated by
running PSI-BLAST with H-value threshold 8.601 and 3 teraons to search UniRef90. Any unknown amino acid s
set as blauk, as well as 1ts secondary structiwe. We also run PSE-BLAST with sirailar pacaroeter settings for ali
human genes to collect thexr PSSM conservation profiles. These matrices are used for integrating the structure
model to pathogenicity prediction. The amine acids of protein sequences are then converted into one-hot encoding
vectors. And the protein sequences and PSSM matrices are reshaped to a matrix of £x20, where L is the length of a
protein. The three predicted labels for secondary structure include helix (H), beta sheet (B) and coils (C). The three
labels for solvent accessibility include buried (B), intermediate (I} and exposed (E). One label corresponds o one

amino acid residue. The labels are coded as one-hot encoding vectors of dimension=3.

Model Architecture and Training

{40529} We trained two end-to-end deep convolutional neural network models to predict the 3-state secondary
structure and 3-state solvent accessibility of proteins, respectively. The two models have similar configurations,

including two input channels, one for protein sequences and the other for protein conservation profiles. Each input
channel has the dimension L x 20, where L denotes the length of a protein.

{00536} Each of the input channel is passed through a 1D convolution layer (layer 1a and 1b) with 40 kernels
and linear activations. This layer is used to upsample the input dimensions from 20 to 40. Note all the other layers
throughout the model use 40 kernels. The two layer (1a and 1b) activations are merged together by summing the
values across each of the 40 dimensions {1.¢., merge mode = ‘surn’}). The output of the merge node 1s passed through
a single layer of 103 convolution (layer 2} followed by buear activaton.,

{30531} The activations from layer 2 1s passed through a series of 9 residual blocks (lavers 3 to 11) as defined
above. The activations of layer 3 is fed to Jayer 4 and layer 47s activation is fed to fayer 5 and so on. There are also
skip connections that dicectly surn the output of every 3rd residual block ( layers 5, 8 and 11} . The merged

activations is then fed to two 1D convolutions { layers 12 and 13) with ReLU activations. The activations from layer

13 1s given to the softmax readout layer. The softmax computes the probabilities of the three-class outputs for the
given input.

[00532] For the best secondary structure model, the 1D convolutions have an atrous rate of 1. For the solvent
accessibility model, the last 3 residual blocks (layers 9, 10 and 11} have an atrous rate of 2 to increase the coverage

of the kemels. The secondary structure of a protein is strongly dependent on the interactions of amino acids i close

roximity. Thus models with higher kernel coverage improves the performance shightly. On the other hand, solvent
& & g > . 9

accessibility 1s affected by the long-range mteractions between amino acids. Therefore, for the model with high
coverage of kernels using atrous convolutions, its accuracy is more than 2% higher than that of the short-coverage

maodels.



[04533]

secondary structure predicion model, according to one unplementation.

Layer

Input Sequence

(layer 1a)

Input PSSM {layer
b}

Merging Sequence

+ PSSM
Layer 2
Layer 3
Layer 4
Layer 5
Layer 6
Layer 7
Layer 8
Layer 9
Layer 10
Layer 11

Merge activations

Layer 12
Layer 13

Qutput layer

[06534]

irnplernentation.

Type

Convolution (D

Convolution D

Merge (mode =

Concatenate)

Convolution 1D
Convolution 1D
Convoluation 1D
Convohution 1D
Convolution 1D
Convolution 1D
Convohution 1D
Convolution 1D
Convoluation 1D
Convolution 1D

Merge - layer 5, 8
and

i 1.mode="sum’
Convolution 1D
Convoiution 1D

Convolution 1D

=]
W

Number of
Kernels, Window

size

40,3

40,1

40,5

N
=
(%]

40,5

40,5

Shape

(L,80)

(L,40)
(L.40)
(L,40)
(L,40)
(L.40)
(L,40)
(L,40)
(L.40)
(L,40)
(L,40)

(1,40

The table below provides details about activations and pararoeters for each layer of the

Atrous rate

2

3

state

Activation

Linear

Linear

AT YT
RelU

RelU

RelU

RelU

RelU

Softmax

The details of the solvent accessibility model is shown in the table below, according to one



Layer Type Nurober of Shape Atrous rate Activation

Kemmels, Window

size
Input Sequence Convolution 1D 40,1 (L,40} i Linear
(layer 1a)
Input PSSM (fayer  Convolution (D 40,1 (1,40} i Linear
ib)
Merging Sequence  Merge (mode = - (L,80} - -
+ PSSM Concatenate)
Layer 2 Convolution 1D 40,5 (L,40) i Linear
Layer 3 Convolution {D 40,5 (1.,40) i Rell]
Layer 4 Convolution 1D 40,5 (L,40} i ReLU
Layer 5 Convolution 1D 40,5 (L.A0) I ReLU
Layer 6 Convoliution 1D 40,5 (1,40} i Reltl
Layer 7 Convolution 1D 40,5 (L,40} i ReLU
Layer 8 Convolution 1D 40,5 (L.40) i ReLU
Layer 9 Convolution 1D 40,5 (1,40} 2 Relt]
Layer 10 Convohution 1D 40,5 (L,40) 2 RelU
Layer 11 Convolution 1D 40,5 (L.A0) 2 RelLU
Merge activations Merge - layer 5, 8 - {L,40} - -
and
{1 .mode="sum’
Layer 12 Convohution 113 40,5 (L,40) f RelU
Layer 13 Convolution 1D 40,5 (L.A0) i ReLU
Output layer Convolution 1D 1,3 {L,3) - Softmax
{00535} The sccondary structure class of a specific amino acid residue is determined by the largest predicted

softmax probabilities. The model is trained with accurnulated categorical cross entropy loss function for the whole
protein sequence using ADAM optimizer for optimizing the backpropagation.
[00536] The best testing accuracy for the 3-state secondary structure prediction model is 80.32%, siniilar to the

state-of-the-art accuracy predicted by DeepCNF model on a similar training dataset.



{08537} The best testing accuracy for the 3-state solvent accessibility prediction yoodel is 64.83%, similar to the
cugrent best accuracy predicted by RaptorX on a similar traraing dataset.
08538} We integrated the pretrained 3-state secondary structure and sobvent accessibility prediction yaodels

into our 'pathogenicity prediction model as explained below.

Training Models to Predict Pathogenicity of Variants

Input Features for Pathogenicity Prediction Model

{40539} As discussed above, for the pathogendcity prediction problem, there is a benign variaat training set and
an unknown variant training set for raining the pathogenicity roodel. For each variant, we prepared the following
input features to feed into our wodel.

[60540] The first input feature of each variant is its flanking amino acid sequence, i.¢., 25 amino acids on cach
side of the variant obtained from the reference sequence of hgl9, to provide the deep learning models of the
sequence context of the variant. In total, this flanking reference sequence has 51 amino acids in length.

{00541} The second feature is the alternative amino acid that caused the variant. Instead of providing the
reference-alternative amino acid pair directly, we provide the alternative flanking seguence to the model. The
alternative flanking sequence 1s the same as the reference flanking sequence in the first feature, except that the
middle position of the seguence contarus the alternative axno acid, wstead of the reference amiwo acid.

{80542} Both the sequences are then couverted to one-hot encoded vectors of length 51 x 20, where each amino

acid is represented by a vector of 20 zetos or ones.

[60543] Then three position weight matrices (PWM) are generated from ranitiple sequence alignments {MSA)
of 99 vertebrates for the variant, tncluding ooe for 12 primates, one for 47 rearamals excluding pomates, acd one for

40 vertebrates excluding primates and mamimals. Each PWM has the dimension of L x 20, where L is the length of
flanking sequences around the variant {in our case, L represents 51 amino acids). It conprises counts of amino acids
seen in each category of species.

{00544} We also generate the PSSM matrices for the variant-flanking sequences of 51 amino acids from psi
blast. This is used for the integration of 3-state secondary structure and solvent accessibility prediction models for
pathogenicity prediction.

{0545} We train the pathogeunicity model with the reference sequence (inputl}), alternate sequence {Juput2},
PWM matrices for primates (aput3), mammals (inputd), vertebrates (toputs), and wnformation from 3-state

secondary structure and solvent accessibility models.

Beep Learning Model Training

{00546} FIG. 1% is a block diagram that provides an overview of the deep learning models workflow. The
pathogenicity training models comprises five direct inputs and four indirect inputs. The five direct input features
include reference sequence (1a), alternative sequence (1b), primate conservation (1¢), mammal conservation (1d},
and vertebrate conservation {fe). The indirect inputs include reference-sequence-based secondary structure (1),

1,

alternative-sequence-based secondary structure (1g), reference-sequence-based solvent accessibility (1h}, and

alternative-sequence-based solvent accessibility (13).

{60547} For indreect raputs 1 and g, we load the pretrained layers of secondary structure prediction raodel,
xeluding the softraax layer. For taput 11, the pretrained layers axe based on the human reference sequence for the

variants along with the PSSM generated by PSI-BLAST for the variant. Likewise, for input 1 g, the pretrained layers

of the secondary structure prediction models are based on the human alternative sequence as the input along with the



PSSM matrix. Inputs Th and 11 correspond to the similar pretramed chaanels containing the solvent accessibility
information for reference and alternative sequences of the variant, respectively.
[60548] The five direct imput chanoels are passed through an upsamphug convolution layer of 40 kernels with

lincar activations. The layers la, Ie, Id and le are merged with valucs summed across the 40 feature dimensions to

produce layer 2a . In other words, the feature map of the reference sequence is merged with the three types of
conservation feature maps. Similarly, 1b,1c,1d and e are merged with values summed across the 40 feature
dimensions to generate layer 2b, i.e., the features of the alternative sequence is merged with the three types of
conservation features.

{16549} The layers 2a and 2b are batch normalized with the activation of RelU and each passed through a 1D
convolotion layer of filter size 40 (32 and 3b). The outputs of layers 3a and 3b are merged with 1, 1g,1h and 11 with
the feature maps concatenated to each other. (o other words, the feature maps of reference sequence with
conservation profile, and alternative sequence with the couservation profile are merged with the secondary sucture
feature maps of the reference and alternative sequence and the solvent accessibility feature maps of the reference
and alternative sequence (layer 4).

{00556} The outputs of layer 4 are passed through six residual blocks (lavers 5,6,7,8,9,10). The last three
residual blocks have an atrous rate of 2 for the 1D convolutions, to give higher coverage for the kemels. The output
of layer 10 is passed through a 1D convolution of fiiter size 1 and activation sigmoid (layer 11} . The output of layer
11 is passed through a global maxpool that picks a single value for the variant. This value represents the
pathogenicity of the vanant. The details of one implementation of the pathogenicity prediction model are shown in

the table below.

Layer Type Number of Shape Atrous rate Activation
Kermmnels,

Window size

Reference sequence  Convolution (D 40,1 (51,40} i Lineax
(1a)
Alternative Convolution {0 40,1 (51,40} ] Linear

sequence { 1b )

Timate Convolution 1D 40,1 (51,40) I Lincar
conservation { 1c )
Mammal Convolution 1D 40,1 (51,40) i Linear
Conservation ( 1d)
Vertebrate Convolution 1D 40,1 (51, 40} i Linear
Conservation ( e}
Reference- Input layer - (51,40} - -

sequence-based

Secondary structure
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it Convoiution 1D 40,1 {51,1) 2 Sigmoid

i2 Giobal max pocling - i - -

Output layer Activation layer - i - Sigmoid
Ensembles
{00551} In one implementation, for each cycle of our method, we ran eight different models that train on the

same benign data set and eight different unknown data sets and averaged the prediction of evaluation data sets
across the eight models. Sampling bias can be reduced and well controlled when muitipie randomly-sampled sets of

unlmown variants are presented to the model.

{00552} Furthermore, adoption of ensemble-of~ensembles approach can improve the performance of our model
ou our evaination dataset. CADD uses an ensemble of 10 models and gets the average score across all the 10 models

to score a variant. Here we atternpted to use a sirnilar ensemble approach. We benchmarked the results using one
ensemble and then increased the number of ensembles to assess the performance gain. Note that each ensernble has
eight models that train on the sarce benign data set and eight different unknown data sets. For different ensembles,
the seed values of the random number generator are distinet so that the random vanant sets ave drawn differently

from cach other.

