DEEP LEARNING-BASED TECHNIQUES FOR
TRAINING DEEP CONVOLUTIONAL NEURAL NETWORKS

APPENDIX
[0001] The Appendix includes a bibliography of potentially relevant references listed in a paper authored by
the inventors. 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 Dossier. The paper is the fiest hsted reference.

PRICGRITY APPLICATIONS

{6042} This application claims prioxty to or the beoefit of US Provisional Pateat Application

No. 62/573,144, titled, “Training a Deep Pathogenicity Classifier Using Large-Scale Benign Training Data,” by
Hong Gao, Kat-How Farh, Laksshmao Sundararo aud Jeremy Fraveis MceRae, filed October 16, 2017 (Attoroey
Docket No. ILLM 100C-1/1P-161 I-PRV); US Provisional Patent Application No. 62/573,149, titled, “Pathogenicity
Classifier Based On Deep Convolutional Neural Networks (CNNS),” by Kai-How Farh, Laksshman Sundaram,
Samskruthi Reddy Padigepati and Jeremy Francis McRae, filed October 16, 2017 {Attorney Docket No. ILLM
1000-2/1P-1612-PRV}); US Provisional Patent Application No. 62/573,153, titled, “Deep Semi-Supervised Learning
that Generates Large-Scale Pathogenic Training Data,” by Hong Gao, Kai-How Farh, Laksshiman Sundaram and
Jeremy Frauecis MeRae, 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 Farb and Laksshman Sundaram, Bled Noveraber
7, 2017 (Attorney Docket No. JILLM 1000-4/IP-1618-PRV). These provisional apphcations are bereby ncorporated
by reference for all purposes.

INCORPORATIONS

{00403} The following are incorporated by reference for all purposes as if fully set forth herein:
[0004] PCT Patent Application No. PCT/US2018/ , titled “DEEP CONVOLUTIONAL NEURAL

NETWORKS FOR VARIANT CLASSIFICATION,” by Laksshman Sundaram, Kai-How Farh, Hong Gao,
Samskruthi Reddy Padigepati and Jeremy Francis McRage, filed contemporancously on October 15, 2018 (Attorney
Docket No. ILLM 1006-9/1P-1612-PCT), subsequently published as PCT Publication No. WO .
[0005] PCT Patent Application No. PCT/US2018/ , titted “SEMI-SUPERVISED LEARNING FOR
TRAINING AN ENSEMBLE OF DERP CONVOLUTIONAL NEURAL NETWORKS,” by Laksshiman Sundaram,
Kai-How Farl, Houg (Gao and Jereray Francis McRae, filed contemporaneously on October 15, 2018 (Attomey
Docket No. ILLM (000-10/1P-16313-PCT) , subsequently published as PCT Publicanop Mo. WO
[00046] US Noaprovisional Patent Application tided "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 1000-5/IP-1611-US) filed contemporaneously.
{0007} US Nonprovisional Patent Application titled “DEEP CONVOLUTIONAL NEURAL NETWORKS
FOR VARIANT CLASSIFICATION,” by Laksshman Sundaram, Kai-How Farh, Hong Gao and Jeremy Francis
McRae, (Attorney Docket No. ILLM 1000-6/1P-1612-US) filed contemporaneously.

LY US Nonprovisional Patent Application titled “SEMI-SUPER VISED LEARNING FOR TRAINING
AN ENSEMBLE OF DEEP CONVOLUTIONAL NEURAL NETWORKS,” by Laksshiman Sundaram, Kai-How

Fart, Houg Gao and Jereruy Francis McRae, (Attorney Docket No., JLLM 1006-7/1P-1613-US} filed
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{6009} Document 1 — AL V. D Cord, S. Drelernan, B. Zen, K. Siroouyag, . Viayals, A. Graves, N.
Kalchbrenuer, A. Senior, and K. Kavukcuoghy, “WAVENET: A GENERATIVE MODEL FOR RAW AUDIO,”
arXiv:1609.03499, 2016;

[0010] Document 2 — S. O. Arik, M. Chrzanowski, A. Coates, G. Diamos, A. Gibiansky, Y. Kang, X. Li, 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;

(5012} Document 4 - K. He, X. Zhang, S. Ren, and J. Sun, “DEEP RESIDUAL LEARNING FOR IMAGH
RECOGNITION,” arXiv: 1512.03385, 2015;

[5013] Docoment 5 — R Srivastava, K. Greft, and . Schmidhober, “HIGHWAY NETWORKS,” arXiv:

1505.00387, 2015,

{4014} Docursent 6 — (. Huang, Z. L, L. van der Maaten and XK. Q. Weinberger, “DENSEL
CONNECTED CONVOLUTIONAL NETWORKS,” arXiv:1608.06993, 2017;

[0015] Document 7 — C. Szegedy, W. Lin,Y. Jia, P. Sermanet, 8. 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 INTEERNAL COVARIATE SHIFT,” arXiv: 1502.03167, 2015,
{6017} Document 9 - I M. Wolterink, T. Leiner, M. A, Viergever, and . gum, “DILATED

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

[6018] Docuraent 10 — L. C. Piqueras, “TAUTOREGRESSIVE MODEL BASED ON A DEEP
CONVOLUTIONAL NEURAL NETWORK FOR AUDIO GENERATION,” Tampere University of Techuology,
2016,

{0019} Document 1| —J. Wu, “Introduction to Convolutional Neural Networks,” Nanjing University, 2017;
[0020] Document 12 —1. J. Goodfellow, D. Warde-Farley, M. Mirza, A. Courvilie, and Y. Bengio,
“CONVOLUTIONAL NETWORKS”, Deep Learning, MIT Press, 2016; and

{0021 Document 13 - J. Gu, Z. Wang, I. Kuen, L. Ma, A. Shabroudy, B. Shuai, T. Liy, X. Wang, and G.

Wang, “RECENT ADVANCES IN CONVOLUTIONAL NEURAL NETWORKS,” arXiv:1512.07108, 2017,
{80223 Document 1 describes deep convolutional neural network architectures that use groups of residual
blocks with convolution filters having same convolution window size, batch normalization layers, rectified linear
untt (abbreviated ReL.U) layers, dimensionabty altegug layers, atrous convolution layers with exponeatially growing
atrous convolution rates, skip connections, and a softmax classificanon layer to accept 2o 1oput 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 coraponents described in Document |. For instance, unlike in Document 1, the
atrous convolution rate in the technology disclosed progresses non~exponentially 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.

{5023} Document 2 descnibes detatls of the deep convolutional neural network architectures described in

Document 1.



3
0024} Document 3 describes atrous convolutons used by the technology disclosed. As used herein, atrous

coovolutions are also referred to as “dilated convohutions”. Atrous/dilated convolusons allow for large receptive
fields with few trainable parameters. An atrous/dilated convolution 1s 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 convolution rate or
dilation factor. Atrous/dilated convolutions add spacing between the elements of a convolution filter/kernel so that

1

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

convelutions conserve partial convelution calculations for reuse as adjacent nucleotides are processed.

[0025] Docurnent 4 describes residual blocks and residual connections used by the technology disclosed.
{3026} Document 5 deseribes skip connections uvsed by the techuology disclosed. As used herein, skip

counections are also referred to as “highway networks”,

[0027] Document 6 describes densely comected convolunonal network architectures used by the techuology
disclosed.

{0028} Document 7 describes dimensionality altering convolution layers and modules-based processing

pipelines used by the technology disclosed. One exampic of a dimensionality altering convolutionisa I x 1

convolution.

[0029] Document & describes batch normalization layers used by the technology disclosed.

[3030] Document 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, inchuding convolutional neural networks, deep convolutional nevral networks, and deep
convolutional neural networks with atrous/dilated convolutions.
{6032} Docuraent 1 describes details of a convolutional neural network that can be used by the techuology

disclosed, 1ocluding algovithras for trataing a convolutional neural vetwork with subsamphog layers {e.g., pooling)

and fully-connected layers.

{0033} Document 12 describes details of various convolution operations that can be used by the technology
disclosed.
{3034} Documient 13 describes various architectures of convolutional neural networks that can be used by the

technology disclosed.
INCORPORATION BY REFERENCE OF TARLES
SUBMITTED FEECTRONICALLY WITH APPIICATION

{035} Following table files 1u ASCIH text format are subruitted with this application and imeorporated by

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

{6036} SupplercentaryTable] tx¢ October 2, 2618 (3 KB
{6037} SupplementaryTable2.txt October 2, 2018 13 KB
[0038] SupplementaryTable3 txt October 2, 2018 11 KB
{6039} SupplementaryTabled.txt October 2, 2018 13 KB
{3040} SupplementaryTable6 tut October 2, 2018 12KB
{6041} SupplementaryTable7 txt October 2, 2018 44 KB
{3042} SupplementaryTablel13.1xt October 2,2018  119KRB
{043} Supplermentary Tablel 8.t October 2, 2018 35 KR
{44} SupplementaryTable2G.xt October 2, 2018 1027 KB

4045} Suppleraentary Table20Sumrmary. tut October 2, 2018 9KB



RN SupplementaryTable2 1 .txt October 2, 2018 24 KB

{4047} SuppleraentaryTable2 { txt October 2, 2018 24 KB

{048} SupplementaryTable18.1x¢ October 4, 2018 33KB

{8049} DataFileSI.txt QOctober 4, 2018 138 MB

[5058] DataFileS2.txt October 4, 2018 980 MB

{6051} DataFileS3.1xt October 4, 2018 1.01 MB

[B052] DataFileS4.txt October 4, 2018 834 KB

[0053] Pathogenicity prediction model.txt October 4, 2018 824 KB

{0054} Supplementary Table 1: Details of the variants from each species used in the analysis. The table

includes the wntermediate results in the pipeline for each of these data sources. Note this table is provided in
Supplementary{ablel it

ITERRY Supplementary Table 2: Depletion of raissense vanants present 1o other species at cororaon human
allele frequencies. The depletion was calculated based on the missense:synonyyaous ratic 1u common variants >

1

0.1%) compared to rare variants (< §.194), using variants that were identical-by-state between human and the other
species. Note this table is provided in SupplementaryTableZ. txt.

{0056} Supplementary Table 3: Depletion of missense variants present in other species at common human
allele freguencies, 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 comnion variants (> 0.1%)

corapared to rare vanants (< ¢.1%0), using variants that were identical-by-state between human and the other species.

Note this table is provided in SupplementaryTable3 txt.

{80573 Supplementary Table 4: Depletion of missense vanants present as fixed substitutions in refated species
pairs at corarmon human allele frequencies. The depletion was caleulated based on the yais SYDoaymous ratio in

coraron vagtaots > 0.1%%) compared to rare variaats {< 0.1%), using variants that were 1denncal-by-state betweeun
human and the related species pair. Note this table is provided m SupplementaryTabled.txt.

[0058] Supplementary Table 6: Domain specific annotation of SCNZA gene. Wilcoxon rank sum p-values
indicate the divergence of Primate Al scores 1n 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 maodel. Note this table is provided in Supplementary Tables. tit.

{30593 Supplemeuntary Table 7: Raw counts used in calculating the effect of allele frequency ou expected
niissensesynonyruous ratio. Expected counts of synouymous and missense variants were calculated based on
variants 1o wntronic regions, using trinucleotide context to control for rutational rate and gene conversion. Note this
table is provided in Supplementary Tables xlsx.

{0060} 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 column
indicates if the proteins are used in the training/validation/testing phases of model training. Note this table is
provided in SupplementaryTablel3.1xt.

[0061] Supplementary Table 15: List of 605 genes that were nominally significant for diseasc 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} Supplemeuntary Table 20: Results of testing for ennichiuent of de novo wutations (DNMs) per gene, for

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



missense DNMs with Primate Al scores < 0.803. FDR corrected P-values are simmlarty provided. Counts of obser
proteia truncating (PTV) and ruissense DNMs are included, from just the DD cohort and frov the full weta-
analysis cohort. Stmtlar counts of observed and expected rnissense DNMs are also 1ocluded, fiestly when wocluding
ail missense DNMs, and secondly after removing all missense DNMs with a PrimateAl score < 0.803. Note this
table is provided in SupplementaryTabie20.txt and SupplementaryTable20Summary .tz
4063 Supplementary Table 21: Results from testing enrichment of de novo mutations in genes with FDR <
o (=] E=
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 nove mutations and once with only damaging missense mutations, are
inchuded. P-values when wweluding all ruissense sites, versus P-values after excluding low scoring ruissense sites are
& > & &

provided. Note this table 1s provided 1o SupplementaryTable2 Ltxt,

{3064} DatabileSTt: List of all variants present in other species. The ClinVar Significance column contains the

available non-conflicting ClinVar annotations. Note this table is provided in DataFileS1 txt.

{6045} DataFileS2: List of all fixed substitutions from related species pairs. Note this table 18 provided o

DataFileS2.ixt.

{0066} DataFileS3: List of withheld benign test variants IBS with primates. The benign test variants are non-

corninon human variants that are IBS with >=1 primate species. Note this table is provided in DataFileS3.txt.

{0067} DataFileS4: List of unlabeled variants IBS with primates matched to withheld benign test variants. The
unlabeled variants are matched with berugn test variants, for mutational rate, coverage biases and alignability with

primate species. Note this table 18 provided 1 DatalFileS4. it

{3068} Pathogenicity prediction_model: Code in Python programiing language that enables the techuology

disclosed according to one iruplementation. Note this code file 18 provided in Pathogenicity prediction_rodel txt.

FIELD OF THE TECHNOLOGY DISCLOSED

6069} The technology disclosed relates to artificial wtelligence type computers and digital data processing

systems and corresponding data processing methods and products for eroulation of intelhgence (i.e., knowledge

based systems, reasoning systems, and knowledge acquisition systems}; and including systems for reasoning with

uncertainty (e.g., fuzzy logic systems), adaptive systems, machine leaming systems, and artificial neural networks.

In particular, the technology disclosed relates to using deep learning-based techniques for training deep

convolutional nevral networks.

BACKGROUND
{6674} The subject matter discussed in this section should vot be assurned to be prior art merely as a vesult of

its mention 1o this section. Sumilarly, a problem meuntioned 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 aiso correspond to

1

implementations of the claimed technology.

Machine Learning
{0071} In machine learning input variables are used to predict au ouvtput vanable. The tuput variables are often
alled features and are denoted by X ={X;, X, ..., Xi}, where each X, 7 € 1, .., kis a feature. The output variable (s

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

Y= [ )+ e



72 [0 the equanon above, /s a function of the features (X1, X, .., X+ = s the random ercor tero.
8672 In the equanon above, /s a fimction of the features (X;, X5 Xy and € is the random ervor term
The ervor term is ndependeat of X and bas a mean value of zero.

72 [0 practice, the features X are available without having Y or knowing the exact relati etween X
8473 o practice, the features X are available without having Y or knowing the exact relation between X and

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

r=7=(
{8074} Tn the equation above, ]: is the estirnate of €, which is often considered a black box, meamng that
only the relation between the input and output of j} 1§ known, but the question why it works remains vnanswered.

[B075} The function f is found using learmug. Supervised leaming and unsupervised learning are two ways
used in machine learning for this task. In supervised learning, labeled data is used for training. By showing the
inputs aud the correspouding outputs (=labels), the function f is optimized such that it approximates the output. In
unsupervised learning, the goal is to find a hidden structure from unlabeled data. The algorithm has no measure of

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

Nemral Networks
{6076} i, 1A shows one implementation of a fully counected neural network with multiple layers. A neural
network is a system of intercounected artificial neurons {e.g., a;, a,, as) that exchange messages between each other.
The illustrated veural network has three woputs, two neurons in the hidden layer and two neurons in the output layer.
The hidden layer has an activation function f(®} and the output layer has an activation function g{®} The
conmections have numeric weights (e.g., Wiy, Wi, Wi Wiy, Wan, Wip Vi, Vou) that are tuned during the training
process, so that a properly trained network responds correctly when fed an image to recognize. The nput layer
processes the raw input, the hidden layer processes the output from the input layer based on the weights of the
conunections between the input layer and the mdden layer. The output layer takes the output from the hidden layer
and processes it based on the weights of the counections between the hidden layer and the cutput layer. The network
meludes multiple layers of feature-detecting nevrons. Bach layer has many neurons that respond to different
combinations of inputs from the previous layers. These layers are constructed so that the fiest laver detects a set of
primitive patterns s the input iimage data, the second layer detects patterns of patterns and the thixd layer detects
patterns of those patterns.
(00771 A survey of application of deep learning in genomics can be found in the following publications:
e T, Ching et al., Opportuuities And Obstacles For Deep Learning In Biology And Medicine,
www.biorxiv.org: 142766, 2017;
s Angermueller O, Parnamaa T, Parts L, Stegle O. Deep Learntog For Computational Biology. Mol Syst
Biol. 2016;12:87%;
e Park Y, Kellis M. 2015 Deep Learning For Regulatory Genomics. Nat. Biotechnol. 33, 825-826.
(doi:16.1438/mbt.331 3);
e  Min, 5., Lee, B. & Yoon, S. Deep Leaming {n Bioinforraatics. Bref. Bioimform. bbw068 (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
e  Libbrecht MW, Noble W5, Machine Learning Applications Ju Genetics and Genomics. Nature Reviews

Genetics 2015;16(6):321-32.



BRIEF DESCRIPTION QF THE DRAWINGS

078 In the dawings, like reference characters generally refer to like parts throughout the different views.

E o g
Also, the drawings are not necessaxily to scale, with an empbasis instead geuerally beiug placed upon illustrating the
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 newral network with multiple layers.
{0080} FIG. 1B depicts one implementation of workings of a convolutional neural network.
[0081] FIG. 1C depicts a block diagram of training a convolutional newral network in accordance with one

inplernentation of the techoology disclosed.

{3082} FIG. 18 is one implementation of sub-sampling layers (average/max pooling) in accordance with one
imnplerentation of the technology disclosed.

{6083} FIG. 1E shows one inpleraentation of a ReLU non-Buear layer 10 accordance with one

implernentation of the techoology disclosed.

[6084] FIG. IF depicts one implementation of a two-layer conveolution of the convolution layers.

[0085] FIG. 1G depicts a residual connection that reinjects prior information downstream via feature-map
addition.

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

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

[BO88] FEG. 1.4 ilhustrates the batch norualization transform at test time.

{6089} G, 1K shows the bateh nonmalization backward pass.

REDH FIG. 1R depicts use of 3 bateh normalization layer after and before a convolutional or densely

counected layer.

{6091} FIG. 1M shows one implementation of 1D convolution.

{6092} . 1N illustrates how global average pooling (GAP) works.

[3093] FIG. 10 illustrates dilated convolitions.

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

[0095] FIG. 1 shows an example computing environment in which the technology disclosed can be
operated.

{3096} G, 2 shows an example architecture of a deep residual network for pathogenicity prediction, referred

to herein as “Prirnate AL,

{8097} FBG. 3 depicts a schematic tlustration of PrivaateAl, the deep learning network architecture for
pathogenicity classification.

{3098] Fies. 44, 4B, and 4C are Supplemeuntary Table 16 that show exaraple rodel architecture detals of
the pathogenicity prediction deep learning model PrimateAl

[0099] FiGs. S 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. 8A and 8B are Supplementary Table 12 that show example model architecture details for the 3-
state solvent accessibility prediction deep learmning model.

[B0162] FIG. 8 depicts one unplementation of generating reference and alternative protein sequences from

bemgn and pathogenic variants.
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[B0143] FIG. 14 shows one mmplernentation of aligning reference and altematve protein sequences.
{60104} i, 11 is one vmplementation of geveratiog position frequency matrices (abbreviated PEFMs), also

alled position waight raatrices (abbreviated PWMs) or posttion-specific scoring matrix (abbreviated PSSM).

[00105] 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}.

{50307} G, 17 iHustrates a residual block.
{00108} FIEG. 18 depicts a neural network architecture of the secondary structure and solvent accessibility

subnetworks.

[0149] FIG. 19 shows a neural network architecture of the vagant pathogenicity classifier.
{60110} FB(:. 28 shows predicted pathogenicity score at each arniao acid position in the SCN2A geoe,

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. 21E 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.

{40113} FiG. 21F depicts comparison of classifiers at separating de novo missense variants in DD cases
versus controls. Wileoxon rank-sum test P valoes are shown for each classifier.

{30114} FEG. 22A shows envichment of de novo missense mutations over expectation w affected individuals
frora the DDD cohort within 603 associated genes that were signific

(P<0.05).

ant for de rovo protein trxacating vartaiion

[00115] FIG. 228 depicts distributions of PrimateAl prediction scores for de novo missense variants occurring
in DDD patients versus unaffected siblings within the 605 associated genes, with corresponding Wilcoxon rank-sum
P value.

{00116} FIG. 22C shows comparison of various classifiers at separating Je nove missense variants in cases
versus controls within the 605 genes,

{90117} FEG. 22D depicts comparison of various classifiers, shown on a receiver operator characteristic curve,

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

[B0118] FIG. 22E llustrates classification accuracy and area woder curve (AUC) for each classifier.
{30119} FiGes. 23A, 238, 23C, and 231 show impact of data used for training on classification accuracy.
[00120] FIG. 24 illustrates correcting for the effect of sequencing coverage on the ascertainment of common

primate variants.
[60121] FiIGs. 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 BLOSUMO62 and Grantham score matrices.
{40123} FiGs. 284, 288, and 28C show performance evaluation of the deep learning network PomateAl aud

other classifiers,

{30124} FiGs. 29A and 298 ilhustrate distribution of the prediction scores of four classifiers.
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[00125] FIGs. 384, 368, and 30C corapare the accuracy of the Primate Al network and other classifiers at
separating pathogenic and benign vanants in 605 disease-associated genes.

60126} FIGs. 31 A and 318 Ulustrate correlation between classifier perforaance on buman expert-curated
ClinVar variants and performance on empirical datasets.

[00127] FIG. 32 18 Supplementary Table 14 that shows performance of the 3-state secondary structure and 3-
state solvent accessibility prediction models on annotated samples from the Protein DataBank,

[00128] FIG. 33 18 Supplementary Table 15 that shows performance comparison of deep learning network
using annotated secondary structure labels of human proteins from DSSP database.

{40129} G, 34 is Supplementary Table 17 that shows the accuracy values on the 10,000 withheld primate
variants and the p-values for de nove variants in DD cases vs controls for each ofthe 20 classifiers we evaluated.
{40130} FBG. 35 is Supplementary Table 19 that shows coraparison of the perforrance of different classifiers

on de novo variants in the DIYD case vs control dataset, restacted to 605 disease-associated genes.

{40131} FB(:. 36 shows a coraputing environment of the disclosed semi-supervised leamer.

[60132] FIGs. 37, 38, 39, 40, and 41 show various cycles of the disclosed semi-supervised learning.

[00133] FIG. 42 is an illustration of the iterative balanced sampling process.

[00134] 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.

{30136} FIG. 45 shows one nnplernentation of horan orthologous missense SNPs. A missense SNP in a non-

human spectes that has matching reference and altermative codons with bumans.

{30137} FIG. 46 depicts one implementaton of classifying, as beuign, SNPs of 3 non-human prmate species
{e.z., Chimnpanzee} with matching reference codons with humans.

[60138] FIG. 47 depicets one iraplementation of calculatiog enrichment scores and comparing them.

{36139} . 48 depicts one implementation of the benign SNP dataset.

[0(140] FIGs. 494, 498, 49C, 49D, and 49E depict missense/synonymous ratios across the human allele
frequency spectrum.

[00141] FiGs. 504, 508, S8C, and 58D show purifying selection on missense variants identical-by-state with
other spectes.

{00142} FI1G, 51 shows expected missense:synonyroous rattos across the buman allele frequency spectrum in

the absence of purifying selection.

{40143} FiGs. 524, 528, 52C, and 82D depict muissense:synonymous ratios for CpG and non-Cp( variants.
[30144] FIGs. 33, 54, and 38 lustrate missenseisynonymous atios of human variants wdentical by state with
31X primates.

[00145] FIG. 36 18 a simulation showing saturation of new common missensc variants discovered by
increasing the size of the human cohorts surveyved.

[h0146] FIG. 537 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 it non-human prinates.

[00148] FIG. 59 is Supplementary Table § that shows effect of allele frequency on expected
DHSSENSEISYHONyIous ratio.

{30149} FIG. 66 1s Supplemeuntary Table 9 that shows ChinVar analysis.
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[B0150] FIG. 61 18 Supplementary Table 10 that shows the vumber of missense variaots from other species
found in ClinVar, according to one iraplementation.

[B0151] FIG. 62 18 Table | that shows one implementation of discovery of 14 additional candidate genes ©
inteliectual disability.

[00152] FIG. 63 18 Table 2 that shows one implementation of the mean difference in Grantham score between

pathogenic and benign variants in ClinVar.

[00153] FIG. 64 shows one implementation of per-gene enrichment analysis.
[00154] FIG. 65 shows one implementation of genome-wide enrichment analysis.
{0155} G, 66 is a simplified block diagrar of a computer system that cau be used to 1mplement the

technology disclosed.

BETAILED DESCRIPTION
[B0156] The following discussion is presented to enable any person skilled 1o the art to make and use the
techrniology disclosed, and is provided 1o the context of a particular application and its requirements. Vacious
modifications to the disclosed implementations will be readily apparent to those skilled 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 limited to the
implementations shown, but is to be accorded the widest scope consistent with the principles and features disclosed

herein.

futroduction

Convolutional Nenral Networks

[00157] A convolutional neural network is a special type of neural network. The fimdamental differenc
between a densely connected layer and a convolution layer is this: Dense layers learn global patterns in their input
feature space, whereas convelution 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 patterus.

{30158} Regarding the first, after learmug a certain pattern in the lower-right comer of a pictore, a convolution
layer can recognize 1t auywhere: for example, in the upper-left corner. A densely connected network would have to
learn the pattern anew if it appeared at a new location. This makes convolutional neural networks data efficient
because they geed fewer teatniog samples 1o leam representations they have generalization power.

[B0159] Regarding the second, a first convolution layer can learn small local patterns such as edges, a second
convolution layer will learn larger patterns made of the features of the first layers, and so on. This allows
convolutional neural networks to efficiently learn increasingly complex and absiract 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 convolutional layers, interspersed with one or more sub-sampling layers and non-linear layers
which are typically followed by one or more fully connected layers. Hach element of the convolutional neural
uetwork receives iuputs from a set of features 1n the previous layer. The convolutional neural network learns
concurrently because the neurons in the same feature maep have identical weights. These local shared weights reduce
the complexity of the network such that when multi-dirnensioual input data enters the vetwork, the convolutional
neural vetwork avoids the complexity of data reconstruction 1o feature extraction and regression or classification

PrOCess.



i
{0061} Convolutions operate over 3D tensors, called feature maps, 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 is 3, because
the irnage has three color channels; ved, green, and blue. For a black-and-white picture, the depth is | (levels of
grav}. The convolution operation extracts patches from its input feature map and applies 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 po 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 could encode the concept “presence of a face in the
input,” for instance.
{80162} For example, the first convolotion layer takes a feature map of size {28, 28, 1} and outputs a featore
niap of size (26, 26, 32} it computes 32 filters over its input. Each of these 32 output channels contains & 26 x 26
grid of vahies, which 1s a response map of the filter over the wput, mdicating the respounse of that filter pattern at

S
i

different locations in the 1aput. That is what the terem feature mayp reeans: every divaension in the depth axis is a
feature {or filter), and the 2D tensor output [, &, n} is the 2D 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 output 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.

{30164} A convolution works by sliding these windows of size 3 x 3 or 5 x 5 over the 3 input feature wap
stopping at every location, and extracting the 3D patch of surrounding features (shape (window_height,

window width, wnput_depth}). Fach such 3D pateh is ten transformed (via a tensor product with the same learned
weight matrix, called the convolution kernel) into a HE vector of shape (output_depth,). All of these vectors are then
spatially reasserbled into a 3B output map of shape (height, width, output_depth). Bvery spatial location 1o the
output feature map corresponds to the same location in the input feature yaap (for exaraple, the lower-oght comer of
the output contains information about the lower-right corner of the input). For instance, with 3 x 3 windows, the
vector output {1, j, ] comes from the 3D patch input [i-1: i+1, j-1:3+1, 1. The full process is detailed in FIG. 1B.
[00165] The convelutional neural network comprises convolution layers which perform: the convolution
operation between the input values and convolution filters (mairix of weights) that are learned over many gradient

update iterations during the trawing. Let {m, 1) be the filter s1ze and ¥ be the matrix of weights, then a convolution

layer performs a convolution of the # with the nput X by caleulating the dot product W« x + 5, where v is an
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 filter axea (m # n) s called the veceptive field. A saroe convolution filter is applied across different
positions of the input, which reduces the number of weights learned. It also allows location invariant learniog, i.e., if

an important pattern exists in the input, the convolution filters learn it no matter where it is in the sequenc

Training a Convolutional Neural Ketwork

[00166] FIG. 1C depicts a block diagram of traiming a convolutional neural network in accordance with one

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

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

approaches the ground truth.



12

[00167] The couvolutional neural uvetwork is tratned by adjusting the weights between the neurons based ou the

difference between the ground taxth and the actual output. This is mathernatically descabed as:

Aw =x0
7 i

[00168] In one implementation, the training rule is defined as:

Wom € Wi "‘E" [e4 (zm - @m) iy

{40169} In the equation above: the arvow 1odicates an update of the value; Lo is the target value of neuron #2 ;
@m is the computed current output of neuron F? ; (. isinput #2; and ¢ is the learning rate,

{40170 The intermediary step in the training includes generating a feature vector from the input data using the
convolution layers. The gradient with respect to the weights 1n each layer, starting at the output, is calculated. This 18
referred to as the backward pass. or going backwards. The weights in the network are updated using 2 combination
of the negative gradient and previous weights.

{60171} In one implerpentation, the convolutional veural 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 described below:

. 1
p=f{h) =
f+e™”
{00172} Inn the sigmoid function above, His the weighted sum computed by a neuron. The sigmoid function

has the following denvative:

op
O

=g(l-9)

[00173] The algorithi includes computing the activation of all neurons in the network, yielding an output for

the forward pass. The activation of neuron 7 in the hidden layers is described as:

=g adw
m et

{30374} This 1s done for all the hidden layers to get the activation described as:

i
{,Z) s J—
k E+€hk

[00175] Then, the error and the correct weights are calculated per layer. The error at the output is computed as:
o, ={t, ¢, yw, (1-@
ok {A gk:}k( k>

{80176} The error in the hidden layers is calculated as;

5}1 m - Pm (-p m) ; mGﬁa k
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{60177} The weights of the output layer are updated as:
Vi €—Vmk -+ QO olc{Pm
{30178} The weights of the bidden layers are updated using the learmng rate ¥ as:

Vi €—Wnm +QO hmin

{60179} In one 1mplerpentation, the convolutional neural network uses a gradient descent optiymzation o
compute the error across ail the layers. In such an optinvization, 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. 7 (§, ¥). The predicted output §
is transformed from the input feature vector x using function f. Function f'is parameterized by the weights of
convelutional neural network, 1.e. § = £, (x}. The loss funetion is described as £ (3, 3} = 1 (f, (xh p). or

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

by updating the weights according to:
1 &
Vivi= pgVi— 00— z V'WtQ(Zr,’Wr)
e "

Wiri=Wi+Vi+
{40180} In the equations above, £X is the learning rate. Also, the loss is computed as the average over a set of
#1 data pairs. The computation is terminated when the learning emte (¥ is small enough upon linear convergence. In
other implementations, the gradient is caleulated using only selected data pairs fed to a Nesterov’s accelerated
gradient and an adaptive gradient to inject computation efficiency.
{40181} n one mmplementation, the convolutional neural network uses a stochastic gradient descent (SGD) to
caleulate the cost function. A SGD approximates the gradient with respect to the weights in the loss function by

computing it from only one, randomized, data paix, Z:. described as:

Viov= gV~ VwQO{(zr, wi)
Wii=Wi+ Vi

[00182] In the equations ahove: £F is the iearning rate; ,U is the momentum; and { is the current weight state

before updating. The convergence speed of SGD is approximately Q {1 ! ) when the learning rate & are

reduced both fast and slow enough. In other implementations, the convohitional neural 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.