[00553] The detailed resuits according to one implementation are shown in the table below.
Number of ~log({pvaiue) on -log{pvalue} on DDD dataset ( median
Ensembles DDD dataset ( of mean of ensembles}

mean of mean of

cnsembles }

{ 3.4e-27 3.4e-27

5 2.74e-29 3.8¢-29

10 2.98e-29 2.55¢-29
{5 4.06e-29 3.88¢-29
20 3.116e-29 3.05e-29
25 3.77e-29 3.31e-29
3¢ 3.81e-29 3.34e-29

[603554] Compared with one ensemble, 5 ensembles and 10 ensembles produced more significant p-values

when evaluated using DDD datasets. But increasing the number of ensembles fails to improve the performance
further, indicating a saturation for ensembles. The ensembles reduce sanipling bias with a large variety of unknown
variants. However, we also required matching the 192 trinuclicotide contexts between benign and pathogenie classes,
which Hmits our samphng space substantially, leading to the quick saturation. We conchude that ensemble-of-
ensernbles approach improves the model performance significantly and further ennches our understanding of

models.
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Early Stopping for Training Pathogenicity Model

{H0555] Since there lacks rehable anvotated pathogenic vadant samples, it is challenging to define stopping
criteria for model training. To avoid using pathogenic variants in model evaluation, in one implementation, we used
the 10,000 benign validation variants from orthologous primates and 16,000 trinucleotide-context-matched unknown
variants. After training each epoch of the model, we evaluated the benign validation variants and the unknown
validation variants. We used Wilcoxon rank-sum test to assess the difference of the probability distributions of both
of the validation variant sets.

{30556} The p-value of the test becomes more sigmificant with Iraprovernents 1n the model’s ability to
distinguish benign variants from a set of unknown variants. We stop the traiming if no improvement 1s observed in

the model’s ability to distinguish between the two distributions during any five consecutive epochs of ruedel

raining.
{60557} Earher, we had set aside two separate sets of 10,000 withheld prixoate vanants from training, which we

termed the validation set and the test set. We used the validation set of 10,000 withheld primate variants and 10,000
unlabeled vartants that were matched for trinucleotide context for evaluating early stopping during model training.
After each training epoch, we evaluated the ability of the deep neural network to discriminate between variants in
the labeled benign validation set and the unlabeled matched controls, measuring the difference in the distributions of
the predicted scores using the Wilcoxon rank-sum test. We stopped the training once no further improvement was

observed after five consecutive training epochs to prevent overfitting,

Benchmarkiasg of Classifier Performance

[B0558] We assessed the classification accuracy of two versions of the deep learning network, one rained with
cormon human variants only, and one trained with the full benign labeled dataset including both common human
variants and primate variants, in addition to the following classifiers: SIFT , PolyPhen-2 , CADD, REVEL, M-CAP,
LRT, MutationTaster, MutationAssessor, FATHMM, PROVEAN, VEST3, MetaSVM, Metal B, MutPred, DANN,
FATHMM-MEL coding, Eigen, GenoCanyon, and GERP++ 13,32-48. To obtain the scores for each of the other
classifiers, we downloaded the scores for all missense variants from dbNSFP 49
{(https://sites.google.comvsite/jpopgen/dbNSEP), and benchimarked the methods on the 18,000 withheld primate
vanant test set, and on de novo vanants in DD cases versus controls. We selected SIFT, PolyPhen-2, and CADD
for inclusion in the main paper because they are among the wost widely used methods, and REVEL, because across
the different modes of evaluation, it stood out as being one of the best of the 20 existing classifiers we evaluated.
The performance for all classifiers we evaluated 1s provided o FIG. 28A.
[00559] For evaluating the inpact of available training data size on the performance of the deep learning
network, we trained deep learning networks at each data point in FIG. 6, by randomly sampling from: the iabeled
benign training set of 383,236 primate and comimon human variants. To reduce random noise in the performance of
the classifiers, we performed this training procedure five times, each time using a random instantiation of initial
parameter weights, and showed the median performance on both the 10,000 withheld primate variants and the DDD

case vs controls dataset 1 FEG. 6. By chance, the performance of the median classifier with the full dataset of

385,236 labeled bemgn variants was slightly better than the one we used for the rest of the paper on the DDD dataset

(P < 107 instead of P < 107 by Wilcoxon rank-sum test). To show that variants from each individual primate

species contributes to classification accuracy whereas vagants from each individual mammal species lower
classification accuracy, we trajued deep learning vetworks usiag a training dataset comprising 83,546 human

variants phus a constant tumber of randoraly selected variants for each species, according to one unplementation.
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ccording to one 1 ementation, the constant rer of vartants we added to the traimng set (23,380) 1s the total
According to one iraplementation, the constant number of variants we added 1o the teatoiag set (23,380) 18 the tota
number of variants available 1o the species with the lowest number of missense variants, 1.¢. boncbho. To reduce

uolise, we agara repeated the traimug procedure five times, and reported the median performance of the classifier.

Model Evaluation

[00560] In one implementation, we trained 21 cycles of deep learning models following the iterative balanced
sampling procedure. We performed two types of evaluations to assess the performance of our classifiers. We also

compared our models with Polyphen?2, SIFT, and CADD on the two metrics and assessed the potential of

application of our models for climcal annotation.

Method 1: Benign Test Set Accuracy

[60561] In one impiementation, we evaluated the 10,000 benign variants and unknown variants by computing
their predicted probabilitics using an ensemble of eight different trained models. We also obtained their predicted
probabilities scored by the other existing methods mentioned above.

{00562} We then obtained the median of predicted probabilities across the unknown test variants for each of the
methods vsed i the evaluation. Using the median score, we found the number of bemgn variants that scored above
or below the median depending on the anuotation of benign and pathogenic variants used by each of the methods.
SIET , CADD and our method Iabel pathogenic variants as 1 and benign vanants as §. Thus, we counted the number

of beunign variants that scored below the reedian. Polyphen uses the opposite aunotation aed we counted the number

of benign vanants above the median. The ratio of the nuraber of benign variants scored above/below the median

divided by the total number of benign variants represents the prediction accuracy of benign variants.
Benign accuracy = Total number of benign variants above (below™®) the median + Total
number of bepign variants
{00563} Our reasoning behind this evaluation method relies on the analysis of selective pressure of variants in
gunomAD. For the singletons in gnomAD, the ratio of missense variants to synonymous variants is ~ 2.26:1. While
for the cormmon vanants (MAF>0.1%) in gnomAD, the missense-to-synonymous ratio is ~ 1.06 : 1. This indicates
that from a set of random unknown variants, approximately 50% are expected to be purged by natoral selection and

the remaining 50% tend to be mild and likely become common in the population,

WMethod Acenracy of withheld benign set
Polyphen 0.74
SIFT 0.69
CADD 0.77
Our Model (.45
{80564} As shown in the table above, our method outperforms the second best method CADD by more than

8%. This shows an significant improvement in our model’s ability to classify the benign vanants. Wiule such a
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deraonstration proves the ability of our reodel, the following Method 2 shows the usefulness of our model on

clinical datasets for clinical intexpretation.

Method 2 : Clinical Dataset Evaluation

[00565] In one implementation, we evaluated these pathogenicity prediction methods on clinical datasets,
including developmental disability disorder (DDD) case-control dataset. DDD dataset comprise 3,821 de novo
missense variants from affected children and 1,231 de nove missense variants from their vnaffected siblings. Our
hypothesis is that the de nove variants from affected children tend to be more deletenous than the de nove vanants
from their unaffected siblings.

{00566} As clinical test datasets do not clearly label pathogenic variants, we used the separation between the
twao sets of de novo variants (from affected and nnaffected) to gauge the performance of those methods. We applied

Wilcoxon rank-sum test to evaluate how well the separation of these two sets of de novo variants is.

Method ~logl6(p~value) on DDD dataset
Polyphen 15.02
{3.52
CADD £3.83
DL 28.35
[#0567] According to the table above, our semi-supervised deep learning models performs significantly better

in distinguishing the affected set of de novo variants from the unaffected set. This shows that our model is more
appropriate for clinical interpretation than the existing methods. This also validates that the general approach of
extracting features from genome sequences and conservation profiles is superior to the manually-crafted features

based on human curated datasets.

Benion Prediciion Accuracy on g Withheld Test Set of 14,080 Primate Variants

[60568] We used the 10,000 withbeld primate variants in the test dataset to benchiark the deep learning
network as well as the other 20 classifiers. Because the different classifiers had widely varying score distributions,
we used 10,000 randomly selected unlabeled variants that were matched to the test set by tri-nucicotide context to
identify the 50th-percentile threshold for each classifier. To ensure fair comparison between the methods, we
benchmarked each classifier on the fraction of variants in the 10,000 withheld primate variant test set that were
classified as benign at the 50th-percentile threshold for that classifier.

[09569] Qur reasoning behind using the 50th-percentile to identify benign variants is based on the selective
pressure observed for missense vanants in the ExAC/gnomAD dataset. For vanants occurning at singleton aliele
frequeney, the russense:synonymeous ratio is ~ 2.2:1, whereas for conunon vanants (> 0.1% allele frequency), the
missensesynonymous ratio 15 ~ .06 : 1. This indicates that approximately 50% of missense variants are expected to
be purged by natural selection at conmnon allele frequencies, and the remaining 50% are mild enough to have the

potential to becoree common in the population via genetic drift.
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{60578} For each of the classifiers, the fraction of withheld pumate test variants predicted as beuign using the

S{th-percentile threshold s shown (F1G. 284 and Supplernentary Table 17 (F1G. 34)).

Analvsis of de nove Varviants from DDD Study

{80571} We benchmarked the classification methods on their ability to discriminate between de novo missense
variants in the DDD affected individuals, versus de novo missense variants in unaftected sibling controls. For each
classifier, we reported the p-value from the Wilcoxon rank-sum test of the difference between the prediction scores
for the two distributions {FEGs. 288 and 28C and Supplementary Table 17 (FIG. 34)).

{00572} Given that our two metnes for analyzing the performance of the model are derived from different
sources and roethodologies, we tested if the performance of the classifiers on the two different metrics was
correlated. Indeed, we found that these two metrics were cowrelated, with a spearmaa p = 0.57 (P < 0.01) between
benign classification accuracy on the withheld primate test set, and the Wilcoxon rank-sum p-value for de novo
nyissense variants in DDD cases vs controls. This shows that there is good agreement between the withheld primate
test set accuracy and the DDD case vs. control p-value for benchmarking the classifiers (FEG. 384).

[00573] Furthermore, we tested if the deep learning network could assist in discovery of genes associated with
disease. We tested enrichment of de nove mutations in genes by comparing the observed number of de nove
mutations to the number expected under a null mutation model.

{80574} We examined the performance of the deep learning network comparing resules from all ruissense de
ovo mutations versus results from missense mutations with a score > 0.803, Testiung all missense de novos used the
default ymssense rate, whereas testing filtered missense de noves used missense wutation rates calculated from sites
with scores > (.803. Hach gene required four tests, one testing protein truncating enrichment, and oue testing
enrichment of protein-altering de nove mutations, both tested for just the DDD cobort, and for a farger meta-analysis
of neurodevelopmental trio sequencing cohorts. The enrichment of protein-altering de nove mutations was combined
by Fisher’s method with a test of the clustering of missense de rovo mutations within the coding sequence

{Supplementary Table 20 and 21). The p-value for cach gene was taken from the minimum of the four tests, and

genome-wide significance was determined as P < 6.757 x 107 (0=0.05, 18,500 genes with four tests).

Computing Receiver Operator Curve Characteristics and Classification Accuracy within 635 DD PHeease-
Associated Genes

[60575] To test if the deep learning network was indeed discrirmuating between pathogenic and benign varants
within the sarae gene, rather than favoring pathogenicity in genes with a de nove domiuant reode of inheritauce, we
identified a set of 605 genes that were associated with neurodevelopmental disease with p-vaiue < 0.05 in the DDD
cohort {calculated using de novo protein-truncating variation alone) (Supplementary Table 18). We report the
Wilcoxon rank-sum p-value for all the classifiers in their ability to separate the probability distributions of variants
in the 605 genes in DDD and control dataset (FIG. 28C and Supplementary Table 19 (FEG. 35)).

{30576} Within this set of 605 genes, we observe an enrichment ratio for de nove niissense variants that is three
tirnes what 1s expected by mutational tate alone. This mndicates that de nove missense vanants in DD aftected

patients comprise approximately 67% pathogenic variants, and 33% background vanants, while the de novo

nHssense variants in healthy controls are comprised largely of background variants, except for 1ustances of
incomplete peaetranee.
{60577} To calculate the maximum possible AUC for a classifier that perfectly diseriminates between

pathogenic and benign variants, we took into account that only 67% of the de nove niissense variants in affected
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individuals within the 605 genes were pathogeme, and the rest were background. To construct a receiver operator
charactexistics curve, we treated classification of de nove DDD vadants as pathogenic as true positive calls, and
treated classification of de nove vartants in healthy controls as pathogenic as being faise positive calis. Hence, a
perfect classifier would classify 67% of de nove variants in the DDD patients as true positives, 33% of de novo
variants in the DDD patients as false negatives, and 100% of de nove variants in controls as truc negatives.
Visualization of the receiver operator curve would show only a single point with 67% True Positive rate and 0%
False Positive rate, connected to the (0%,0%) and (100%,100%) corners of the plot by straight lines, yielding a
maximum AUC of 0.837 for a classifier with perfect discrimination of benign and pathogenic mutations (FIG. 30B
and Supplementary Table 19 (FiG. 35)).

{B0578] We ealculated the classification accuracy of the deep learning network: for separating pathogeunic and
benign variants at a binary threshold by estimating the expected fraction of pathogemc vanants within 605 genes

the combined DD and tealthy control darasets. Since the DD dataset contained 379 de nove variants with an

excess of 249 de nove missense variants over expectation, and the control dataset contained 65 de nove variaats, we
expected 249 pathogenic variants out of 444 total variants (FIG. 224). We selected the threshold for each classifier
that separated the 444 de novo missense variants into benign or pathogenic categories according to this expected
proportion, and used this as a binary cutoft to evaluate the accuracy of each classifier. For our deep learning model,
this threshold was attained at a cutoff of > 0.803, with a True Positive Rate of 65%, and a False Positive Rate of
14%. To calculate the classification accuracy adjusted for the presence of ~33% background variants in the DDD
individuals, we assumed that the 33% of de novo DDD variants which were background would be classified at the
same False Positive Rate as we observed 1 the bealthy controls. This corresponds to 14%% x §.33 = 4.6% of the true

positive classification events in the DDD dataset actually being False Positives from background variants. We

estimate the adjusted True Positive Rate for the deep leaming network to be (65% - 4.6%) / 675 = 90%. We report
the average of the True Positive Rate and the True Negative Rate, which is 88% for the deep learning network (K€,
30C and Supplementary Table 19 (FEG. 35)). This esumate 1s bkely to woderestiraate the true accuracy of the

classifier, due to the high prevalence of incomplete penetrance in neurodevelopmental disorders.

ClinVar Classification Accuracy

{80579} Most of the existing classifiers are trarned on ClinVar; even classifiers that do not directly train on

3

ChaVar may be affected by using prediction scores from classifiers that are trarned on ClinVar. o addition,

common hvman vanants are highly enriched for benign ClinVar consequence, because allele frequency 1s part of the

criteria for assigning benign cousequence 1o a variant.

RS We tried to mintmize the circularity m the ClinVar dataset to yaake it smitable for avalysis by using
only ClinVar variants that were added in 2017, as the other classification methods were published in previous years.
Even among the 2017 ClinVar variants, we excluded any variant present at common allele frequencics (> 0.1%) in
ExAC, or present in HGMD, LSDB, or Uniprot. After filtering all such variants, and exciuding variants of uncertain
significance and those with conflicting annotations, we were left with 177 variants with benign annotation and 969
variants with pathogenic annotation in ClinVar
{00581} We seored all ClinVar variants using both the deep learnming network and existing methods. We
selected the threshold for each classifier that separated the ClinVar variants into benign or pathogenic (ategories
aceording to the observed proportion of benign and pathogemc vanants within this dataset, and used this as a binary

cutoff to evaluate the accuracy of each classifier. We report the average of the True Positive Rate and the True

Negative Rate for each classifier (FEGs. 314 and 318). The performance of classifiers on the ClinVar dataset were
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ot significantly correlated with the performance of the classifiers ou either classificason accuracy on the 10,000
withbeld primate variants or the Wilcozon rank-sura p-vatue for the DD cases vs controls dataset (FBGs. 314 and
318).

{00552} We hypothesize that existing classifiers accurately model the behavior of human experts, but that
human heuristics may not be fuily optimal for discriminating between pathogenic and benign mutations in crapirical
data. One such example is Grantham score, which provides a distance metric for characterizing the similarity or
dissimilarity of amino acid substitutions. We computed the mean Grantham score for the pathogenic and benign
variants within the complete ClinVar dataset (~42,000 variants}, and compared this with mean Grantham score for
de nove variants w DD affected and unaffected individuals within the 605 genes. To correct for presence of ~33%
background vanants in the DD affected individoals, we increased the difference in the Grantham score between
DD cases vs controls by 50%, which was still smatler than the difference between pathogenic and benign vaniants
i ClraVar. One possibility is that buman experts place too much weight on measures that are easy to measure, such

as amino acid subsiitution distacee, while underweiy

g factors such as protein structure, that are wmore difficult

for a human expert to quantify.

Interpreting the Deep Learning Models

[00583] Understanding the means by which machine learning algorithims solve problems is often difficult. We
visualized the initial layers of the deep learnug network to understand the features that it had learned to extract in
order to predict variant pathogencity. We calculated the correlation coefficients for different amino acids within the
fiest three layers {the first convolutional fayer following two upsamphiog layers) of the pretrained 3-state secondary
structire prediction models, and showed that the weights of the convolutional layers learn features very similar to
the BLOSUMO2Z yuatax or Grantham distance.
[00584] To compute the correlation coefficients between the different amino acids, we started with weights of
the first convelutional laver preceded by three upsarapling lavers (layers 1a,ib and ic) in the secondary structure
model. We performed matrix multiplication between the three layers, resulted 1n a matrix with dimeunsions (20,5,40),
where 20 1s the number of amine acids, 5 is the window size of the convolutional layer, and 40 is the number of
kernels. We reshaped the matrix to have the dimension (20,200) by flattening the last two dimensions, obtaining a
matrix m which the weights operating on each of the 20 amino acids were represented as a 200-length vector. We
calculated the correlation muatrix between the 20 axmuno acids. Since each dimension represents each amino acid, by
ealenlating the correlation cosfficient matrix we are calculating the correlation between the aninoe acids, and how
stmilar they appear to the deep learning network, based oo what it has learned from the training data. The
visualization of the correlation coefficient matrix s shown in FYG. 27 {arcino acids sorted by BLOSUMG2 matrix
order}, and shows two prominent clusters, conprising the hydrophobic amino acids (Methionine, Isoleucine,
Leucine, Valine, Phenylalanine, Tyrosine, Tryptophan), and the hydrophilic amino acids (Asparagine, Aspartic
Acid, Glutamic Acid, Glutamine, Arginine, and Lysine). The outputs of these initial layers become the inputs for
later layers, enabling the deep learning network to construct increasingly complex hierarchical representations of the
data.

{00585} To ilustrate the window of amine acid sequence used by the nevral network in its predictions, we

erturbed each position 1n and arcund 5000 randomly selected variants to observe its effects on the predicted
p p ¥ o

Privnate Al score for the vanant (FEG. 258). We systematically zeroed out the inputs at each nearby amino acid

position (-25 to +25} around the vacant, and measured the change i the neural netwoxk’s predicted pathogenicity of

the varant, and plotted the average absohute value of the change across the 5000 variants. Amino acids near the
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variant have the greatest effect, i a roughly symretae distribution, gradually tazhing off as distance from the vanant
increases. [raportantly, the model makes its predicnons based not only oo the amino acid at the posttion of the
variant, but by using mformation frora a wider window, as would be needed to recognize protein mouts. Consistent
with the relatively compact size of protein subdomains, we empirically observed that extending the size of the
window to more than 51 amino acids did not further improve accuracy.

[00586] To evaluate the sensitivity of the deep learning classifier to alignment, we examined the effects of the
depth of the alignment on the accuracy of variant classification as follows. We split the data into five bins based on
the mumber of species in the alignment, and evaluated the accuracy of the network in each bin {(FEG. §7). We found
that the accuracy of the network at separating a set of withtield bemgn mutations from randomnly selected mutations
that were matched for trinucleotide context (as 1 FIG. 218, bot performed separately for each bin) is strongest at
the top three bius and uoticeably weaker in the bottom two bins. The 89 vertebrate multi-species alignment

coraprises } | non-buman primates, 50 mammals, and 38 vertebrates, with the bottom two bins representing pre

that have sparse alignment wnformation from other non-prirnate mammals. The deep leaming network ts robust and
accurate when alignment information extends throughout primates and mamimals, with conservation information

from more distant vertebrates being less important.

Definition of Canonical Coding Regions

{84587} To define canonical coding regions, muldtiple aliguments of 99 vertebrate genomes with human for
coding PNA sequence (CDS) regions (huownCanomeal. exouNue. fa.gz) were downloaded from UCSC genome
browser. For buman, the coordinates of exons are under Build hgl9. Exons are yerged to form geve. Genes oo
autosomes and chirX are retained. Movhomologous genes were removed, where the hist of horaologous genes are
downloaded from NCBI fip:/ftp.ocbinih.govipub/HoreoloGene/currenthomologene.data. For SNPs with roultiple

gene annotations, the longest transeript is selected to represent the SNP’s annotation.

Haman, Ape, and Mammal Polymorphismn Data

{30588} We downloaded human exome polymorphism data from a recent large-scale study, the genome
Aggregation Database (gnomAD), which collected the whole-exome sequencing data of 123,136 mdividuals from 8

subpopulatons across the world. We then extracted vanants that pass the filters and fall within the canonical coding

regons.
[00589] The great ape genome sequencing project provides whole genome sequencing data of 24 chimpanzees,

13 bonobos, 27 goriilas and 10 orangutans {including 5 Sumatran Orangutan and 5 Bornean Orangutan). The study
on chimpanzee and bonobos provides WGS of an additional 25 apes. As all the sequencing data were mapped to
hgl9, we downloaded the VCF files from these studies and directly extracted variants within the canonical coding
regions.

{00590} To compare with other apes and mammals, we also downloaded SNPs of a few other species from
dbSNP, including rhesus, marmoset, pig, cow, goat, mouse and chicken. We discarded other species, such as dog,
cat or sheep, as dbSNP provides himit numbers of vanants for those species. We initially lifted over SNPs of each
species to hgl9. It tums out about 20% of vanants are mapped to pseudogene regions. We then obtatued the exon
coordinates of each species from multiple alignruent file of 100 vertebrates of canonical coding regions and
extracted variants within those exons. Then those extracted SNPs were ifted over to hgl9. If variants are on 2
different genorae build of the species froro the alignraent, we first lifted variants to the genome build of the

alignment.
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{00591} As cow SNP data comes from various studies, we dowaloaded from dbSNP all the large batches of
cow variants (16 batches with VCF files > 100MB), and evaluated the guality of different batches of cow SNPs by
coraputing missense-to-synonymaous ratios for each batch. The median of missense-to-synonymous ratios is .78}
and the median absolute deviation (MAD) 1s 0.160 {mean 15 0.879 and SD is .496). Two batches with outlier ratios
(supBatch 1000 BULL GENOMES 1059190.gz with ratio of 1.39] and

supBatch COFACTOR_GENOMICS_1059634.gz with ratio of 2.568) were excluded from further analysis.

Evalpation of Properties of Polvmorphisins in Apes and Mammals

{84592} To demoustrate the usability of great apes SNPs, we devised the enrichment score that measures the

ratio of the number of singletons and cororoon SNPs (allele frequency {AF} > 0.1%). Synonymous variants are
knowu to be benign and generally evolve neutrally without any selection pressure. Deleterious missense vagaots are
gradually purged by natural selection, thus its allele frequency distribution tends to be in excess of rare variants
compared with synonyimous variants.
{00593} We focused on those gnomAD SNPs that overlap with SNPs cbserved in primates, mammals and
poultry. We counted the number of synonymous and missense variants per species. For missense variants, we
further classified into two types, those that share identical amino acid changes in another species, termed as
“missense identical”, and those that have different amino acid changes in another specics, termed as “missense
different”. The envchruent scores were then computed per species as the ratio of the numbers of singletons vs
COmMon variants.
{60594} o addinon, we performed Chi-squared (¥2) test of homogeneity on 2x2 contingency table to corapare
encichyoent scores between synoaymous and missense identical variants for each species. All the prirates
deraonstrate no sigaificant difference in envchraent scores between sysonymous and tussense identical varians,
while cow, mouse and chicken show significant difference.
[00595] The result revealed that those SNPs that share identical amino acid changes in great apes tend to have
very similar enrichment scores as synonymous SNPs, implying they tend to have mild effect on human healthy.
While those that have different amino acid changes or that are absent in great apes have enrichment scores that
significantly deviate from that of synonymous SNPs. Missense polymorphisms from non-primate species also have
different ailele frequency distribution from synouymous variants. The conclusion is that SNPs that share identical
amino acid changes 1o great apes can be added to the training set of benign vartants.
{05946} Our assumption is that most vaciauts are independently derived, not generated by identity-by-descent
{IBD). Thus, we performed earichment analysis of rare vaniants in 1B SNPs to evaluate different behavior of their
eneichroent scores. IBD SNPs are defined as huraan SNPs that appear in both human and two or more great ape
species, including chimpanzee, bonobo, gorilla, 5. orangutan, and B. orangutan. Then the enrichraent scores, defined
as the number of singletons divided by the number of conymon variants {AF > 0.1%4), are calculated separately for

nissense variants and synonymous variants, which are considered neutral and serve as the baseline for comparison.