Convolution Eavers

[00183] The convelution layers of the convolutional neural network serve as feature extractors. Convolution
layers act as adaptive feature extractors capable of leaming and decomposing the input data into hierarchical
featuxes. In one implernentation, the convolution layers take two images as woput and produce a thied iruage as
output. fo such an implementation, convolution operates on two images i two-dimension (2D), with one 1mage

«

geme

,)s

beiang the input image and the other 1mage, called the , applied as a filter on the wput image, producing an

cto

output image. Thus, for an input vector fof length # and a kernel g of length m, the convolutionf *gof fand g is

defined as:
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(f*e)iy="2 g(jy-fli=j+m/2)

j=1
{60184} The convolution operation inciudes sliding the kernel over the input image. For each position of the
kernel, the overlapping vahues of the keroel and the loput image are multiphied and the results 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 keraels are called feature maps.
[00185] Onee the convolutional layers are trained, they are applied to perform recognition tasks on new
inference data. Since the convelutional layers learn from the training data, they avoid explicit feature extraction and
implicitly learn from the training data. Convolution layers use convolution filter kernel weights, which are
determined aud updated as part of the tratning process. The convolution layers extract different features of the input,
which are combined at higher layers. The convolutional neural network uses a various number of convolution layers,

each with different convolving parameters such as kernel size, staades, padding, number of feature yaaps and

Sub-Sampline Lavers

{00186} FIG. 1D is one implementation 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 malke the extracted features or feature maps- robust against noise and distortion. In one implementation, sub-
sampling layers employ two types of pooling operations, average pocling and max pooling. The pooling operations
divide the input into non-overlapping two-dimensional spaces. For average poobing, the average of the four values 1o
the region is calculated. For max pooling, the maximum value of the four vahues is selected.

{40187} In one implernentation, the sub-sarapling layers taclude pooling operations on a set of nevrons in the
previous layer by mapping its output to only one of the inputs in max pooling and by rmapping s output to the
average of the input in average pooling. In max pooling, the output of the pooling neuron is the maxinmum value that

resides within the input, as described by:

.= max{@. @-... Pv)

{00188} In the equation above, N is the total number of elements within a neuron set.
[00189] In average pooling, the output of the pooling neuron is the average value of the input values that reside

with the wput neuron set, as described by

, i
P Z P

n=1

{40194} In the equation above, N is the total number of elements within input neuron set.
{00191} In FIG. 1D, the inputis of size 4 x 4. For 2 % 2 sub-sampling, a 4 x 4 tmage is divided into four non-
overlapping matrices of size 2 ¥ 2. For average pooling, the average of the four values is the whole-integer output.

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

{60192} FIG. 1E shows one inplersentation of non-linear layers o accordance with one impleraentation of the
technology disclosed. Non-linear lavers use different non-linear trigger functions to signal distinct identification of
likely features on each hidden layer. Non-linear layers use a variety of specific functions to implement the non-

linear triggering, including the rectified Hnear units (ReLUs), hyperbolic tangent, absolute of hyperbolic tangent,
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sigrooid and continuous trigger (von-linear} functions. In one uplementation, a Rel.U activation implements the
function y = max(x, ) and keeps the juput and output sizes of a layer the sayue. The advantage of using RelU is that
the convolutional neural network is teatned many times faster. ReLl] {8 a non-continuous, non-saturating activation
function that is linear with respect to the input if the input values are larger than zero and zero otherwise.
Mathematically, a ReLU activation function is described as:

@{(h)=max{#,0)

it h>0
P =1 4 i h<0

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

which 18 & continuous, non-s:

urating function described by:

p{h)y={a+Dbh)"
[00194] In the equation above, ¢, & and ¢ are parameters controiling the shift, scale and power respectively.
The power activation function is able to yield » and y-antisymmetric activation if ¢ s odd and y-symmetric

activation if ¢ 18 even. In sorae implementations, the unit yields a non-rectified lincar activation.

[30195] In yet other implementations, the convolutional neural network uses a sigmoid unit activation function,
which is a continuous, saturating function described by the following logistic function:
Ve h . E
p{h)=

1+e
{00196} In the equanion above, [f = 1. The sigmoid anit activation fimetion does not vield negative activation

and is only antisymmetric with respect to the y-axis.

Convelution Examples

[60197] FIG. 1F depicts one implementation of a two-layer convolution of the couvolution layers, Jo FYG. 1F,
an input of size 2048 dimensions is convolved. At convolution |, the tnput is convolved by a convolutional laver
comprising of two channels of sixteen kernels of size 3 x 3. The resulting sixteen feature maps are then rectified by
means of the ReLU activation function at ReLUI and then pooled in Pool 1 by means of average pooling using a
sixteen: channel pooling layer with kernels of size 3 x 3. At convolution 2, the output of Pool 1 s then convolved by
another convolutional layer comprising of sixteen channels of thirty kernels with a size of 3 ¥ 3. This is followed by
yet another RelL U2 and average pooling in Pool 2 with a kemel size of 2 % 2. The convolution layers use varying
number of strides and padding, for example, zero, one, two and three. The resulting featore vector s five hundred
and twelve (512} dirnensions, according o one implernentation.

{00198} In other implementations, the convolutional neural network uses different oumbers of convolution
layers, sub-sampling layers, non-linear layers and fully connected layers. In one iroplernentation, the convolutional
neueal network 18 a shallow network with fewer layers and wove neurons per layer, for example, oue, two or three
fully connected layers with hundred (100) 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 layer, for example, five (5},

six {6) or eight (8} fully connected layers with thirty (30) to fifty (50) neurons per laye



i6

Forward Pass

30199 The output of a neuron of row x, column y in the 7 convolution layer and &" feare map for /nuraber
Y y

of convolution cores in a feature map is determined by the following equation:

() Mixir,xe

)fff} = tanh (Zd Z ZJ W kD )-(’-L L B aS{l,k})

=0 o=0
(00200} The output of a neuron of row x, colunmm y in the /* " Sub- -sample layer and K feature map 1s deteraoed

by the following equation:

5

O = tanh(ﬂ’mz z ()i"" LA sy Bias™)

(xS ,yxs
=0 =0

{40201} The output of an 7 newron of the I output layer is determined by the following equation:

O, . =tanh (Z 0, W+ Bias"

.0 LGN
_(}
Backpropagation
{40282} The output deviation of & #" neuron in the output layer is deterrmued by the following equation:
O =y,
{60283} The input deviation of 2 & seuron in the output layer is determined by the following equation:
oy f < _— 74 A )
Ay =(y, ~t)9'(v)=¢'(v, ‘)d(Ok')
{40204} The weight and bias variation of 2 k" neuron in the output layer 13 determuoed by the following
equanon:
PG ] oN .,
A Wk)’ ) = dl(lk )""7&)_’
ABias?y=d{I°)
[00205] The output bias of a & neuron in the hidden layer is determined by the following equation:
o <B4
dOHy=S dunw
k ot ML
i=0 i
[B0206] The input bias of a £ neurcen in the hidden layer is determined by the fo ollowing equation:
f )/ 3
HY i O
d(1}) = (v,)d(0")
[B0247] The weight and bias vagation inrow x, column y ina ™ feature map of a prior layer receiving input

from & neurons in the hidden iaver is detetnined by the following equation:

AW “d””ﬁkv

ABiasly=d({")

[B0248] The output bias of row x, column y in 3 m™ feature niap of sub-sample layer § is determined by the

following equation:
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()5 R ) }h‘d(!m o) H‘l/

mx,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;

ATy =g (v )OS

{00214} The weight and bias variation in row x, columm y in a m™ feature map of sub-sample layer § and
convolution layer C is determined by the following equatiow:
./I
Z,
A= s aasn 0%
1/:0 ' VI j R
m
s asmN
ABias” ") = aosr i
x=0 y=0
{00211} The output bias of row x, column y in a & feature map of convolution layer € is determined by the

following equation;
Ok S ik
dOSHY = d([5, W

{40212} The input bas of row x, colvron y W a &7 featare map of convolution layer C is determined by the

following equatior:

@'(v)d(O,

a . : P by i : b _— h :
[60213] The weight and bins variation in row r, colaran ¢ in an m" convolution core of a £ feature wmap of I

coovolution layer O

o fw
[\H/;lc(,m — Z d( I;‘:L)O/---l,m
> x+r, ydc
x=0 y=0 e
o
N (_’/’ Il Wl Ul E ‘:‘ k
ABias“" ) = Z 2_4 d{i0)
x= =0 )
Residual Counpections
[00214] FIG. 1G depicts a residual connection that reinjects prior information downsiream via feature-map

addition. A residual connection comprises reinjecting previous representations into the downstream flow of data by
adding a past output tensor to a later output tensor, which helps prevent information loss along the data-processing

1,

flow. Residual connections tackle two comumon problems that plague any large-scale deep-learning model:
¥ & Y o 5

vamshing 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 shortcut (o a sequential network.
Rather than being concatenated to the later activation, the earlier output is sumumed with the later activation, which
assumes that both activations are the same size. If they ave of different sizes, a linear transformation to reshape the
earlier activation into the target shape can be used. Additional information about residual connections can be found
in K. He, X. Zhang, 5. Ren, and J. Sun, “DEEP RESIDUAL LEARNING FOR IMAGE RECOGNITION,”

arXiv:1512.03385, 2015, which is hereby incorporated by reference for all purposes as if fully set forth herein.



I8

Residuasl Leasrning and Skin-Conseclions

{40215} . 1H depicts one implementation of residual blocks and skip-connections. The waio idea of
residual fearning is that the residual mapping is nwch easier to be learned than the original mapping. Residual
network stacks a number of residual units to alleviate the degradation of training accuracy. Residual blocks make
use of special additive skip conunections 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 nop-linearities. At the end of the block, the two streams are merged using an
elernent-wise sum. The main advantage of such coustructs is to allow the gradient to flow through the network more

easily. Addivonal information about residual biocks aud skip-conuections can be found in A. V. D, Cord, S,

Dieleraan, H. Zen, K. Sirsonyan, O. Vinyals, A. Graves, N. Kalchbrenner, A. Senior, and K. Kavukeuogly,
“WAVENET: A GENERATIVE MODEL FOR RAW ALUDIO,” arXiv: 1609.03499, 2016.
{00216} Benefited from residual network, deep convolutional neural networks {CNNs) can be eastly trained

and improved accuracy has been achieved for image classification and object detection. Convolutional feed-forward
- . o ln‘h 1 - , th . N - P ) i}

networks connect the output of the 1 tayer as input to the {/+ 1" layer, which gives tise to the following layer

transition: x, =, (¥, ;). Residual blocks add a skip-connection that bypasses the nou-linear transformations with

an dentify function:

' Y+ X, _, . An advantage of residual blocks s that the gradient can flow directly
through the identity function from later layers to the earlier layers. However, the identity function and the output of

H, are combined by summation, which may impede the iuformation flow in the network.

Dilated Convolutions

[B0237] FIG. 10 illustrates dilated convolutions. Dilated convohitions, sometimes called atrous convolutions,
which fiterally means with holes. The French name has i3 origins 1n the algorithine & trous, which computes the fast

dyadic wavelet transfor

3. In these type of convelutional layers, the inputs corresponding to the receptive field of the
filters are not neighboring poiats. This is tlustrated 1 FEG. 143, The distance between the inputs is dependent on the

dilation factor.

Wavelet
{40218} The WaveNet is a deep neural network for generating raw avdio waveforms. The WaveNet

distinguishes itself from other convolotional networks since 1t is able to take relatively large “visual fields” at low
cost. Moreover, 1t 18 able to add conditioning of the signals [ocally and globally, which allows the WaveNet to be
used as a text to speech {TTS) engine with multiple volces, is the TTS gives local conditioning and the particular
voice the global conditioning.

[60219] 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 FEG. §1P. To obtain
the same receptive field with dilated convolutions in this figure, another dilation layer 1s required. The stacks are a
repetition of the dilated convolutions, connecting the outputs of dilated convolution layer o a single output. This
enables the WaveNet to get a large “visual’ field of one cutput node at a relatively low computational cost. For
conrparison, to get a visual field of 512 wputs, a fully convolutional network (FCN) would require 511 layers. In the
case of a dilated convolutional network, we would need eight layers. The stacked dilated convolutions only need

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

using binary encoding of the ¥ bits.

Network tvype  No.stacks  No. weights per channel Total No. of weights
FCN 1 26.10° 2.6.10°
WN 1 1022 8176
WN 2 1022 8176
WN 4 508 4064
{00228 The WaveNet adds a skip connection before the residual connection is made, which bypasses all the

following residual blocks. Each of these skip connections is summed before passing them through a series of

activation functions and couvolutions. ntuitively, this is the sum of the wformation extracted m cach layer.

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 variance of the data seen duning training. The main effect of batch nonmalization 18 that it helps

with gradient propagation — much like residual counections - aud thus allows for deep networks. Some very deep

networks can only be trained f they 1oclude 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 INTERNAL 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
conrvolutional 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 an axis argument, which specifies the feature axis that should be normalized. This argument defaults to -

the last axas in the input tensor. Thas is the correct value when using Dense layers, ConviD layers, RNN layers,

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

)

data_format set to “changels_first”, the

£

featirces axis is axis |; the axis arguroent 10 BatchNowmmalization cao be set to

[60223] 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
wralized over all locations, rather than per activation.

[00224] The internal covariate st ft is the major reason why deep architectures have been notoriously slow to
train. This stems from the fact that deep networks do not only bave to learn a new representation at each layer, but

also have to account for the chiange 1o thetr distribution.



[00225] The covariate shift in geoeral is a knowa problem in the deep learning domain and frequently ocoues 1o
real-world probleras. A common covanate shift problera 1s the difference in the distribution of the training and test
set which can lead 1o suboptirnal generalization performance. 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 traimng. 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 normalize the

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

oue.
Forward Pass
[00227] During the forward pass, the mini-batch 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
scaled and shifted with the learned scale and shift parameters. The batch normalization forward pass [, is
depicted in FIG. 1L

{00228} In FiIG, 1, My is the batch mean and 0“["; 18 the batch variance, respectively. The leared scale and
shift parameters are denoted by v and §, respectively. For clarity, the batch normalization procedure 15 deseribed
tierein per activation and omit the corresponding indices.

{40229} Sinee normalization is a difterentiable trausform, the errors are propagated 1uto these learned

parameters and are thus able to restore the representational power of the network by learning the identity transforra.
Conversely, by leaming scale aud shift parameters that are identical to the corresponding bateh statistics, the batch
norraalization transforyo would bave no effect on the network, (f that was the optimal operation to perforn. At test
time, the batch mean and variance are repiaced by the respective population statistics since the input does not
depend on other samples from a mini-batch. Another method is to keep running averages of the batch statistics
during training and to use these to conipute the network output at test time. Af test timne, the batch normalization
ransform can be expressed as tlustrated in FIG. 1. In FIG. 1), &, and O‘f) denote the population raean and

variance, rather than the batch statistics, respectively.

Backward Pass

{30236} Since novraalization is a differentiable operation, the backward pass can be coraputed as depicted

FIG. 1K
1D Convolution

[00231] 1D convolutions extract local 1D patches or subseguences from sequences, as shown in FIG. 1M, 1D

convolution obtains each output timestep from a temporal patch in the input sequence. 1D convolution layers
eccognize local patters 1n a sequence. Because the same wput transformation is performed on every pateh, a pattern
learned at & certain position in the wput sequences can be later recognized at a different position, making 1D

convolution layers trapslation invartant for temporal translations, For instance, a 1D convolution layer processing

.

sequences of bases ustag convolution windows of size 5 should be able to learn bases or base sequences of length



>

or less, and it should be able o recognize the base motifs in any context in an nput sequence. A base-level (D

coovolution is thus able to learm about base morphology.

Global Average Ponling

{00232} 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 overbitting issves. Global average pooling applies a structural
prior to the model and it is equivalent to hnear 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 pararaeter and counecton intensive layers, and global average pooling provides rouch lower-cost approach to
achieve stmilar results. The main idea of global average pooling s to generate the average value frora each last layer
feature map as the confidence factor for scoring, feeding directly into the softmax layer.

[00233] Global average pooling have three benefits: (1) there are no extra parameters in global average pooling
lavers thus overfitting is avoided at global average pooling layers; (2) since the output of global average pooling is

1

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 pooling very useful o model compression.

{40234} Global average pooling makes sease, since stronger features in the last layer are expected to have a
higher average value. Tn some tmplementations, global average pooling can be used as 2 proxy for the classification
score. The feature maps vader global average pooling can be nterpreted as confidence maps, and force
correspondence between the feature yuaps and the categories. Global average pooliog can be particularly effective if
the last layer features are at a sufficient abstraction for direct classification; however, global average pooling alone is
not enougl 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

{30235} Genetic variations can help explain many diseases. Bvery human beiug bas 2 unigue genetic code and
there are fots of geoetic variants within a group of judividuals. Most of the deletertous genetic variants have been
iepleted frora genomes by natural selection. It is importaot to ideutify which genetics variatious are likely o 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

{30236} Modeling the properties and functional effects {e.g., pathogenicity) of variants is an important but
challenging task in the ficld 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 transcription regulation systers.

{90237} Advances in biocchemical tectinologies over the past decades bave given rise to next generation
sequencing (NGS) platforms that quickly produce genomie data at uch lower costs than ever before. Such
overwhelmingly large vohumes of sequenced DNA reroato difficult to asnotate. Supervised machine learving
algouthros typically perforay well when large amounts of labeled data are available. In bioinformatics and many
other data-tich disciplines, the process of labeling tnstances s costly; however, unlabeled instances axe 1nexpensive

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



unlabeled data 1s substantially larger, semi-supervised learmning represents a cost-effecuve alternative to yaanual
labeling.

[B0238] Au opportugity arses to use semi-supervised algorithms to construct deep learniog-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 neural networks have evolved with the availability of large traimug datasets, the power
of parallel and distributed computing, and sophisticated training aigonthms. Deep neural networks have facibitated
nmgjor advances in numerous domains such as computer vision, speech recognition, and vnatural language processing.

{00244} Convolutional neural networks (1

[Ns} and recurrent neural networks {RNNs) are cornponents of deep
neural vetworks. Couvolutional neural networks have succeeded particularly i image recoguition with an

architecture that comprises convolution lavers, nonlinear layers, and pooling layers. Recurrent neural networks are

o

egigned 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 imited contexts, such as deep spatio-temnporal neural networks, multi-dimensional
recurrent neural networks, and convolutional auto-encoders.

{00241} The goal of training deep neural networks is optimization of the weight parameters in each layer,
which gradually combines sirupler features into complex features so that the most suitable hierarchical
representations can be learned from data. A single cycle of the optimization process s organized as follows. First,
giveun a training dataset, the forward pass sequentially coraputes the output in each layer and propagates the function
signals forward through the network. In the final output layer, an objective loss function weasures ervor between the
inferenced outputs and the given labels. To minimize the training error, the backward pass uses the chain rule to
backpropagate error signals and compute gradients with respect to all weights throughout the neural network.

1

Finaily, the weight parameters are updated using optimization algorithms based on stochastic gradient descent.

1

atch gradient descent performs parameter updates for each coniplete dataset, stochastic gradient descent

Whereas b
provides stochastic approximations by performing the updates for each small sct of data examples. Several
optimization algorithros stem from stochastic gradient descent. For exaniple, the Adagrad and Adam traimug
algorithims perform stochastic gradient descent while adaptvely ruodifying learning rates based ou update frequency
and moments of the gradients for each parameter, respectively.

00242} Auother core element in the raming of deep neural vetworks is regulanzation, which refers to
strategies intended to avoid overfitting and thus achieve good generalization performance. For example, weight
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 networks called rnnDrop have been proposed. Furthermore, batch
normalization provides a new regularization method through normalization of scalar features for each activation
within 3 mini-batch and learning each mean and variance as parameters.

{40243} Given that sequenced data are muiti- and high-dimensional, deep nevral networks have great promise
for bioinformatics research because of their broad applicability and enhanced prediction power. Convolutional

neural vetworks have been adapted to solve sequence-based probleras n genomics such as motif discovery,



pathogenic variant identification, and geoe expression inference. Convolutional neural networks use a weight-
shariag strategy that is especially useful for studyiog DINA because it can capture seguence motifs, which are short,
recurring local patteras to DNA that are presumed to have significaut biological functions. A hallreark of
convolutional neural networks is the use of convolution filters. 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 nput data to the informative representation of knowledge. In this
sense, the convolution filiers 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 nevral networks can
capture [oug-range dependencies in sequential data of varying lengths, such as protein or DNA sequences.
[30244] Therefore, a powerful computational model for predicting the pathogeunicity of variants can have
enorimous benefits for both basic science and trauslational research,
[0245] Common polyroorphisyos represent natural expetiments whose fituess has been tested by generations
of natural selection. Comparing the allele frequency distributions for human misseuse and synonymous
substitutions, we find that the presence of a missense variant at high allele frequencies in a non-human primate
specics reliably predicts that the variant is also under neutral selection in the human population. In contrast, common
variants in more distant specics experience negative selection as evolutmnary distance increases.
{00246} We employ common 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 lneage contaius sufficient comruon vartation to systematically model the effects of most
human variants of unknown sigmficance.
{90247} The buman reference genome harbors more than 70 million potential protein-altering missense
subsgtutions, the vast majoxity of which are rare mtanons whose effects on human health bave not been
characterized. These vaciants of uoknown significauce present a challenge for genome interpretation i clindeal
applications, and are a roadblock to the long tenm adoption of sequencing for population-wide sereening and
individualized medicine.
[00248] Cataloguing comrnon variation across diverse human populations is an effective strategy for
identifying clinically benign variation, but the common variation available in modern day humans is limited by
bottleneck 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 time for neutral polyruorplisms w the human population s a
fraction of the species’ divergence time, beuce, naturally ceeurring chimpanzee vananon largely explores
wmutational space that {s non-overlapping with tunan vanation, aside from rarve instances of haplotypes maintained
by balancing selection.

[00249] The recent availability of aggregated exome data from 60,706 humans enables us to test this
hypothesis by comparing the allele frequency 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 mtational rate using trinucleotide context, but at higher allele frequencies the number of observed niissense
variants decreases duge 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 < 8.1% are muldly deleterious, that is, netther pathogenic enough to warrant immediate
removal from the population, nor nevtral encugh to be atlowed to exist at high allele frequencies, consistent with

poor observations on more lunited population data. These findmgs support the widespread erapirical practice by



diagnosue labs of filtering out vaxiaots with greater than 0.3 %~1% allele frequency as likely benign for penetrant

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

effects.
[00256] Repeating this analysis with the subset of human variants that are identical-by-state with conmmon

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 sicve of natural
selection in chimpanzee, and their neutral impact on fitness in human populations provides compelling evidence that
the selective pressures ou muissense vartants are highly concordant in the two species. The lower

missensesynonymous ratio ohserved in chimpanzee 1§ cousistent with the larger effective population size in

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

{00251} o contrast, rare chirapaazee variaats (observed ouly once i chimpanzee population sequencing} show
a modest decrease in missense:synonyraous rano at higher allele frequencies. Stmulating au 1dentically sized cobort
from human variation data, we estimate that only 64% of the varants observed once in a cohort of this size would
have an allele frequency greater than §.1% in the general population, compared to 99.8% for the variants seen
muitiple times in the cohort, indicating that not all of the rare chimpanzee variants have been through the sieve of
selection. Overall, we estimate that 16% of the ascertained chimpanzee missense variants 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 buman variants that are identical-by-state with vanation observed 1o other nou-
human primate species (Bouobo, Gorilla, Omngut;m, Rhesus, and Mammoset). Stailar to chimpanzee, we observe
that the ruissense:synouymous ratios are roughly equivalent across the allele frequency spectrum, other than a shght
depletion of missense vaviation at high allele frequencies, which would be anticipated due to the inclusion of 2 small
number of rare vagaots {(~3-15%). These results ioply that the selective forces on raissense vanants are largely
coocordant within the pumate Hoeage at least out to new world reonkeys, which are estimated o have diverged frox
the human ancestral lineage ~35 million years ago.
[00253] Human missense 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 buman variants with primate orthologs are approximately 95% likely to be annotated as Benign or
Likely Beuign in ChaVar, cornpared to 45% for missense vartation in geueral. The small fraction of ClinVar
variants that are classified as pathogenic from non-hvman prmates is coruparable to the fraction of pathogenic
ClinVar variants that would be observed by ascertaining rare variants from a similax sized cohort of healthy humans.
& substaatial fraction of these variants annotated as Pathogenic or Likely Pathogenic judicate that receitved thei
classifications poor to the advent of large allele frequency databases, and might be curated differently today.
[00254] The ficld of human genetics has long relied upon model organisms to infer the clinical impact of
human mutations, 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 species, we extend our analysis beyond the primate
lineage to include largely common variation from four additional mammalian species (fuouse, 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, indicating that a substantal fraction of comunon missense variation in

more distant species would experience negative selection i hurnan populations. Nonetheless, the observation of 2
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nyissense variant in more distant vertebrates still 1ncreases the likelithood of bemgn consequence, as the fraction of
coanmon ymssense variants depleted by natieal selection ts far less than the ~350% depletion for huynan missense
variants at basehue. Consistent with these results, we find that human raissense variants that have been observed in
mouse, dog, pig, and cow are approximately 85% 1ikely 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 at 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

variation is depleted at common allele frequencies compared to rare allele frequencies, indicating that a substantial

fraction of wuter-species tixed substitutions would be non-neutral in buman, even within the primate lineage. A

comparison of the magnitude of missense depletion 1ndicates that inter-species fixed substitu

ons are signiBeantly
less newvtral than within-species polymorphisms. Intaguingly, intex-species vanaton between closely related
manmals are vot substantially more pathogenic in ClinVar (83% likely to be annotated as Benigo or Likely Benign)
compared to within-species common polymorphisiis, suggesting that these changes do not abrogate protein
funection, but rather reflect tuning of protein function that confer species-specific adaptive advantages
[00256] The large number of possible variants of unknown significance and the crucial importance of accurate
variant classification for clinical applications has inspired multiple attemipts to tackie the problem with machine
learning, but these efforts have largely been limited by the insufficient quantity of common human variants and the
dubious quality of annotations i curated databases. Variation from the six non-human primates contributes over
300,000 uwigue missense variaats that are non-overlapping with common huuan variation aud largely of benign
consequence, greatly enlarging the size of the trammug dataset that can be vsed for machine leaming approaches.
{60257 Unlike earlier models which employ a large oumber of hursan-engioeered features and meta-
classiBers, we apply a simple deep learming residual network which takes as juput only the amino acid sequence
flankiag the vagaot of interest and the orthologous seguence 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 leamning 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 learping to overcore the problem of the training set contmumg only variants
with benign labels, by iuitially training an ensemble of networks 1o separate likely benign primate variants versus
randor unkuown variauts that are muatched for mutation rate and sequencing coverage. This ensemble of networks
is used to score the complete set of unkuown variants and influence the selection of unkoown vaxiaats to seed the
next iteration of the classifier by blasing towards unknown variants with more pathogenic 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 randomly picked missense variants
that were matched to the 10,000 held-out primate common variaats by mutational rate, and used that threshold to

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



thaa the other classifiers on this independent validation dataset, usiog either deep learning networks that were
ratned only on hwman coramon vadaots, or using both human coramon vagaots and primate variants.
{00260} Recent trio sequencing studies have catalogued thousands of de nove mutations 1n 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 learming
method trained on primate variants {p ~ 10'33) performed far better than the other classitiers (p ~ 1046 16 on

this clinical scenario. From the ~1.3-fold enrichment of de novo missense variants over expectation previously

reported for this cobort, and prior estiraates that ~20% of missense variants produce loss-of-function effects, we

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

still has room for improvement.

{60261} The accuracy of the deep ]eaming classifier scales with the size of the training dataset, and variation
data from each of the six primate species independently coniributes to boosting the accuracy of the classifier. The

large numnber 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 lineage, suggests systematic primate
population sequencing as an effective strategy to classify the millions of human variants of unknown sigpificance
that currently limit clinical genome interpretation. Of the 504 known non-human primate species, roughly 60% face
extinction due to luating and habitat loss, motivating urgency for a worldwide conservation effort that would

cnefit both these unique and irreplaceable species and our own.
{90262} Although not as wuch aggregate whole genome data 1s available as exome data, bmiting the power to
detect the wnpact of natueal selection o deep intronic regions, we were also able to caleulate the observed vs
expected counts of cryptic sphee mutations far from exonic regions. Overall, we observe a 60% depletion in eryptic
splice mutations at a distance > 50at from 20 exon-intron boundary. The attenuated signal {8 hkely a commbination of
the smaller sampie size with whole genome data compared to exome, and the

greater difficulty of predicting the

=

impact of deep intronic variants.

Terminglogy

{90263} Al literature aud similar waterial cited in this application, including, but uot limited to, pateuts, patent
applications, articles, books, treatises, aud web pages, regardiess of the format of such literature and sumilar
waterials, are expressly incorporated by reference in thetr entivety. In the eveunt that oue or more of the incorporated
literature and similar matenials differs from or contradicts this application, including but not limited to defined

terms, terim 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 ferms “protein” and “translated sequence” interchangeably.

{80267} This application uses the terms “codon” and “base triplet” interchangeably.

{40268} This application uses the terms “amino acitd” and “translated umt” nterchangeably.

{90269} This application uses the phrases “vaniant pathogenicity classifier”, “convolutional neural network-

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

classification” interchangeably.



{60270} The terra “chromosome” refees to the beredity-bearing gene carner of a living cell, which is derived

from chromatin strands comprising DNA and protein coraponeuts {especially histones). The conventional
interaationally recognized individual human genoroe chroraosome numbering systern 18 employed herein,
{00271} The term “site” refers to & unique position {(¢.g., chromosome ID, chromosome position and
orientation} on a reference genome. In some implementations, a site may be a residue, a sequence tag, ora

4¢3

segmient’s position on a sequence. The term “locus”™ may be used to refer to the specific location of a nucleic acid
sequence or polymorphisni on a reference chromosome.

{00272} The term “sample” herein refers to a sample, typically derived from a biological thud, cell, tissue,
organ, or orgamsm contarning 2 mucleic acid or a mixture of nucleie acids containing at least one mucleic acid
sequence that 1s to be sequenced and/or phasaed. Such saraples juclude, but are pot Himited to sputun/oral fluid,
aroniotic fluid, blood, a blood fraction, fine needle biopsy samples {e.g., surgical biopsy, fine ueedle biopsy, etc.},
urine, peritoneal fluid, pleural fluid, tissue explant, organ cultuee and any other tissue or cell prepamtic}ri, ot fraction
ot derivative thereof or tsclated therefrom. Although the sample is often taken frora 2 bumao subject (e.z., patient),
samples can be taken from any organism having chromosomes, including, but not limited 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, nucleic acid fragmentation, inactivation of interfering components, the addition of reagents, lysing,
efc.

{30273} 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 include rouliiple sub-
sequences. For example, a stogle sequence {e.g., of a PCR amplicon) may have 350 vucleotides. The sarople read
may include multiple sub-sequences within these 350 nucleotides. For instance, the sample read roay include fiest
and second flanking subsequences having, for example, 20-50 nucleotides. The first and second flanking sub-
sequences may be located on cither side of a repetitive segment having a corresponding sub-sequence {e.g., 40-100
nucleotides). Each of the flanking sub-sequences may include {or include portions of) a primer sub-sequence {e.g.,
10-30 nucicotides). For case of reading, the term: “sub-sequence” will be referred to as “sequence,” but it is
puderstood that two sequences are uot necessarily separate from each other on a commoun strand, To ditferentiate the
various sequences described herein, the sequences may be given different labels {e.g., target sequence, primer
sequence, flanking sequence, reference sequence, and the bke}. Other terms, such as “allele,” may be given different
labels to differentiate between like objects.