Fixed Substitutions Among Mammal Species

Envrichimuesnt Aaalysis of Fixed Substitutions

{64597} We also studied the rave variant earichment analysis of inter-species substitutions. We dowoloaded the
phylogenetic tree of 100 vertebrate species from UCSC genome browser

{http://hedownload.soe.ucse.edu/goldenPatiyhe 1 9/mmnitiz 00way/he 19. 100way.commonNames.nh ). Then we

calculated pairwise phylogenctic distance and selected closely-related species pairs (distance < 0.3). To obtain
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primate species pairs, we downloaded : ments (hg38) of 19 manmmalian (16 priroate} genoraes with human for
CDS regions frora the UCSC genome browser. Four primate pairs were added to 13 vertebrate pairs. The following

table shows genetic distance of multiple pairs of closely-related species, according to one iraplersentation.

Speciesi Species2 Distance
Chirp Bonobo {.00799195
Rhesus Crab-eating macaque 0.00576807
Marmoset Squirrel monkey 0.0680206
Proboscis monkey {Golden snub-nosed monkey 0.01339514
Raboon Green-monkey 0.045652
Horse White-rhinoceros 0.084387
Sheep Domestic-goat 1

Mouse Rat 0176098
Chinchilla Brush-tailed-rat 0.16
Cape-golden-mole Tenrec 0.265936
Chinese-hamster Golden-hamster 0.08
David-myotis-bat Microbat 0.08254
Dolphin Killer-whale 0.074368
Saker-falcon Peregrine-falcon 0.2

Chicken Turkey 0.126972
Green-sea-turtle Painted-trti 0.2
Chinese-softshell-turti Spiny-softshell-turtie 0.2

[04598]

canonical coding regious and obtained nucleotide substitutions between each selected pair of vertebrates. These

We took the multiple alignhments of 19 mammalian or 99 vertebrate genomes with human within

substitutions were mapped to human exome SNFPs from gnomAD, requinng identical codon changes between
species paix and buman variants. We classified vagants into three types, synonymous variants, missense variants that
share 1dentical armno acid changes in anothey species, and missense vagants that have different amino acid changes

int another species. The enrichment scores were computed for each class per species pair.
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Comparison of Istraspecies and Interspecies Polvmorphisms

{0599} Six species were selected to perform compaason of intraspecies and interspecies polymorphisas,
including chimpanzee, rhesus, marmoset, goat, mouse and chicken, as both intraspecics and interspecies variants are
available for these species. Comparison of enrichment scores of intraspecies and interspecies variants is similar to
comparison of odds ratios of two 2x2 contingency tables. Woolf test is usually applied to evaluate homogeneity of
odds ratios between contingency tables. Therefore, we utilized Woolf test to evaluate the difference of enrichment

scores between intraspecies and interspecies polymorphisms.

richment A

{00600} Fi(s. 64 shows one implementaton of per-gene enrichment analysis. In ove implementation, the deep
convolutional neural network-based variant pathogenicity classifier is further configured to implement a per-gene
enrichment analysis which confirms pathogenicity of variants that have been determined to be pathogenic. Fora
particular gene sampled from a cohort of individuals with a genetic disorder, the per-gene enrichment analysis
includes applying the deep convolutional neural network-based variant pathogenicity classifier to identify candidate
variants in the particular gene that are pathogenic, determining a baseline pumber of mutations for the particular
gene based on summing observed trinuclectide mutation rates of the candidate variants and multiplying the som
with a trausmission count and & size of the cohort, applying the deep convolutional neural network-based variant
pathogenicity classifier to identify de novo missense variauts in the particular gene that are pathogenic, and
comparing the baseline number of routations with a count of the de vovo nussense variants. Based on an output of

the comparison, the pe

rene enxichment analysis counfirass that the particular gene is associated with the geuetic
disorder and that the de novo raissense variants are pathogenic. In some impleraentations, the genetic disorder is
autism spectrum disorder (abbreviated ASD). In other implementations, the genetic disorder is developmental delay
disorder (abbreviated DDD).

[00601] In the example shown in FIG. 64, five candidate variants in a particular gene have been classified as
pathogenic by the deep convolutional neural network-based variant pathogenicity classifier. These five candidate
variants have respective observed trinucieotide mutation rates of 107% 107, 107, 10°, and 10’. The baseline number
of mutations for the particular gene is determined to be 107 based on sumniing the respective ohserved trinucleotide
mutation rates of the five candidate variants and ouidtiplying the surn with a transmission/chromosome count (2) aud
a size of the cobort (1000). This (s then compared with the de novo vanant count (3).

{30602} In sorae implementations, the deep convolutional neural network-based vanaot pathogenicity classifier
is further configured to perfoum the comparison using 2 statistical test that produces a p-value as the output.

[30603] In other implementations, the deep convolutional neural network-based variant pathogenicity classifier
is further configured to compare the baseline numiber of mutations with the count of the de novo missense variants
and, based on the output of the comparison, confirm that the particular gene is not associated with the genetic

disorder and that the de novo missense variants are benign.

Genome-Wide Envichment Analvsis

{00604} Fi(s. 65 shows one implementaton of genome-wide enachruent analysis. {n another tmplementation,
the deep convolutional neueal network-based vanant pathogenicity classifier (s further configured to implexent 2
genome-wide enichroent analysis which confious pathogenicity of variants that have been determined to be
pathogenic. The genome-wide enrichment analysis includes applying the deep convolutional neural network-based

variant pathogenicity classifier to identify a first set of de nove nyissense variants that are pathogenic inn a plurality of
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genes sampied frora a cohort of bealthy wndividuals, applying the deep convolutional neural network-based variant

pathogeuicity classifier to identify a second set of de nove uussense variants that are pathogenic in the plurality of

genes sampled frora a cohort of individuals with a genetic disorder, and comparing respective counts of the first and
ond sets, and based on an output of the comparison confirming that the second set of de novo missense variants

are enriched in the cohort of individuals with the genetic disorder and therefore pathogenic. In some

implementations, the genetic disorder is autism spectrum disorder (abbreviated ASD). In other implementations, the

genetic disorder is developmental delay disorder (abbreviated DDD).

[00605] In some implementations, the deep convolutional neural network-based variant pathogenicity classifier

is further configured to perform the comparison vsing a statistical test that produces a p-valoe as the output. In one

implementation, the comparison 1s further parametrized by respective cobort sizes.

{10606} In some implementations, the deep convolutional newural network-based vanant pathogenicity classifier

ts further configured to compare the respecitive counts of the first and second sets, and based on the output of the

comparison confixming that the second set of de novo missense variants ace vot enriched in the cobort of wndividuals

with the genetic disorder and therefore benign.

{00607} Inn the example shown in FIG. 65, mutation rate in the healthy cohort (6.001) and mutation rate in

affected cohort (6.004) is illustrated, along with per-individual mutation ration (4).

Particuiar Implementations

{0608} We describe systems, methiods, and articles of manufacture for constructing a variant pathogenicity

classifier. One o more featuees of an implementation can be combined with the base implercentation.
Implementations that are not mutually exclusive are taught to be combinable. One or more feanuees of an
implementation can be combined with other rmplementations. This disclosure periodically reminds the user of these
options. Omission from some implementations of recitations that repeat these options should not be taken as limiting
the combinations taught in the preceding sections — these recitations are hereby incorporated forward by reference
into each of the following implementations.
[00609] A system implementation of the technology disclosed includes one or more processors coupled to the
memory. The memory is loaded with conputer instructions to train a splice site detector that identifies splice sites in
genomic sequences (e.g., nucleotide sequences).
{80618} As shown in FEGs, 48 and 19, the system trains a convolutional neural network-based vanant
pathogeuicity classifier, which runs on numerous processors coupled to memory. The system uses benign training
examples and pathogenic traimung examples of protein sequence pairs generated from bewign variants and
pathogeuic variants. The beniga variants include cornmon buman tussense variants and non-huran primate
nissense variants occurring on alternative non-human primate codon sequences that share matching reference codon

sequences with humans. The phrase “protein sequence pairs” refers to a reference protein sequence and an

reference triplet nucleotide bases {reference codons) and the alternative protein sequence comprises alternative
amino acids formed by alternative triplet nucleotide bases (alternative codons) such that the alternative protein
sequence is produce as a result of a variaut ceceurnng in the reference tuplet nucleotide bases (reference codons)
forming the reference amino acids of the reference protein sequence. The vanant can be a SNP, an msertion or a
deletion.

{00611} This systern inplementation aad other systems disclosed optionally maclude one or more of the

ywing features. Syste 1 alss ature edine tion with methods disclosed. In the interest
following features. Systern can also mclude features described in connection with methods disclosed. In the interes
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of conciseness, alternative combinations of systera features are not individually enumerated. Features applicable to
systems, methods, and atticles of manufacture are not repeated for each statutory class set of base features. The
reader will understand how features identified in this section can readily be combined with base features 1o other
statutory classes.

[00612] As shown in FIG. 44, the comamon human missense variants have a minor allele frequency
{abbreviated MAF) greater than 0.1% across a human population variant dataset sampled from at least 100000
humans.

[00613] As shown in FIG. 44, the sampled humans belong to different human subpepulations and the common
human missense variants have a MAF greater than ¢.1% within respective human subpopulation variant datasets.
{00614} The human subpopulations include Africaw/Afucan American (abbreviated AFR}, American
(abbreviated AMR), Astikenazi Jewish (abbreviated ASJ), East Asian (abbreviated EAS), Finnish (abbreviated FIN),
Nou-Finnish European {(abbreviated NFE), South Asian (abbreviated SAS), and Others (abbreviated OTH).

[#0615] As shown ta FiGs. 43 and 44, the non-lursan privnate missense vanants include roissense variants
from a plurality of non-human primate species, inciuding Chimpanzee, Bonobo, Gorilla, B. Orangutan, 5.
QOrangutan, Rhesus, and Marmoset.

60616} As shown in FEGs. 45 and 46, based on an enrichment analysis, the system accepts a particular non-
human primate species for inclusion of nussense variants of the particular non-human primate species among the
benign variants. The enrichment analysis includes, for the particular non-human primate species, comparing a first
enrichment score of synonymous variauts of the particular non-human primate species to a second enrichment score
of musseuse wdentcal variants of the particular nou-bhuman prmate species.

{80617} FIG. 45 shows one mmplementation of human orthologous missense SNPs. A missense SNP in & non-
human species that has matehing reference and altemative codons with hurmans. As shown in FIG. 45, the missense
tdentical variauts are oussense variants that share matching reference and altermative codon sequences with humaas.
{00618} As shown 1o FiGs., 46 and 47, the fiyst enrichment score 18 produced by deterraming a eatio of rare
synonymous variants with a MAF less than 0.1% over common synonymous variants with a MAF greater than
0.1%. The second earichment score is produced by determining a ratio of rare missense identical variants with a
MAF less than 0.1% over conmmon missense identical variants with a MAF greater than 0.1%. Rare variants include
singleton variants.

[$0619] As shown i FEGs. 46 and 47, a difference between the first enrichment score and the second

enrichment score 18 within a predetermined range, further incloding accepting the particular non-huran primate

species for inclusion of missense variauts of the particular non-human primate among the benign variants. The

difference being in the predetermined range indicates that the missense identical vanants are under 2 same degree of

nateal selection as the synonymous variants and therefore bemgn as the syconymous variants.

[00620] As shown in FIG. 48, the system repeatedly applies the enrichment analysis to accept a plurality of

ron-human primate species for inclusion of missense variants of the non-human primate species among the benign

variants. The system further includes, a chi-squared test of homogeneity to compare a first enrichment score of

synonymous variants and a second enrichment score of missense identical variants for each of the non-human

primate species.

{80621} As shown in FIG, 48, a count of the non-humian primate missense variants is at least 100006, the count
3

of the nou-human pomate russense variants 15 385236, A couut of the common human missense vanants is at least

50006, The count of the common human missense variants is 83546,
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{60622} Other implementations may include a non-iransttory computer readable storage mediura storing
instructions executable by a processor to perform actions of the systern described above. Yet another
impiemem;atjo n may 1echude a method perforning actions of the system descrbed above.
{00623} Another system implementation of the technology disclosed includes constructing a single nucleotide
polymorphism (abbreviated SNP) pathogenicity classifier. The systen: trains a convolutional neural network-based
SNP pathogenicity classifier, which runs on numerous processors coupled to memory, using benign training
examples and pathogenic training examples of amino acid sequences expressed by benign SNPs and pathogenic
SNPs. The benign training examples include first and second sets of nucleotide sequences, expressed as amino acid
sequence pairs, each amino acid sequence including a central amino acid flanked by upstrear and downstream
amino acids. Each amino acid sequence pair inclodes a reference sequence of amino acids expressed by a reference
nucleotide sequence and an alternative sequence of amino acids expressed by an altemative nucleotide sequence

contaraing a SNP.

{40624} As shown 1 FiG. 9, the first set comprises humman nucleotide sequence patrs, with each patr including
a human alternative nucleotide sequence containing a SNP and having a minor allele frequency (abbreviated MAF)
deemed to be common within a human population. The second set conyprises a non-human primate reference
nucleotide sequence paired with a non-human primate alternative nucleotide sequence. The non-human primate
reference nucleotide sequence has an orthologous human mucleotide reference sequence. The non-human primate
alternative nucleotide sequence contains a SNP.
{80625} Each of the features discussed in this particular implementation section for the first system
implementation apply equally to this system implementation. As indicated above, all the system features are not
repeated here and should be considered repeated by reference.
{00626} Other oplementations may tnclude a non-transitory computer readable storage mwedivm stoxing
nstructions executable by a processor to perforrn actions of the system descubed above. Yet anothex
implerentation may inchide a method perforaving actions of the system described above.
[60627] As shown in FEGs. 48 and 19, a first method implementation of the technology disclosed includes
constructing a variant pathogenicity classifier, the method including. The method further includes, training a
convolutional neural network-based variant pathogenicity classifier, which runs on numerous processors coupled to
memory, using benign training examples and pathogenic training examples of protein sequence pairs generated from
crign variants and pathogenic variants. The benign variauts include common human ruissense vanants and non-
buman pomate ruisseuse varients occurnng on alternative non-buman primate codon seguences that share matching
reference codon sequences with humauns.

{64628} Hach of the featuxes

cussed 1o this particular implementason secion for the flrst system
implerentation apply equally to this reethod impleroentation. As indicated above, all the system features are not

repeated here and should be considered repeated by reference.

[00629] Other implementations may include a non-transitory coraputer readable storage medium storing
instructions executable by a processor to perform the method described above. Yet another implementation may

include a system including memory and one or more processors operable to execute instructions, stored in the
memory, to perform the method described above

{80630} As shown in FEGs. 48 and 19, a second method implementation of the technology disclosed includes
constructing a single nucleotide polymorphism (abbreviated SNP) pathogenicity classifier. The method further
inclodes tramng a convolutional neural network-based SNP pathogenicity classifier, which runs on numerous

processors coupled to memory, using benign tratning exaraples and pathogenic trainxng examples of amino acid
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sequences expressed by benign SMNPs and pathogenic SNPs. The bemgn training examples include ficst and second
sets of nucleotide sequences, expressed as amino acid sequence pairs, each araine acid sequence mcluding a cenixal
amino acid flacked by upstream and downstream aroine acids, and each amino acid sequence pair including 2
reference sequence of arnino acids expressed by a reference nucleotide sequence and an alternative sequence of
amino acids expressed by an alternative nucleotide sequence containing a SMNP. The first set comprises human
nucleotide sequence pairs, with each pair including a human alternative nucleotide sequence containing a SNF and
having a minor allele frequency {abbreviated MAF) deemed to be common within a human population. The second
set comprises a non-human primate reference nucleotide sequence paired with a non-tyman primate alternative

o

nucleotide sequence. The non-human primate reference nucleotide sequence has an orthologous homan mucleotide
reference sequence and the nou-human primate alternative nucleotide sequence contains a SNE.

{40631} Each of the features discussed in this particular implementation section for the second system
implementation apply equally to this method tmplementation. As indicated above, all the system features are not
repeated bere and should be cousidered repeated by reference.

{60632} Cther implementations may include a non-transitory computer readable storage medium storing
instructions executable by a processor to perform the method described above. Yet another implementation may
include a system including memory and one or more processors operable to execute instructions, stored in the
memory, to perform the method described above.

[00633] We describe systems, methods, and articles of manufacture for using a deep convolutional neural
uetwork-based a vanant pathogenicity classifier with secondary structure and solvent accessibility classifiers. Oung or
more features of an implementation can be combined with the base implementation. Implementations that are not

mutually exclusive are taugh

t to be combinable. One or more features of an implementation can be combined with

ti ion from sore

other implementations. This disclosute periodically reminds the user of these options. O

unplementations of recitations that repeat these options

hould not be taken as lloxuag the combinatons tanght in
the preceding sections — these recitations are hexeby 1ncorporated forward by reference nto each of the following
implementations.

{00634} A systern implementation of the technology disclosed includes one or more processors coupled to the
memory. The memory is loaded with computer instructions to run a deep convolutional neural network-based
variant pathogenicity classifier with secondary structure and solvent accessibility classifiers.

{0635} The systern comprises a first secondary strocture subnetwork, running ou nunerous processors coupled
to memory, trained to predict a three-state secondary structure at amino acid locations within a protein sequence.

The system further includes a second solvent accessibility subnetwork, runmug on numerous processors coupled to

memory, trained to predict a three-state solvent accessibility at amino acid locations withia a protein sequence.
{06346} The three-state secondary structie refers to one of a plurality of DNA secondary structure states alpha
helix (H), beta sheet {B), and coils (C).

{00637} The three-state solvent accessibility refers to one of a plurality of protein solvent accessibility states
buried (B), intenmediate (1), and exposed (E}.

{00638} A posttional frequency matrix (abbreviated PEM) generator, running on at least one of the numerous
processors, applied to three sequence groups of primates, mammals, and vertebrates excluding primates and
mammals to generate a primate PFM, a mammal PFM, and a vertebrate PFM.

{0639} In other words, this includes applyig the PFM generator to the primates sequence data to generate a

primate PEM, applying the PEM generator to the mammals sequence data to generate 2 mammal PFM, and applying
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the PFM generator to the vedebrates sequence data not including the primates and mammals sequence data to
generate a vertebrate PFM.

{60648} Au wput processor that accepts a variant arpine acid sequence with a target vagaot amino acid flanked
upstream and downstream by at least 25 amino acids in each direction, wherein a single nucieotide variant produces
the target variant amino acid. A supplemental data allocator, running on at least one of the numerous processors, that
allocates a reference amino acid sequence with a target reference amino acid flanked upstream and downstream by
at least 25 amino acids in each direction, aligned with the variant amino acid sequence. Following this, it aliocates
reference state classifications produced by the first and second subnetworks for the reference amino acid sequence.
After this the supplemental data allocator allocates variant state classifications produced by the first and second
subnetworks for the variant aminoe acid sequence. Finally, 1t allocates primate, mamnal, and vertebrate PTMs
aligned with the reference amuoo acid sequence.

{0641} In the context of tins apphcation, the phrase “aligned with” refers to posison-wise determining
pomate, mamroal, and vertebrate PEMs for each amino position in the reference anuno acid sequence or the
alternative anuno acid sequence and encoding and storing the results of the deternrining on the position-wise or
ordinal position-basis in the same order as the amino acid positions oceur in the reference amino acid sequence or
the alternative amino acid sequence.

{00642} The system also includes a deep convolutional neural network, rurming on the numerous processors,
trained to classify the variant amino acid sequence as benign or pathogenic based on processing the variant amino
acid sequence, the allocated reference amino acid sequence, the allocated reference and vanant state classifications,
and the allocated PEMSs. The systern includes an output processor that reports at least a pathogemcity score for the
variant amino acid sequence.

[(0643] This systern inplementation and other systems disclosed optionally roclude one or more of the
following features. Systern can also include features described m connection with methods disclosed. In the interest
of conciseness, alternative combinatons of system featiees are vot individually enumerated. Features applicable to
systems, methods, and articles of manufacture are not repeated for cach statutory class set of base features. The
reader will understand how features identified in this section can readily be combined with base features in other
statutory classes.

[80644] The system comprising the deep convolutional neural networlk-based variant pathogenicity classifier,
further configured to classify the single nucleotide variant as benign or pathogenic based on the pathogenicity score.

{30645} The system comprises the deep convolutional neural network-based variant pathogeuicity classifier in

which the deep convohutional neural vetwork accepts, in parallel, as juput at least the variant amino acid seguence,

the allocated reference armuo acid sequence, the allocated variant secondary structure state classification, the
allocated reference secondary structure state classification, the allocated variant solvent accessibility state
classification, the allocated reference solvent accessibility state classification, the allocated primate PFM, the
allocated mammal PFM, and the allocated vertebrate PFM.

[006406] The systen: is configured to use the batch normalization layers, the ReLU non-linearity layers, and the
dimensionality altering layers to pre-process the variant amino acid sequence, the allocated reference amino acid
sequence, the allocated primate PFM, the allocated mammal PFM, and the allocated vertebrate PFM. The system is

further configured to sum the pre-processed characterizations and concatenate the sums with the allocated variant

ation, the allocated reference secondary structure state classification, the allocated

secondary structure state class

variant sobvent accessibility state classification, and the allocated reference solvent accessibility state classification

to produce a concatenated waput. The system processes the concatenated input through a dimensionality aftering
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layer and accept the processed concatenated raput to ininate residual blocks of the deep convolutional neural
network.

{60647} The deep convolutional veural network comprises groups of residual blocks arranged 10 a sequence
from lowest to highest. The deep convolutional neural network is parameterized by a number of residual blocks, a
number of skip connections, and a number of residual connections without non-linear activations. The deep
convolutional neural network comprises dimensionality altering layers that reshape spatial and feature dimensions of
a preceding input.

[00648] The system is further configured to train to classity, as pathogenic, a single nucleotide variant that
produces a target vartant amino acid from a target reference amino acid that is conserved in aligned reference amine

acid sequences across primates, mammals, and vertebrates.

{18649} The conservation represents functional siguificance of the target reference arino acid and 1s

ietermined from the PEWs. The system is further coufigured to train to classify, as pathogenie, a single nucleoude
varrant that causes different secondary structures between a vataot amino acid sequence and a reference vaant
anino acid sequence

{00650} The system is further configured to train to classify, as pathogenic, a single nucleotide variant that
causes different solvent accessibilities between a variant amino acid sequence and a reference variant amino acid
sequence.

[00651] A PFM represents conservation of anyino acids in a human protein sequence across aligned protein

sequences of other species by determimng, on a {ocation-by-location hasis, frequency of occurrence an amino acid
in the human protein sequence across the aligned protein sequences of the other species.

{00652} The three states of secondary structure are belix, sheet, and coil. the first secondary structure
subnetwork s trained to accept an juput protein sequence and pomate, mamroal, and vertebrate PFMs aligned wath
amino acid locations within the 1oput protein sequence, and predict the three-state secondary structxee at each of the
aroine acid Jocations. The three states of solvent accessibility are exposed, buried, and 1uteraediate.

[60653] The second solvent accessibility subnetwork is trained to accept an input protein sequence and primate,
maramal, and vertebrate PFMs aligned with amino acid locations within the input protein sequence, and predict the
three-state solvent accessibility at each of the anino acid locations. The input protein sequence is a reference protein
sequence. The input protein sequence is an alternative protein sequence. The first secondary structure subnetworlk
comprises groups of residual blocks arranged 1n 2 sequence from lowest to highest. The first secondary structure
subnetwork is paraineterized by 2 number of residual blocks, a number of skip connections, and a number of

residual conpections without non-inear activagons.

[B0654] The first secondary structhe subnetwork corapuses dimensiopality altering layers that reshape spatial
and feature dimensions of a preceding input. The second solvent accessibility subnetwork comprises groups of
residual blocks arranged in a sequence from lowest to highest. The second solvent accessibility subnetwork is
parameterized by a number of residual blocks, a number of skip connections, and a number of residual connections
without non-iinear activations. The second solvent accessibility subnetwork comprises dimensionality altering layers
that reshape spatial and feature dimensions of a preceding mput.

{30655} Each residual block comprises at least one batch normalization layer, at least one rectified linear unit
{abbreviated ReLU) layer, at least one dimensionality altering layer, and at least one residual connection. Each
esidual block comprises two batch normalization layers, two ReLLU non-hinearity layers, two dimensionality

altenin

layers, and one residual connection.
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{33656} The deep convolutional veural network, the fiest secondary sructure subnetwork, and the second
solvent accessibility subnetwork each comprise an ultimate classification layer. The ultireate classification layer is a
sigrooid-based layer. The ultimate classification layer is a softruax-based layer.