{60274} The term “patred-end sequencing” refers  sequencing methods that sequence both ends of a target
fragment. Paired-end sequencing may facilitate detection of genomﬁc rearrangements and repetitive segments, as
weill 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
2009/0085327, each of which is incorporated by reference herein. In one exaniple, a series of operations may be
performed as follows; (a} generate clusters of nucleic acids; (b) linearize the nucleic acids; (¢} hybnidize a first
sequencing primer and carry out repeated cycles of extension, scanmug and deblocking, as set forth above; {d}
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“ravert” the target nucleic acids on the flow cell surface by synthesizing a complimentary copy; (e) lincarize the

resynthesized strand; and (f) bybridize 3 second sequencing primer and carry out repeated cycles of extension,



scanning and deblocking, as set forth above. The inversion operanon can be carcied out be delivering reagents as set
forth above for a single cyele of bridge amplification.
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[B0275] The term “reference genorne” or “reference sequence” refers to any particular known genome
sequence, whether partial or comaplete, of any organism which may be used to reference identified sequences from a
subject. For exanple, a reference genome used for human subjects as weil as many other organisms is found at the
National Center for Biotechnology Information at ncbinlm.nih.gov. A “genome” refers fo the complete genetic
information of an organism or virus, ¢xpressed 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 18,000 times
larger, or at least about 103 times larger, or at least about 106 times larger, or at least about 107 times larger. In one
example, the reference genome sequence is that of a full length human genome. In another example, the reference
genorae sequence is hmited to a specific human chroraosome such as chromosome 13, In sorae implementations, a

1

reference chroraosome is a chromosorue sequence from hurnan genome version hgl9. 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), cte., 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 term “read” refers to a collection of sequence data that describes a fragmeut of a nucleotide
samiple or reference. The terre “read” may refer to 3 sample read and/or a reference read. Typically, though not
unecessanly, 4 read represents & short sequence of contiguous base pairs 1 the sample or reference. The read may be
represented syrobolically by the base pair sequence 3o ATCG) of the saraple or reference fragment. It yuay be stored
i a memory device and processed as appropriate to deterrnine whether the read matches a reference sequence or
meets other criteria. A read may be obtained directly frorn 2 sequencing apparatus or wadirectly from stored sequence
information concerning the sample. In some cases, a read is a DNA sequence of sufficient length {c.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 getomic region or gene.

{02771 Next-generation sequencing methods include, for example, sequencing by synthesis technology
(lHumuna), pyrosequensiug (454), ton semiconductor technotogy (Jon Torrent sequencing), single-molecule real-
time sequencing (Pacific Biosciences) and sequencing by lgation (SO sequencing). Depending on the
sequencing muethods, the length of each read ruay vary from about 30 by o more than 16,000 bp. For example,
fHumica sequenciug method using SOLID sequencer generates nucleic acid reads of about 50 bp. For another
example, Ion Torrent Sequencing generates nucleic acid reads of up to 400 bp and 454 pyrosequencing generates
nueleic acid reads of about 700 bp. For yet another example, single-molecule real-tinme 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 from a PCR
amplicon having a forward and reverse primer sequence. The sequence data can be obtained from any select
sequence ruethodology. The sample read cau be, for example, 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 wuldtiple sample reads. Jo certain buplementations, providing a reference sequence comprises
identifyiog a locus-of-interest based upon the primer sequence of the PCR amplicon.

[B0279] The term “raw fragment” refers to sequence data for a portion of a 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-iimiting 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 inn 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 fraguent” does uot 1ndicate that the fragment necessanly includes a supporting

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

call application to exhibit 2 fivst variaut, the vanant call application may determune that oue or more raw fragments

lack a corresponding type of “supporting” variant that may otherwise be expected to occur given the variant 1a the

saraple read.

‘ A

[00280] 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
the reference sequence contains the read, the read may be mapped to the reference sequence or, in certain
implementations, to a particular location in the reference sequence. ln 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 exarople, the alignment of a read 1o the reference sequence for human chromosome 13 will tell
whether the read is present in the reference sequence for chromosome 3. A tool that provides this infornmation may
be called a set membership tester. In some cases, an aligorent additionally indicates a location in the reference
sequence where the read or tag maps to. For example, if the reference sequence is the whole buman genome
sequence, an alignment may 1ndicate that a read is present on chromwosome 13, and may further mndicate that the read
is on a particular strand aad/or site of chroyaosome 13.

(00281} 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 50 nucleotides. In coding regions of the genome,
utless 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 forny of
substitution that replaces one of the nuclectides without changing the overall oumber in the DNA. Indels can also be

contrasted with a2 Tandem Base Mutation {TBM)}, which may be defined as substitution at adiacent nucleotides

(primarily substitutions at two adjacent nucleotides, but substitutions at three adjacent nucleotides have been
observed).
{30282} The term ““variant” refers to a nucleic acid sequence that 1s different from a nucleic acid reference.

Typical nucleic acid sequence variant includes without limitation single nucleotide polymorphism (SNP), short
deletion and insertion polymorphisms (Indel}, copy number variation (CNV), microsatellite markers or short tandem
repeats and structural variation. Somatic varant 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 heterogencous, including some
normial cells, some cells at an early stage of cancer progression {with fewer mutations), and some late-stage cells
{with more mutations}. Because of this heterogeneity, when sequenciug a tumor (¢.g., from an FFPE sample),

somatic mutatons will often appear at a low frequency. For example, a SNV rmght 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 gerulioe by the vavaot classifier is also
referred to herein as the “vanant under test”.

[B0283] The term “noise’ refers to a mistaken variant call resulting from one or more errors 1n the sequencing
process and/or in the variant call application.

[00284] The term “variant frequency” represents the relative frequency of an aliele (variant of a genej ata
particular locus int a population, uxpnsscd as a fraction or pereentage. For example, the fraction or percentage may
be the fraction of all chromosomes in the population that carry that allele. By way of example, sample variant
frequency represents the relative frequency of an allele/variant at a particular locus/position: along a genomic
sequence of interest over a “population” corresponding to the number of reads and/or saroples obtained for the
genorie sequence of taterest from an individual, As auother example, a baseline vanant frequency represents the
relative frequency of an allele/variant at a particular locus/position aloug one or more baseling genomic sequences
where the “population” corresponding to the number of reads and/or samples obtatned for the oue or more baselive
geogooice sequences from a population of normal individuals.

[00285] 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 carrving the variant.

{80286} The terms “positior’”, “‘designated position”, and “locus™ refer to a location or coordinate of one or
more nucleotides within a sequence of nucleotides. The terms “position”, “designated position”, and “locus™ also
refer to a location or coordinate of one or more base pairs i a sequence of nucleotides.

{30287} The term “haplotype” refers to a combination of alleles at adjacent sites on 2 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 loci, if any occuyed.

{00288} The term “threshold” heretn refers to a numeric or non-numenc value that 1s used as a cutoff to
charactexize a sample, a nucleic acid, or portion thereof (e.g., a read). A threshold raay be varied based upon
empirical analysis. The threshold may be compared to a measured or calculated value to determine whether the
source giving rise to such value suggests should 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 and selectivity}. As used herein, the term “threshold” indicates 2 point at which a course of analysis may
be changed and/or a point at which au action may be triggered. A threshold 1s not required to be a predetenined
pumber. Instead, the threshold may be, for instance, & fumction that is based on a plurality of factors, The threshold
may be adaptive to the circumstances. Moreover, a threshold may indicate an upper bmit, 2 lower Hmit, or a range
between bmits.

[00289] In some implementations, a metric or score that is based on sequencing data may be compared to the
hreshold. 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 sarople reads bave at least one coromon characteristic

or guality. For example, cach of the sample reads that are used to deterrnine 2 count score yuay have been aligned
W &

with a xeference sequence or may be ass

igoed as a potential allele. The number of sample reads haviug a common
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characterisue may be counted to detexmine a xead count. Count scores may be based on the yead count. In some
implernentations, the couat score may be a vabue that (s equal o the read count. Tn other implementations, the count
score raay be based ou the read count and other information. For exaraple, a count score may be based on the read
count for a particular allele of a genetic locus and a total number of reads for the genetic locus. In some
implementations, the count score may be based on the read count and previousiy-obtained data for the genetic locus.
In some implementations, the count scores may be normalized scores between predetermiined values. The count
score may also be a function of read counts from other loci 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 loet in the saraple and/or the read counts from other
samples. As one example, the read counts from other loct and/or the read counts from other samples may be used to
normalize the count scove for the particular allele.

{60290} The terms “coverage” or “fagment coverage” refer to a count or other rueasure of a oumwber of saraple
reads for the same fragment of 2 sequence. A read count may represent a count of the nurwber of reads that covera
corresponding fragment. Alternatively, the coverage may be deternyined by multiplying the read count by a

4o

designated factor that is based on historical knowledge, knowledge of the sarmaple, knowledge of the locus, etc.
[00291] The term “read depth”™ (conventionally a number followed by %7} refers to the number of sequenced
reads with overlapping alignment at the target position. This 18 often expressed as an average or percentage
exceeding a cutoff over a sct 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.

{40292} The terms “base call guality score” or “Q score” refer to a PHRED-scaled probabslity ranging from 0-
20 inversely proportional to the probability that & single sequenced base is correct. For exanple, 2 T base call with Q
of 20 is cousidered likely correct with a confidence P-value of 0.01. Any base call with Q<20 should be considered

low quality, and any vadauot ideotified where a substautial proportion of sequenced reads supporting the variant are

of low quality should be cousidered potentially false positive.

[00293] The terms “variant reads” or ““variant read number” refer to the number of sequenced reads supporting

the presence of the varian

Sequencing Process

{30294} Implementations set forth herein may be applicable to analyzing nucleic acid sequences to identify
sequence variations. Implementations may be used to analyze potential variants/alieles of 3 genetic position/locus
and determine a geonotype of the genetic locus or, 1o other words, provide a genotype call for the locus. By way of
example, nucleic acid sequences may be analyzed m accordance with the methods and systems described in US
Patent Application Publication No. 2016/06085910 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 implementation, 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 sowrce, 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 divectly from an individual. Alternatively, the sample may not be obtained directly from the
source. Then, one or more processors direct the system to prepare the sample for sequencing. The preparation may
include removing extraneous material and/or isolating certain matertal {e.g., DNA}. The biological samuple muay be
prepared to include features for a particular assay. For example, the biological sample mway be prepared for

sequenciog-by-synthesis (SBS). In certatn rplernentations, the prepacug may roctude aroplification of certaln
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regions of a genowe. For instance, the prepaciag may include araplifytog predetermined genetic loct that are known
to 1aclude STRs and/or SNPs. The genetic loct may be aplified using predetenvined primer sequences.

{60296} Next, the one or more processors divect the system to sequence the sample. The sequencing roay be
performed through a variety of known sequencing protocols. In particular implementations, the sequencing includes
SBS. In 8BS, 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 optical 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.

{40297} The nucleic acids can be prepared such that they compnise & known priraer sequence that is adjacent to

]

an unknown target sequence. Lo wuitiate the first SBS sequenciug cyele, one or more differently labeled nucleotides,
and DNA polymerase, etc., can be flowed wto/through the flow cell by a fluid flow subsystern. Either a single type
of nucleotide can be added at a tirae, or the nucleotides used in the sequencing procedure can be specially designed
to possess a reversible tegaination property, thus allowing each cycle of the sequencing reaction to oceur
simultaneously in the presence of several types of labeled nucieotides (e.z., A, C, T, G). The nucleotides can include
detectable label moieties such as fluorophores. Where the four nucleotides are mixed together, the polymerase is
able to select the correct base to incorporate and each 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 exeite
the nueleic acids and induce fluorescence. The fluorescence emitted from the nucleic acids is based upon the

fluorophores of the neorporated base, and difterent fluorophores may emit different wavelengths of emission 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 fither cyele of sequencing starting with introduction of 2
labeled nucleotide as set forth above. The fuidic and detection operations can be repeated several times to complete
a sequenciog run. Example sequenciog methods are described, for example, in Bentley et al., Nature 456:53-59
(2008), International Publication No. WO 04/018497; U.5. Pat. No. 7,057,026; International Publication No. WO
81/06678; International Publication No. WO 07/123744; U5, Pat. No. 7,329,402; UK. Patent No. 7,211,414, U.S.
Patent 7,315,019; U.S. Patent No. 7,405,281, and U.S. Patent Application Publication No. 2008/0108082, each
of which i8 incorporated herein by reference.
{40298} In some implementations, nucleic acids cau be attached to a surface and amplified prior to or duning
sequencing. For example, araplification can be carried out using bridge amplificason to form nucleic acid clusters
ou a surface. Useful bridge amphfication methods are described, for example, in 1.8, Patent No. 5,641,658; U.S.
Patent Application Publication No. 2002/06055100; U.S. Patent No. 7,115,400; U.5. Patent Application Publicason
No. 2004/0096853; U.5. Patent Application Publicanon Mo. 2004/0002090; 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
amplification (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.
[00259] One example SBS protocol exploits modified nucleotides having removable 37 blocks, for example, as
described in International Publication No. WO 04/018497, U.S. Patent Application Publication No.
2007/0166705A1, and U.S. Patent No. 7,057,026, each of which s jucorporated herein by reference. For exaruple,
repeated cycles of SRS reagents can be delivered to a flow cell baving target nucleie acids attached thereto, for

example, as a result of the bridge amplification protocol. The nucleic acid clusters can be converted to single
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stranded foua using a linearization solution. The lineanzation solution can countain, for example, a restriction
endouuclease capable of cleaving one strand of each cluster. Other methods of cleavage can be used as an
alternative to restiiction enzymes or nicking enzymes, including inter alia chemical cleavage (e.g., cleavage of a diol
linkage with periodate), cleavage of abasic sites by cleavage with endonuclease {for exampie “USER’, as supplied
by NEB, Ipswich, Mass., USA, part number M53038S), 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 & sequencing primer can be delivered to the flow cell
under conditions for hybridization of the sequencing primer to the target nucleic acids that are to be sequenced.
{50300 A flow cell can then be contacted with an SBS extension reagent having modified nucleotides with
removable 3° blocks and fluorescent labels under conditions to extend a primer hybridized to each target nucleic
acid by a single nucleotide addition. Ouly a single nucleotide is added to each prisuer because once the wodified
nucleotide has been ncorporated oto the growing polynuclectide chatn complementary to the reglon of the template
being sequenced there is no free 3°-OH group available to divect further sequence extension and therefore the
polymerase cannot add further nucleotides. The SBS extension reagent can be removed and replaced with scan
reagent containing compenents 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.S. Patent Application
No. 13/018,255, cach 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 3° block may be
removed vsing a deblock reagent that is appropriate to the blocking group used. Example deblock reagents that are
useful for respective blocking groups are deseribed in WOG04018497, US 2007/0166705A1 and U5, Patent No.
7,057,026, each of which 1s incorporated herein by reference. The deblock reagent can be washed away leaving
target nucleic acids hybudized to extended primers having 37-0H groups that are now competent for addition of 2
further nucleotide. Accordingly the cycles of adding extension reagent, scan reagent, and deblock reageunt, with
optional washes between one or more of the operations, can be repeated untl a desired sequence is obtained. The
above cycles can be carried out using a single extension reagent delivery operation per cycle when each of the
modified nucleotides has a different iabel 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 bave the same label and can be
distinguished based on the known order of delivery.

{40381} Although the sequencing operation has been discussed above with respect to a particular SBS protocal,
it will be understood that other protocols for sequenciog any of 2 varety of other ruolecudar analyses can be carnied
out as desired.

[00302] Then, the one or more processors of the system receive the sequencing data for subsequent analysis.
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 is discussed, it should be
understood that the sequencing data may include, for example, hundreds, thousands, hundreds of thousands, or
millions of sample reads. Different sample reads may have different numbers of nucleotides. For examiple, a sample
read may range between 10 nucleotides to about 500 nucleotides or more. The sample reads may span the eatire
genorne of the source(s). As one examiple, the sample reads are directed toward predetermined genetic loci, such as

those genetie locl baving suspected STRs or suspected SNPs.
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[B0343] 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 yuay inchude, for example, prireer sequences,
flanking sequences, and a target sequence. The oumber of nucleotides withio the sample sequence may include 30,
40, 50, 60, 70, 80, 90, 100 or more. In some implementations, one or more of the sample reads {or samplie
sequences) inciudes at least 150 nucleotides, 200 nucleotides, 300 nucleotides, 400 nucleotides, 500 nucicotides, 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

saniple variant frequency of the sample vartant call(s). The operation may also be referred to as a variant call

application or vavant caller. Thus, the variant caller identifies or detects vanants and the variant classifier classifies
the detected variants as somatic or germiine. Alternative vaxiant callers may be utilized in accordance with
implementations herein, wheretn different variant callers roay be used based oo the type of sequencing operation
being perforraed, based on features of the sample that are of interest and the like. Oue non-lirniting example of 2
variant call application, such as the Pisces™ application by HHumina Inc. (San Diego, CA) hosted at
https://github.corn/Tllumina/Pisces and described in the article Dunn, Tamsen & Berry, Gwenn & Emig-Agius,
Dorothea & Jiang, Yu & Iver, Anita & Udar, Nitin & Stromberg, Michael. (2017}. 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 entire

{30345} Such a vartant call application can coruprise four sequentially executed modules:
{40386} {1} Bisces Read Stitcher: Reduces noise by stitchiug paved reads in a BAM {(read one and read two of

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

{40307} (2) Pisces Vanant Caller: Calls small SNVs, insertions and deletions. Pisces includes a vadant-
collapsing algorithra to coalesce vanants broken up by read boundaries, basic filteriog algorithros, and a siraple
Possan-based variant confidence-scoring algorithm. The output s 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 VOQR step will downgrade the variant ¢
score of the suspect variant calls. The output s an adjusted VCF.

{80309 (4) Pisces Variant Phaser {Scylla): Uses a read-backed greedy clustering method to assemble small
vaniants into coraplex alleles from clonal subpopulations. This allows for the more accurate determination of
functional conseguence by dowustrearn tools. The output is an adjusted VCE.

{00310} Additionally or alternatively, the operation may utilize the vanant call application Strelica™
application by Hivmioa Inc. hosted at https://github.cor/THumina/strelka and deseribed in the article T Saunders,
Christopber & Woug, Wendy & Swamy, Sajant & Becq, Jeonifer & J Murray, Lisa & Cheetham, Ketra. (2012).

Strelka: Accurate somatic small-variant calling from sequenced turor-normal sample Bioinformatics (Oxford,

England). 28. 1811-7. 10.1093/bioinformatics/bts271, the complete subject matter of which is expressly
incorporated herein by reference in its entirety. Furthermore, additionally or alternatively, the operation may utilize
the variant call application Strelka2™ application by [llumina Ine. hosted at https://github.com/IHumina/strelka and
described in the article Kim, S., Schettler, K., Halpern, A.L., Bekritsky, ML.A ., Noh, E., Killberg, M., Chen, X,
Beyter, D., Krusche, P., and Saunders, C.T. (2017). Sirelka2: Fast and accurate variant calling for clinical
sequencing applications, the coruplete subject matter of which 1s expressly incorporated herein by reference in its
entirety. Moreover, additionally or altematively, the operation may utilize a variant anuotation/call tool, such as the

Nirvana™ application by Hlumina Iuc. hosted at hetps://github corn/Hlornina/Nirvaga/wiki and described in the
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article Sroyaberg, Michael & Roy, Rajat & Lajugie, Julien & Fang, Yu & Li, Haochen & Margulies, Elliote. {2017).
Nirvana: Chinical Grade Variant Annotator, 596-396. 10.1 145/3107411.3108204, the complete subject raatter of

which is expressly incorporated heretn by reference in its entirety.

{0031 1] Such a variant annotation/call tool can apply different algorithmic techniques such as those disclosed
in Nirvana:
{00312} a. Identifving all overlapping transcripts with Interval Array: For functional annotation, we can

identify all transeripts overlapping a variant and an interval tree can be used. However, since a set of infervals can be
static, we were able to further optimize it to an Interval Array. An interval tree returns all overlapping transcripts in
O(un(r,k Ig n}) tme, where n is the nuimber of mtervals 1n the tree and k is the number of overlapping intervals. In
practice, sinee k is really small compared to n for most variants, the effective runtime ou ruterval tree would be Ok
lgny . We imiproved to Olg n + k ) by creating an interval array where all intervals are stored in a sorted array so
that we ouly need to find the first overlapping interval and then epumerate through the remaining (k-1).
{40313} b, CNVs/5Vs (Yu): anpotations for Copy Number Variation and Structural Variaots can be provided.
Simdiar to the annotation of small variants, transcripts overlapping with the SV and also previously reported
structural variants can be annotated in online databases. Unlike the small variants, not all overlapping transeripts
need be annotated, since too many transcripts will be overlapped with a large SVs. Instead, all 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 nformation for these transcripts can be reported, such as
gene symbol, flag whether 1t is canonical overlap or partial overlapped with the tansenpts. For each SY/UNV, it 18
also of interest to know if these variants have been studied and their frequencies in different populations. Hence, we
reported overlapping SVs in extemal databases, such as 1000 genomes, DGV and ClinGeun. To avoid using an
arbiteary cutoff to determine which SV is overlapped, instead all overlapprag transcripts can be used aud the
reciprocal overlap can be calculated, i.¢. the overlapping leugth divided by the mintmum of the length of these two
SVs.
{00314} ¢. Reporting supplementary annotations : Supplementary annotations are of two types: small and
structural variants {SVs). SVs can be modeled as intervals and use the interval array discussed above to identify
overlapping SVs. Small variants are modeled as points and matched by position and {optionally} allele. As such,
they are searched using a binary-search-hike algorithin, Since the supplementary aunotation database can be quite
large, & much smaltler index 38 created to map chromosome positions to file locations where the supplementary
anuotation resides. The index is a sorted array of objects (made up of chromosome position and file location) that
can be binary searched using posttion. To keep the index size small, multiple positions {up to a certaln raax count)
are compressed to one object that stores the values for the Brst postnon and only delias for subsequent positions.
Since we use Binary search, the runtime is O{ig n} , where n is the number of items in the database.
{00315} d. VEP cache files
{0031 6] ¢. 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 amray
and perform searches ou it. Since the cache 18 loaded up 1u roemory and searching is very fast (described above),

finding overlapping trauscripts 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
5Adb for sroall variants is produced by a k ~way raerge of all data souxces such that each object in the database
(identified by reference name and position) olds all relevant supplerentary annotations. Issues encouutered during
parsing data source files have been documented in detail in Nirvana’s home page. To limit memory usage, only the
SA index 1s loaded up in 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.)
[00318] g. Congequence and Sequence Ontology : Nirvana’s functional annotation {when provided) follows the

Seguence Outology (SO} {http://vww.sequenceontology.org/ ) gmdelines. On occasions, we had the opportunity to

identify issues in the current 50 and collaborate with the 50 team to improve the state of annotation.
{40319} Such a varant annotation tool can include pre-processing. For exarnple, Nirvana included a large
number of anootations from Extemnal data sources, like ExAC, BVS, 1080 Genomes project, dbSNP, ClinVar,
Cosmie, DGV and ChioGen. To make full use of these databases, we have to sanitize the inforraation from them. We
implemented different strategy to deal with different conflicts that exist from different data sources. For example, in
case of muitipic dbSNP entries for the same position and alternate allele, we join all ids into a comma 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 euntries, we consider the number of samiple 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
maccurate information. We mainly extracted the allele frequencies information from 1000 Genome Projects,
however, we noticed that for GRCH3S, 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 to compute the true allele
frequencies. As we koow, the same vanants can bave different xepreseutations based on different alignments. To
make sure we can accurately report the inforrnation for aleeady 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 exaniple, we reraoved variants o DGV which has data source as 1600 genome projects,
since we already reported these vartants in 1000 genomes with more detailed information.
{0320} In accordance with at least some implementations, the vanant call application provides calls for low
frequency variants, germline calling and the like. As von-lirniting example, the variant call apphcation may run og
tumor-only samples and/or tumor-normal paived samples. The varant 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 calier identifics 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 identifies the sample sequence {or sample
fragment}, a reference sequence/fragment, and a variant call as an indication that a variant is present. The variant
call application may ideutify raw fragments, and output a designation of the raw fragments, a count of the number of
raw fragments that venfy the potential variant call, the position within the raw fragment at which a supporting
variant occurred and other relevant ruformation. Non-limiting examples of raw fragroents 1aclude a duplex stitched

fragment, 2 sunplex stitched fragment, a duplex vu-stitched fragment and a stmplex un- stitched fragment.
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{00321} The vavaot call application may output the calls in vavous forraats, such as o a VCF or GVCF file.

{e.g., when

By way of exampile only, the vagaot call application may be ncluded in a MiSegReporter pipeline
implemented on the MiSeq® sequencer instrument). Optionally, the application raay be implemented with various
workflows. The analysis may include a single protocol or a combination of protocols 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 variant call application} to the sample report generator.
Alternatively, when the validation operation invalidates or disqualifies the potential variant call, the validation
Dperation passes a corresponding indication (e.g., a negative wdicator, 3 uo call indicator, an in-valid call indicator)
to the sample report geverator. The validation operation also yoay pass a confidence score related to a degree of
confidence that the variant call is correct 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 plurality of genctic loct with respect to the saraple. For example, for cach
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 canunot 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 may also indicate a
gender of an wdividual that provided a sample and/or indicate that the sample welode muoltiple sources. As used
rereln, a “sample report” may iuclude digital data (e.g., a data file) of a genetic locus or predeternuined 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 creatiog a data file and/or printiog the sample report, or displaying the sample report.

[60324] The samiple report may indicate that a variant call was determined, but was not validated. Whena
vartant call 1s determined invalid, the sarople report reay indicate additional wnformation regarding the basis for the
determination to not validate the variant call. For exanple, 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 alternatively, the additional information in the report may include the quality score

obtained in accordance with implementations described herein.

Variant Call Application

[60325] Implementations disclosed berein include analyzing sequencing data to ideotify potential variant calls.
Variant caliing may be pecformed upon stored data for a previously performed sequencing operation. Additionally
or alternatively, it may be performed in real timne while a sequencing operation is being performed. Each of the
saraple 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 genetic locus. The sample read may be collected (or aggregated or binned) with other
sample reads that have been designated as meluding possible variants/atleles of the genetic locus. The assigning
operation may also be reterved to as a calling operation 1n which the sample read 1§ identified as being possibly
associated with a particular genetic positon/locus. The sample reads may be analyzed to locate oue or more

identifying sequences (e.g., pumer sequences) of nucleotides that diffecentiate the sample read from other sample
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reads. More specifically, the identifying sequence(s) wmay identify the sample read from other sample reads as beiong
associated with 2 particular genetic locus.

{60326} The aSSignirio operation may include analyzing the series of o nucleotides of the identifving sequence

to determine if the of n nucleotides of the identifying sequence effectively matches with one or more of the
select sequences. In particular implementations, the assigning operation may include analyzing the firstn
nucleotides of the sample sequence to determine if the first n nucleotides of the sanple 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 nunaber niyuay be a predetermined nomber. The predetermined
number may be, for example, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20,21, 22, 23,24, 725,26, 27,28, 29, or 30
nucleotides. However, fewer or more nucleotides may be used i other implementations. The number n may also be
selected by an individual, such as a user of the system. The number v way be based on one or more conditions. Fox
istance, the pumber n may be defloed as the mumber of nucleotides of the shortest primer sequence within the
database or a designated number, whichever is the smaller number. In some implementations, 2 minimum 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.

{00327} In some cases, the series of n nucleotides of an identifying sequence may not precisely match the
nucleotides of the select sequence. Nonetheless, the identifying sequence may effectively match the select sequence
if the identifying sequence is nearty identical to the select sequence. For example, the saraple read may be called for
a genetic locus i the series of ¢ nucleotides (e.g., the first n nucleotides) of the identifying sequence match a select
sequence with no more than a desiguated nomber of mismatches {e.g., 3} and/or 2 designated pumber of shifts (e.g.,
23. Rules may be established such that each ymsmatch or shift may count as a difference between the sample read
and the primer sequence. If the number of differences 1s less than a designated nuyaber, theo the sample read yuay be

called for the corresponding genetic focus {i.¢., assigned to the correspouding geoetic locus). Iu 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

i

k]

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.

{50328} If the sample read effectively matches one of the select sequences 1u the database {1.¢., exactly matches
ot nearly matches as described above), then the sample read s assigned or designated to the genetic locus that
correlates to the select sequence. This may be referved to as locus calling or provisional-locus calling, wherein the
saraple read is called for the genetic locus that correlates to the select sequence. However, as discussed above, a
sample read may be called for more than one genctic locus. In such implementations, further analysis may be
performed to call or assign the sample 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 seguencing, a second read (representing a raw fragment} is obtained that correlates to
the sample read. After assigning, the subsequent 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 1dentify 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 genetic locus is kaown for
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including SNPs, then the assigned reads that bave been called for the genetic locus may undergo analysis to identify
the SNPs of the assigned reads. If the genctic locus is known for tncluding polymorphic repetitive DNA elements,
theun the assigned reads raay be analyzed to identify 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 warmning or flag may be assigned to the sample read. The sample read may be designated as both a STR
locus and an SNP locus. The analyzing may inchude 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 described in International Patent Application No, PCT/US2013/030867 (Publication No. WO 2014/142531),
filed on March 15, 2013, which is heremn incorporated by reference in its entirety.

{90330} Then, the one or more processors analyze raw fragroents to determine whether supporting variants

:d. For

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

exist at corresponding positions withiu the raw fragments. Various types of raw fragiuents may be ideu

variant call. For exaraple, the type of raw fragroent yuay represent a duplex stitched fragroent, a siraplex stitched
fragment, a duplex un-stitched fragment or a simplex un-stitched fragment. Optionally other raw fragments may be

o

identified instead of or in addition to the foregoing examples. In connection with identifying each type of raw
fragment, the variant caller also identifies the position, within the raw fragment, at which the supporting vanant
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

fraginents having & supporting variant at a partcular position X. The variant caller ruay also output indication that

five reads of raw fragments were identified to represent simplex un-stitched fragments baving a supporting vanaut at
a particular position Y. The variaat caller may also output a number of raw fragments that corresponded to reference
sequences and thus did not include a supporting vanant that would otherwise provide evidence validating the
potential vaniant call at the genomic sequence of interest.

{30331} Next, a count is maintained of the raw fragments that include supporting variauts, as well as the
position at which the supporting vanant 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 variant call validation appbeation, including a
couut and type of the raw fragments that support the potential variant call, positions of the supporting varianee in the
raw fragments, a count of the raw fragments that do not support the potential vaviant call and the like.

{60332} When a potential variaat call is idennfied, the process outputs 2 radicating of the potential vagaot

call, the variaot sequence, the variant position and a reference sequence associated therewsth. The variant call is

ote IY)

lesignated 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 fraginents associated with a

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

Benion Training Set Generation

{90333} Millions of human genoraes and exomes have been sequenced, but their clinical applications remain

limited due to the difficulty of distinguishing disease-causing mutations from benigo genetic variation. Here we

ferponstrate that common missense variants 1o other priraate species are largely clinically benigo 1o huran,



40

enabling pathogenic mutations to be systematically identified by the process of ehmination. Using hundreds of
thousands of common variants from population sequencing of six nog-human primate species, we traju a deep

neueal network that identifies pathogenic mutations in rare disease patients with 88% accuracy and enables the
discovery of 14 new candidate genes in inteliectual disability at genome-~wide significance. Cataloging common
ariation from additional primate specics would improve interpretation for millions of variants of uncertain
significance, further advaneing the clinical utility of human genome sequencing.
[00334] The clinical actionabhility of diagnostic sequencing is limited by the difficulty of interpreting rare
genetic vanants in buman populations and inferring their impact on discase risk. Because of their deleterious effects
ou fituess, clinically sigmficant geuetic variants tend to be extrernely rare in the population and, for the vast
majority, their effects on human health bave not been determined. The large number and rarity of these variants of
vueertain clinical sigmficance present a foromdable obstacle to the adoption of sequencing for individualized
medicine and population-wide health screeming.

{40335} Most peaetrant Mendelian diseases have very low prevalence 1o the population, hence the observation

=ty

of a variant at high frequencies in the population is strong evidence in favor of benign consequence. Assaying
ommon variation across diverse human populations is an effective strategy for cataloguing benign variaunts, but the
total amount of common variation in present-day humans is limited 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

1

65,000 years, and the small pool of conmuon polymorphisms traces back to the Himited capacitance for variation in g
population of this size. Out of more than 70 million potential protein-altering mussense substitutions 1 the reference
genone, only roughly 1 in 1,000 are present at greater than 0.1% overall population allele frequency.
{40336} Outside of modern human populations, chimpanzees comprise the next closest extant species, and
share 99.4% araino acid sequence identity. The near-identity of the protein-coding sequence 1o humans and
chimpanzees suggests that purifying selection operating on chimpanzee protein-coding variants raight also model
the consequences on fitness of human mutations that are identica'i~by—state.
[00337] Because the mean time for neutral polymorphisms to persist in the ancestral human lineage (~4N,
generations) 1s a fraction of the species’ divergence time (~6 million years ago), naturally occurring chimpanzee
variation explores mutational space that is largely non-overlapping except by chance, aside from rare instances of
haplotypes maintained by balancing selection. I polymorphisms that are ideutical-by-state siruilarty aftect fitness in
the two species, the presence of a variant at high allele frequencies o chimpanzee populations should ndicate
cuign consequence in human, expanding the catalog of known variauts whose benign consequence has been

established by punifving selection.

Resnlts ~- Common Variands s Other Primates are Largely Benion in Human

[60338] The recent availability of aggregated exome data, comprising 123,136 humans collected in the Exome
Aggregation Consortivm (ExAC) and Genome Aggregation Database (gnomAD)}, allows us to measure the impact
of natural selection on missense and synonymous nutations across the allele frequency spectrum. Rare singleton
variants that are observed only onee in the cohort closely matceh the expected 2.2/1 missense/synonymous ratio
predicted by de novo mutation after adjusting for the effects of trinucleotide context on mutational rate (FIG. 484,
FiG. 51, and FiGs. 824, 528, 52C, and 5213), but at higher aliele frequencies the number of observed missense
varants decreases due to the purgiag of deleterious mutations by vatural selection. The gradual decrease of

wHissense/synonymous ratios with increasing allele frequency ts consistent with a substaotial fraction of roisseuse
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variants of population frequency < 0.1% having a mildly deleterious consequence despite being observed iu healthy
idividuals. These findiugs support the widespread expirical practice by diagnostic laboratories of filtenog out
variants with greateyr than 0.1% to ~1% allele frequency as probably benign for penetrant genetic disease, aside from
a handful of well-documented exceptions due to balancing selection and founder effects.
[60339] 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 chinmpanzee 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
vaviants (FiG. 498), excluding the extended major histocorupatbility complex region as a knowa region of
balancing selection, along with variants lacking a one-to-one mapping 1n the mulitiple sequence alignment. For
human variants that are identical-by-state with common chimpanzee variants, the missense/synonymous ratio is
largely constant across the buman allele frequency spectrum (P > 0.5 by Chi-squared (32) test), which is cousistent
with the absence of negative selection against common chirapanzee variants in the human population and
concordant selection coefficients on missense variants in the two species. The low missense/synonymous ratio
observed in human variants that are identical-by-state with common 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 coutrast, for singleton chimpanzee variants (sampled only once in the cohort), we observe a
significant decrease in the missense/synonymaous ratio at common ailele frequencies (P < 5.8 x 10°% F1G. 490),
indicating that 24% of singleton chirupauzee missense vaniauts would be filtered by purifying selection m huruan
populations at allele frequencies greater than (.1%. This depletion indicates that a significant fraction of the
chimpanzee singleton vadaots are rare deleterious mwutations whose damaging effects on fitness bave prevented
them froxo reaching coramon allele frequencies o either species. We estirpate that only 69% of singleton variants
are common {AF > .1%) in the general chimpanzee population.
[00341] We next identified human variants that are identical-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 hmted number of individuals sequenced and the low missense:synonyrnous ratios observed for each
species (Suppleruentary Table 1), Stmmlar to chimpauzee, we found that the ruissense/synouymous ratios tor variants
from the six non-human primgeate species are mughiy equal across the homan allele frequency spectium, other than &
wmild depletion of unssense variation at comyuon allele frequencies (FIG. 490, FIGs. 83, 54, 2ad 85, Supplementary
Data File 1}, which is expected due to the inchusion of 2 minority of rare vanaots {(~16% with vader §.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 missense variants are concordant within the primate lineage art least
out to New World monkeys, which are estimated to have diverged from the human ancestral lineage ~35 million
years ago.
{00342} We found that human nissense variants that are identical-by-state with observed primate variants are
strongly entiched for benign consequence in the ClinVar database. After excluding variants of uncertain significance
and those with conflicting aunotations, ClinVar vartants that are present 1u at least one nou-human primate species
are annotated as benign or likely benign 90% of the tme on average, compared to 35% for ClinVar misseuse

variants in general (P < 107 FIG. 49K). The pathogenicity of ClinVar annotations for primate variants is slightly
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greater than that observed froro sarpling a sirailarly sized coboxt of bealthy nywans (~95% benign or likely benigo

cousequence, P =0.07) excluding human vanants with greater thag 1% allele frequency to reduce curation bias.
{04343} The field of human genetics has long relied on model orgamsms to wnfer the clinical impact of uman
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 bevond 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 dbSNP, and confirmed that these are largely common variants, based

DU Issense/synonymous ratios being much lower than 2.2/1. Yo contrast to our primate analyses, human missense

mtations that are identical-by-state with variation in more distant species are markedly depleted at common allele
frequencies (FIG, S84}, and the magnitude of this depletion increases at louger evolutionary distances (FEG. 568
and Supplementary Tables 2 and 3).

{40344} The rmssense youtations that are deleterious o human, yet tolerated at high allele frequencies in move
distant species, indicate that the coefficients of selection for identical-by-state missense mutations have diverged
substantially between humans and more distant species. Nonctheless, the presence of a missense variant in more
distant manimals still increases the likelihood of benign consequence, as the fraction of missense variants depleted
by natural selection at common allele frequencices i3 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% hkely to be anpotated with benign or likely benign

consequence, compared to 90% for primate variation (P < 2 x 107, FIG. 58C), and 35% for the ClinVar database
overall,
FHIRERY] To confirm that evolutionary distance, and not domestication artifact, is the primary driviag force for
the divergence of the selecton coefficients, we repeated the analysis using fixed substtotions between pairs of
closely related species iu lien of intra-species polymorphisms across a broad range of evolutionary distances (FEG.
50D, 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 Pathogenicity Classification

{40346} The techuology disclosed provides a deep leaming network for variant pathogenicity classification.
The tmportance of variant classification for clinical applications has inspired nmumerous attempts to use supervised
machine leaming to address the problem, 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 buman expert curated variants do not represent the entire genome, with ~50% of
the variants in the ClinVar database coming from ouly 200 genes (~1% of human protein-coding genes}. Morcover
ysterpatic studies identify that many hvman expert annotations have gquestionable supporting evideuse,
puderscoring the difficulty of interpreting rare vaviauts that may be observed in only a single patient. Although
hiuman expert interpretation has becorne inereasingly rigorous, classification guidelines are largely formulated
around counsensus practices and are at risk of reinforcing extsting tendencies. To reduce lmyman 1aterpretation biases,

recent classifiers bave been trained oo coramon buman polyraorphisras or fixed humaon—chimpanzee substitutions,
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but these cla that were trained on human

ifiers also use as thetr input the prediction scores of earlier classifiers

curated databases. Objective benchmarking of the performance of these various yuethods has beeo elusive o the
absence of an tndependent, bias-free touth dataset.

[00348] Variation from the six non-human primates (chimpanzee, bonobo, goriila, orangutan, rhesus, and
marroset) contributes over 300,000 unique missense variants that are non-overlapping with coramon human
variation, and largely represent commmon varianis of benign consequence that have been through the sieve of
puritying selection, greatly enlarging the traiming dataset available for machine learning approaches. On average,
cach primate species contributes more variants than the whole of the ClinVar database (42,000 missensc variants
as of Novernber 2017, after excluding variants of uncertain sigmficance and those with conflicting annotations).
Additionally, this coutent is free from biases in human interpretation.

[06349)

P

Jsing a dataset comprising cominon huran vavants (AF>C.1%) and primate vanation {Supplementary
Table 5 (FIG. 88), we trained a vovel deep residual network, PrimateAl, which takes as input the amino acid
sequence flacking the vanant of tuterest and the orthologous sequence alignments in other species (FIGL 2 and FEG.
3). Unlike existing classifiers that employ human-engineered features, our deep leaming 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 (FIG. 5 and FEG. 6). Given the small number of human proteins that have
been successtully crystallized, inferring structure from the primary sequence has the advantage of avoiding biases
due to incornplete protein strocture acd functional domain annotation. The total depth of the network, with protet
structure tncloded, was 36 fayvers of convohutions, comprising roughly 406,000 trainable pararmeter

{30350} To train a classifier using ouly vanants with benign labels, we framed the prediction problem as
whether a given mutation 18 hikely to be observed as a coromon variant in the population. Several factors influence
the probability of observing a variant at high aliele frequencies, of which we are interested ouly in deleteriousuess;
other factors include wutation rate, technical arufacts such as sequenciug coverage, and factors trapacting veutral
genetic drift such as gene conversion.

{00351} We matched each variant in the benign training set with a missense nwutation 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 benign variants and matched controls (FIG. 24). As the number of
vulabeled variants greatly exceeds the size of the labeled benign tratmng dataset, we trained eight networks in
paralie], each using & different set of unlabeled variants roatched to the benign training dataset, to obtain a consensus
prediction.

{60352} Using only the pumary amino acid sequence as its input, the deep learning vetwork accurately assigns
high pathogeunicity scotes to residues at useful protein functional domains, as showa for the voltage-gated sodium
channel SCNZA (FIG. 283, a major disease gene in epilepsy, autism, and intelicctnal disability. The structure of
SCNZA comprises four homologous repeats, each containing six transmembrane helixes (81-50). On membrane
depolarization, the positively charged S4 transmembrane helix moves towards the extracellular side of the
membrane, causing the S5/86 pore-forniing domains to open via the 54-55 linker. Mutations in the 54, 34-85
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 63. We also found that the network recognizes uportant amino acid positions

i

within domatas, aud assigus the highest pathogenicity scores to mutations at these positions, such as the DNA-

contacnag residues of transcription factors and the catalytic residues of enzymes (FEGs. 254, 258, 25C, and 26).
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[B0353] To better understand how the deep learning network derives 1asights into protein structure and function
from the pumary sequence, we visualized the trainable parayaeters from the first three layers of the network. Within
these lavers, we observed that the getwork learns correlations between the weights of different amino acids that
approximate existing measurements of amino acid distance such as Grantham score (F¥G. 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 comipared the performance of our network with existing classification algorithms, using 10,000
conymon primate variants that were withbeld from training. Because ~50% of all newly arising human missense

vanants are filtered by purifying selecoon at common allele frequencies (FXG. 484), we determined the 50th-

percentile score for each classifier on a set of 10,000 randonaly selected vavants that were matched to the 10,000
COmDOD primate variants by mutational rate and sequencing coverage, and evaluated the accuracy of each classifier
at that threshold (FIG. 21D, FIG. 28A, and Supplementary Data File 4). Our deep learniog network (91% accuracy)
surpassed the performance of other classifiers (80% accuracy for the vext best wodel) at assigning benign
consequence to the 10,000 withheld conmmon primate variants.

[00355] Roughly haif the improvement over existing methods comes from using the deep learming network and
half comes from augmenting the training dataset with primate variation, as compared 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 novo mutations
oceurnng i patients with neurodevelopmental disorders versus healthy controls. By prevalence,
weurodevelopmental disorders constitute one of the largest categonies of rare genetic diseases, and recent trio
sequencing studies have nophicated the central role of de nove missense and protein truncating mutations.,

[30356] We classified each confidently calied de nove wissense variant 10 4,293 affected individuals froro the

s

Deciphering Developmeutal Disorders (DDD) cohort versus de novo missense variants from 2,517 unaffected
siblings i the Stmon’s Simplex Collection {8SC) cohort, and assessed the difference 1o prediction scores between
the two distributions with the Wilcoxon rank-sum test (FEG. 21E and FIGs. 29A and 298). The deep learning
network clearly outperforms other classifiers on this task (P<10™; FIG. 21F and FIG. 28B). Moreover, the
performance of the various classifiers on the withheld primate variant dataset and the DDD cases versus controls
dataset was correlated (Spearman p = 0.57, P<0.01), indicating good agreement between the two datasets for
evaluating pathogenicity, despite using entirely different sources and methodologies (FIG. 38A).

{30357} We next sought to estimate the accuracy of the deep learning network at classifving bemgn versus
pathogenic mutations within the same gene. Given that the DD population largely comprises mdex cases of
aftected children without affected first degree relanves, Ut is iraportant to show that the classifier has not inflated its
accuracy by favoriag pathogenicity in genes with de nove domioant raodes of inheritance. We restricted the analysis
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.

[30358] The deep learming network was able to discrinvinate pathogenic and benign de novo variants within the
same set of genes (P<1077; FIG. 22B), outperforming other methods by a large margin (FIGs, 22C and 28C). Ata
binary cutoft of 2 0.803 (FIGs. 22D and 38B), 65% of de novo missense mutations in cases are classified by the
deep learmng network as pathogenic, compared to 14% of de novo missense mutations in controls, corresponding to

a classification accuracy of 88% (FIGs. 22E and 30C). Given frequent incomplete penetrance and variable



expressivity in sewrodevelopraental disorders, this figuxe probably naderestimates the accuracy of our classifier due

to the 1octusion of partially penetrant pathogenic variants 1o controls.

Novel Candidate Gene Discovery

[00359] Applying a threshold of > 0.803 to stratify pathogenic missense mutations increases the enrichment of
de novo missense mutations in DDD patients fron: 1.5-fold to 2.2-fold, close to protein-truncating nwtations (2.5-
fold), while relinquishing less than one-third of the total nnmber of vanants enniched above expectason. This
substantially improves statistical power, enabling discovery of 14 additional candidate genes in inteliectual
disability, which had previously not reached the genome-wide significance threshold in the original DDD study

{Tabie 1).

Comparison with Human Expert Curation

{00360} We examined the performance of various clagsifiers on recent human expert-curated variauts from 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 DDD case versus control dataset (P=0.12 and P=
.34, respectivelyy (FiGs. 31A and 31B). We hypothesize that existing classifiers have biases from buman expert

curation, and whale these human hevristics tend to be in the rig

- divection, they ruay not be optimal. One example is
the mean difference 10 Grantham score between pathogenic and bemgn variaants in ChinVar, which is twice as large

as the difference between de nove variants i DED cases versus controls within the 605 disease-associated genes

{(Table 2). In comparison, hurnan expert curation appears to underutilize protein structure, especially the rmportance
of the residuc being exposed at the surface where it can be available to interact with other molecules. We observe
that both ClinVar pathogenic mutations and DDD de nove mutations are associated with predicted solvent-expose
residues, but that the difference in solvent accessibility between benign and pathogenic ClinVar vanants is only half
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.

{40361} Cur results suggest that systematic primate population sequencing is an effective strategy to classify
the millions of huran vanants of uncertain significance that curmrently hmit elinieal genome interpretation. The
accuracy of our deep learaing setwork on both withheld common primate variauts and clhinical variants jucrease

with the oumber of benign variaats used to rain the network (FEG. 23A). Moreover, training ou vartants 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 tmpacts the performance of the network (FIGs.
238 and 23C). These results support the assertion that cominon primate variants are largely benign in human with
respect to penetrant Mendelian discase, 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

ion ahout comumoen benign vanation. Simolations with

primates contribute & disproporiionate amournt of inform
Hx AC show that discovery of common human variants (> 0.1% allele frequency) plateavs guickly after only a few
bundred individuals (FIG. 56), and further healthy population sequencing into the exillions mainly contributes
additional rare variaats. Unlike common variaats, which are kaown to be largely clinically benigo based on allele
frequency, rare variants 1o healthy populations may cause recessive geuetic diseases or dominant genetic diseases

with incomplete penetrance. Because each primate species carries a different pool of common variants, sequencing
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several dozen members of each species is an effective strategy to systematically catalog benigo yuissense variation in
the primate lineage. fodeed, the {34 individuals from six non-huroan privoate species exaynined in this study
contribute neady four tirnes as many corynox raissense variants as the 123,136 humans from the ExAC study
{Supplementary Table 5 (FIG. 58)). Primate population sequencing studies involving hundreds of individuals may
be practical even with the relatively amall 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 huwman populations carry much lower genetic diversity than most non-human primate

species, with roughly half the number of single nucleotide variants per individual as chimpanzee, goulla, and

gibbon, and one-third as many variants per individual as orangutan. Although genetic diversity levels for the

mgjority of non-huran privaate species are uot known, the large number of extant nou-bumaun primate species
allows us to extrapolate that the majority of possible benign human missense positions ace likely to be covered by a
coanmon variant 10 at least one primate species, enabling pathogenic variants to be systematically identified by the
process of elimination (FIG. 23D). Even with only a subset of these species sequenced, increasing the training data
size will enable more accurate prediction of missense consequence with machine learning. Finally, while our
findings focus on missense variation, this strategy 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.

{30364} Of the 504 known nou-buman primate species, roughly 60% face extinction due to poaching and
widespread habitat loss. The reduction in population size and potential extinetion of these species represents au
irreplaceable loss in genetic diversity, motivating urgency for 2 worldwide couservation effort that would benefi

both these umque and replaceable species and our own.

Data Generation apd Alirpment

{30365} Coordinates in the application refer to human genome build UCSC hgl9/GRCH37, wncluding 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 UUSC genome browser.

{30366} We obtained human exome polymorphism data from the Exome Aggregation Consortivm
(ExACYGenome Aggregation Database (gnomAD exomes) v2.0. We obtained primate vaoation data from the great
ape genoyae sequenciag project, which comprises whole genome sequencing data and genotypes for 24
chimpanzees, 13 bonobos, 27 gorillas, and 10 orangutans. We also inchuded vavation frorn 35 chimpanzees from a
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
specics, but individual-level information was not available. We obtained variation data for rhesus, marmoset, pig,
cow, goat, mouse, chicken, and zebrafish from dhSNP. dbSNF also included additional orangutan variants, which
we only used for training the deep learning model, since individual genotype wnformaton was ot available for the
population analysis. To avoid effects due to balancing selection, we also excluded vanants from within the extended
major histocompatability complex region (clw6: 28,477,797-33,448,354) for the population analysis.

{40367} We used the multiple species alignment of 99 vertebrates to ensure oxthologous one-to-one mapping to

buman protera-coding regions and prevent raapping to psendogenes. We accepted variants as idenncal-by-state if
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they ocoured in either reference/altermative orientation. To ensure that the variant had the sarae predicted protein-
coding consequence in both human aod the other species, we required that the other two nucleotides i the codon
weye wdenteal between the species, for both missense and synonymous vasaots. Polymorphisms from each species
included 1n 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 dinucleotide variants, and vexified that the missense/s;m(myrrmus

o
1P
id

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

and non-CpG variants, despite the large difference o thew mutation rate (FiGs. 524, 328, 52C, and 52D).

Depletion of Human Missense Variants that are fdentical-by-State with Polymorphisms in other Species

{30369} To evaluate whether variants present in other species would be tolerated at common allele frequencies

y

(> 0.1%) in human, we identified human variants that were identical-by-state with variation in the other specics. 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 (< 0.1%) and common (> 0.1%) variants. The depletion of

identical-by-state misseuse variants at common human allele frequencies (> 0.1%) indicates the fraction of variants
from the other species that are sufficiently deleterious that they would be filtered out by natural selection at common
allele frequencies in buman:

MSR . -MSR

% depletion = - comi
MSR__
{00370} The missense/synonymous ratios and the percentages of depletion are computed per spectes and are

shown it FEG. 508 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 (y

) test of homogenetty on the 2x 2 contingency table to test if the differences in missense/synonymous ratios

between rare and common variants were sign
{40371} Because sequencing was ouly perforned on hmited numbers of individuals from the great ape genome
project, we used the human allele frequency spectrum frore ExAC to estimate the fraction of sarapled variaats that
were rare (< 0.1%56) or coramon (> 0.1%) in the general chimpanzee population. We sampled a cohort of 24 bumans
based on the ExAC allele frequencies 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 (> 0.1%) in
the general population, whereas variants that were observed only once in the cohort had a 69% chance of being
conmon 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 aligument of 11 primates and 50 mammals compared with buman (see Supplementary Table 3}

{90372} This removed ~7% of human protein-coding genes from the analysis, without substautially affecting
the results. Additionally, to ensure that oux results were not affected by issues with variant calling, or doraestication

artifacts {siace wost of the species selected from dbSNP were domesticated), we repeated the analyses using fixed
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ubstitutions froro pairs of closely related species i lieu of totraspecies polymorphisms (FIG. 34D, Supplementary

"

Table 4, aud Supplernendary Data File 2).

ChinVar Aualysis of Polvinorphism Data for Homan, Primates. Mammals, 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 of uncertain significance. Following the fGiltering steps shown in Supplementary Table 8,
there are a total of 24,853 missense variants 1u the pathogenic category aud 17,775 missense variants in the benign
category.

{40374} We counted the vumber of pathogenic and benign CliaVar variaats that were identical-by-state with
variation 1o huraans, non-buman primates, mammals, asd other vertebrates. For buman, we stmulated a coboit of 30
humans, sampled from ExAC allele frequencies. The numbers of benign and pathogenic variants for cach specics

are shown in Supplementary Table 10.

Generation of Benion and Uniabeled Variants for Model Training

{40375} We constructed 2 benign training dataset of largely comrou benmgn missense variaats from human and
wn-hsman prmates for rachine leaming. The dataset comprises common human varlants (> 0.1% allele frequency;
83,546 variauts), and variaats frora chirapanzee, bonobo, gorilla, and orangutan, rhesus, and marmoset {301,690

unique pomate variants). The oumber of benign training variants coutributed by each source is showa it

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 trinucicotide context, sequencing coverage, and
alignability between the species and human. To obtain an unlabeled training datasct, we started with all possible

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

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

was filtered to correct for regions of poor sequencing coverage, and regions where there was not 4 one-to-one
alignment between human and primate genomes when selecting matched unlabeled variants for the primate vaniauts,
{90377} We obtained a consensus prediction by training eight models that use the same set of labeled beuign
varants and exght randoroly sarapled sets of unlabeled vanaots, and taking the average of their predictions. We also
set aside two randoraly sarapled sets of 10,000 pumate variants for validation and testing, which we withheld from
training {Supplementary Data File 3). For each of these sets, we sampled 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 algorithins (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 irained with the full benign labeled dataset including both commeon human

variants aud primate vaniauts,

Architecture of the Deep Learnine 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 (FI1G. 2 and FEG. 3) with the missense variant substituted in at the central position. Three 51-length
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postton frequency matrices are generated from multiple sequence aligaments of 99 vertebrates, wcluding oge for 11
pomates, one for 30 mammals excluding primates, and oge for 38 vertebrates excluding privoates and roaromals.
{60380} The secondary structure deep 'ieaming network predicts a three-state secondary structure at each amino

1

acid position: alpha helix {(H), beta sheet (B}, and coils (C} (Supplementary Table 11). The solvent accessibility

" £

network predicts a three-state solvent acce ssibiiity at each amino acid position: buried (B), intermediate (1}, and
exposed (E) (Supplementary Table 12}. Both networks ouly take the flanking amino 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
retworks, we used a single length position frequency matnx generated from the multiple sequence alignments for all
99 vertebrates, also with length 51 and depth 20. After pre-training the networks on known crystal structures from
the Protein DataBank, the final two layers for the secondary structure and solvent models were removed aud the
output of the network was divectly connected to the nput of the pathogenicity yoodel. The best testing accuracy
achieved for the three-state secondary structure prediction model was 79.86% {(Supplementary Table 14). There was
no 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 labels 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 PrmateAl 1s described in (FEG. 3} and Supplementary Table 16 (FiGs. 44, 4B, and 4C). The
detailed architecture for the networks for predicting secondary structure and solvent accessibility 18 deseribed in

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

Beachmarking of Classifier Performance on a Withheld Test Set of 10,080 Primate Varianis

[00382] 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 classifiers on the 10,000 withheld primate variant test set is also
provided in FIG. 28A. Because the different classifiers bad widely varying score distributions, we used 10,000
randomly selected vnlabeled vartants that were matched to the test set by trinucleotide context to identify the 50th-
percentile threshold for each classifier. We benchmarked each classifier on the fraction of variauts in the 10,000
withbeld primate variant test set that were classitied as benign at the 50th-percentile threshold for that classifier, to
ensure fatr corapanson between the methods.

{40383} For each of the classifiers, the fraction of withheld primate test vagaots predicted as benign usiog the
50th-percentile threshold is also shown in in FIG. 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 varant position, and
generally performs well as long as sufficient conservation information from mammals is available, which is true for

most protein-coding sequence (FIG. 37).

Analysis of de nove Variants from the DDD Study

{00384 We obtained published de novo vanants from the DDD study, and de nove variants from the healthy
sibling controls in the SSC autism study. The DD study provides a confidence level for de novo variants, and we
excloded variants from the DDD dataset with a threshold of <0.1 as potential false positives due to variant calliog

errors. In one implementation, in total, we had 3,512 missense de novo variants from DDD affected individuals and
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1,208 missense de nove variants from healthy controls. The canomcal transcript annotations used by UCSC for the
S9-vertebrate wultiple-sequence alignment differed slightly from the ranscaipt annotasons used by DD, resulting
i a small difference in the total counts of inssense variants. We evaluated the classification methods on thetr ability
to discriminate between de nove missense variants in the DDD affected individuals versus de novo missense variants
in unaffected sibling controls from the autism studies. 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 (Supplementary
Table 17 (FIG. 34)).
{30385} 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 1o the DD cobort (P<0.05, 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 enrichunent of de novo missense mutations over expectation. We assumed miniroal
incomplete penetranee and that the de novo issense rautations in the bealthy controls were benign. For each
classifier, we identified the threshold that produced the same number of benign or pathogenic predictions as the
empirical proportions observed in these datasets, and used this threshold as & binary cutoff to estimate the accuracy
of each classifier at distinguishing de novo mutations in cases versus controls. To construct a receiver operator
characteristics curve, we treated pathogenie classification of de novo DDD variants as true positive calls, and treated
classification of de nove variants in healthy controls as pathogenic as being false positive calls. Because the DDD
dataset containg one-third benign de novo variants, the area under the curve {AUC) for a theoretically perfect
classifier is less than one. Hence, a classifier with perfect separation of benign and pathogenic variants would
classify 67% of de novo vanants in the DD patients as true positives, 33% of de novo variants in the DD patients

, e

s false negatives, and 100% of de nove variants in controls as true vegatives, vielding a raaxinmiro possibie AUC of

P

3.837 (FiGs. 294 and 298 and Supplementary Table 19 (FEG. 35)).

Novel Candidate Gene Discovery

1

{00386} We tested envichment of de nove mutations in genes by comparing the observed number of de novo
mutations to the number expected under a null mutation mwodel. We repeated the enrichment analysis performed in
the DD study, and report genes that are newly genome-wide siguificant when only counting de novo ruissense
mutations with a Primate Al score of >0.803. We adjusted the genome-wide expectation for de novo damaging
nissense vartagon by the fraction of missense variants that meet the PumateAl threshold of >0.803 (roughly one-
fifth of all possible missense mutations genome-wide). As per the DDD study, each gene required four tests, one
testing protein truncating eorichiment and oue testing enrichment of protein-altering de nove mutations, aud both
tested for just the DDD cohort and for a larger meta-analysis of neurodevelopmental trio sequencing cohorts. The
enrichment of protein-aitering de rovo mutations was combined by Fisher’s method with a test of the clustering of
nssense de novo rmutations within the coding sequence (Supplementary Tables 20, 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 0.7 (a0

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

ChinVYar Classification Accuracy

{30387} Sioce most of the existing classifiers are either trained divectly or tndirectly on ChiaVar content, such
as usiag prediction scoves from classifiers that are trained on ChiaVar, we hmited analysis of the ClinVar 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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ChoVar variants aud other databases, and hence we further filtered to remove vanants found at common allele
frequencies (>0.1%946) 10 BxAC, or present in HGMD (Human Gene Mutation Database), LOVD (Letden Opeun
Variation Database}, or Uniprot (Universal Proteitn Resource). After excluding vavants annotated only as uocertain
significance and those with conflicting annotations, we were left with 177 missense variants with benign annotation
and 969 missense 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 ohserved in these datasets, and

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

Dapact of bscreasing Training Data Size and Using Different Sources of Training Data

[60388] To evaluate the tmpact of traintng data size oo the performance of the deep learning network, we

randomly sampled a subset of variants from the labeled benign training set of 385,236 primate and cormmon 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 frorm each individual mammal
gpecies lower classification accuracy, we trained deep learning networks using a training dataset comprising 83,546
human variants plus a constant numiber of randomly selected variants for each species, again keeping the underlying
network architecture the same, according to one implementation. The constant sumber of variants we added to the
training set (23,380} was the total number of variants available in the species with the lowest nuinber of missense
variants, 1.¢. honobo. We repeated the training procedures five times to get the median performance of each

classifier.

Saturation of All Possible Huroan Missense Mutations with Increasing Numwber of Primate Populations
Seguenced

{80389 We investigated the expected saturation of all ~70 million possibie human missense mutations by
common variants present in the 504 extant primate species, by simulating vartants based on the trinucleotide context
of human common missense variants (>0.1% allele frequency) observed in ExAC. For each primate species, we
simulated four times the mumber of common missense variants observed 1 human (~83,500 missense variants with
allele frequency >0.1%), because bumans have roughly half the nuruber of vanants per imdividual as other prirnate
species, and about ~30% of hurcan missense variaats have been filtered out by purifyiog selection at >0.1% allele
frequency (FIG. 494).

{0394} To raodel the fraction of human common missense variants (>0.1% allele frequency) discovered with
increasing size of human cohorts surveyed (FIG. 56), we sampled genotypes according to EXAC allele frequencies
and report the fraction of common 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 0.6-0.8 as intermediate in genes with dominant
modes of inheritance, on the basis of the enrichment of de nove variants in cases as comparad 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
intheritance.

{90392} FIG. 2 shows au example architecture of a4 deep residual network for pathogenicity prediction, referred
to herein as “PrimateAl”. Tn FIG. 2, 1D cefers to f-dimensional convolutional layer. Predicted pathogenicity is on a
scale from O (benign) to 1 (pathogenic). The network takes as input the human amino acid (AA) reference and

alternate 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 learmog networks, which predict three-state protein secondary structure (hehx—H, beta sheet—B, and coil—
C) and three-state solvent accessibility {(buried—B8, 1uteguediate—I, and exposed—E).

{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 S1-AA-length

position-weighted matrices from primate, mammal, and vertebrate aligmuents, and the outputs of pre-trained

secondary structure network and solvent accessibility network (also 51 AA in length).
{30394} FiGs. 44, 4B, and 4C are Supplemeuntary Table 16 that show exaruple model architecture details of

the pathogenicity prediction deep learning wodel PumateAl, The shape specifies the shape of the output tensor at
each layer of the model and the activation is the activaton given to the neurons of the layer. [nputs to the mode] are
the position-specific frequency matrices (51 AA length, 26 depth) for the flanking amino acid sequence around the
varant, the one-hot encoded human reference and alternate sequences (51 AA length, 20 depth), and the output from
the secondary structure and solvent accessibility models (51 AA length, 40 depth)

[30395] The illustrated example 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
convelutions, separable convolutions, and depthwise separable convolutions. Some layers also use Rel U activation
function which greatly accelerates the convergence of stochastic gradient descent compared to saturating
wnlineanties such as sigmoid or hyperbolic tangent. Other examples of activation functions that can be used by the
technology disclosed incluode parametric Rel.l, leaky RellU, and exponential lincar unit (BLU).