{00657} The system is further configured to ablate ultimate classification layers of the first secondary structure
subnetwork and the second solvent accessibility subnetwork for collaboration with the deep convolutional neural
networl.

[00658] The system is further configured to, during training of the deep convolutional neural network, further
train the first secondary structure subnetwork and the second solvent accessibility subnetwork on pathogenicity
classification, weluding back propagating errors to the submetworks and updating subuetwork weights.

{00659} The second solvent accessibility subnetwork coruprises at least on atrous convolution layer. The

system is further configured to classify developruental delay disorder (abbreviated DDD)}-causing variants as

pathogenic. The vartant aymino acid sequence and the reference amino acid sequence share flanking atmno acids.
The system is further configured o use one-hot encoding to encode inputs to the deep convolutional neural network.
[30668] FIG. 14 shows an exanple computing environment in which the technology disclosed can be

operated. The deep convolutional neural network, the first secondary structure subnetwork, and the second solvent
accessibility subnetwork are trained on one or more training servers. The trained deep convolutional neural network,
the first trained secondary structure subnetwork, and the trained second solvent accessibility subnetwork are
deployed on one or more production servers that receive input sequences from requesting clients. The production
servers process the input sequences through at least one of the deep convolutional neural network, the first
secondary structure subnetwork, and the second solvent accessibility submetwork to produce outputs that are
transyaitted to the clients.

{00661} Other oplementations may tnclude a non-transitory coraputer readable storage wedium stoxing
nstructions executable by a processor to perforrn actions of the system descubed above. Yet anothex
implerentation may inchide a method perforaving actions of the system described above.

[60662] Another system implementation of the technology disclosed includes a deep convolutional neural
network-based variant pathogenicity classifier, running on numerous processors coupled to memory. The system

includes, a positional frequency matrix (abbreviated PFM) generator, v

muing on at least one of the numerous
processors, applied to two sequence groups of primates and mammals to generate a primate PFM and a mammal
PEM. The system also includes an input processor that accepts a variant amino acid sequence with a target vanant
amino acid flanked upstream and downstream by at least 25 armmno acids in each direction, wherein a siogle
nucleotide variant produces the target variant amuino acid. The system also includes a supplemental data atlocator,
running ou at least one of the numerous processors, that aliocates a reference amino acid sequence with a taxget
reference amino acid flacked upstream and downstream by at least 25 axiuo acids i each divection, aligned with
the variant amino acid sequence. It aiso allocates primate and mammal PFMs aligned with the reference amino acid

sequence. The systern further includes a decp convolutional neural network, running on the numerous processors,

ined to classify the variant amino acid sequence as benign or pathogenic based on processing the variant amino

acid sequence, the allocated reference amino acid sequence, and the allocated PEMas. Finally, the system includes, an
output processor that reports at least a pathogenieity score for the variant amino acid sequence.
{00663} This system inmplementation and other systems disclosed optionally include one or more of the

following features. System can also wuchude features described o conuection with methods disclosed. In the 1nterest
of eonciseness, alternative combinations of systern features are not individually enumerated. Features applicable to

systems, methods, and articles of manufacture are not repeated for each statutory class set of base features. The
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reader will understand how features identified in this section can readily be combined with base features 1o other
statutory classes.

[60664] The systen: is further configured to classify the single nucleotide variant as benign or pathogenic based
on the pathogenicity score. The deep convolutional neural network, in parallel, accepts and processes the variant
amino acid sequence, the allocated reference anyino acid sequence, the allocated primate PFM, and the aliocated
mammal PFM. The system is further configured to frain to classify, as pathogenic, a single nucleotide variant that
produces a target variant amino acid from a target reference amino acid that is conserved in reference amino acid
sequences across primates and mammals. The conservation represents functional significance of the target reference
aruine acid and 1s deterimuoed from the PEFWs.

{00665} Each of the features discussed 1o thus particolar implementation section for the first system
implernentation apply equally to this system iruplementation. As indicated above, all the system features are not
repeated here and should be considered repeated by reference.

{0666} Other iroplementations may include a von-traository coraputer readable storage medium storing
instructions executable by a processor to perform actions of the system described above. Yet another
implementation may include a method performing actions of the system described above.

{60667} A first method implementation of the technology disclosed includes running a first secondary structure
subnetwork on numerous processors coupled to memory, trained to predict a three-state secondary structure at
amino acid locations within a protein sequence. Running a second solvent accessibility subnetwork on numerous
processors coupled to memory, tramed to predict a three-state solvent accessibility at amino acid locations within &
protern sequence. Runnimg on at least one of the numerous processors. a positional frequency matrix (abbreviated
PEM) generator, applied to three sequence groups of primates, marmmals, and vertebrates excluding primates and
mannals to generate a primate PEM, a mamraal PEM, and a vertebrate PEM. Accepting a variant amino acxd
sequence an input processor with a target variant anino acid flanked upstream and downstream by at least 25 amino
acids in each divection. A single nucleotide vagant produces the taxget variant arsine acid. Running oo at least one
of the numerous processors, a supplemental data allocator that allocates a reference amine acid sequence with a

target reference armino acid flanked upstream and downstream by at least 25 amino acids in each direction, aligned
with the variant amine acid sequence. It also allocates reference state classifications produced by the first and
second subnetworks for the reference amino acid sequence. It further allocates variant state classifications produced
by the first and second subnetworks for the variaut amine acid sequence. It allocates primate, mammal, and
vertebrate PEMs aligned with the reference amino acid sequence. Running on the numerous processors, & deep
convohitional nevral network trained to classify the vartant aruine acid sequence as benign or pathogenic based on
processing the vanant amino acid sequence, the allocated reference amino acid sequence, the allocated reference and
varant state classifications, and the allocated PEMs. Reporting at least a pathogeuicity score for the variaat amino
acid sequence through an output processor.

{00668} Each of the features discussed in this particular implementation section for the first system
implementation apply equally to this method impiementation. As indicated above, all the system features are not
repeated here and should be considered repeated by reference.

[00669] Other implementations may include a non-transitory compitter readable storage medium storing
instructions c¢xecutable by a processor to perform the method described above. Yet another implementation may

%.

include a system inchuding memory and one or more processors operable to execute instructions, stored 1u the

memory, to perform the method described above,
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{60678} A second method tmplementation of the technology disclosed includes runoing on gumerous
processors coupled to memory, a deep convelutional neural nerwork-based variant pathogeunicity classifier. Ruoning

N

a positional frequency matox (abbreviated PFM) generator on at least one of the nurerous processors, applied to
two sequence groups of primates and maramals to generate a primate PFM and a mammal PFM. Accepting in an
processor, a variant amino acid sequence with a target variant amino acid flanked upstream and downsircam
by at least 25 amino acids in each direction. A single nucleotide variant produces the target variant amino acid.
Running a supplemental data allocator on at least one of the numerous processors, that allocates a reference amino
acid sequence with a target reference amino acid flanked upstream and downstream by at least 25 amino acids in
each direction, aligned with the vanant amino acid sequence and ailocates primate and mammal 8FMs aligoed with
the reference amoo acid sequence. Ronmug a deep convolutional neural network on the numerous processors,

ratned to classify the variant anmuo acid sequence as benign or pathogemc based on processing the vanant amino

acid sequence, the allocated reference amino acid sequence, and the allocated PEMs. Reporting at le
pathogenicity score for the varaat amino acid sequence 10 an output processor.
ysiem

J

{60671} Each of the features discussed in this particular implementation section for the second s
implementation apply equally to this methed implementation. As indicated above, all the system features are not
repeated here and should be considered repeated by reference.

{0067 2} Other implementations may include a non-transitory computer readable storage medium storing
instructions executable by a processor to perform the method described above. Yet another implementation may
include 2 system including memory and one or more processors operable to execute instructions, stored in the
memory, to perform the method described above.

{80673} Yet another system implementation of the technology disclosed inchides a system that gencrates large-

seale pathogenic raining data for training a st

sie nucleotide polymorphism (abbreviated SNP) pathogenieity

classifier.

{00674} As shown 1o FiG. 19, the system trains the SNP pathogemeity classifier, which ruos on nuroerous
processors coupled to memory, using a training set of benign SNPs and a training set of elite predicted pathogenic
SNPs that are culled from a synthetic set of combinatoricaily generated SNPs. In the context of this application, elite
predicted pathogenic SNPs are those SNPs are produced/selected at the end of each cycle based on their average or
maximum pathogenicity scores, as outputted by the ensemble. The term “elite” 1s borrowed from the genetic
algorithro vocabulary and is 1atended to have a meaning typically given in genetic a ‘Agori.thm publications.

{80675} As shown in FEGs, 37, 38, 38, 46, 41, and 42, the syster builds the elite set iteratively in cycles,

begiuning with no predicted SNPs and accumulating a full set of predicted SNPs by culling cutlier SNPs from the

thzt i

¢ set. The syuthetic set comprises pseudo-pathogenic SNPs that are combinatorically generated SNPs not
present 1 the benigo set and decrease 10 set membership as the outlier SNPs are tteratively culled from the synthetic
set for inclusion in the elite set. In the context of this application, the term “culling” means filicring, replacing,
updating, or selecting a previous population with a new population. The term “culling” is borrowed from the genctic
algorithm vocabulary and is intended to have a meaning typically given 1n genetic algorithm publications.
{80676} As shown in FEGs. 37, 38, 39, 40, 41, and 42, the system trains and applics an ensemble of SNP
pathogenicity classifiers to cull the outlier SNPs from the synthetic set, iteratively in cyeles. This includes training
the ensemble using a common training sct of benign SNPs, a commeon training set of elite predicted pathogenic
SNPs, and separate traiuing sets of pseudo-pathogenic SNPs sampled from the syathetic set without replacerent.
This also includes applying the trained ensermble to cull the outlier SNPs from the synthetic set and accumulate

2y o p=3 o

culled outlier SNPs 1o the coramon elite set by applying the trained ensemble to score at least some SNPs from the
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synthetic set that were vot used for traxning the ensemble in a current cyele and using the scores to select, from the
scored BNPs, carrent cycle outlier SNPs to accurnulate in the conmon elite set.

{60677} In the context of this application, “pseudo-pathogenic SNPs” are those SNPs that are labelled as
pathogenic for training purposes and sampled from the synthetically-generated variants without replacement during
the training.

[00678] Also, the training set of elite predicted pathogenic SNPs is built iteratively over multiple cycles.
{80679} As shown in FEGs. 37, 38, 39, 40, 41, and 42, the system then stores in menory, classifier parameters
derived by the training, a commeon elite set completed over the cycles and within a predetermined spread of the
common benign set, and the common benign set for training the SNP pathogenicity classifier.

{86683} As shown in FEGs, 37, 38, 38, 46, 41, and 42, the elite predicted pathogenic SNPs are top 5% of the
SNPs predicted by the ensemble. lu some fraplementations, they are fixed number of top-scored SNPs, such as
20000,

{00681} The SNP pathogenicity classifier and the ensemble of SNP pathogenicity classifiers are each deep
convolutional neural networks (abbreviated DCNN). The ensemble includes 4 to 16 DCNNs. As shown in FEIGs. 37,
38, 39, 40, 41, and 42, the ensembile includes 8§ DONNs.

{30682} As shown in FiGs. 37, 38, 39, 46, 41, and 42, the system trains the ensemble of BCCNs in epochs
during the cycles, concluding the training for a particular cycle when predictions on a validation sample form
discrete probability distribution clusters of benign and pathogenic predictions.

{80683 As shown in FEGs. 37, 38, 39, 40, 41, and 42, the system uses the scores to select the current cycle
outlier SNPs by summing scores from the ensemble of DOCNs.

[80684] As shown in FEGs. 37, 38, 39, 40, 41, and 42, the system uses the scores to select the current cycle
outlier SNPs by taking a reaximurn yoean value for each of the SNPs scored by the ensemble of DUNNs.

[80685] As shown in FIGs. 37, 38, 39, 46, 41, and 42, the samphog without replacement during a curreat cycle
results in disjoint separate trainiog sets of pseudo-pathogenic SNPs during the current cycle.

{0686} The system continues the cycles until a termination condition is reached. The termination condition
can be a predetermined nunmiber of cycles. As shown in FiGs. 37, 38, 39, 48, 41, and 42, the predetermined number
of cyclesis 21,

{80687} As shown in FIGs. 37, 38, 39, 48, 41, and 42, the termination condition is when an elite predicted
pathogeuic set size 18 within a predetermined spread of a benign set size.

{30688} The classifier parameters can be at least convolution filter weights and learning rate.