{30396} Sone layers also use batch normalization ({offe and Szegedy 2015). Regarding batch normalization,
distribution of each layer 1o 2 convolution neweal network (CNN} changes during teatoing and it vares from one
layer to another. This reduces the convergence speed of the opimization algorithra. Batch normalization is a

technigue to overcome this problem. Denoting the input of 2 bateh normalization laver with x and its output using 7,

batch normalization applies the following transformation on x:

{60357} Batch normalization applies mean-variance normalization on the input x using u and ¢ and linearly
scales and shifts it using v and P. The normalization parameters p and o are computed 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 [} are trarnable parameters. The values for p and o caleulated during traimung are used 1a forward pass
during mference.

[00398] FIGs. 5 and 6 illusteate the deep leaming network architecture used for predicting secondary structure
and solvent accessibility of proteins. The input to the model is a posttion-weighted matrix using conservation
generated by the RaptorX software (for training on Protein Data Bank sequences) or the 99-vertebrate alignments
(for traiming 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 stoucture prediction deep learning (DLY model. The shape specifies the shape of the output tensor at

each layer of the ruodel and the activation is the activation given to the newrous of the layer. Tuputs to the model
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weye the position-specific frequency raataces (51 AA length, 20 depth) for the flanking amino acid sequence around
the variant.

(00400} FIGs. BA and 8B are Suppleraentary Table 12 that show exaraple raodel architecture details for the 3-
state solvent accessibility prediction deep learning model. The shape specifies the shape of the output tensor at cach
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 SCNZA gene,
anuotated for key functional domains. Plotted along the gene is the average Pumate Al score for missense
substifutions at each amine acid position.

{40492} FEG. 210 shows a comparison of classifiers at predicting benign cousequence for a test set of 10,000
corammon prixpate variants that were withbeld frora teainiog. The y axis represents the percentage of priraate vagaots
corectly classified as benign, after norualizing the theeshold of each classifier to its 30th-percentile score oo 2 set
of 10,000 random variants that were matched for mutational rate.

{80403} FIG. 21E iliustrates distributions of PrimateAl prediction scores for de rnove missense variants
occurring in Deciphering Developmental Disorders (DDD) patients compared to unaftected siblings, with
corresponding Wilcoxon rank-sum P value.

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

[30405] FiGs. 224, 228, 22C, 22D, and 22E tllustrate classification accuracy within 605 DDD genes with
P<(.05. FIG. 22ZA shows enrichmeunt of de nove missense mutations over expectation in affected individuals from
the DD cobort within 6035 associated genes that were significant for de nove protein uncating vagation {P<0.03).
Fi{5. 228 depicts distributions of PrimateA] prediction scores for de novo missense vadants occurang in DDD
patieats versus unaffected sibliogs within the 605 associated genes, with corresponding Wilcoxon rank-sum P value.
[00400] FIG. 22C shows comparison of various classifiers at separating de nove missense variants in cases
versus controls within the 605 genes. The v axis shows the P values of the Wilcoxon rank-sum test for eac
classifier.

[00407] FIG. 22D depicts comparison of various classifiers, shown on a receiver operator characteristic curve,
with AUC indicated for each classifier.

[00408] FIG. 22 illustrates classification accuracy and AUC for each classifier. The classiBbeation accuracy
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 enrichment shown in FIG.
22A. To take into account the fact that 33% of the DD de novo missense variauts represent background, the
maximum achievable AUC for a perfect classifier is indicated with a dotted line.

[30409] FiGs. 234, 238, 23C, and 23D show impact of data used for training on classification accuracy. Deep
learning networks trained with increasing numbers of primate and human common variants up to the full dataset
(385,236 variants). In FIG. 234, classification performance for each of the networks is benchmarked on accuracy
for the 10,000 withheld primate variants and #e nove variants in DDD cases versus controls.

{8041 0] FiGs. 238 and 23C show performance of networks trained using datasets comprising 83,546 human
common variants plus 23,380 variants from a single primate or mammmal species, aceording to one implementation.
Results are shown for each network trained with different sources of comion vartation, benchmarked on 16,000

withbeld primate variants (FIG. 23B), and on de nove wssense variants (FEG. 23C) ia DDD ca 2rsus controls,

"
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{0041 1] FIG. 230 depicts expected satueation of all possible human benign missense positions by identical-by-
state common variants (>0.1%) in the 504 extant priraate species. The y axis shows the fraction of human rissense
variants observed 1o at least one primate species, with CpG missense variants ndicated in green, and all missense
variants indicated in blue. To simulate the common variants in each primate species, we sampled from the set of all
possible single nucleotide substitutions with replacement, matching the trinucleotide context distribution observed
for conymon buman 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 s inversely correlated
with the sequencing depth at that position in the ExAC/gnomA D exome dataset. In contrast, the lower gnomAD
read depth did not affect the probability of observing a common huren variaat at that position (>0.1% allele
frequency) because the large number of human exomes sequenced makes ascertainment of comruon variation almost
guaranteed. Wheo picking roatehed variants for each of the primate vaxiants for traintog the network, the probability
of picking a variant was adjusted for the effects of sequencing depth, 10 addivon to matching for trinucleotide
context to control for mutational rate and gene conversion.
[00413] FiGs. 254, 258, 258C, and 26 depict recoguition of protein motifs by the disclosed neural networks.
Regarding ¥FEGs. 254, 25B, and 28C, to illustrate the neural networks’ recognition of protein domains, we show the
average PrimateAl scores for variants at cach 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 1u collagen genes are largely due to missense mutations 1 glycine in GXX repeats, as these interfere with
the normal assembly of collagen and exert strong dominaat-negative effects. In FIG, 258, the active site of the 1DS
sultatase enzynee is highlighted, which countains 2 cysteine at the active site that is post-translationally modified to
formylglyeine. In F8G. 25C, the bHLHzip domatn of the MYC trauscription factor is shown. The basic domain
contacts DNA via positively charged arginioe and lysine residues (highlighted) that interact with the negatively
charged sugar-phosphate backbone. The levncine-zipper domain comprises leucine residues spaced seven ammo
acids apart (highlighted), which are crueial for dimerization.
{0041 4] FIG. 26 inchudes 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 amino 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 i predicted pathogeuicity score for perturbations at each nearby
amino acid position for 5,000 randomly selected variants
{0415} G, 27 iHustrates correlation patterns of weights mimic BLOSUMG? and Grantham score matrices
Correlation pattems of weights frora the first three layers of the secondary-structure deep learning network show
correlations between araino acids that are simidar to BLOSUMG6G2 and Grantham 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-siructure deep learning network between amino acids encoded using a one-hot
representation. The middic 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
BLOSUMS62 scores is 0.63 (P = 3.55 x 107"}, The correlation hetween deep learning weights and Grantham seores is
~0.59 (P = 4.36 » 10°%). The correlation between BLOSUMG2 and Grantham scores is —0.72 (P = 8.09 x 107,
{0416} FiGs. 284, 288, and 28C show performance evaluation of the deep learning network PomateAl aud
other classifiers. FIG. 284 depicts accuracy of the deep learniug network PrmateAl at predicting a beuign

cousequence for a test set of 10,000 primate variants that were withheld from training and corapadson with other
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classifiers, including SIFT, PolyPhen-2, CADD, REVEL, M-CAP, LRT, MutatonTaster, MutationAssesso
FATHMM, PROVEAN, VEST3, MetaSVM, Metal.R, MutPred, DANN, FATHMM-MKL _coding, Figen,
GenoCanyon, integt’ated__h Cons, and GERP. The y axis represents the percentage of privaate vanants classified as

benign, based on normalizing the threshold for each ¢l
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Oth-percentile score using a set of 10,000
randomly selected variants that were matched to the primate variants for trinuclectide context to control for
mutational rate and gene conversion.

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

{30418} FIG. 28C depicts comparison of the performance of the PrimateAl network in separating de novo
nissense vanants in DD cases versus unaffected controls within 605 disease-associated genes, with the 20
wethods listed above. The v axis shows the P values of the Wilcoxon rank-sura test for each classifier

{40419} s, 29A and 298 ilustrate distribution 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-sum P-values
[00420] FIGs. 304, 368, and 36C compare the accuracy of the Primate Al network and other classifiers at
separating pathogenic and benign variants in 6035 discase-associated genes. The scatterplot in FEG. 30A shows the
performance of each of the classifiers on DDD cases versus controls (v axis) and benign prediction accuracy on the
withheld primate dataset (x axis}). FEG. 388 compares different classifiers at separating de nove missense variants in
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. F1G. 380 shows classification accuracy and AUC for the
Primate Al network and the 20 classifiers lsted 1o FiGs, 28A, 288, and 28C. The classification accuracy shown s
the average of the true positive and true negative rates, using the threshold where the classifier would predict the
sarae riurober of pathogenic and beuign variants as expected based on the envichment m FEIGL 22A. The maxtmurn
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 novo missense variants in controls are 100%
benign.

{00421} FIGs, 31 A and 31B illustrate correlation between classifier performance on human expert-curated
ClinVar vanants and performance on empirical datasets. The scatterplot in FiG. 31 A shows the classification
accuracy {y axis) oun ClinVar vartants ou the 10,000 withbeld primate variants {x axis) for each of the 20 other
classifiers and the Primate Al network trained with human-ouly or hursan + prisoates data. Shown are the Spearman
correlation coeftficient rho and associated P value. To Limit the evaluanon to data that were not used for trajuing the
classifiers, we ouly used ClinVar variants that were added berween January 2047 and Noveraber 2017, and excluded
cornon human variants from ExAC/gnomAD (>0.1% allele frequency). The ClinVar classification accuracy shown
is the average of the true positive and truc negative rates, using the threshold where the classifier would predict the
same nuniber 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 classitiers and the PrimateAl network trained with
human-only or human + primates data.

{0423} FBG. 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 DataBauk, using 6,367 vurelated

protein sequences for teatniong, 400 for validation, and 300 for testing. Only proteins with <25% sequence siynilarity
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weye selected from the Protein DataBank. We report the accuracy of the deep learning networks as a performaonce
metxic, as the three classes are not grossly unbalatced for either secondary structure or solvent accessibility.
[B0424] FIG. 33 18 Supplementary Table 15 that shows perforrnance 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 iabels.

[30425] 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 networl that was trained using a labeled benign
raining dataset comprising only of common huroan vavants (83.5K variants with > 0.1% in the population), while
Privnate Al model with Humpan + Primates data is our deep leaming network trained ou the full set of 385K labeled

bemgn variants, coruprisic nate vanants,

both comruwon human variauts and pri

30426} FIG. 35 18 Supplementary Table {9 that shows comparison of the performance of different classifiers
ou de novo variants o the DI case vs control dataset, restricted to 605 disease-associated genes. To normalize
between the different methods, for each classifier we identified the threshold where the classifier would predict the

sarne 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. 494, 498, 49C, 49D, and 49E depict missense/synonymous ratios across the human alicle
frequency spectrum. FIG. 45A shows missense and synonymous variants observed in 123,136 humans from the

ExAC/gnomAD database were divided into four categories by allele frequency. Shaded grey bars represent counts
of synonyinous variants in each category; dack green bars represent rmsseuse variants. The height of each bar is
scaled to the nunsber of synonymous variants in each allele frequency category and the missense/synonyrnous
counts and xatios ave displayed after adjusting for mutatnon rate. FIGs, 498 and 49C illustrate allele frequency
specteum for buman yoissense and synonymous variands that are identical-by-state (IBS) with chirapanzee comyoou
varants (FIG. 498) and chimpanzee singleton variaats (FYG. 49C). The dgpi etion of chimpanzee missense vanants
at commen human alicle frequencies (>0.1%) compared to rare human aliele frequencies (<0.1%4) is indicated by the
red box, along with accompanying Chi-squared ( ') test P values

[00428] FIG. 49D shows human variants that are observed in at least one of the non-human primate species.
FIG. 49E illustrates counts of benign and pathogenic missense variants in the overall ClinVar database (top row?,
compared to ChnVar variants 1o a cohiort of 30 humans sampled from ExAC/gnomAD allele frequencies {middie
row}, compared to varants chserved in primates (hottom row). Contlictiug benigu and pathogenic assertions and
vanants anuotated ouly with uneertain significance were excluded.

[B0429] FiGs. 584, 508, 300, and 56D show purifying selection ou raissense vartants identical-by-state with
other species. FEG. 38A depicts allele frequency spectrum for buman raissense and synonymaous variants that are
identical-by-state with variants present in four non-primate mammalian 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

{30430} FIG. S0B 15 a scatter plot showing the depletion of missensc variants observed in other species at
common human allele frequencies (>0.1%%) versus the species’ evolutiopary 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 18 indicated next to the species” name. Depletion values for singleton and common vanants are
shown for species where variant frequencies were available, with the exception of gorilla, which countained related

nchviduals.
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{00431} FIG. 36C iilustrates counts of benign and pathogenic missense vanants in a cobort of 30 huraans
sarapled from BxAC/gnomAD zllele frequencies (top row), compared to variants observed 1o prmates (middle rows),
and compared to variants observed in raouse, pig, goat, and cow {(bottor row). Conflictiag benigo and pathogenic
assertions and variants annotated only with uncertain significance were excluded.
[00432] FIG. 530D is a scatter plot showing the depietion of fixed niissense substitutions observed in pairs of
closely related species at common human allele frequencies (>0.1%) versus the species’ evolutionary distance from
human (expressed in units of mean branch length).
[00433] FIG. 51 shows expected missense:synonymous ratios across the human allele frequency spectrum in
the absence of purifying selection, Shaded gray bars represent the number of synonymous variants, aud dark green
bars represent the number of missense variauts. The dotted line shows the baseline formed by synonymous varants.
Missensersynonymous ratios are indicated for each allele frequency category. Aceording to one implementation, the
expected roissense and synonymous counts in each allele frequency category were caleulated by takiog intronic
varants from the ExAC/gnomAD dataset compusing 123,136 exornes and using them to estimate the fraction of
variants expected to fall into each of the four allele frequency categories, based on the trinucicotide context of the
variant, which controls for mutational rate and GC bias in gene conversion.
[00434] FiGs. 524, 528, S2C, and 52D depict nuissense:synonymous ratios for CpG and non-CpG variants.
FiGs. 524 and 52B show missense:synonymous ratios for CpQ variants (FIG. 524) and non-CpG variants (FIG.
52A) across the human allele frequency spectrum, using all variants from the ExAC/gnomAD exomes. FIGs, 82C
and 521 show ruissense:synonymous ratios for CpG variauts (FEYG. 82C) and non-CpG variants (FEG. 52D across
the human allele frequency spectrum, restricted to only human vanants that are identical by state with chimpanzee
coramon polymorphisms,
{30435} Fies. 53, 34, and 85 illustrate missense:syaonymous ratios of bman vanants ideotical by state with
six primates. Pattermns of raissense:sysoaymous ratios across the human allele frequency spectrum for
Hx AC/gnomAD variants that are identical by state with vanation present in chivapaazee, bonobo, gorilla, orasgutag,
rhesus, and marmoset.
[40436] FIG. 86 is a simulation showing saturation of new common missense variants discovered by
increasing the size of the buman cohorts surveyed. In simulations, the genotypes of each sample were sampled
according to gnomAD allele frequencies. The fraction of gnomAD common variants discovered is averaged across
140 simulations for each sample size from 10 to 180,000,
{90437} FIG. 37 shows accuracy of Prmate Al across different couservation profiles 1o the genome. The x axis
epresents the percentage alignabality of the 51 AA around a sequence with the 39-vertebrate aliguments. The y axis
represents the classification performance of Primate Al accuracy for variants 1o each of the couservation bins,
benchmarked on the test dataset of 10,000 withheld primate variants.
[00438] FIG. 38 18 Supplementary Table 5 that shows contributions to the labeled benign training dataset from
common human variants and variants present in non-human primates.
[00439] FIG. 59 18 Supplementary Table 8 that shows effect of allele frequency on expected
missense:synonymous ratio. Expected counts of synonymous and missense variants were calculated based on the
allele frequency spectrum of variants in intronic regions at least 20-30nt away from exon boundaries, using
trinuicleotide context to control for nutational rate and gene conversion biases.
{0440} G, 68 is Supplementary Table 9 that shows ClinVar analysis. According to one ruplementation,

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

{00441} FIG. 61 18 Supplementary Table 10 that shows the vumber of missense variaots 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 mucleotides at the other two positions in the reading frame to
ensure the same coding consequence.

[004472] FIG. 62 13 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
DD study.

{30443} FIG. 63 18 Table 2 that shows one implementation of the mean difference in Grantham score between

pathogenic and bemgn variants in ClinVar, which is twice as large as the difference between de novo variants in

DD cases versus controls within the 603 disease-associated genes.

Data Generation

~

[00444] All coordinates used in the paper refer to buman genome build UCSC hgl%/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 hgl9 build,

{http://ngdownload.soe ucse.edw/goldenPathi/hg 19/multiz HiOway/alignments/knownCanouical.exonMNuc . fa.g7)
genes with multiple canonical gene anuotations, the Jongest coding transcript was selected.

{40445} We downloaded buman exome polyroorphism data from the Exome Aggreganon Consortium

o

(ExACYgenome Aggregation Database {gnomAD) v2.0, which collected the whole-exome sequencing (WES) data
of 123,136 individuals from eight subpopulations around the world (http://gnomad.broadinstitute.org/}. We exciuded
variants that failed the defauit quality control filters 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 genone sequencing project provides
whole genome sequencing data and genotypes for 24 chimpanzees, 13 bonobos, 27 gorillas and 16 orangutans
{including 5 from the Surnatran subspecies and 5 from the Bornean subspecies, which we collapsed for the
downstream analyses). The study ou chirupanzee and bonobos provides genome seguences of additional 35

chimpauzees. However, as vi

ants for these additional chirapanzees were not called using the same methods as the
great ape genoyae sequencing project, we excluded them from the allele frequency spectrura avalysis, and used them
ouly for training the deep leaming model. Variation from these priynate diversity studies were already mapped to the
human reference {hgl9). In addition, for Marmoset and Rhesus, 16 thesus individuals and 9 manmoset individuals
were used to assay vanation in the original sequencing of these species’ genomes, but individual-level information
is not available.

{30446} The great ape genome sequencing projectd provides whole genome sequencing data and genotypes for
24 chimipanzees, 13 bonobos, 27 gorillas and 10 orangutans (including 5 from the Sumatran subspecies and 5 from
the Bornean subspecies, which we collapsed for the dowustrears analyses). The study on chimpanzee and bouohos
provides genome sequences of additional 35 chimpanzees. However, as variaats for these additional chimpanzees
were not called 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 leaming model. Variation from these

primate diversity studies were already mapped to the huraan reference (hgl9). To addition, for Marmoset and

VS
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Rhbesus, §6 rhesus individuals and 9 marsoset individuals were used to assay variation in the origiual sequencing of

these species” genomes, but individual-level information 18 not available.

00447} To cornpare with other pomates and mwarmyaals, we also downloaded SNPs of other species from
dbSNP, including rhesus, marmoset, pig, cow, goat, mouse, chicken, and zebrafish. dbSNP also included additional
orangutan variants, which we only used for traiming the deep learning model, since individual genotype tnformation
was not available for the allele frequency spectrum analysis, We discarded other apecies, such as dog, cat, or sheep,
as dbSNP provides limited numbers of variants for those species.

[30448] To map the variants to human, we used the multiple species alignment of 99 vertebrates to ensure
orthologous 1:1 rapping to human protein-coding regions. Mapping vanants usiag the orthologous multiple species
abignments was essential to remove artifacts caused by pseudogene or retrotransposed sequences, which oceur when
directly mappiag SNPs between species using tools such as hftOver that allow many-to-1 mappings. [n cases where
the genome buidd of the species in dbSNP did not match the genome build of the species 1u the 99-vertebrate
multiple sequence alignment, we used [HftOver to update the variants to the genome build used i the multiple
sequence alignment. We accepted variants as identical-by-state if they occurred in either reference/alternative
orientation, for example, 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
ensure that the vartant 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 identical between the species, for both missense and
synonymous variants. Polymorphisms from each species included in the analysis are listed 1o Supplementary Data
File 1 and detailed metrics are shown in Supplementary Table 1.

{30449} To ensure that the variants from each dbSNE submitter batch were of high quality and aligned
cotrectly o human, we calculated the missense:synonymous ratio for each batch, confirming that this was less than
the expected xatio of 2.2:1; wost species had ratios lower than 111, especially zebrafish and mouse, which would be
expected to have very large effective populanon sizes. We excluded two batches of SNPs frora cow which bad
unusually high missense:synonymous ratios fron: further analysis (snpBatch 1060 _BULL GENOMES 10659190.gz
with ratio of 1.391 and snpBatch COFACTOR_GENOMICS 1059634.g7 with ratio of 2.568). The mean

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

Correction for the Effect of Allele Freguency on Missense:Svnonvmous Ratio, Mutational Rate, Genetic

Drift, and GC-Biased Gene Conversion

0450} Tn addicon to the action of purifinng selection, the observed depletion of human raissense vanants at
high allele frequencies could also be affected by factors not related ¢o natural selection. The probability of a neutral
wutation appeaning at a pacticular allele frequency in the population is a function of mutational rate, gene
conversion, and genetic drift, and these factors could potentially iniroduce a bias in the nussense:synonymeous ratio
across the aliele frequency spectruin even in the absence of selective forces.

[00451] To compute the expected missense:synonymous ratios at each allele 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 extendad splice motifs.
Because these regions are near the edges of the exome capture sequence for ExAC/gnomAld exomes, 1o ensure fair
ascertatument of vartants we removed auy chrX regions aud excloded regious with mean read depth < 30. Hach
variant and 1ts imroediately upstream and dowastream nucleotides falls within one of 64 trinucleotide contexts. If we

mutate the riddle nucieotide into three other bases, in total, 64 x 3 = {92 tri-nucleotide configuranions are possible.
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As tr-nucieotide configurations and their reverse complements are eguivalent, there are effectively 96 tu-nucleotide
contexts. We observed thar tri-nucleotide context has a very strong effect on mutational rate, and a smaller effect on
(3Chiased gene conversion, making tri-nucleotide context effective for modeling these vanables.

[00452] Within these intronic regions, we took cach variant from the 126,136 ExAC/gnomAD exomes and
separated them into 4 » 192 categories, based on four categories of allele frequency {singleton, more than
singleton~0.01%, 0.01%~0.1%, > 0.1%) and 192 tri-nucieotide contexts. We normalized the number of variants
observed in each of the 4 x 192 categories (allele frequency x tri-nucleotide context) by dividing by the total number
of possible varianis with that tri-nucleotide context (obtained by substituting cach nucleotide in the intronic
sequence three different ways). For each of the 192 tri-nucleotide contexts, we had thereby obtained the expected

fraction of variants to fall in each of the 4 allele frequency categonies in the absence of protern-coding selection.

This ioplicitly moodels the effects of mutational rate, GC-brased gene conversion, and genetic drift that are due to
differences i tri-nucleotide context (Supplementary Table 7).
{30453} To get the expected roissense:synouyious ratio in each allele frequency category, we counted the total
number of possible synonymous and nrissense 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 x
192 table to calculate the number of variants expected to fall within cach of the 4 allele frequency categories.
Finally, we summed up the number of synonymous and missense variants across the 192 tri-nucleotide 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)).
[00454] The expected missense:synonyrmous rat1os were nearly constant across the allele frequency spectrum
and close to the ratic of 2.23:1 that would be expected for de nove variants in the absence of natural selection, with
the exception of singleton vanants, whose expected missense:synonymaous ratio was 2.46:1. This 1odicates that due
to the action of factors independent of protetn-coding selective pressures (mutational rate, gene conversion, genetic
duft)y, variants with the singleton allele frequency category o ExAC/guomAl are expected to have a
nissensesynonymous ratio about 16% higher than that of de novo mutations by default. To correct for this, we
adjusted down the missense:synonymous ratio for singletons by 10% in the allele frequency analyses (FIGs. 484,
498, 49C, 49D, and 49F and FiGs. 584, 508, S0C, and S0D). This small adjustment reduced the estimated
missense depletion for commeon human variants present in primates and other mamimals (shown in FIGs. 494, 498,
49C, 490, and 49E and FIGs. SGA, 368, 50C, and 50D} by roughly ~3.8%. The higher missense:synonymous ratio
for singleton variants is due to transition mutatons (which are wore likely to create synonymous changes) baving
higher allele frequencies owing to higher mutation rate than transversion mutations (which are more likely to create
wrissense changes).
{30455} Moxeover, this explaios the obsexved raissense:synonymous ratic of 2.33:1 for singleton variants 1o
ExAC/gnomAD, which exceeds the expected ratio for de novo mutations of 2.23:1. After factoring in the effects of
ailele 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
mtations with de novo dominant modes of inheritance. Indeed, when we consider only haploinsufficient genes with
high probability of loss of function (pLI > 0.9}, the missense:synonymous ratio for ExAC/gnomAD singleton
variants is 2.04:1, indicating a depletion of around ~17% within }‘aplomsu*hme'l- genes. This result is concordant
with prior estimates that 20% of missense mutations are equivalent to loss of function ruutations, assuming sore

degree of ncomplete penetrance.
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[00456] We also specifically examined raissense:syaotymous ratios for CpG and non-CpG variants across the
human allele frequency spectrum, due to the large differences 1 thete routation rates {FiGs. 324, 528, 52, and
52D). We confirmed that for both CpG asd noo-Cp( routations, human variands that are identical-by-state with
chimpanzee common polymorphisms have nearly constant missense:synonymous ratios across the allele frequency

spectrun.

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

~.
>

{50457} To evaluate whether variauts fror other species would be tolerated at common aliele frequencies

o

0.1%) in human, we dentified human vanants that were identical-by-state with variation in the other species. For
each of the variants, we assigued them to one of the four categories based on thetr allele frequencies o human

populations {singleton, more than singleton~0.01%, ¢.01%~0.1%, > (.1%), and estimated the decrease 1o

missense:synonymous ratios (MSE} between the rare (<0 0.1%) and common (> §.1%) variants. The depletion of
identical-by-state missense variants at common human aliele freg es (> §.1%) indicates the fraction of variants

from the other species that are sufficiently deleterious that they would be filtered out by natural selection at common

allele frequencies in human.
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{10458} The mmsseusesynonymous ratios and the percentages of depletion were computed per species and are
shown in FEG. 508 and Supplementary Table 2. In addition, for chiurapanzee conynon variants (FIG. 494),
chirapanzee singleton vadaots {K¥G. 48C), and roaramal variants (FIG. 304), we performed the Chi-squared {y2)
test of homogeneity on 2x2 congugency table to test if the differences in missense:synonyimous ratios between rare
and common variants were significant.

[00459] Because sequencing was only performed on limited numbers of individuals from the great ape
diversity project, we used the human allele frequency spectrum from ExAC/gnomAD to estimate the fraction of
sanipled 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 missense variants that
were ohserved either once, or more than ouce, in this cohort, Vartants that were observed yuore than ouce had a

99 8% chance of being corumon (> 0.1%) in the general population, whereas variants that were observed only ouce
int the cobort had 2 69% chance of being common o the general population. In FYGs. 498 and 48C, we show that as
a cousequence of some of the chimpanzee singleton variants being rare deleterious mutations, we observe depletio
of stugleton chimpanzee variants at high allele frequencies 1o huwraan, but vot for the common chimpanzee variants.
Roughly half of chimpanzee variants observed in the cohort of 24 individuals were observed only once, and roughly

half were observed more than once.

[60460] To confirm that the observed depletion for missense variants in more distant mammals was not due to
a confounding etffect 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 50 manmals comparad with buman {see Supplementary Table 3}. This removed ~7% of human

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

Fixed Substitutions Among Primates, Mamnals and Distant Yeriebrates

{00461} To ensure that our resulits 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 frora pairs of closely-related species in heu of intra-species polymorphisms. We
dowualoaded the phylogenetic tree of 100 vertebrate species
{(http://hgdownload. soe.ucse.edw/goldenPath/bgl O/multtiz} 00way/hgl 9. 100way.commonNaraes.n b} from UCSC
genome browser, with phylogenetic distance measured in branch length (mean number of nucleotide substifutions
per position). We selected closely-related species pairs (branch length < 0.25) for further analysis. To identify fixe
substitutions between closely related species pairs, we downloaded coding regions for the multiple sequence
alignments of 99 vertebrate genomes with human, 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 sorue of the primate species, such as bonobo, were absent in the 99 vertebrate aligunment

{http://bgdownload. soeucse.edu/goldenPath/b g3 8/multiz2 Oway/alignments/knownCanouical.exo nNue, In
total, we obtained 15 pairs of closely related speci wluding five primate pas, as bsted in FEG, 58D aud
Suppleraentary Table 4.

{40462} We took the multiple sequence alignraents of 19 mammalians or 99 vertebrate genomes with buman

within the canonical coding regions and obtained nucleotide 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 unchanged between human and the other species, and aceepting 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 comuon (> §.1%) allele frequency categories to obtain the fraction of fixed substitutions under negative

selection, as shown 1 Supplementary Table 4.

ChnVYar Asalbvsis of Polvinerphism Bata for Human, Primates. Mammals, and Odher Yerichraies

[30463] To examine the clinical impact of variants that are identical-by-state with other species, we
downloaded the release variant summary for the ClinVar database

(ftp://fipncbinlm.nih.gov/pub/clinvar/clinvar 20171029 vef. gz released on 02-Nov-2017312. The database

contained 324,698 variants on the hgl9 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

were not of missense consequence, and were excluded. Next, we filtered variants with conflicting interpretations of

pathogenicity, and kept only those with beunign, bkely benign, pathogeuic, and likely pathogenic aunotations. We

merged vanants with Benign or Likely Benign 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 2 total of 24,853 variants o the pathogenic category and 17,775 variants 1u the benign category; the remainder
were cxcluded because they arevariants of unknown significance or conflicting annotations.

{30464} To get a baseline for ClinVar missense variants in the human population, we exanined 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. 498) from 100 such
simulations. Because curators have systematically anuotated common human variants with beuign 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 variation in primates, mammals and
other vertebrates. The numbers of benign and pathogenic vartants for each species are shown n Suppleraentary

Table 1. A suraary of the number of ChaVar variants that were present in humans, priraates, and yoore distant
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mammals is shown o FIGs, 498 and 588, along with the results from Chi-squared (¢2} test of homwogeneity for

differences in the ratio of beaign to pathogenic variants.

Geaeration of Bepizn Variants for Model Trajning

{30466} Variants that are common in the human population are largely neutral aside from rare instances of
founder effects or balancing selection, making then: suitable as a benign training dataset for machine learning that i3
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
missense variants with overall population allele frequency >= 0.1% within canonical protein-coding transcopts,
{40467} Based on our earlier xesulis showing that variaats present in primates are largely benign in bumag, we
created a benign training dataset for yaachine leaming comprising coramon human 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 marmoset variants from dbSNP. In total, 301,650 unique

primate variants were added to the benign training set, according to one irmplementation. The nuntber of benign
training variants contributed by each source is shown in Supplementary Table 5

[30468] A caveat 1s that while most primate variants are common in their respective populations, a minority of
them are rare varianis. Because the non-human primate species have had limited mumbers of individuals sequenced,
we would expect that the set of ascertained vanants generally represent common variation. Indeed, we find that the
niissensesynonyrous ratio for variants from each of the primate species is less than balf of the expected 2.23:1
ratio for de nove rottation, 1adicating that these are mostly corarnon vanants that have already passed through the
sieve of selection. Moreover, for the chimpanzee cobort, we bave estimnated that ~84% of the ascertained variants

are present at comroon allele frequencies (& §.1%) o their respective populations. Since ~50% 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 arc identical-by-state with observed primate variation (FEG. 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, 91.2% benign mutations (tolerated at >
0.1% allele frequency), and 5.6% intermediate mutations that do not folly abrogate gene function, yet are deleterious
enough to be filtered out at common allele frequencies (> ¢.1%). Despite the kuown imperfections in this training
Jataset, the classification accuracy of the deep learning network was much better when trained on a benign training
dataset compristag both coramon buman variants and primate vagants, corapared to common human vartants alone.
Therefore, it appears that at the current classificason accuracy, the amouat of trajuing data available is the stronger
limitation. As larger numbers of individuals are sequenced in each primate species, it will be possible to prepare
training datasets that contain a higher fraction of primate cominon variants, reducing contamination from pathogenic

variants in the training dataset and further improving classification performance.

Generation of Unlabeled Variants to Complement the Benign Training Dataset

{40470} Al possible missense variants were generated from each base position of cavonical coding regions by

ubstituting the nucleotide at the posttion withthe other three nucleotides. We exc

fuded variants that were observed
it the 123,136 exomes froro ExAC/gnornAD, and vanants in start or stop codous. In total, 68,258,623 unlabeled
variants were generated. We assigned each of the uniabeled 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 yoatch the variaats (o the benign dataset by tri-nucleotide context, and trarning the classifier to

discriminate between beoign and uniabeled trainiog examples

Additional Filtering of Unlabeled Variants
{00471} By presenting examples of benign and unlabeled variants along with the flanking amino acid sequence,
the deep learning network learns regions of proteins that are highly intolerant of mutations. However, the absence of

]

cormmon variants within a region of the protein sequence may be due to stroug punifying 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 unlabeled datasets from regions where the ExAC/gnomAD dataset bad mean
coverage < L. Stmilarly, when matchiog unlabeled vartants to primate variants in the beoign dataset duxing training,
we excluded unlabeled variauts from regions where that priveate did not bave orthologous alignable sequence with

human in the multiple sequence alignment.

Withheld Primate Variants for Validation and Testing, and de nove Variants from Affected and Unaffected
Ingdividuals

{40472} For validating aud testing of the deep leaming network, we randomly sampled two sets of 10,000

primate variaats for validation and testing, which we withbeld from training. The rest of the prisuate vanants, along
with the common buman variants (> 0.1% allele frequency), were used as the benign dataset for training the deep
learming nvetwork. In addition, we also sarapled two sets of 10,000 unlabeled variants that were roatched to the
withheld prunate variaats for the validation set and the test set.

[00473] We used the 10,000 withheld primate variants in the validation set and the matched 10,000 unlabeled
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 overfitting, 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 50th-percentile threshold for each classifier. We benchmarked each

classifier on the fraction of variants 1u the 10,000 withheld privaate variant test set that were classified as beni

the 50th-percentile threshold for that classifier, to ensure fair comparison between the raethods.

{00475} To evaluate the performance of the deep learmug network in chinical settings using de novo variants in
affected individuals with neurodevelopmental disorders and de novo 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 Stmons Simplex Collection (85C) autism study. The DDD study provides a
confidence level for de nove variants, and we exclided variants from the DD 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 novo variants from healthy controis.

{30476} To better mode] the real-world clinical scenario of distinguishing between benign and pathogenic

varants of yncertain significance witlnu a panel of candidate disease genes, we lirmited the analysis to ouly de nove

variants within 605 genes that were associated with disease in the DDD study (p<0.05}, caleulated only trom
proteia-truncatiag variation (Supplemeuntary Table 18). We evaluated the gene-specific envichment of protein-
runcatiug de novoe routations by computing the staistical significance 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



selected the 605 genes with a nominal P-value < $.05. We calculated the excess of synonymous and missense de
novo mutations within the 605 genes (FIG. 22A) as the ratio of conuts of observed de novo youtations versus
expected de novo mutations, as well as the difference of observed de rovo mutanons mious expected de novo
mutations. Within these 603 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 Human Missense Mutations with Increasing Namber of Prismate Populations
Seguenced

{40477} We investigated the expected saturation of all ~70M possible buman yoissense routations by common
variants present in the 364 extant primnate specics. For each primate species, we simulated 4 timnes the number of
ommon missense variants observed in human {(~83,500 nissensc variants with allele frequency > 0.1%), becau
humans appear to have roughly half the number of variants per individual as other primate specics, and about ~50%
of human missense variants have been filtered out by purifying selection at > 0.1% allele frequency (FIG. 49A). We
assigoned simulated variants based on the observed distribution of human conmmmon missense variants in the 96 tri-
mucleotide contexts. For example, if 2% of human common missense variants were from the CCG>CTG tri-
nucleotide context, we would require that 2% of the simulated variants were raudomly sampled CCG>CTG
mutatious. This has the effect of controlling for the effects of mutational rate, genetic drift, and gene conversion
bias, using tri-nucleotide context.
{00478} The curves in FIG. 2313 show the curmlative satweation of the ~70M possibie human nussense
mutations by comrmmon variants present in any of the 5304 primate species, assuming that we ascertain all common
variants in each primate species (> 0.1% allele frequency). From FIG. 49A, 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 therefore the curves in FEG. 23D represent the fraction of non-deleterious human
missense mutations saturated by common primate variation as the number of primate specics 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 a much smaller nuraber of species due to their lngher wmutation rate.
{30479} To model the fraction of human common missense variants (> 8.1% allele frequency) discoverad with
increasing size of human cohoxts surveyed (FIG. 36), we sampled genotypes according to gnomAD allele
frequencies. The fraction of gnomAD common tnssense variants discovered was averaged across 100 simulations

for each sample size frorn 10 to 100K

Prediction of Secondary Structure and Solvent Accessibility

[30480] 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 maiu pathogenicity prediction network which takes as wput the results of the secondary structure and solvent
aceessibility networks. Because the crystal structures of most buman proteins are unknown, we trained two models
to enable the network to learn protein strocture from privaary sequence. Both models used the same network

architecture and 1aputs shown o FIG. 6. The woputs to the secondary structure and solvent accessibility networks (s
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a 51 length x 20 amino acid position frequency roatex encoding conservation information from the rauliple
sequence aligument of hurnan with 99 other vertebrates.
{00481} The secondary structure network s tratsed to predict 3-state secondary structure: 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
wsing 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

{04872} We used unrelated crystal structures from the Protein Databank for tratuing the models. Amino acid
sequences with more than 25% sequence siroilarity were removed. In 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/.

[30483] Most solved crystal structures are of non-buman proteins, hence for pre-training the secondary
structure and solvent 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
abignments for the proteins using the CNFsearchl.66_release tool from RaptorX,, and counted the amino acids at
each position from the 99 closest alignments to form the position frequency matrix. For example, the specific

coramands usiog RaptorX o retrieve the multiple sequence aligament for the Tu71A. fasta protein were as follow

% JbuildFeature -1 tu7lA fasta -¢ 10 -0 /TGT/Hu7iA tgt

% /U NFsearch -2 30 -g 1u7lA

{10484} For each amino acid position in the dataset, we took & window from the position frequency matrix
corresponding to the flanking 51 amino acids, and used thus to predict the label for etther secondary structure or
solvent accessibility for the aroino acid at the center of the 5t- fength amino acid sequence. The Iabels for secondary
structure and relative solveat accessibility were divectly obtained from the koown 3D crystal structure of the protein
using the DSSP software and did not requite prediction from primary sequence. To weorporate 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 pathogeunicity prediction to allow fine-

tuning of the parameter weights.

Model Architecture and Training

[40485] We trained two separate deep convohutional neural network models to predict secondary structure aad
relative solvent accessibility of proteins. The two roodels have identical architecture and input data, but differ on the
prediction states. We conducted detailed hyperparameter search to optimize the models for best performance. Both
our deep feaming network for pathogenicity prediction and deep learning networks for predicting secondary
structure and solvent accessibility adopted the architecture of residual blocks, which has become widely adopted due
to its success in image classification. The residual blocks comprise 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 layer is first batch normalized, followed by an activation layer using rectified huear units (ReLU). The
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activation 1s theo passed through a 11 convolution layer. This tntermediate output from the 1D convolution layer is
again batch nonaalized and Rel.U acuvated, followed by another 15 convoelution layer. At the end of the second 15
convolution, we sumumed its output with the original toput into the residual block, which acts as 2 skip coonection by
allowing the original input information to bypass the residual block. In such an architecture, termed a deep residual
learning network by its authors, the input is preserved in its original state and the residual connections are kept free
of nonlinear activations from the model, allowing effective fraining of deeper networks. The detailed architecture i3
provided in FIG., 6 and Supplementary Tables 11 (FEGs. 7TA and 7B} and 12 (FIGs, 8A and 8B).

Ny

{30486} Following the residual blocks, the softmax layer computes probabilities of the three states for each
arnino acid, among which the largest softmax probability determines the state of the amino acid. The model 1s
trained with accumulated categorical eross entropy loss function for the whole protein sequence using the ADAM
optimizer. Once the networks had been pretrained oo secondary structure and solvent accessibility, instead of
divectly taking the output of the networks as raputs for the pathogenicity prediction network, we took the layer
before the softmax layer, so that more information wouldd pass through o the pathogenicity prediction network.
[00487] The best testing accuracy achieved 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

e

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 Pamate Al model which uses predicted stoucture labels only. We did not
obtain further iroproverent o pathogenicity prediction accuracy when vsing the DSSP-aunotated tabels

{Supplemental Table 153,

Input Features for Deep Learning Models for Pathogenicity Prediction

[00488] The training dataset for the pathogenicity prediction network contains 385,236 labeled benign variants
and 68,258,623 unlabeled vartants after filtering. For cach variant, we generated the following input features. The
first input feature of each variant is its 51-length flanking amino acid sequence, i.¢., 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 Hanking reference sequence s 51 ammuo acids in length. Through empitical observaton
we found that amino acid represeuntation of the protein sequence was ruore effective than representing the protein
coding sequence using nucleotides.

[0489] The second feature s the Si-length flankiog buman amino acid sequence with the altermative amino
acid substituted at the central position by the vagiaat. The altemative 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.

[00450] Three position frequency matrices (PFMas} are generated from multiple sequence alignments of 99
vertebrates for the variant, incloding one for 11 primates, one for 50 ruaromals excloding primates, and one for 38
vertebrates excluding primates and mamimals. Bach PFM has dimensions L x 20, where L 1s the length of flanking
sequences around the variant {in our case, L represents 51 amino acids).

{30491} For the imput to the pre-traned 3-state secondary structure and 3-state solvent accessibility networks,

we used a single PFM yoatox generated frora the wouldtiple sequence alignments for all 99 vertebrates, also with
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length 51 and depth 20. After pre-training the networks on known crystal structures frora the Protein DataBaaok, the
final two tayers for the secondary structure and 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 pathogenicity prediction

network. We allowed backpropagation through the structural layers of the network to fine-tune parameters.

Semi-Supervised Learning

{30492} Because semi-supervised learning algorithius use both labeled and unlabeled instances in the trainiug
process, they can produce classifiers that achieve better performance than conpletely supervised learning algorithius
that have only a small amouut of labeled data available for training. The prineiple behind sermi-supervised learmug
1s that 1atrinsic knowledge within uniabeled data can be leveraged in order to strengthen the prediction capability of

»)

a supervised randel that only uses labeled justances, thereby providing a poteatial advantage for semi-supervised
learning. Model parameters learned by a supervised ciassifier 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 problen. 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 (noteworthy cases) or hard to obtain. Ironically, minority classes are
typically the most iraportant to learn, because they may be associated with special cases.
{0494} An algorithmic approach to bandie jmbalanced data distributions is based on ensembles of classifiers.
Limited amounts of labeled data naturally lead to weaker classifiers, but ensembles of weak classifiers tend to
surpass the pecformance of any single constituent classifier. Moreover, ensembles typically improve the prediction
accueacy obtained from a single classifier by a factor that validates the effort and cost associated with learning
multipie models. Intuitively, aggregating several classifiers leads to better overfitting control, since averaging the
high variability of individual classifiers also averages the classifiers” overfitting
{304 95] We pursued a serni-supervised learning strategy because of the lack of adequately sized datasets of
confidently labeled pathogenic variants. Although the ClinVar database has over 300,000 entrics, after removing
variants of uncertain significance, there were only ~42,000 missense varianis remaining with non-counflicting
intterpretations of pathogenicity.
{80496} Systematic reviews have also found that these entries often have nsufficient clinmcal evidence to
support their anpotated pathogenicity. Moxeover, most of the variants in human curated databases tend to be within &
very stnall set of genes, makiog them mismatched for variaats o benign tratuing datasets, which are ascertained
gepome-wide usiog human conunon variaats or chimpanzee-human fixed substitutions. Given how differently the
datasets were ascertained, training a supervised learning model with human-curated variants as the pathogenic set
and genome-wide common variants as the benign set 1s likely to introduce significant biases
[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 common variants (> 0.1% allele frequency) from the
ExAC/gnomAD database and vanants from six species of non-human privaates.
{0458} We sampled a set of unlabeled variauts, requiring matching with the benign variants on trinueleotide
context (to countrol for mutational rate, genetic drift, and gene conversion), and adjusting for the wnpact of
alignability and sequence coverage on variant ascertainment. Because the nuraber of undabeled variants greatly

exceeds the labeled benign variants, we obtained a cousensus prediction by traimng eight models that use the same
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set of labeled beunign variants and eight randomly sampled sets of unlabeled variants and taking the average of their
predictions.

[00499] The motivation of choosing semi-supervised learning is 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 samwpling pathogenic variants from a set of unkuown variants (VUS
variants without annotated clinical significance).

{00508} To reduce the sampling bias, we trained an ensemble of eight models that use the same set of benign
raiuing variants and eight different sets of pathogenic variants. Initally, we randowmly sarupled onknown variants to
represent pathogenic variants. Next, iteratively, the ensemble of models are used to score 2 set of unknown variants
that were not involved 1 the prior traimng cycle. The top scored pathogenic variants are then obtained to replace 5%
of random naknown variants 1o the prior cycle. Note that we retained 23% more top scored pathogenic vanants than
needed, so that we can sample eight different sets of scored pathogenic variants to replace unknown vanants which
increases randomness for the eight models. Then the new pathogenic training set is formed and a new cycle of
training isexecuted . This process is repeated till initial randomiy-sampled unknown variants are all replaced by
highly confident pathogenic variants predicted by the ensembie models. FEG. 42 is an illustration of the iterative

balanced sampling process.

Balancing the Benign and Unknown Training Seis

[B0541] The sampling scheme of unkonown variaats that match bemign variants is useful 1o reduciug the bias of
our model tratntog. When the nukoown variants are sampled randoyuly, deep leaming ruodels often exteact biased
inforrmation and present trivial solunons. For example, if an amino acid substitution K->M ocoues raore frequently
in unknown variants than benign variants, the deep learning models tend to always classify K->M substitutions as

pathogenic. Thus, it is important to balance the distribution of aminoe acid substitutions between the two training

[00502] Higher mutable classes like Cp( transitions have a huge representation bias in the benign conmmon
variants. The orthologous variants from other primates also follow the human mutation rates, implying enrichment
of the highly mutable classes 1n the overall bemign training set. If the sampling procedure of unkuown variants is not
well controlled and balanced, deep leaming muodels tend to be more likely to classify Cp( transitions as benign,
compared to a less represented class such as transversion or non Cpds transitions.

[B0543] To prevent deep learming models from converging to a tavial, non-biological solution, we consider
balancing the trinucleotide contexts of benign and unkaown variants. The trinucleotide s formed by the base before
the variant, the reference base of the variant, and the base after the vartant. And the reference base of the variant can

be changed into the other three nucleotides. In total, there are 64x3 trinucieotide contexts.

Iterative Balanced Nampling

Cyele 1
{B0504] We sampled the unkonown vagants to match the exact number of benign variants for each trinucleotide

context. In other words, at the fitst cycle, we roirrored the benign and pathogenic training sets i terms of
trinuclentide coutexts of vagants. The intuttion behind such 2 sampling methodology is that there are equal
representation of variants with identical mutation rates between the benign and unknown sets. This prevents the

fy

model from converging to a trivial sclution based on mutation rates



Cyvele 2 to Cygle 20

RLERIRY, For cycle 2, we applied the trained model from cyele 1 1o score a set of uukaown variants that are not
involved in cycle 1, 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 varianis.

[00506] The intuition is that since cycle 1 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 bias in this set.
The rest of 95% of the data is still controlled for the trinveleotide coutext mutation rate to prevent the model from
converging to a trvial solution.

{BO507] For each cycle, the percentage of the replaced unknown variants increases by 5%. For cyele 3, we
repiaced 5% of the unknown variants with the top predicted pathogenic variants frora the roodel of eyele 3.
Accumulatively, the fraction of pathogenic variants increases to 10% and that of the trinucleotide-context-mirrored

unknown variants is reduced to 90%. The sampling process is sirnilar for the rest cycles.

Cyele 21
{0508] For cycle 21, the last cycele, the entire pathogenic training set comprise purely of the top pathogenic
variants predicted from the deep learning wodels. Since we have explicitly controlled for the mutation rate bias at
every cyele, the pathogenic variaots are reliable to use as training data and not affected by the mutation rate bias.

Thus, the last cycle of training produces the fual deep learning model for pathogenicity prediction.

Matching the Labeled Benion 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
ou inadvertently mtroduced biases to discriminate hetween the classes. Human cornmon vanants tend to be enriched
with variants from bighly mutable classes, such as those on Cpis tstands. Likewise, prisuate polymorphisms also

follow human mutational rates, implying eurichment of highly mutable variauts in the overall benig

rraymug set. [f
the sampling procedure of nnlabeled variants 15 vot well controlled and balanced, deep learniog networks tead to
rely on mutacional rate bias to classify variants, thus they are roore likely to classify CpG transitions as beniga,
compared to less represented classes such as transversion or non-CpG transition. We sampled exactly the same
rumber of unlabeled variants 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 variauts from being selected from regions of the human genome where that primate species
was not aligned in the multiple sequence alignment, since it was not possible to call a vartant in that primate species
at that position.

{3051 1} Within each of the 96 trinucleotide contexts, we corrected for sequencing coverage for primate
variants. Because of the large nomber of humans sequenced, commoun variants in the huran popudation are observed
frequently enough that they are well-ascertained even in areas with low sequencing coverage. The same 1s not true
for primate vartants, sinee only 2 small oumber of individuals were sequenced. We split the genorae into 10 bins
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

y



variant is a roeraber of the labeled benign dataset, based only on sequenciog coverage, ustog Loear regression (FEG.
24). When selectng unlabeled vanants to match the pumate 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

{90512} Recent studies derpoustrated that common variants in human populations are geuerally benign.
guomAD provides 90,958 nonsynonymous SNPs with minor allele frequency (MATF) == 0.1% withw canonical
coding regions, according to ane implementation. Variants that passed filters are retained. Tadels are excluded.
Variants that occur in the start or stop codons are removed, as well as protein-truncating vanants. Scrutimzing
subpopulations, the total number of missense variants with MAF >= {.1% within each subpopulation increases to

245,360, according to one implementation. These variants forms part of the training set of benign variants.

Common Polvmorphism in Great Apes

{8051 3] As coding regions are kuown to be highly conservative, it is straightforward to assume if 2
clymorphism is segregating 1u a great ape population at lngh frequency, it may also have a mild impact on human
o 2 | & 4 S . 4
fitness. Polymorphism data of bouobe, chimp, gorilla. and orangutan from great ape genoae projects and other

5:.*

studies were merged with SNPs of rhesus and marmoset from dbSNP.

Generation of Unkuown Yariands

{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.

{0515} Variants observed 1n gnomAD dataset are removed. Variants that occur in the start or stop codons are
remnoved, as well as variants that form stop codons. For SNPs with raultiple gene annotations, the canonical gene
annotation 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

{00516} 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 exampie, regions under high selective pressure
tend to have limited nurobers of polymorphisims, Whereas, regions that are haxd to sequence also have fewer
polymorphisis. To avoid such confounding npuots to our models, we removed vartants from genes that were uot
sequenced by gnoraAD.

88517 Generally benigo variants are discovered i the well-sequenced regions which tend to be couservative

& s o
across multiple species. While uuknown variants are randomly sampled across genomes, which tnclude some

1

poorly-covered regions. This causes ascertainment bias between the benign and unknown 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% nrissing data in the flanking sequence alignments across all the marmal species.

Data for Validation and Testing

{40518} For validating aud testing the pathogemcity models, we randomly sampled from the big pool of beuign

variants two sets of 10,000 benign vanants for validation and testing, respectively, according to one implemeuntation.



The rest of benign variants are used for training the deep leaming medels. These variants ace specifically sampled
from orthologous primate variaats to eosure fair coyapanson between rethods as some methods are trained on
buman common variangs. We also randomly sampled two sets of 10,000 unkoown vanants for validation and
testing, separately, according to one implementation. We ensure that the number of unknown varants within each of
the 192 trinucicotide contexts match that of benign variants for validation and testing sefs, respectively.

[00519] We evaluated the performiance of multiple methods in clinical settings using de novo variants of
affected children with autism or developmental disability disorder (DDD) and their unaffected siblings. Totally,
according to ong implementation, there are 3821 missense de nove variants from the cases with DDD and 2736
nissense de nove variants from the cases with avtism. There are 1231 missense de novo variants for unaffected

siblings, according to one hnplernentation.

Deep Learning Network Architecture

rb

[00520] The pathogenicity prediction network receives five direct inputs and two indirect inputs via the
secondary structure and solvent accessibility networks. The five direct inputs are the 51-length amino acid
sequences ¥ 20-depth (encoding the 20 different anvino acids), and comprise the reference human amino acid
sequence without the variant (1a), the alternative human amino acid sequence with the variant substituted in (1b),
the PFM from the multiple sequence alignment of primate species {1¢), the PFM from the multiple sequence
abignment of mammalian species (1d}, and the PFM Bom the multiple sequence aiignment of more distant vertebrate
species (e}, The secondary structure and solveunt accessibility networks each receive as juput a PFM from the
wmuitiple sequence aligoraent (1) and (3 g), and provide their outputs as 1oputs (nto the main pathogenicity prediction
network. The secondary structure and solvent accessibility networks were pre-trained on knowa protein crystal
structures for the Protein DataBank, aud allow backpropagation dugug the pathogenicity model traimuog.
{00521} The five direct input channels are passed through an upsampling convolution layer of 40 kernels with
linear activations. The human reference amino 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, maminal, and vertebrate multiple sequence alignments (Merge 1b). This
creates two parallel tracks, one for the reference sequence, and one with the alternate sequence with the variant
substituted in.
{90522} The merged feature map of both reference channel and the alternative chaunel (Merge a and Merge
1) are passed through a series of six residual blocks (Layers 2a to 7a, Merge 2a and Layers 2b to 7b, Merge 2h).
The cutput of the residual blocks (Merge 2a and Merge 2b} are concatenated together to form a feature yoap 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 1n 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 ID 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
activation (Layer 54}, then passed through a global max pooling layer that picks a single value representing the
retwork's prediction for vaoant pathogenicity, A schematic dlustration of the model is shown i FI1G. 3 and

Supplermentary Table 16 (FIGs. 44, 4B, and 4C).



Model Overview

{0523} We developed semi-supervised deep convolutional neural network (CNN) models 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 commeon variants of
human subpopulations and orthologous vartants from primates. However, we are still lacking reliable sources for
pathogenic variants. We initially trained the model with benign and voknown variants, and then used a semi-
supervised iterative balanced sarupling (IBS) algorithin to gradually replace unknown variants with a set of
pathogenic vartants predicted with high confidence. Finally, we deyaoustrated that our wodel outperforned the
existing methods i distinguishing de nove variants causing developmental disability disorder i humans from

benigo ones.

Adoption of Residual Block

[00524] FIG. 17 illustrates a residual block. Both our deep learning model of pathogenicity prediction and deep
learmng models for predicting secondary structure and solvent accessibility adopt the definition of residual blocks
that was fiest illustrated in the. Structure of a residual block is shown in figure below. The 1nput layer ts first batch
wnalized, followed by the nonlinear activation “RelLlU)”. The activation is then passed through a 1D couvolution
layer. This integaediate output from the 1D couvolution layer (s again bateh norrpalized and Rell) activated,
followed by agother 1D convolution layer. At the end of the second 11 convolution, we ruerge its output with the
ouginal input. o such an architecture, the 1uput (s preserved 1o its onginal state and the residual counections are
kept free of non-linear activations of the model.

[00525] Atrous/dilated convolutions aliow for large receptive fields with few trainable parameters. An
atrous/dilated convolution 1s 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 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 watervals are considered when a convolution operation is performed. This enables
ineorporation of long-range contextual dependencies in the input. The atrous convolutions couserve partial

convolution calculations for reuse as adjacent nucleotides are processed.

Novelty of Our Model

{00526} Our method differs from the existing methods for predicting pathogenicity of variants in three ways.
First, our method adopts & 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
tighly confident pathogeuic training set is generated through iterative balanced sampling and training, to avoid
ciraalar traiming and testing of models using the identical human curated vartant databases. Third, deep learning
madels for secondary structure and solvent accessibility are integrated into the architecture of our pathogenicity
model. The inforguation obtained from the structure and solvent models are vot Lunited to label prediction for
specific aroine acid residues. Rather, the readout layer 1s removed froo the structure and solvent models, and the
Sotrar ./\d A ,En Qro av )i ] & &q . -i(.\ o 14 i,{l \)'\’E '[,\ sl h) nathaoceniciiv A )E e of oture
pre-tramed modets are mexged with the patnogenicity model. Wmle traming the pathogenicity model, the structure
and solvent pretrained layers also backpropagate to minimize the error. This helps the pre-trained structure and

solvent model to focus on the pathogenicity prediction problem.



Trainine Secondary Structunre and Solvent Accessibility Models

Data Preparation
{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 E-value threshold 6.001 and 3 iteraons to search UniRef90. Any unknown amino acid is
set as black, as well as its secondary structure. We also run PSI-BLAST with siroilar pararneter settings for all
human genes to collect thete PSSM conservation profiles. These mairices 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 Lx20, where L 18 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 to 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 convohutional neural vetwork 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.

{00530} Each of the input channel is passed through a 1D convolution layer (layer 1a and Ib) with 40 kernels
and linear activations. This layer is used to upsaniple 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 44 dimensions (e, merge muode = “suru’), The output of the merge node is passed through
a single layer of 1D convolution (layer 2} followed by huear activagon.

{40531} The activations from layer 2 18 passed through a series of 9 residual blocks (lavers 3 to 11} as defined
above. The activations of layer 3 1s fed to Jayer 4 and Jayer 47s activation is fed to laver 5 and so on. There ave also
skip conoections that directly sura the output of every 3rd residual block (layers 5, 8 and 11} . The merged
activations is then fed to two 1D convolutions { layvers 12 and 13) with ReLU activations. The activations from layer
13 is given to the softmax readout layer. The softmax conputes the probabilities of the three-class outputs for the
given input.

{00832} 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 2 protein is strougly dependent on the iuteractions of amino acids i close

proximaty. Thus models wi

higher kermnel coverage wmproves the performance shghtly. Ou the other band, solvent

accessibility is affected by the long-range ruteractions between amino acids, Theretore, for the model with high

coverage of kernels using atrous convohutions, its aceuracy is more than 2% higher than that of the shott-coverage

models.



[00533]

secondary structuee prediction model, according to one implementation.

Layer

Taput Sequence

(layer {a)

Taput PSSM (layer
ib)

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

[00534]

nplementation.

Type

Convolution {D

Convelution D

Merge (mode =

Concatenate)

Convolution 1D
Convolution 1D
Convolation 1D
Convolution 1D
Convolution 1D
Convolution 1D
Convolution 1D
Convolution 1D
Convolution 1D
Convolution 1D

Merge - layer 5, 8
and

i 1.mode="sumy’
Convolution 1D
Convolution 1D

Convolution 1D

~3
W

Number of

Kermnels, Window

40,1

Shape

o
-
C
£
e}

N

(1.,40)

(L,40)

(L,40)

(L,40)

(L,40)

(L,40)

(L,40)

(L, 40)

(L,40)

(L,40)

.33

The table below provides details about activations and pararoeters for each layer of the 3-

Atrous rate

Activation

Linear

Linear

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
Kermels, Window
size

Input Sequence Convolution 1D 40,1 (1,40} i Linear
(layer 1a)
Taput P5SM (layer  Convolution (D 40,1 (1,40} i Linear
ib)
Merging Sequence  Merge (imode = - (L,80) - -
+ PSSM Concatenate)
Layer 2 Convolution 1D 40,5 (L,40) i Linear
Layet 3 Convolution {D 44,5 (1,40} i Rel.l]
Layer 4 Counvolution 1D 40,5 (L,40) f RelU
Layer 5 Convolution 1D 40,5 (L,40) i RelU
Layer 6 Convolation 1D 44,5 {L,40} 1 Rel b
Layer 7 Counvolution 1D 40,5 (L,40) f RelU
Layer 8 Convolution 1D 40,5 (L,40) i RelU
Layer 9 Convolation 1D 44,5 {L,40} 2 Rel b
Layer 10 Convolution 1D 40,5 (L,40) 2 Rel U
Layer 11 Convolution 1D 40,5 (L,40) 2 RelU
Merge activations Merge - layer 5, § - (1,40} - -

and

f1mode="sum’
Layer 12 Convolution 1D 40,5 (L,40) f Rel U
Layer 13 Convolution 1D 40,5 (L,40) i RelU
Output layer Convolution 1D 1,3 (1,3} - Sofimax

[00535] The secondary structure class of a specific amino acid residue is determined by the largest predicted
softmax probabilities. The model is trained with accurmulated 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%, similar to the

state-of-the-art accuracy predicted by DeepUNF model on a similar training dataset.



[00537] The best testing accuracy for the 3-state sobvent accessibility prediction ruodel is 64.83%, similar to the
cutrent best accuracy predicted by RaptorX on a simslar waining dataset.
[B0538] We integrated the pretrained 3-state secondary structure and solvent accessibility prediction yaodels

into our pathogenicity prediction model as explained below.

Training Models to Predict Pathogenicity of Variants

Input Features for Pathogenicity Prediction Model

[30539] As discussed above, for the pathogenicity prediction problem, there 1s a bemign variaut training set and

an unkoown variant training set for raining the pathogenicity roodel. For each vartant, we prepared the following

iput features to feed into our wodel.

[00540] 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 hgi9, 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.

{0054 1] The second feature is the alternative amino acid that caused the variant. Instead of providing the

reference-alternative amino acid pair divectly, we provide the alternative flanking sequence to the model. The

alternative flanking sequence 1s the same as the reference flanking sequence in the first feature, except that the

niiddle position of the sequence contas the alternative amno acid, wstead of the reference amno acid.

{30542} Both the segquences are then converted to one-hot encoded vectors of length 51 x 20, where each aruino

acid 18 represented by a vector of 20 zeros or ones.

[0543] Theuo three position weight matrices (PWM) are generated from multiple sequence alignments (MSA)

of 99 vertebrates for the variant, wncluding one for 12 primates, one for 47 raaramals excluding pumates, aud one for

40 vertebrates excluding primates and mammmals. 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 comprises 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 sccondary structure and solvent accessibility prediction models for
pathogenicity prediction.

{0545} We train the pathogenicity model with the reference segquence (inputl), alternate sequence (uput2},

"

PWM matrices for prmates (uput3), mammals (inputd), vertebrates (foputS), and 1waformation from 3-state

secondary structure and solvent accessibility models.

Deep Learning Model Tralning

[00546] FIG. 19 15 a block diagram that provides an overview of the deep learning models workflow. The
pathogenicity wraining models comprises five direct inputs and four indirect inputs. The five direct input features

1

include reference sequence (la), alternative sequence (b}, primate conservation {Ic}, mammal conservation (Idy,

and vertebrate conservation {fe). The indirect inputs include reference-sequence-based secondary structure (11),

alternative-sequence-based secondary structure (1g), reference-sequence-based solvent accessibility (1), and

alternative-sequence-based solvent accessibility (11).