{0689} The system can select one of the SNP pathogenieity classifiers 1o the ensemble as the SNP
pathogenicity classifier. The selected SNP pathogenicity classifier can be the one that outpredicted other SNP
pathogeunicity classifiers in the ensemble on a validation saraple evaluated 1o an ultinate cycle.

{83690} As shown in FEGs. 37, 38, 39, 44, 41, and 42, the common elite set completed over the cyeles can have
at least 400000 clite predicted pathogenic SNPs.

{80691} As shown in FEGs. 37, 38, 39, 40, 41, and 42, the system, in each cycle, can match trinucleotide
context between the benign SNPs and the sampled pseudo-pathogenic SINPs to prevent mutation rate bias in the elite
predicted pathogenic SNPs.

{00692} As shown in FiGs, 37, 38, 39, 48, 41, and 42, the sampling of pseudo-pathogenic SNPs from the

synthetic set can decrease by 5% in each successive cycle.
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{64693} As shown in FEGs. 37, 38, 39, 46, 41, and 42, the systero can filter the syothetic SNPs scored 1o the
cugrent cyele by pseudo-pathogeme SNPs sampled in the cumrent cyc]e for training, the ebite predicted pathogenic
SNPs, and the benign SNPs used 1o the current eyele for traimug.

[00694] Each of the features discussed in this particular implementation section for the first system
implementation apply equally to this system implementation. As indicated above, all the system features are not
repeated here and should be considered repeated by reference.

[00695] Other implementations may include a non-fransitory computer readable storage medium storing
instructions executable by a processer to perform actions of the system described above. Yet another
implementation may include a system including raemory and one or more processors operabie to execute
instructions, stored in the memory, to perform actions of the system described above.

{0696} Yet another iraplementation of the technology disclosed includes a convolutional neural network
{abbreviated CNN}-based sexm-supervised learner, as shown in FiG. 36.

{30697} As showa 1o FEG. 36, the semi-supervised learner can include an ensemble of CNNg, runuing on
numerous processors coupled to memory, that is iteratively trained on a benign training set and a pathogenic training
set.

[60698] As shown in FEG. 36, the semi-supervised learner can include a set augmenter, running on at least one
of the processors, that progressively augments a set size of the pathogenic training set based on the trained
ensemble’s evaluation of a synthetic set;

{80699} In each iteration, the evaluation produces an elite predicted pathogenic set that is added to the

pathogenic training set by the set augmenter.

{30700} The semi-supervised leamer can include a builder that uses at least one of the CNNs, an augmented
pathogenic raining set, and the benign trainiag set to construct and train a single nucleotide polymorphism
{abbreviated SNP} pathogenicity classifier.
{00701} Bach of the features discussed in this particular implexnentation section fox the fixst systero
implenentation apply equaliy to this system implementation. As indicated above, ali the system features are not
repeated here and should be considered repeated by reference.
[00702] Other implementations may include a non-transitory computer readable storage medium storing
instructions e¢xecutable by a processor to perform actions of the system described above. Yet another
implermentation may include a system including rerory and one or more processors operable to execute
mstructions, stored in the merory, to perform actions of the system described above.
{40703} The preceding description is presented to enable the making aud vse of the technology disclosed.
Various muodifications to the disclosed umplementations will be apparent, and the general principles defined bereln
may be applied to other inplementations and applications without departing frora the spirit and scope of the
technology disclosed. Thus, the technology disclosed is not intended to be limited to the implementations shown,
but is to be accorded the widest scope consistent with the principles and features disclosed herein. The scope of the

technology disclosed is defined by the appended claims.

Computey Sysiem

ement the

{60704} FREG. 66 15 a simplified block diagram of a computer system that can be used to 1mp

technology disclosed. Computer system typically includes at least one processor that communicates with 2 number
of peripheral devices via bus subsystern. These peripheral devices can include a storage subsystem tncluding, for

example, memory devices and a fie storage subsystern, user intexface input devices, user woterface output devices
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and a network interface subsysten. The input and output devices allow user nteraction with coraputer system.
Network nterface subsystem provides an interface to outside networks, including an raterface to corresponding
interface devices in other computer systems.

[00705] In one implementation, the neural networks such as benign dataset generator, variant pathogenicity
classifier, secondary structure classifier, solvent accessibility classifier, and semi-supervised learner are
communicably linked to the storage subsystem and user interface input devices.

{80706} User interface input devices can include a keyboard; pointing devices such as a mouse, trackball,
touchpad, or graphics tablet; a scanner; a touch screen incorporated into the display; audio input devices such as
voice recognition systerns and microphones; and other types of input devices. In general, use of the term “input
device” is wtended to include all possible types of devices and ways to input juformation into computer system.
{68767} User intexface output devices can melude a display subsyster, 2 printer, 2 fax machine, or non-visual
displays such as audio output devices. The display subsystern can toclude a cathode ray tube (CRT), a flat-panel
device such as a liquid erystal display (LCD), a projection device, or sorae other mechanisra for creating 2 visible
image. The display subsystem can also provide a non-visual display such as audic output devices. In general, use of
the term “output device” is intended to inciude all possible types of devices and ways to output information from
computer system to the user or to another machine or computer systent.

[00708] Storage subsystem stores programnung and data constructs that provide the functionality of some or all
of the modules and methods described herein. These software modules are generally executed by processor alone or
in combination with other processors.

{69709} Memory used in the storage subsystem can include a number of memories cluding a yumn random
aceess memory (RAM) for storage of instructions and data during program execution and a read only memory
(ROM) in which fixed rostructions are stored. A flle storage subsystem can provide persistent storage for program
and data files, and can include a bard disk drive, a floppy disk dave along with associated removable media, a CD-
ROM drive, an optical drive, or removable reedia cartrndges. The modules iraplementing the functionality of certain
implenentations can be stored by file storage subsystem in the storage subsystens, or in other machines accessible
by the processor.

{80716} Bus subsystem provides a mechanism for letting the various components and subsystems of computer
system copumunicate with each other as intended. Although bus subsystem is shown schematically as a single bus,
alternative iraplementations of the bus subsystem can use multiple busses.

{00711} Computer system itself can be of varying types including a personal coruputer, a portable computer, a
workstation, a computer texminal, a network computer, a television, a mainframe, a server farm, a widely-distributed
set of loosely networked computers, or any other data processing system or user device. e to the ever-changiong
natiee of computers and networks, the description of computer systern depicted 1o FYG. 66 ¢ mtended only as a
specific example for purposes of illustrating the technology disciosed. Many other configurations of computer
system are possible having more or less components than the computer system depicted in FIG. 66.

[00712] The deep learning processors can be GPUs or FPGAs and can be hosted by a deep learning clond
platforms such as Google Cloud Platform, Xilinx, and Cirrascale. Examples of deep learning processors include
Google’s Tensor Processing Unit {TPU), rackmount solutions like GX4 Rackmount Series, GX8 Rackmount Series,
NVIDIA DGX-1, Microsoft” Stratix V FPGA, Grapheore’s Intelligent Processor Unit {IPU), Qualcomnt’s Zeroth
platform with Snapdragon processors, NVIDIA's Volta, NVIDIA s DRIVE PX, NVIDIA’s JETSON TX1/TX2
MODULE, Intel’s Nirvana, Movidius VPU, Fusitsu DPL, ARM’s Dynamicl(}, IBM TrueNorth, and others.
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CLAIMS

What is claimed is:

[Claim 1]. A system including numerous processors coupled to memory, the memory loaded with computer

instructions to implement a deep convolutional neural network-based variant pathogenicity classifier comprising:

a positional frequency or weights matrix, collectively abbreviated PFM, generator applied to sequence groups
of primates and mammals, to generate a primate PFM, and a mammal PFM;

an input processor that accepts a variant amino acid sequence of at least 51 amino acids with a target variant
amino acid flanked upstream and downstream by at least 25 amino acids in each direction, wherein a single
nucleotide variant produces the target variant amino acid;

a supplemental data allocator that

allocates a reference amino acid sequence of at least 51 amino acids with a target reference amino acid
flanked upstream and downstream by at least 25 amino acids in each direction, aligned with the variant amino
acid sequence; and

allocates primate and mammal PFMs produced by the PFM generator, aligned with the reference amino
acid sequence;

a deep convolutional neural network,

trained on input including at least benign and pathogenic labelled variant amino acid sequences of at least 51
amino acids, reference amino acid sequences of at least 51 amino acids, and primate and mammal PFMs to generate

a pathogenicity score for the variant amino acid sequence,

that generates the pathogenicity score of the variant amino acid sequence accepted by the input processor as
benign or pathogenic, using input including at least the 51 amino acids of the variant amino acid sequence, the 51
amino acids of the allocated reference amino acid sequence, and the allocated PFMs; and

an output processor that reports at least a pathogenicity score for the variant amino acid sequence generated by
the deep convolutional neural network.

[Claim 2]. The system of claim 1, further configured to classify the single nucleotide variant as benign or
pathogenic based on the pathogenicity score.

[Claim 3]. The system of any of claims 1-2, wherein the deep convolutional neural network, in parallel,

accepts and processes

the variant amino acid sequence,

the allocated reference amino acid sequence,
the allocated primate PFM, and

the allocated mammal PFM.

[Claim 4]. The system of any of claims 1-3, further configured to train to classify, as pathogenic, a single
nucleotide variant that produces a target variant amino acid from a target reference amino acid that is conserved in
reference amino acid sequences across primates and mammals.
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[Claim 5]. The system of any of claims 4, wherein conservation represents functional significance of the

target reference amino acid and is determined from the PFMs.
[Claim 6]. The system of claim 1, further comprising:

a first secondary structure subnetwork trained to predict a three-state secondary structure at amino acid locations
within a protein sequence, wherein three structure states distinguish among secondary structures that are helix, sheet,
and coil, using as input at least a vertebrae PFM and an amino acid sequence of at least 51 amino acids with the

target variant amino acid flanked upstream and downstream by at least 25 amino acids in each direction;

a second solvent accessibility subnetwork trained to predict a three-state solvent accessibility at amino acid
locations within a protein sequence, wherein three accessibility states distinguish among solvent accessibility that is
exposed, buried, and intermediate, using as input at least a vertebrae PFM and an amino acid sequence of at least 51
amino acids with the target variant amino acid flanked upstream and downstream by at least 25 amino acids in each

direction; and
the supplemental data allocator that further

allocates reference state classifications produced by the first and second subnetworks for the reference amino

acid sequence; and

allocates variant state classifications produced by the first and second subnetworks for the variant amino acid

sequence;
wherein the deep convolutional neural network

is trained on input further including reference and variant state classifications generate the pathogenicity score

for the variant amino acid sequence, and

scores the variant amino acid sequence as benign or pathogenic.

[Claim 7]. The system of claim 6, further configured to classify the single nucleotide variant as benign or

pathogenic based on the pathogenicity score.

[Claim 8]. The system of any of claims 6-7, wherein the deep convolutional neural network accepts, in

parallel, as input at least

the variant amino acid sequence,

the allocated reference amino acid sequence,

the allocated variant secondary structure state classification,
the allocated reference secondary structure state classification,
the allocated variant solvent accessibility state classification,
the allocated reference solvent accessibility state classification,

the allocated primate PFM, and
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the allocated mammal PFM.

[Claim 9]. The system of any of claims 6-8, further configured to:

use batch normalization layers, ReLU non-linearity layers, and dimensionality altering layers to pre-process the
variant amino acid sequence, the allocated reference amino acid sequence, the allocated primate PFM and the
allocated mammal PFM, to generate pre-processed characterizations of the variant amino acid sequence, the

allocated reference amino acid sequence, the allocated primate PFM and the allocated mammal PFM;

sum the pre-processed characterizations and concatenate a resulting sum with the allocated variant secondary
structure state classification, the allocated reference secondary structure state classification, the allocated variant
solvent accessibility state classification, and the allocated reference solvent accessibility state classification to

produce a concatenated input; and

process the concatenated input through a dimensionality altering layer and accept the processed concatenated input
to initiate residual blocks of the deep convolutional neural network.

[Claim 10]. The system of any of claims 6-8, wherein the deep convolutional neural network comprises groups
of residual blocks.

[Claim 11]. The system of any of claims 9-10, wherein the deep convolutional neural network is parameterized
by a number of residual blocks, a number of skip connections, and a number of residual connections without non-

linear activations.

[Claim 12]. The system of any of claims 6-8 and 10-11, wherein the deep convolutional neural network

comprises dimensionality altering layers that reshape spatial and feature dimensions of a preceding input.

[Claim 13]. The system of any of claims 6-12, further configured to train to classify, as pathogenic, a single
nucleotide variant that produces a target variant amino acid from a target reference amino acid that is conserved in

aligned reference amino acid sequences across primates, mammals, and vertebrates.