0547} For indivect roputs 1f and Ig, we load the pretrained layers of secondary structure prediction yuodel,
xeluding the softraax laver. For tuput 11, the pretrained layers are based on the human reference sequence for the

variants along with the PSSM generated by PSI-BLAST for the variant. Likewise, for input tg, the prefrained layers

of the secondary structure prediction models are based on the human alternative sequence as the input along with the



PRSM matrix. Inputs th and 11 correspond to the similar pretrained chaonels containing the solvent accessibility
iforaation for reference and alternative sequences of the variant, respectively.

[0548] The five direct ioput chanoels are passed through an upsampliog convolution layer of 40 kernels with
linear activations. The layers la, le, Id and fe are merged with values 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. Sinilarly, 1b,1¢,1d and Ie are merged with values sumimed 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.

{40549} The layers 2a and 2b are batch normalized with the activation of RellU and each passed through 2 1D

convolution layer of filter size 40 (32 and 3b). The outputs of layers 3a and 3b are merged with Ef, 1g,1h and i with
the feature yuaps concatenated to each other. In other words, the feature ruaps of reference sequence with
conservation profile, 2od alternative sequence with the couservation profile are merged with the secondary structure
feature maps of the reference and alterpative sequence and the sobvent accessibility feature maps of the reference
and alterpative sequence {layer 4).

[00550] The outputs of layer 4 are passed through six residual blocks (layers 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 kernels. The output
of layer 10 is passed through a 1D convolution of filter 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 variant. The details of one implementation of the pathogenicity prediction model are shown in

the table below.

Layer Type Number of Shape Atrous rate Activation
Kermnels,

Window size

Reference sequence  Convolution 1D 40,1 (51,40} 1 Linear
(1a)
Alternative Convolution {D 44,1 (51,40} i Linear

sequence { ib)

Primate Convolution 1D 40,1 (51,40) i Lincar

conservation { 1c )

Mammal Convolution 1D 40,1 (51,40) i Linear

Conservation ( 1d )

Vertebrate Counvolution 1D 40,1 (51, 40} f Linear

Conservation { {e )

Reference- Input layer - (51,40} - -
sequence-based

Secondary structure



(af)

Alternative-

sequence-based

secondary structure

(ig)

Reference-
sequence-based
solvent

accessibility (ih}

Alternative-
sequence-based
solvent

accessibility (131 )

Reference sequence

merge { 2a)

Alternative
sequence merge

2b)

A

10

Input jayer

Input layer

Input layer

Merge (mode
=5urm) {

la,icid,le}

Merge (mode
=80} (
ib,ic,id,1e

Convolution 1D (

2a}

Convolution 1D (

2b)

Merge ( mode =

concatenate) {

3a,3b,1f g, th, 1)

Convolution 1D

Convolution 1D

Convolution 1D

Convolution 1D

Convolution 1D
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(51,40)

(51,40)

(51,40)

(51,40)
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1t Convolution 1D 40,1 51,1 2 Sigmoid

i2 Global max pooling - i - -

Output layer Activation layer - i - Sigranid
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 multiple randomly-sampled sets of
unknown variants are presented to the model.

[00552] Furthermore, adoption of ensemble-of-ensembles approach can improve the performance of our model
ou our evaluation dataset. CADD uses au ensemble of 10 models and gets the average score across all the 10 models
to score a variant. Here we atternpted to use a sinnlar ensemble approach. We benchmarked the results using one
ensemble and then increased the number of ensembles to assess the performance gain. Note that each ensemble has
eight models that train on the sarce benign data set and eight different unkoown data sets. For different ensembles,
the seed values of the andom number geverator are distinet so that the random variant sets are drawn differently

from each other.

[B0S53] The detailed resuits according to one implementation are shown in the table below.
Number of ~log{pvalue) on -log{pvalue) on DDD dataset ( median
Ensembles DPDD dataset of mean of ensembles)

mean of mean of

cnsembles )

{ 3.4e-27 3.4e-27

5 2.74¢-29 3.8e-29

16 2.982-29 2.55e-29
{5 4.06e-29 3.88e-29
26 3.116e-29 3.05¢-29
25 3.77e-29 3.31e-29
36 3.81e-29 3.34¢-29

[00554] Conrpared with one ensemble, 5 ensembles and 10 ensembles produced more significant p-values

when evaluated using DD datasets. But increasing the number of ensembles fails to improve the performance
further, indicating a saturation for ensembles. The ensembles reduce sampling bias with a large variety of unknown
variants. However, we also required matching the 192 trinucleotide contexts between benign and pathogenic classes,
which Himits our samphiug space substantially, leading to the quick saturation. We conclude that ensemble-of-

enserubles approach tinproves the model performance significantly and further enriches our understanding of

models.
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Early Stopping for Training Pathogenicity Model

[B0S55] Since there lacks reliable 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 10,000 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.

E

{30556} The p-valve of the test becomes more significant with ioprovements 1a the model’s ability to
disunguish benign vartants from a set of unkuown variaats. We stop the training if no improvement 1s observed in

the model’s ability to distinguish between the two distributions during any five consecutive epochs of reedel

raming.
[B0557] Harlier, we had set aside two separate sets of 10,000 withheld primnate 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 variants that were matched for trinucleotide context for evaluating carly stopping during model training.
After each traming 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 cousecutive training epochs to prevent overtitting,

Benchmarkisg of Classifier Performance

{B0558) We assessed the classificaon accuracy of two versions of the deep learning network, one trained with
corrnon human variants only, and one frained with the full benign labeled dataset including both coramon human

variants and primate variants, in addition to the following classifiers: SIFT , PolyPhen-2 , CADD, REVEL, M-CAP,
LRT, MutationTaster, MutationAssessor, FATHMM, PROVEAN, VEST3, Meta5VM, Metal R, MutPred, DAKNN,
FATHMM-MEKL 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.conysite/ipopger/dbNSFP), and benchmarked the ruethods on the 10,000 withbeld primate
variant test set, and ou de novo vanauts i DD cases versus controls. We selected SIFT, PolyPhen-2, and CADD
for inclusion in the main paper because they are among the mwost widely used methods, and REVEL, because across
the different modes of evaluation, i stood out as being oue of the best of the 20 existing classifiers we evaluated.
The performance for ali classifiers we evaluated 1s provided o FIG. 28A.
[00559] For evaluating the impact of available training data size oun the performance of the deep learning
network, we trained deep fearning networks at each data point in FIG. 6, by randomly sampling from the labeled
benign training set of 385,236 primate and common 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 in FIG. 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 fnstead of P < 107 by Wilcoxon rank-sura test). To show that vanauts from each individual primate
species coutributes to classification accuracy whereas vagants from each individual mammal species lower
classification accuracy, we trained deep learning vetworks using a tralning dataset comprising 83,546 huraan

variants plus a constaat sumber of randoly selected variants for each species, according to one implementation.
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According to one iroplementation, the constant number of variants we added to the tratoiug set (23,380) 18 the total
number of variants available 1o the species with the lowest number of missense variants, 1.e. bonobo. To reduce

uoise, we agaia repeated the tralotag 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 balance
sampling procedure. We performed two types of evaluations to assess the performance of our classifiers. We also
compared our models with Polvphen?, SIFT, and CADD ou the two metrics and assessed the potential of

application of our models for climcal annotation.

Method 1: Benign Test Sef Accuracy

[00561] In one implementation, we evaluated the 10,000 benign variants and unknown variants by coraputing
their predicted probabilities 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 used in the evaluation. Using the median score, we found the unmber of benign variants that scored above
or below the miedian depending on the anuotation of bemgn and pathogenic variants used by each of the methods.
SIET , CADD and our method Iabel pathogenic variants as 1 and benign vanants as 0. Thus, we counted the number

of beuigo variants that scored below the reedian. Polyphen uses the opposite annotation 2ad we counted the vumber
of benign vavants above the median. The ratio of the nuyaber of benign variants scored above/below the wmediag
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 benign variants

[80563] Our reasoning behind this evaluation method relies on the analysis of selective pressure of variants in
guomAD. For the singletons in gnomAD, the ratio of missense variants to synonymous variants is ~ 2.26:1. While
for the conmuon vanants (MAEF>0.19) in gnomAD, the missense-to-synonymous ratio is ~ 1.06 ¢ 1. This indicates
that from a set of random vnknown vartants, approximately 50% are expected to be purged by natoral selection and

the remaining 50% tend to be muld and likely become commmon in the population.

Method Accunracy of withheld beaign set
Polyphen 0.74
SIFT 0.69
CADD 06.77
Our Medel (.85
{30564} As shown in the table above, our method cutperforms the secound best method CADD by miore than

£}

8%. This shows an significant improvement in our model’s ability to classify the benign vanants, While such a
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lernonstration proves the ability of our yaodel, the following Method 2 shows the usefuiness of our model on

clintcal datasets for clinical interpretaton.

Metbod 2 : Clinical Dataset Fvaluation
[30565] In one implementation, we evaluated these pathogenicity prediction methods on clinical datasets,
inchuding developmental disability disorder (DDD) case-control dataset. DDD dataset comprise 3,821 de novo
wissense variants from affected children and 1,231 de novo missense variants from their unaffected siblings. Our
hypothesis 1s that the de novo variants from affected children tend to be more deleterious than the de novo vanants
frora their unaffected siblings.
{40566} As clinical test datasets do not clearly iabel 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 -log18(p-value) on DDD dataset
Polvphen £5.02
SIFT {3.52
CADD 13.83
DL 28.35
[00567] 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-crafied features

based on human curated datasets.

Begion Prediction Accuracy on g Withheld Test Set of 14,688 Primate Variands

[30568] We used the 10,000 withheld primate variaats 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 10,000 randomly selected uniabeled variants that were matched to the test set by tri-nucleotide context to

identify the S0th~-percentile threshold for each classifier. To ensure fair comparison between the methods, we

benchmarked each classitier 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.

1

[00569] 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 allele
frequency, the nussense:synouymous ratio is ~ 2.2:1, whereas for corumon vanauts (> 0.1% allele frequency), the
tHssensesynonymous ratio i3 ~ 1.06 1 1. This indicates that approximately 50% of missense variants are expected 1o
be purged by natural selection at common allele frequencies, and the remaining 50% are yuild enough to have the

potential to becorne common in the population via genetic drift.
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{60570} For each of the classifiers, the fraction of withheld primate test variants predicted as benign using the

SOth-percentile threshold 1s shown (FIG. 284 aod Suppleraentary Table {7 (FEG. 34)).

Analysis of de nove Variants from DDD Study

{80571} We benchmarked the classification methods on their ability to discriminate between de nove missense
variants in the DDD affected individuals, versus de nove missense variants in unaffected sibling controls. For each
classifier, we reported the p-value from the Wilcoxon rauk-sum test of the difference between the prediction scores
for the two distributions (FEGs. 288 and 28C and Supplementary Table 17 (FIG. 34)).

{30572} Given that our two metrics for analyzing the performance of the model are derived from difterent
sources and yoethodologies, we tested if the performance of the classifiers on the two different metrics was
correlated. Indeed, we found that these two metrics were correlated, with a spearman p = .57 (P < 0.01) between
benign classification accuracy on the withheld primate test set, and the Wilcoxon rank-sum p-value for de nove
nissense variants in DDD cases vs controls. This shows that there i3 good agreement between the withheld primate
test set accuracy and the DDD case vs. control p-value for benchmarking the classifiers (FEG. 334).

[00573] Furthermore, we tested if the deep learning network could assist in discovery of genes associated with
disease. We tested enrichiment of de novo mutations in genes by comparing the observed number of de nove
mutations to the number expected under a tull mutation model.

{90574 We examined the performance of the deep learning network comparing results from all ruissense de
rovo mutations versus results from missense mutations with a score > 0.803. Testing all missense de novos used the
default russense rate, whereas tesnug filtered missense de noves used missense mutation rates calculated from sites
with scores > (1.803. Each gene requured four tests, one testing protets truncating enrichment, and oue testing
enrichiment of protew-altering de nove mutations, both tested for just the DD cobort, and for a arger mweta-analysis
of neurodevelopmental trio sequencing cohorts. The enrichment of protein-altering de novo mutations was combined
by Fisher’s method with a test of the clustering of missense de nove mutations within the coding sequence
(Supplementary Table 20 and 21). The p-value for each gene was taken from the minimum of the four tests, and

cenome-wide significance was determined as P < 6.757 x 107 (0=0.05, 18,500 genes with four tests).
& X > E=3

Computing Receiver Operator Curve Characteristics and Classification Accuracy within 6§35 DDD Disease-
Associated Genes

[B0575] To test if the deep learning network was indeed discrirpivating between pathogenic and benign vanants
within the sarae gene, rather than favoring pathogenicity in genes with a de nove dominant raode of inheritance, 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)).

{80576} Within this set of 605 genes, we ohserve an enrichment ratio for de nove missense variants that is three
tirnes what 1s expected by mutational rate alone. This mdicates that de novo missense vanants in DD affected
patients coruprise approximately 67% pathogenic variants, and 33% background vanants, while the de novo
missense variants 1o healthy countrols are comprised largely of background variants, except for stances of
incomplete penetranee.

{60577} To caleulate the maximum possible AUC for a classifier that perfectly discriminates between

pathogenic and benign variants, we took into account that only 67% of the de nove missense variants in affected



individuals withio the 605 genes were pathogenic, and the rest were background. To coustruct a recetver operator
charactexistics curve, we treated classification of de novo DDD vadants as pathogenic as true positive calls, and

treated classification of de noveo varlants in healthy controls as pathogenic as being false positive calls. Hence, a
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o
~
o
[#]
-t
o

lassifier would classify 67% of de novo 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 true 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 siraight lines, vielding a
maximum AUC of 0.837 for a classifier with perfect discrimination of benign and pathogenic mutations (FIG. 3B
and Supplementary Table 19 (FI1G. 35)).

{30578} We calculated the classification accuracy of the deep learning network for separating pathogeunic and
bemgn variants at a binary threshold by estimating the expected fraction of pathogenic variants within 605 genes 1
the combined DDD and healthy control datasets. Since the DDD dataset contained 379 de novo variants with an
excess of 249 de nove oxssense variants over expectation, and the controf dataset contained 65 de nove variaats, we
expected 249 pathogenic variants out of 444 total variants (FIG. 22A). We selected the threshold for each classifier
that separated the 444 de nove missense variants into benign or pathogenic categories according to this expected
proportion, and used this as a binary cutoff 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 caleulate the classification accuracy adjusted for the presence of ~33% background variants in the DDD
individuals, we assumed that the 33% of de nove DD variants which were backgrouud would be classified at the
sarme False Positive Rate as we observed 1n the healthy controls. This corresponds to 14% x .33 = 4.6% of the true
positive classification events 1u the DD 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%) 7 67% = 90%. We report

the average of the True Posttive Rate and the True Negative Rate, which is 88% for the deep learning vetwork (FIG.

3C and Supplementary Table 19 (FIG. 38)). This estimate 18 bkely to underestirnate the true accuracy of the

classifier, due to the high prevalence of incomplete penetrance in neurodevelopmental disorders.

ChnVar Classification Accuracy

{30579} Most of the existing classifiers are traned on ClinVar; even classifiers that do uot divectly train on
ClaVar may be affected by using prediction scores from classitiers that are trained on ClinVar. o addition,

comnon huran vanants are bighly enviched for benign ClinVar consequence, because allele frequency is part of the
criteria for assigning benign cousequence to a variant.

{0580} We tried to minimize the circularity 1 the ClinVar dataset to yaake it suatable 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 frequencies (> 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.

{30581} We scored all ClinVar variants vsing both the deep learning network and existing methods. We
selected the threshold for each classifier that separated the ClinVar variants into beuign or pathogenic categories
according to the observed proportion of benign and pathogenmc 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 (FiGs. 314 and 31B}. The performance of classifiers on the ClinVar dataset were
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ot significantly correlated with the performance of the classifiers ou either classificanon accuracy oo the 10,000
withbeld prunate variants or the Wilcoxon rank-sura p-value for the DD cases vs controls dataset (FEGs. 314 and
3i8).

[00582] We hypothesize that existing classifiers accurately model the behavior of human experts, but that
human heuristics may not be fuily optimal for discrinxinating between pathogenic and benign mutations in empirical
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 novo variants w DD affected and unaffected individuals within the 605 genes. To correct for presence of ~33%

background vaniants in the DD affected individuals, we increased the difference in the Grautham score between

DD cases vs controls by 50%, which was still smaller than the difference between pathogenic and benign vanants

i ClhiaVar. One possibility is that buman experts place too much weight on measures that are easy to measie, such

as amino acid substitution distance, while underweighting factors such as protein structure, that are wore difficult

for a human expert to quantify.

1

Interpreting the Deep Eearning Models

[00583] Understanding the means by which machine learning algorithms solve problems is often difficult. We
visualized the initial layers of the deep learning network to understand the features that 1t had learned to extract in

ienits for diffevent ammno acids within the

order to predict variant pathogemcity. We calculated the correlation coeffy
frest theee layers (the fiest convolutional layer following two upsampliog favers) of the pretraroed 3-state secondary
structure prediction wodels, and showed that the weights of the convolutional layers learn features very szamlar to
the BLOSUMOG2 roateix or Grantham distance
[00584] To compute the correlation coefficients between the different amino acids, we started with weights of
the first convelutional layer preceded by three upsampling layers (favers 1a,1b and i¢) in the secondary structure
model. We performed matrix multiplication between the three layers, resulted in a matrix with dimensions (26,5,40),
where 20 is the number of amino acids, 3 is the window size of the convelutional layer, and 40 is the pumber of
kernels. We reshaped the matrix to have the dimension {20,200) by flattening the last two dimensions, obtaining &

matrix i which the weights operating on each of the 20 amino acids were represented as a 200-length vector. We

calculated the correlation matrix between the 20 aruino acids. Since each dimension represents each amino acid, by

caleulating the correlation coefficient matrix we are calculating the correlation between the amino acids, and how
stmilac they appear to the deep learning network, based on what 1t has leatned frox the training data. The
visualization of the coxrelation coefficient matrix 18 shown in FEG. 27 (araino acids sorted by BLOSUMG62 matrix
order), and shows two prominent clusters, comprising 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.
{30585} To illustrate the window of amino acid sequence used by the neural network in its predictions, we
erturbed each position 1n aud arcund 5800 randomly selected vartants to observe its effects on the predicted
Privnate Al score for the vanant (FIG. 258), We systematically zeroed out the inputs at each nearby amino acid
position {-25 to +23) around the vanant, and measured the change in the neural network’s predicted pathogenicity of

the variaat, and plotted the average absolute value of the change across the 5000 variants. Amino acids near the



&7

variant have the greatest effect, in a roughly symruetnic distribution, gradually tailing off as distance from the vanant
increases. [raportantly, the model makes its predictions based oot only oo the amino acid at the position of the
variant, but by using mformation frora a wider window, as would be needed to recognize protein motifs. 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.

{30586} To evaluate the sensitivity of the deep learning classifier to alignment, we examined the cffects of the
depth of the alignment on the accuracy of variant classification as follows. We split the data into five bins based on
the number of species in the alignment, and evaluated the accuracy of the network in each bin (FEIG. 87). We found
that the aceuracy of the network at separating a set of withheld bemgn mutations from randomly selected mutatons
that were matched for trinuclectide context (as 1 FiG. 218, but performed separately for each bin) is strougest at
the top three bins and noticeably weaker in the bottom two bins. The 99 vertebrate multi-species alignment
coraprises 11 non-human primates, 50 mammals, and 38 vertebrates, with the bottom two bins representing proteins
that bave sparse abignment information from other noo-privoate mammals. The deep leaming network s robust aud
accurate when alignment information extends throughout primates and mammals, with conservation information

from more distant vertebrates being less important.

Definition of Canonical Coding Regions

{30587} To define cauonical coding regions, multiple aliguments of 99 vertebrate genomes with buman for
coding BINA sequence (CES) regions (kuownCanomeal.exonNue. fa. gz} were downloaded from UCSC genome
browser. For human, the coordinates of exons are under Build hgl9. Exous are merged to form gene. Genes ou
autosomes and chrX are retained. Noohomologous genes were removed, where the hist of horaologous genes are
iownloaded from NCBI fip:/Atp.acbinih.gov/pub/HorooloGene/currenthomologene.data. For SNPs with youliiple

gene annotations, the longest transcript is selected to represent the SNP’s annotation.

Human, Ape, and Mammal Polvmorphism Data
{30588} We dowaloaded 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

subpopulations across the world. We then extracted vanants that pass the filters and fall within the canonical coding

regions.
[B0589] 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 downleaded the VCF files fron these studies and directly extracted variants within the canonical coding

{30590} To compare with other apes and mammals, we also downloaded SNFs of a few other species from
dbSNP, including rhesus, marmoset, pig, cow, goat, mouse and chicken. We discarded other specics, such as dog,
cat or sheep, as dbSNP provides hmit numbers of variants 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 obtained the exon
coordinates of each species from multiple alignment file of 100 vertebrates of canonical coding regions and
extracted variants within those exons. Then those extracted SNPs were lifted over to higl9. If variants are ou 2
different genorae binld of the species from the alignment, 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 variangs (16 batches with VCF files > 100MB}, aud evaluated the quality of different batches of cow SNPs by
coraputing missense-to-synonymous ratios for each bateh. The median of missense-to-synoaymous ratios s 0.781
and the median absolute deviation (MAD) 1s 0.160 {mean is 0.879 and SD is §.496). Two batches with outlier ratios
(supBatch 1000 BULL GENOMES 1059190.g7 with ratio of 1.391 and

supBatch COFACTOR _GENOMICS 1059634.gz with ratio of 2.568) were excluded from further analysis.

Evaluation of Properties of Polvmorphisms in Apes and Mammals

{30592} To dernoustrate the usability of great apes SNPs, we devised the entichinent score that measures the
ratio of the oumber of stagletons and cornmon SNPs (allele frequency (AF} > 0.1%). Syonouymous variants are
knowua to be benign and geverally evolve neutrally without any selection pressure. Deleterious missense vagants are
gradually purged by natural selection, thus its allele frequency distribution tends to be in excess of rare variants
compared with synonymous variants.

[30593] We focused on those gnomAD SNPs that overlap with SNPs observed in primates, mammals and
poultry. We counted the number of synonymous and missense variants per species. For nissensc 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 apecies, termed as “missense
different”. The ennchiment scores were then computed per species as the rato of the numbers of singletous vs
COMIDOD Variants.

[30594] o addicon, we performed Chi-squared {y2) test of homogeneity on 2x2 contingency table to corapare
enichroent scores between synounymous and missense tdentical variaats for each species. All the prixoates
leraonstrate vo sigaificant difference in envichruent scores between synonymous and missense ideniieal variants,
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 etfect on human healthy.
While those that have different aniino 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 allele frequency distribution from synonymous variants. The conclusion is that SNPs that share identical
amino acid changes in great apes can be added to the training set of benign variants.

{30596} Cur assumption is that most variants are independently derived, not generated by identity-by-descent
(IBD). Thus, we pecformed earichiment analysis of rare vadants in IBD SNPs to evaluate different behavior of their
encichment scores. IBD SNPs are defined as hurnan SNPs that appear in both human and two or more great ape
species, including chimpanzee, bonobo, gorilla, 5. orangutan, and B. orangutan. Then the enrichment scores, defined
as the number of singletons divided by the number of conymon variants (AF > 0.1%), 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

Fanrichment Anabysis of Fixed Substitaiions

{00597} We also studied the rare variant enrichment analysis of inter-species substitutions. We dowoloaded the
phylogenetic tree of 180 vertebrate species from UCSC genome browser

{http://hedownload.soe.ucse. edw/soldenPath/bhe 1 9/multiz100way/hg19. 1 00wav.commonNames.nh 3. Then we

calculated pairwise phylogenetic distance and selected closely-related species pairs {distance << {0.3}. To obtain



&9

primate species pairs, we downloaded aligoments (hg38) of 19 mammalian {16 prirate) genorses with homan for
CDS regions frora the UCSC genore browser. Four privoate pairs were added to 13 vertebrate pairs. The following

table shows genetic distance of multiple pairs of closely-related species, according to one iraplersentation.

Speciesl Species? Distance
Chimp Bonoho 0.00799195
Rhesus Crab-eating macaque 0.0057680G7
Marmoset Squitre! monkey 0.0680206
Proboseis monkey Golden snub-nosed monkey 0.01339514
Baboou Green-monkey 0.045652
Horse White-rhinoceros $.084397
Sheep Domestic-goat 6.1

Mouse Rat 0.176098
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-turtl 0.2
Chinese-softshell-turtl Spiny-softshell-turtl 0.2

[00598]

canonical coding regions aud obtained mucleotide substitutions between each selected pair of vertebrates. These

We took the multiple alignments of 19 mammalian or 99 vertebrate genomes with human within

substitutions were rmapped o human exome SNEs from gnomAD, requring identical codon changes between
species pair and humaa variants. We classified vagaots into three types, syaouyimous variants, missense variants that

share 1dentical amoo acid changes in another species, and missense vaciants that have different amino acid chauges

int another species. The earichment scores were computed for each class per species pair.
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COXPArisg " ntraspecies and Interspecies Polvmorphisms
Comparison of Intraspecies and Interspecies Polvmorphism

[40599] Six species were selected to perform companson of intraspecies and interspecies polymorphisas
including chimpanzee, rhesus, marmoset, goat, mouse and chicken, as both intraspecics and interspecies variants are
available for these specics. 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,

{30650 (e, 84 shows one paplementaton of per-gene enrichment analysis. In oue 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 number of mutations for the particular
gene based on summing observed trinuclectide mutation rates of the candidate variants and multiplying the sum
with a transmission couut and & size of the cohort, applying the deep convolutional neural network-based variant

pathogenicity classifier to identify de novo missense variaats in the particular gene that are pathogenic, and

comparing the baseline oumber of routations with a count of the de vovo ossense varianes. Based on an output of

the comparison, the per-gene enrichment analysis confirms that the particular gene is associated with the genetic
disorder aud that the de novo s ¢ variants are pathogeoic. In some implercentations, 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 trinucleotide mutation rates of 105,107,107 10°, and 1¢'. The baseline number
of mutations for the particolar gene is determined to be 107 based on surming the respective ohserved trinusleotide
mutation rates of the five candidate variants and multiplyiog the sum with 3 transmuission/chromosome count (2) and
a size of the cohort (1000). This is then corapared with the de noveo varant count (3).

{40602} In sorae implementations, the deep convolutional newral network-based vanaot pathogenicity classiBer
is further configured to perforn the comparison using a statistical test that produces a p-value as the output.

[00603] In other impliementations, the decp convolutional neural network-based variant pathogenicity classifie

is further configured to conpare the baseline number 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

10604 Fi(:. 65 shows one paplementaton of genome-wide envichment analysis. In another implementation
o o 2

the deep convolutional teural network-based vanant pathogenicity classifier s further configured to 1mplernent 2

genome-wide ennchroent analysis which confionas pathogenicity of variants that have been deterrnined to be

pathogenic. The genome-wide enrichment analysis includes applying the deep convolutional neural network-based

1

variant pathogenicity classifier to identify a first set of de novo nyissense variants that are pathogenic in a phurality of
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genes sampled frora a cohort of healthy odividuals, applying the deep convolutional neural network-based variant
pathogeunicity classifier to identify a second set of de nove missense 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 pmplementations, the deep convolutional neural network-based variant pathogenicity classifier

]

is further configured to perform the comparison usiug a statistical test that produces a p-value as the output. In one

implementation, the comparison is further parametrized by respective ©
{0656} In some implementations, the deep convolutional nevral network-based vanant pathogenicity classiber
is further configured to compare the respective counts of the first and second sets, and based on the output of the
comparisoa confirming that the second set of de novo miissense variants are not enciched in the cobort of tndividuals
with the genetic disorder and therefore benign.

[00607] In the example shown in FIG. 65, mutation rate in the healthy cohort (0.001) and routation rate in

affected cohort (0.004) is illustrated, along with per-individual mutation ration (4).

Particulay Implementations

[60608] We describe systems, methods, and articles of manufacture for constructing a variant pathogenicity
classifier. One or more featiees of an implementation can be combined with the base implercentation.
Implementations that are not mually exclusive are taught to be combroable. One or more feanwes of an
implementation can be combioed with other rmplementations. This disclosure periodically reminds the user of these
options. Omission from some imyplementations of recifations 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 systen: implermentation of the technology disclosed includes one or more processors coupled to the
memory. The memory is loaded with computer iustructions to train a splice site detector that identifies splice sites in
genomic sequences (e.g., nucleotide sequences).

{8061 B} As stown in FEGs, 48 and 19, the system trains a convolutional nevral network-based vanaut

1

pathogenicity classifier, which runs on numerous processors coupled to rueruory. The system uses benign traiu

examples aad pathogenic teaining examples of protein sequence pairs geverated from beuigo variants and
pathogenic variants. The benigu variants include cormmon buman missense variants and non-huroan primate
missense variants occuring 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
alternative protein sequence, wherein the reference protein sequence comprises reference amino acids formed by
reference triplet nucleotide bases (reference codons) and the alternative protein segquence comprises alternative
amino acids formed by alternative triplet nuclcotide bases (alternative codons) such that the alternative protein
sequence is produce as a result of a variant occurning in the reference tnplet nucleotide bases (reference codons)
forming the reference amino acids of the reference protein sequence. The variant can be a SNP, an jnsertion or a
deletion.

[B06ii} This systern wnplementation and other systems disclosed optionally include one or more of the

following feanures. Syster can also inchude features described i coonection with methods disclosed. In the interest
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of conciseness, altermanve combinations of systern features are not individually enumerated. Features applicable to
systems, methods, and articles of manufacture are not repeated for each stantory class set of base features. The
reader will uuderstand bow features identified in this section can eadily be combined with base features 10 other
statutory classes.

{00612} As shown in FIG. 44, the common 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 subpopulations and the common
human missense variants have a MAF greater than 0.1% within respective buman subpopulation variant datasets
{00614} The human subpopulations welude African/Afncan American (abbreviated AFR), American

{abbreviated AMR}, Astike

21 Jewish {abbreviated ASJ), Bast Asian (abbreviated EAS), Finnish (abbraviated FIN),

Nou-Fionish European {abbreviated NFE), South Asian (abbreviated SAS), and Others (abbreviated OTH).

[B0615] As shown 1a FEGs. 43 and 44, the non-hurean prirpate missense vacnants inchide missense variants
from a plurality of non-human primate species, including Chimapanzee, Bonobo, Gorilla, B. Orangutan, S.
Orangutan, Rhesus, and Marmoset.

{0061 6] As shown in FIGs. 45 and 46, based on an enrichment analysis, the system accepts a particular non-
human primate species for inclusion of missense variants of the particular non-human primate species among the
benign variants. The enrichment analysis includes, for the particular non-human primate specics, comparing a first
enrichment score of synonymous variaats of the particular non-human primate species to a second enrichinent score
of mussense 1dentical vartants of the particolar non-human primate species.

{80617} FIG. 45 shows one nnplernentation of horan orthologous missense SNPs. A missense SNP in a non-

human species that has matching reference and altermative codons with bumans. As shown in FIG. 45, the missens

S
i

identical vaxiants are oxissense variaats that share matching reference and altemative codon sequences with humaos.
[40618] As showa ju FiGs. 46 and 47, the first earichment score 18 produced by detesaining a atio of rare
synonymeus 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 comimon missense identical variants with a MAF greater than 0.1%. Rare variants include
singleton variants.