[Claim 14]. The system of any of claims 8-9, wherein conservation is represented in the PFMs , which indicates

functional significance of the target reference amino acid.

[Claim 15]. The system of any of claims 6-14, further configured to train to classify, as pathogenic, a single
nucleotide variant that causes different secondary structures between a variant amino acid sequence and a reference

variant amino acid sequence.

[Claim 16]. The system of any of claims 6-15, further configured to train to classify, as pathogenic, a single
nucleotide variant that causes different solvent accessibilities between a variant amino acid sequence and a reference

variant amino acid sequence.

[Claim 17]. The system of any of claims 6-15, wherein a PFM represents conservation of amino acids in a
human protein sequence across aligned protein sequences of other species by determining, on a location-by-location
basis, frequency of occurrence an amino acid in the human protein sequence across the aligned protein sequences of

the other species.
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[Claim 18]. The system of any of claims 6-17, wherein the first secondary structure subnetwork comprises

groups of residual blocks.

[Claim 19]. The system of any of claims 6-8 and 12-17, wherein the first secondary structure subnetwork is
parameterized by a number of residual blocks, a number of skip connections, and a number of residual connections

without non-linear activations.

[Claim 20]. The system of any of claims 6-17 or 19, wherein the first secondary structure subnetwork

comprises dimensionality altering layers that reshape spatial and feature dimensions of a preceding input.

[Claim 21]. The system of any of claims 6-8, 12-17 and 19-20, wherein the second solvent accessibility

subnetwork comprises groups of residual blocks.

[Claim 22]. The system of any of claims 6-8, 12-17 and 19-21, wherein the second solvent accessibility
subnetwork is parameterized by a number of residual blocks, a number of skip connections, and a number of

residual connections without non-linear activations.

[Claim 23]. The system of any of claims 6-8, 12-17 and 19-22, wherein the second solvent accessibility subnetwork

comprises dimensionality altering layers that reshape spatial and feature dimensions of a preceding input.

[Claim 24]. The system of any of claims 9-11, 20-19 and 21-22, wherein each residual block comprises at least
one batch normalization layer, at least one rectified linear unit, abbreviated ReLU layer, at least one dimensionality

altering layer, and at least one residual connection.

[Claim 25]. The system of any of claims 6-9-11, 20-21 and 21-22, wherein each residual block comprises two
batch normalization layers, two ReLU non-linearity layers, two dimensionality altering layers, and one residual

connection.

[Claim 26]. The system of any of claims 6-8, 12-17 and 19-25, wherein the deep convolutional neural
network, the first secondary structure subnetwork, and the second solvent accessibility subnetwork each comprise an

ultimate classification layer.

[Claim 27]. The system of claim 26, wherein the ultimate classification layer is a sigmoid-based layer.
[Claim 28]. The system of claim 26, wherein the ultimate classification layer is a softmax-based layer.
[Claim 29]. The system of any of claims 26-28, further configured to ablate ultimate classification layers of

the first secondary structure subnetwork and the second solvent accessibility subnetwork for collaboration with the

deep convolutional neural network.

[Claim 30]. The system of any of claims 6-8 and 12-29, further configured to, during training of the deep
convolutional neural network, further train the first secondary structure subnetwork and the second solvent
accessibility subnetwork on pathogenicity classification, including back propagating errors to the subnetworks and

updating subnetwork weights.

[Claim 31]. The system of any of claims 6-8, 12-17 and 19-30, wherein the second solvent accessibility

subnetwork comprises at least one atrous convolution layer.
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[Claim 32]. The system of any of claims 6-8, 12-17 and 19-31, wherein the variant amino acid sequence and

the reference amino acid sequence share flanking amino acids.

[Claim 33]. The system of any of claims 6-8, 12-17 and 19-32, further configured to use one-hot encoding to

encode inputs to the deep convolutional neural network.

[Claim 34]. The system of any of claims 6-8, 12-17 and 19-33, wherein the deep convolutional neural
network, the first secondary structure subnetwork, and the second solvent accessibility subnetwork are trained on

one or more training servers.

[Claim 35]. The system of any of claims 6-8, 12-17 and 19-34, wherein the trained deep convolutional neural
network, the first trained secondary structure subnetwork, and the trained second solvent accessibility subnetwork

are deployed on one or more production servers that receive input sequences from requesting clients.

[Claim 36]. The system of claim 35, wherein the production servers process the input sequences through at
least one of the deep convolutional neural network, the first secondary structure subnetwork, and the second solvent

accessibility subnetwork to produce outputs that are transmitted to the clients.

[Claim 37]. Use of the system of any of claims 6-8, and 12-17 and 19-36, to perform a per-gene enrichment

analysis which confirms or rejects pathogenicity of variants that have been determined to be pathogenic, comprising:

for a particular gene sampled from a cohort of individuals with a genetic disorder,

applying the deep convolutional neural network-based variant pathogenicity classifier to identify

candidate variants in the particular gene that are pathogenic;

determining a baseline number of mutations for the particular gene based on summing observed
trinucleotide mutation rates of the candidate variants, and multiplying the sum with a transmission count and a

size of the cohort;

applying the deep convolutional neural network-based variant pathogenicity classifier to identify de novo

missense variants in the particular gene that are pathogenic; and

comparing the baseline number of mutations with a count of the de novo missense variants, and based on
an output of the comparison confirming that the particular gene is associated with the genetic disorder and that

the de novo missense variants are pathogenic.

[Claim 38]. Use of the system as in claim 37, further preforming the comparison using a statistical test that

produces a p-value as the output.

[Claim 39]. Use of the system as in any of claims 37-38, further comparing the baseline number of mutations
with the count of the de novo missense variants, and based on the output of the comparison confirming that the

particular gene is not associated with the genetic disorder and that the de novo missense variants are benign.

[Claim 40]. Use of the system as in claim 39, wherein the genetic disorder is autism spectrum disorder
(abbreviated ASD).
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[Claim 41]. Use of the system as in claim 39, wherein the genetic disorder is developmental delay disorder

(abbreviated DDD).

[Claim 42]. Use of the system of any of claims 6-8, 12-17 and 19-36, to perform a genome-wide enrichment

analysis which confirms pathogenicity of variants that have been determined to be pathogenic comprising:

applying the deep convolutional neural network-based variant pathogenicity classifier to classify a first set of

de novo missense variants that are pathogenic in a plurality of genes sampled from a cohort of healthy individuals;

applying the deep convolutional neural network-based variant pathogenicity classifier to classify a second set
of de novo missense variants that are pathogenic in the plurality of genes sampled from a cohort of individuals with

a genetic disorder; and

comparing respective counts of the first and second sets, and based on an output of the comparison confirming
that the second set of de novo missense variants are enriched in the cohort of individuals with the genetic disorder

and therefore pathogenic.
[Claim 43]. Use of the system of claim 42, further configured to perform the comparison using a statistical test
that produces a p-value as the output.

[Claim 44]. Use of the system of any of claims 39-42, wherein the genetic disorder is DDD.

[Claim 45]. Use of the system of any of claims 39-42, wherein the comparison is further parametrized by

respective cohort sizes.

[Claim 46]. Use of the system of any of claims 42-45, further configured to compare the respective counts of
the first and second sets, and based on the output of the comparison confirming that the second set of de novo

missense variants are not enriched in the cohort of individuals with the genetic disorder and therefore benign.

[Claim 47]. Use of the system of any of claims 42-46, wherein the genetic disorder is ASD.

[Claim 48]. Use of the system of any of claims 42-46, wherein the genetic disorder is DDD.

[Claim 49]. A deep convolutional neural network-based method of variant pathogenicity scoring, the method
including:

applying a positional frequency or weight matrix collectively abbreviated PFM, generator, which runs on at
least one of numerous processors, to at least sequence groups of primates and mammals to generate a primate PFM

and a mammal PFM;

accepting a variant amino acid sequence of at least 51 amino acids with a target variant amino acid flanked
upstream and downstream by at least 25 amino acids in each direction, wherein a single nucleotide variant produces

the target variant amino acid;

allocating a reference amino acid sequence of at least 51 amino acids with a target reference amino acid
flanked upstream and downstream by at least 25 amino acids in each direction, aligned with the variant amino

acid sequence;

allocating primate and mammal PFMs aligned with the reference amino acid sequence;
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applying a deep convolutional neural network,
trained on input including at least benign and pathogenic labelled variant amino acid sequences of at least
51 amino acids reference amino acid sequences of at least 51 amino acids, and primate and mammal PFMs to

generate a pathogenicity score for the variant amino acid sequence;

to score the variant amino acid sequence accepted by the input processor as benign or pathogenic, based on
evaluating at least the 51 amino acids of the variant amino acid sequence, the 51 amino acids of the allocated

reference amino acid sequence, the allocated reference and variant state classifications, and the allocated PFMs; and
to report at least the pathogenicity score for the variant amino acid sequence.

[Claim 50]. The method of claim 49, further comprising:

applying a first secondary structure subnetwork, which runs on numerous processors coupled to memory, to predict
a three-state secondary structure at amino acid locations within a protein sequence, wherein three structure states

distinguish among secondary structures that are helix, sheet, and coil, using as input at least a vertebrae PFM and an
amino acid sequence of at least 51 amino acids with the target variant amino acid flanked upstream and downstream

by at least 25 amino acids in each direction;

applying a second solvent accessibility subnetwork, which runs on numerous processors coupled to memory, to
predict a three-state solvent accessibility at amino acid locations within a protein sequence, wherein three
accessibility states distinguish among solvent accessibility that is exposed, buried, and intermediate, using as input
at least a vertebrae PFM and an amino acid sequence of at least 51 amino acids with the target variant amino acid

flanked upstream and downstream by at least 25 amino acids in each direction ;
allocating reference state classifications produced by the first and second subnetworks for the reference amino
acid sequence;
allocating variant state classifications produced by the first and second subnetworks for the variant amino acid
sequence;
applying the deep convolutional neural network:

trained on further input that includes the reference state classifications produced by the first and second
subnetworks for the reference amino acid sequence and the reference state classifications produced by the first and

second subnetworks for the variant amino acid sequence;

to score the variant amino acid sequence the variant amino acid sequence based on further input of the

reference and variant state classifications.

[Claim 51]. A non-transitory computer readable storage medium impressed with computer program

instructions for variant pathogenicity scoring that, when executed on a processor, implement a method comprising:

applying a positional frequency or weight matrix, collectively abbreviated PFM, generator, which runs on at
least one of numerous processors, to at least sequence groups of primates, and mammals, to generate a primate PFM,

and a mammal PFM;

accepting a variant amino acid sequence of at least 51 amino acids with a target variant amino acid flanked
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upstream and downstream by at least 25 amino acids in each direction, wherein a single nucleotide variant produces

the target variant amino acid;

allocating a reference amino acid sequence of at least 51 amino acids with a target reference amino acid
flanked upstream and downstream by at least 25 amino acids in each direction, aligned with the variant amino acid

sequence;
allocating primate, and mammal, PFMs aligned with the reference amino acid sequence;
applying a deep convolutional neural network

trained on input including at least benign and pathogenic labelled variant amino acid sequences of at least 51
amino acids, reference amino acid sequences of at least 51 amino acids, and primate and mammal PFMs to generate

a pathogenicity score for the variant amino acid sequence; and
to report at least the pathogenicity score for the variant amino acid sequence.

[Claim 52]. A non-transitory computer readable storage medium of claim 51, further impressed with computer

program instructions that implement the method comprising:

applying a first secondary structure subnetwork, which runs on numerous processors coupled to memory, to
predict a three-state secondary structure at amino acid locations within a protein sequence, wherein three structure
states distinguish among secondary structures that are helix, sheet, and coil, using as input at least a vertebrae PFM
and an amino acid sequence of at least 51 amino acids with the target variant amino acid flanked upstream and

downstream by at least 25 amino acids in each direction;

applying a second solvent accessibility subnetwork, which runs on numerous processors coupled to memory,
to predict a three-state solvent accessibility at amino acid locations within a protein sequence, wherein three
accessibility states distinguish among solvent accessibility that is exposed, buried, and intermediate, using as input
at least a vertebrae PFM and an amino acid sequence of at least 51 amino acids with the target variant amino acid

flanked upstream and downstream by at least 25 amino acids in each direction ;

allocating reference state classifications produced by the first and second subnetworks for the reference amino

acid sequence;

allocating variant state classifications produced by the first and second subnetworks for the variant amino acid

sequence;
applying the deep convolutional neural network:

trained on further input that includes the reference state classifications produced by the first and second
subnetworks for the reference amino acid sequence and the reference state classifications produced by the first and

second subnetworks for the variant amino acid sequence;

to score the variant amino acid sequence based on further input of the reference and variant state

classifications.