{0619} As shown 1 FiGs. 46 and 47, a difference between the first enrichment score and the second
enrichment score s within a predetermined range, further ncluding accepting the particular non-homan primate
species for inclusion of missense vaviauts of the particular nop-human primate among the benign variants. The
difference betng in the predetermined range indicates that the missense identical vaniants are vuder 2 same degree of
natueal selection as the synonyroous variants and therefore benign as the synonyroous 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 amnong 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-human primate missense variants is at least 100000, the count
of the nou-buman pomate nussense variants is 385236, A count of the commen human missense vanants is at least

50G0C. The count of the common human missense variants 1s 83546,
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{00622} Other implementations roay include a non-transttory computer readable storage mediurs storing
istructions executable by a processor to pecform actions of the systern described above. Yet another
implementation may 1aclude a roethod perforning actions of the system descrbed above.
[00623] Ancther system imnplementation of the technology disclosed includes constructing a single nucleotide
polymorphism {(abbreviated SNP) pathogenicity classifier. The system trains a convolutional neural network-based
SNP pathogenicity classifier, which runs on numerous processors coupled to memory, using benign fraining
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 anmino acid
sequence pairs, each amino acid sequence incloding a central amino acid flanked by upstreans and downstream
amino acids. Bach amino acid sequence pair inclodes a reterence sequence of amuno acids expressed by a reference
nucleotide sequence and an alternative sequence of amino acids expressed by an altemative mucleotide sequence
containing a SNP.
{40624} As showa ju FIG., 9, the first set comprises hurnan nucleotide sequence pairs, with each patr including
a human alternative nucleotide sequence containing a SNP and having a minor allele frequency {abbreviated MAF)
deemed to be cornmon within a human population. The second set comprises 2 non-human primate reference
nucleotide sequence paired with a non-hurnan primate alternative nucleotide sequence. The non-human primate
reference nucleotide sequence has an orthologous human nucleotide reference sequence. The non-human primate
alternative nucleotide sequence contains a SNP.
{90625} Each of the features discussed 1 this particolar tmplementation section for the first system
inplerentation apply equally to this system iropleruentation. As indicated above, all the system features are not
repeated here and should be considered repeated by reference.
[40626) Other iraplementations may tnclude a von-transitory coraputer readable storage medium stoving
nsteuctions executable by a processor to perform actions of the system descubed above. Yet another
implernentation may inchide a method performing actions of the syster described above.
{00627} As shown in FIGs. 48 and 19, a first method implementation of the technology disclosed includes
constructing a varant pathogenicity classifier, the method including. The method further includes, training a
conrvolutional 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 gencrated from
enrgn variants and pathogenic variants. The benign variants include common human missense vanants and non-
hiuman primate nussense variants occurring on alternative non-buman primate codon sequences that share matching
reference codon sequences with humans.
[00628] Hach of the features discussed 1o this particular tuplementation section for the first system
inplernentation apply equally to this ruethod rmpleraentation. As indicated above, all the syster features are not

ate o

repeated here and should be considered repeated by reference.

[00629] 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 a system including memory and one or more processors operable to execute instructions, stored in the
memory, to perform the method described above.

{00630} As shown in FIGs, 48 and 19, a second method implementation of the technology disclosed includes
coustructing a single nucleotide polyruorphisma (abbreviated SNEP) pathogenicity classifier. The method further
includes training a convolutional neural network-based SNP pathogeuicity classifier, which runs on numerous

processors coupled to memory, using benign txatuing exaraples and pathogenic trainiog examples of amino acid
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sequences expressed by benign SNPs and pathogenic SNPs. The benign training examples include fest and second
sets of nucleotide sequences, expressed as amino acid sequence pairs, each arsino acid sequence including a ceniral
amino acid facked by upstream and downstream aroivo acids, and each amino acid sequence pair including a
reference sequence of amino acids expressed by a reference nucleotide sequence and an alternative sequence of
amino acids expressed by an alternative nucleotide sequence containing a SNP. The first set comprises human
nucleotide sequence pairs, with each pair including a human alternative nucleotide sequence contaimung 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-human primate alterpative

A

nucleotide sequence. The non-human primate reference nucleotide segquence has an orthologous homan nucleotide
reference sequence and the nou-human primate alternative nucleotide sequence contains a SNE.

{30631} Fach of the features discussed in this particular implementation section for the second system

implementation apply '*qua}i to this method implementation. As tndicated above, all the system features are not

[00632] 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 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 convelutional neural
network-based a vanant pathogenicity classifier with secondary structure and solvent accessibility classifiers. One or
more features of an implementation can be combined with the base implementation. Tmplernentations that are not
mutually exclusive are taught to be corabinable. One or more features of an tuplementation can be combined with
other implementations. This disclosure periodically reminds the user of these options. Omission from soroe
implementations of recitations that repeat these options should not be taken as imitiug the combinations taught in
the preceding sections — these recitations are hereby 1ncorporated forward by reference into each of the following
implementations.

[00634] A system 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 2 first secondary structore subnetwork, running ou nuiierous processors coupled
to memory, trained 1o predict a three-state secondary structure at amino acid locations within & protein sequence,
The system further tncludes a second solvent accessibility subpetwork, runniug on numerous processors coupled to
memory, trained to predict a three-state solvent accessibility at amino acid locations within a protein sequence.
{30636} The three-state secondary structure refers to one of a plurality of DNA secondary stucture 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), intermediate (1), and exposed (E}.

[00638] A positional 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.

{40639} In other words, this includes applying the PFM generator to the primates sequence data to generate a

primate PFM, applying the PEM generator to the mammals sequence data to generate a mamimal PFM, and applying



the PFM generator to the vertebrates sequence data not including the primates and mammals sequence data to
geoerate a vertebrate PFM.

{00640} Au roput processor that accepts a variant aroine acid sequence with a target variaot amino acid flanked
upsircam and downstream by at least 25 armino acids in each direction, wherein a single nucleotide variant produces
the target variant amino acid. A supplemental data aillocator, 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 anino acids in each direction, aligned with the variant amino acid sequence. Following this, it allocates
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 classificatons produced by the first and secoud

tworks for the variant amino acid sequence. Finally, it allocates primate, maminal, aud vertebrate PFMs

aligned with the reference amno acid sequence.

=

00641} In the context of this application, the phrase “aligned with” refers to postion-wise determining
pomate, mwamyoal, and vertebeate PFMs for each amioo position in the reference amino acid sequence or the
alternative anmiino acid sequence and encoding and storing the results of the deternmining on the position-wise or
ordinal position-basis in the same order as the amino acid positions occur in the reference amino acid sequence or
the alternative amino acid sequence.

{00642} The system also includes a deep convolutional neural network, running on the NUMETOUS 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 PFMs. The systern tuctudes an output processor that reports at least & pathogemicity score for the
variant amino acid sequence.

{30643} This systern wnplementation and other systems disclosed optionally include one or more of the
following feanures. Syster can also inchude features described i coonection with methods disclosed. In the interest
of conciseness, alternative combinations of system features are vot individually enumerated. Features applicable to
systems, methods, and articles 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 in other
statutory classes.

[00644] The system comprising the deep convolutional neural network-based variant pathogenicity classifier,
further configured to classify the single nucleotide variant as benign or pathogeuic based on the pathogenicity score.
{30645} The system comprises the deep convolutioual neural network-based variant pathogenicity classifier in
which the deep couvolutional neural network accepts, in parallel, as tuput at least the variant amino acid sequence,
the allocated reference arnioo acid sequence, the allocated variant secondary structure state classification, the
allocated reference secondary structure state classification, the allocated variant sobveot accessibility state
classification, the allocated reference solvent accessibility state classification, the allocated primate PFM, the
allocated mammal PFM, and the allocated vertebrate PFM.

{00646} The system i3 configured to use the batch normalization layers, the ReLU non-linearity layers, and the
dimensionality altering layers to pre-process the variant aniino acid segquence, the allocated reference amino acid
sequence, the allocated primate PFM, the allocated manmal PFM, and the allocated veriebrate PFM. The system i
further configured to sum the pre-processed characterizations and concatenate the sums with the allocated variant
secondary structure state classification, the allocated reference secondary structure state classification, the allocated
variant solvent accessibility state classitication, and the allocated reference solvent accessibility state classificason

to produce a concatenated 1aput. The system processes the concatenated nput through 2 dimensionality altering
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layer and accept the processed concatenated roput to initate residual blocks of the deep convolutional neural
network.

00647} The deep convolutional neural network comprises groups of residual blocks arranged 1o 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 conprises dimensionality altering layers that reshape spatial and feature dimensions of
a preceding input.

[00648] The system is further configured to train to classify, as pathogenic, a single nucleotide variant that
produces a target vaniant amino acid from a target reference amino acid that is conserved in aligned reference amine

acid sequences across primates, mamnals, and vertebrates.

{0649} The conservation represents functional siguificance of the target reference amine acid and is

letermined from the PFWs. The system is fuxther configured to train to classt

7, as pathogenic, a single nucleotide
varant that causes different secondary structures between a vatgaot amino acid sequence and a reference vagaot
amino acid sequence

[00650] The systern s 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 amino acids in & human protein seguence across aligned protein
sequences of other species by determimug, on a location-by-location basis, freguency of occurrence an amino acd
int the horman protein sequence across the aligned protein sequences of the other species.

[00652] The three states of secondary structure are helix, sheet, and coil. the first secondary structure
subnetwork 18 trained to accept 2 juput proteln sequence and pumate, mamwraal, and vertebrate PFMs aligned with
amino acid locations within the 1oput profein sequence, and predict the three-state secondary structuee at each of the
arnino acid locations. The three states of solvent accessibility are exposed, buried, and jnterrsediate.

[00653] The second solvent accessibility subnetwork is trained to accept an input protein sequence and primate,

manmal, and vertebrate PFMs aligned with amino acid locations within the toput protein sequence, and predict the

y

~

three~state solvent accessibility at each of the amino acid locations. The input protein sequence is a reference protein
sequence. The input protein sequence is an alternative protein sequence. The first secondary structure subnetwor
comprises groups of residual blocks arranged 1 2 sequence from lowest to kighest. The first secondary stroucture
subnetwork is parameterized by 2 mumber of residual blocks, a nvmber of skip conuections, and a pumber of
esidual conpections without non-linear activations,
[0654] The first secondary structire subnetwork corapuses dimensionality altering layers that veshape 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 conmections, and a number of residual connections
without non-lincar activations. The second solvent accessibility subnetwork comprises dimensionality altering layers
that reshape spatial and feature dimensions of a preceding input.
[B0655] Each residual block comprises at least one batch normalization layer, at least one rectified linear unit
{abbreviated ReLUj} layer, at least one dimensionality altering layer, and at least one residual connection. Each
residual block comprises two batch normalization layers, two ReL U non-linearity layers, two dimensionality

altering layers, and one residual connection.
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[30656] The deep convolutional veural network, the first secondary structure subnerwork, and the second
solvent accessibility suboetwork each comprise au ultimate classification layer. The ultireate classification layer is a
sigrooid-based layer. The ultimate classification laver is 2 softraax-based layer.

[30657] 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
networlk.

[00658] The systen: 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, wnctuding back propagating errors to the subnetworks and updating subnetwork weights.

{30659 The second solvent accessibs

ity subnetwork cornprises at least on atrous convolution layer. The

system is further configured to classify developmental delay disorder (abbreviated DDD)-causing variants as
pathogenic. The variant axmino acid sequence and the reference armuo acid sequence share flanking amioo acids.
The system s further configured to use one-hot encoding to encode tnputs to the deep convolutional neural neework.
[00660] FIG. 1@ shows an exanmple 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 frained 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 neoral network, the first
secondary structure subnetwork, and the second solvent accessibility subnetwork to produce outputs that are
transmaitted to the clients.

{30661} Other iraplementations may tnclude a von-transitory coraputer readable storage medium stoving
nsteuctions executable by a processor to perform actions of the system descubed above. Yet another
implernentation may inchide a method performing actions of the syster described above.

[00662] 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, runming on at least one of the numerous
processors, applied o two seguence groups of primates and mammals to generate a primate PFM and a mamimnal
PEM. The system also includes an input processor that accepts a variant amuno acid sequence with 2 target vanant
amino acid flanked upstream and downstream by at least 25 amino acids in each direction, wherein a single
nucleotide variant produces the target vaniant amino acid. The system also includes 2 supplemental data allocator,
nning oa at least one of the numercus processors, that allocates a reference amino acid sequence with a target
reference amino acid flacked upstrearn and downstream by at least 25 amioo acids in each divection, aligned with
the variant amino acid sequence. It also allocates primate and mammal PFMs aligned with the reference amino acid
sequence. The syster further includes a deep convolutional neural network, running on the nurmerous processors,
trained to classify the varant amino acid sequence as benign or pathogenic based on processing the variant amino
acid sequence, the allocated reference amino acid sequence, and the allocated PFMa. Finally, the system includes, an
output processor that reports at least a pathogenicity score for the variant amino acid sequence.

[00663] This system implementation and other systenis disclosed optionally include one or more of the
following features. System can also inchude features described in connection with methods disclosed. In the mterest
of conecisensss, alternatve combinations of system features are not individually enumerated. Features applicable to

systems, methods, and adticles of manufacture are not repeated for each statatory class set of base features. The
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reader will uuderstand bow features identified in this section can eadily be combined with base features 10 other
statutory classes.

[30664] The system 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 amino acid sequence, the allocated primate PFM, and the allocated
mammal PFM. The system 18 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 1s conserved in reference amino acid
sequences across primates and mammals, The conservation represents functional significance of the target reference
arnino acid and 1s determmued from the PFWs.

{30665} Hach of the features discussed 1 this particolar tmplementation section for the first system
inplerentation apply equally to this system iropleruentation. As indicated above, all the system features are not
repeated here and should be considexed repeated by reference.

[30666] Other iraplementations may tnclude a von-transitory coraputer readable storage medium stoving
instructions executable by a processor to perform actions of the system described above. Yet another
implementation may inchude a method performing actions of the system described above.

[00667] 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. Runuing a second solvent accessibility subnetwork on numerous
processors coupled to rueruory, trained to predict a three-state solvent accessibility at amino acid Jocations within &
protein sequence. Running on at least one of the mumerous processors. a positional frequency matrix (abbreviated
PEM) generator, applied to three seguence groups of primoates, marunals, and vertebrates excluding primates and
manmals to generate a primate PFM, a mamyoal PEM, and a vertebrate PFM. Accepting a variant asxoo acid
sequence an nput processor with a target variant amino acid flacked upstream and downstream by at teast 25 amine
acids io each direction. A siugle nucleotide vagaot produces the target variant araino acid. Ruoning oo at least one
of the numerous processors, a supplemental data allocator 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. 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 subuetworks for the variaut amino acid sequence. It allocates primate, mammal, aud
vertebrate PEFMs aligned with the reference amino acid sequence, Running on the numerous processors, a deep
convolutional nevral network fratned to classiy the variant arino acid sequence as benign or pathogenic based on
processing the varant amino acid sequence, the aliocated reference amino acid sequence, the allocated reference and
varant state classifications, and the allocated PEMs. Reporting at least a pathogeunicity score for the variaat amino
acid sequence through an output processor.

[00668] Each of the features discussed in this particular implementation section for the firat system
implementation apply equally to this method implementation. 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-fransitory conputer readable storage medium storing
instructions executable by a processor o perform the method described above. Yet another implementation may

inchude a system including memory and one or more processors operable to execute instructions, stored u the

memory, to perform the method described above.
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{00670} A second method tmplementation of the technology disclosed ncludes runoing on oumerous
processors coupled to memory, a deep convelutional veural network-based variant pathogenicity classifier. Running
a positional frequency yoateix (abbreviated PFM) generator on at least one of the nurnerous processors, applied to
two sequence groups of primates and maramals to generate a primate PFM and a mammal PFM. Accepting in an
input processor, a variant amino acid sequence with a target variant amino acid flanked upstream and downstream
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, aligued with the vanant amino acid sequence and allocates primate and mammal PFMs aligoned with
the reference amino acid sequence. Running a deep convolutional neural network on the numerous processors,

rained to classify the variant amno acid sequence as benign or pathogenic based on processing the vanant amino

acid sequence, the allocated reference amino acid sequence, and the allocated PFMs. Reporting at least a
pathogenicity scove for the variast amino acid sequence 1 an output processor
{0067 1] Each of the features discussed in this particular iraplementation section for the second system

implementation apply equally to this method implementation. As indicated above, all the system features are not
repeated here and should be considered repeated by reference.
{00672} Other implementations may include a nop-transitory computer readable storage mediun: storing
instructions executable by a processor to perform the method described above. Yet another implementation may
include a systern incloding reemory and one or more processors operable to execute instructious, stored in the
menmory, to perform the method described above.
{90673} Yet auother system implernentation of the techoology disclosed includes a system that generates large-
scale pathogenic raining data for training a stogle nucleotide polymorphism (abbreviated SNP) pathogenicity
classifier.
{40674} As showa ju FiG., 19, the system rains the SNP pathogenicity classifier, which runs 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 combinatorically generated SNPs. In the context of this application, elite
predicted pathogenic SNPs are those SNPs are produced/selected at the end of cach cycle based on their average or
maximum pathogenicity scores, as outputted by the ensemble. The term “elite” 1s borrowed from the genetic
algorithm voeabulary and is jutended to have a meaning typically given in genetic algorithro publicatons,
[B0675] As stown in FEGs, 37, 38, 3%, 46, 41, and 42, the systern builds the ehite set teratively in cycles,
begiuning with no predicted SNPs and accumulating a full set of predicted SNPs by culling outlier SNPs from the
synthetic set. The syothetic set comprises pseudo-pathogenic SNPs that are combinatorically generated SNPs not
present i the benign set and decrease 1o set membership as the outlier SNPs are iteratively culled from the synthetic

set for inclusion in the elite set. In the context of this application, the term “culiing” means filtering, replacing,

f-'-'
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updating, or selecting a previous population with a new population. The term “culling” is borrowed from the gene
algorithm vocabulary and 1s intended to have a meaning typically given in genetic aigorithm publications.
{00676} As shown in FIGs, 37, 38, 39, 48, 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 cycles. This includes training
the ensembie using a common training st of benign SNPs, a commeon training set of elite predicted pathogenic
SNPs, aud separate training sets of pseudo-pathogenic SNPs sampled from the synthetic set without replaceruent.
Thus also includes applying the trained enserable to cull the outlier SNPs from the syuthetic set and accwnlate

ulled outlier SNPs o the coramon elite set by applytog the trained ensemble to score at least some SNPs from the
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synthetic set that were vot used for tratning the ensemble v a current cycle and usiog the scores to select, from the

scored SNPs, current cycle outlier SNPs to accuroulate in the common elite set.

{60677} To 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.
{30679} As shown in FIGs. 37, 38, 39, 48, 41, and 42, the system then stores in memory, classifier parameters

derived by the training, a common elite set completed over the cycles and within a predetermined spread of the

i
L

common benign set, and the common benign set for training the SNP pathogenicity classif

{30680} As stown in FEGs, 37, 38, 38, 46, 41, and 42, the elite predicted pathogenic SNPs are top 5% of the

w13

SNPs predicted by the ensemble. In some buplementations, they are fixed mumber of top-scored SNPs, such as
20600.

{40681} The SNP pathogenicity classifier znd the ensemble of SNP pathogenicity classifiers are each deep
convolutional neural networks (abbreviated DCNN). The ensemble inchudes 4 to 16 DCNNs. As shown in FiGs. 37,
38, 39, 48, 41, and 42, the enscmbie includes § DCNNs.

[60682] As shown in FiGs. 37, 38, 39, 48, 41, and 42, the system trains the ensemble of DCCNs in epochs
during the cycles, concluding the training for a particular cyele when predictions on a validation sample form
discrete probability distribution clusters of benign and pathogenic predictions.

[30683] As stown in FEGs, 37, 38, 38, 46, 41, and 42, the systern uses the scores to select the current cycle
outlier SNPs by summing scores from the ensemble of DCCNs.

{30684} As stown in FEGs, 37, 38, 38, 46, 41, and 42, the systern uses the scores to select the current cycle

outlier SNPs by taking a roaximm roean value for each of the SNPs scored by the ensemble of DUNNs.

[30685] As shown in FIGs. 37, 38, 39, 40, 41, and 42, the sampling without replacement during a current cycle
results in digjoint separate training sets of pseudo-pathogenic SNPs during the current cyele.

[0686] The system continues the cycles until a termination condition is reached. The termination condition
can be a predetermined number of cycles. As shown in Fis. 37, 38, 39, 40, 41, and 42, the predetermined mumber
of cycles is 21.

{00687} As shown in FIGs, 37, 38, 39, 48, 41, and 42, the termination condition is when an elite predicted

athogenic set size 18 within a predetermined spread of a bemgn set size.
& i &

[30688] The classifier pararneters can be at least convolution filter weights and learning rate.
{60689} The systeri can select one of the SNP pathogenicity classifiers in the ensemble as the SNP

pathogenicity classifier. The selected SNP pathogenicity classifier can be the one that outpredicied other SNP
pathogenicity classifiers in the ensemble on a validation saraple evaluated 1o an uliimate cycle.

[60690] As shown in FiGs. 37, 38, 39, 40, 41, and 42, the common elite set completed over the cycles can have
at least 460000 clite predicted pathogenic SNPs.

[0691] As shown in FiGs. 37, 38, 39, 48, 41, and 42, the system, in each cycle, can match trinucleotide
context between the berrign SNPs and the sampled pseudo-pathogenic SNPs 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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[30693] As shown in FEGs. 37, 38, 39, 40, 41, and 42, the systeyn cao filter the syuathetic SNPs scored 1o the
current cyele by pseudo-pathogenic SNPs sarapled in the cuwent cyele for training, the ebite predicted pathogenic
SNPs, and the benign SNPs used 1o the current cycle for training.

[00694] Each of the features discussed in this particular implementation section for the firat 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
mstructions executable by a processor to perform actions of the system described above. Yet another

inplerentation may include 2 system incloding memory and one or more processors operable to execute

instructions, stored in the roemory, to perform actions of the system described above,
{30696} Yet another implementation of the technology disclosed includes 3 convolutional neural network

{abbreviated CNN}-based serm-supervised learner, as shown in FIG. 36.

{30697} As shown 1a FEG. 36, the semi-supervised learner can inchade an ensemble of CNNs, rununing on
numerous processors coupled to memory, that is iteratively trained on a benign training set and a pathogenic training
set.

[00698] As shown in FIG. 36, the semi-supervised learner can include a set augmenter, running on at least one

of the processors, that progressively augments a sct size of the pathogenic training set based on the trained
ensemble’s evaluation of a synthetic set;

{30699} Tu each iteration, the evaluation produces an elite predicted pathogenic set that is added to the
pathogenic training set by the set augmenter.

[B0745 The semi-supervised learner can include a builder that uses at least one of the CNNs, an augmented
pathogenic training set, and the beniga tratning set to construct and frain a single nucleotide polymorphism
{abbreviated SNP} pathogenicity classifier.

{60701} Hach of the features discussed in this particular rmpleroentation section for the fivst systern
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.

[00702] Other implementations may include a non-fransitory conputer readable storage medium storing
mstructions executable by a processor to perform actions of the system described above. Yet another
implerentation may include a system including memory and one or more processors operable to execute
instructions, stored in the roemory, to perform actions of the system described above,

{B0783] The preceding description is preseuted o enable the making and vse of the technology disclosed.
Various yoodifications to the disclosed wnplementations will be apparent, and the general principles defued herern
may be applied to other implementations aud applicatons without departing froro 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.

Computer Sysiem

{30704] G, 66 is a simplified block diagrarm of a computer system that can be used to 1mplement the
technology disclosed. Computer system typically includes at least one processor that cormmunicates with a number
of peripheral devices via bus subsystern. These peripheral devices can tnclude a storage subsystem tncluding, for

example, memory devices and 2 file storage subsystem, user interface nput devices, user wnterface output devices,
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and a network interface subsysten. The input and output devices allow user oteraction with coraputer systen.
Network interface subsystem provides an nterface to outside networks, including au interface to correspouding
interface devices in other computer systems.

[00705] In one implementation, the neural networks such as benign dataset generator, variant pathogenicity
classifier, secondary structure classificr, solvent accessibility classifier, and semi-supervised learner are
communicably linked to the storage subsystem and user interface input devices.

{00706} 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; aud other types of input devices. In general, use of the term “Tuput

device” 1s wntended to nelode all possible types of devices and ways to input information into computer system.

{40787} User interface cutput devices can inchude a display subsysters, a printer, 2 {2x machine, or non-visual

displays such as audio cutput devices. The display subsystera can toclude a cathode ray tube (CRT), a flat-panel
device such as a liquid erystal display (LCD}, a projection device, or sorae other mechanisya for creating a 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 include all possible types of devices and ways to output information from
computer systein to the user or to another machine or conxputer systen.

[O0708] Storage subsystem stores programmnying and data constructs that provide the functiopality 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,

{60709} Memory used in the storage subsystem can include a number of memories ncluding & mmn random
aceess memory (RAM) for storage of instructions and data during program execuotion and a read only memory
(ROM) in which fixed 1astructions ace stored. A fie storage subsystem can provide persistent storage for program
and data files, and can nclode a hard disk drive, a floppy disk doave along with associated removable media, a CD-
ROM drive, an optical drive, or removable reedia cartidges. The modules iraplementing the fusctionality of certain
implementations can be stored by file storage subsystem in the storage subsystem, or in other machines accessible
by the processor.

[00710] Bus subsystem provides a mechanism for letting the various components and subsystems of computer
system communicate with each other as intended. Although bus subsystem is shown schematically as a single bus,
alterpative ruplementations of the bus subsystem can use multiple busses.

{80711} Computer system itself can be of varying types including a personal coruputer, a portable computer, a
workstation, a computer terminal, a network computer, a television, a matnframe, a server farm, a widely-distributed
set of loosely networked computers, or any other data processing system or user device. Due to the ever-changiog
pature of computers and networks, the description of coraputer systern depicted in FEG. 66 (s intended only as a
specific example for purposes of illustrating the technology disclosed. Many other configurations of computer
system are possible having more or less components than the computer system depicted in FIG. 66.

[00712] The deep learming processors can be GPUs or FPGAs and can be hosted by a deep learning cloud
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, GX& Rackmount Series,
NVIDIA DGX-1, Microsoft’ Stratix V FPGA, Graphcore's Intelligent Processor Unit (IPU), Qualcomm’s Zeroth
platform with Snapdragon processors, NVIDIA's Volta, NVIBIA’s DRIVE PX, NVIDIA s JETSON TX1/TX2
MODULE, Tutel’s Nirvana, Movidius VPU, Fuitsu DPL ARMs Dynamicl(y, IBM TrueNorth, and others.
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CLAIMS

What is claimed is:

1. A method of constructing a variant pathogenicity classifier, the method including:

training a convolutional neural network-based variant pathogenicity classifier, which runs on numerous
processors coupled to memory, using as input benign training example pairs and pathogenic training example pairs
that include reference protein sequences and alternative protein sequences, wherein the alternative protein sequences

that include at a target position benign variants and pathogenic variants; and
wherein the benign variants include common human missense variants and

non-human primate missense variants occurring on alternative non-human primate codon sequences that share

matching reference codon sequences with humans;

wherein the common 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.

2. The method of claim 1, wherein the sampled humans belong to different human subpopulations and the
common human missense variants have a MAF greater than 0.1% within respective human subpopulation variant

datasets.

3. The method of claim 2, wherein the human subpopulations include African/African American, Ashkenazi

Jewish, East Asian, Finnish, Non-Finnish European, South Asian, and Others.

4.  The method of any of claims 1-3, wherein the non-human primate missense variants include missense variants
from a plurality of non-human primate species, including Chimpanzee, Bonobo, Gorilla, B. Orangutan, S.

Orangutan, Rhesus, and Marmoset.

5 The method of any of claims 1-4, further including, based on an enrichment analysis, accepting a particular
non-human primate species for inclusion of missense variants of the particular non-human primate species among
the benign variants, wherein the enrichment analysis includes, for the particular non-human primate species,
comparing a first enrichment score of synonymous variants of the particular non-human primate species to a second

enrichment score of missense identical variants of the particular non-human primate species;

wherein missense identical variants are missense variants that share matching reference and alternative codon

sequences with humans;

wherein the first enrichment score is produced by determining a ratio of rare synonymous variants with a MAF less

than 0.1% over common synonymous variants with a MAF greater than 0.1%; and

Wherein the second enrichment score is produced by determining a ratio of rare missense identical variants with a

MAF less than 0.1% over common missense identical variants with a MAF greater than 0.1%.
6.  The method of claim 5, wherein rare synonymous variants include singleton variants.

7.  The method of claim 5, wherein a difference between the first enrichment score and the second enrichment
score is within a predetermined range, further including accepting the particular non-human primate species for

inclusion of missense variants of the particular non-human primate among the benign variants.
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8. The method of claim 7, wherein the difference being in the predetermined range indicates that the missense
identical variants are under a same degree of natural selection as the synonymous variants and therefore benign as

the synonymous variants.

9.  The method of claim 5, further including repeatedly applying the enrichment analysis to accept a plurality of
non-human primate species for inclusion of missense variants of the non-human primate species among the benign

variants.

10. The method of claim 1, further including using 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.

11.  The method of any of claims 1-10, wherein a count of the non-human primate missense variants is at least

100000.

12. The method of any of claims 1-11, wherein the count of the non-human primate missense variants is 385236.
13. The method of any of claims 1-12, wherein a count of the common human missense variants is at least 50000.
14. The method of any of claims 1-13, wherein the count of the common human missense variants is 83546.

15. A method of claim 1, further including:

the first set of benign training examples comprises human nucleotide sequence pairs, expressed as protein
sequences, with each human nucleotide sequence pair 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;

and

the second set of benign training examples comprises a non-human primate nucleotide sequence pair,

expressed as a protein, with each pair including a non-human primate alternative nucleotide sequence, wherein

the non-human primate reference nucleotide sequence has an orthologous human nucleotide reference

sequence and
the non-human primate alternative nucleotide sequence contains a SNP.
16. A non-transitory computer readable storage medium impressed with computer program instructions to

construct a variant pathogenicity classifier, when executed on a processor, implement a method comprising:

training a convolutional neural network-based variant pathogenicity classifier, which runs on numerous
processors coupled to memory, using as input benign training example pairs and pathogenic training example pairs
of reference protein sequences and alternative protein sequences, wherein the alternative protein sequences are

generated from benign variants and pathogenic variants; and
wherein the benign variants include common human missense variants and

non-human primate missense variants occurring on alternative non-human primate codon sequences that share

matching reference codon sequences with humans;

wherein the common human missense variants have a minor allele frequency, abbreviated MAF, greater than



110

0.1% across a human population variant dataset sampled from at least 100000 humans.

17. A system including one or more processors coupled to memory, the memory loaded with computer
instructions to construct a variant pathogenicity classifier, the instructions, when executed on the processors,

implement actions comprising:

training a convolutional neural network-based variant pathogenicity classifier, which runs on numerous
processors coupled to memory, using as input benign training example pairs and pathogenic training example pairs
of reference protein sequences and alternative protein sequence, wherein the alternative protein sequences are

generated from benign variants and pathogenic variants; and
wherein the benign variants include common human missense variants and

non-human primate missense variants occurring on alternative non-human primate codon sequences that share

matching reference codon sequences with humans;

wherein the common 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.

18. The non-transitory computer readable storage medium of claim 16, further impressed with computer program

instructions implement a method comprising:

the first set of benign training examples comprises human nucleotide sequence pairs, expressed as protein
sequences, with each human nucleotide sequence pair 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;

and

the second set of benign training examples comprises a non-human primate nucleotide sequence pairs,
expressed as protein sequences, with each pair including a non-human primate alternative nucleotide sequence,

wherein

the non-human primate reference nucleotide sequence has an orthologous human nucleotide reference

sequence and
the non-human primate alternative nucleotide sequence contains a SNP.

19. A system of claim 17, further implementing the actions comprising:

the first set of benign training examples comprises human nucleotide sequence pairs, expressed as protein
sequences, with each human nucleotide sequence pair 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;

and

the second set of benign training examples comprises a non-human primate nucleotide sequence pairs
expressed as protein sequences, with each pair including a non-human primate alternative nucleotide sequence,

wherein

the non-human primate reference nucleotide sequence has an orthologous human nucleotide reference

sequence and

the non-human primate alternative nucleotide sequence contains a SNP.
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20. The non-transitory computer readable storage medium of claim 16, implementing the method further
comprising, based on an enrichment analysis, accepting a particular non-human primate species for inclusion of
missense variants of the particular non-human primate species among the benign variants, wherein the enrichment
analysis includes, for the particular non-human primate species, comparing a first enrichment score of synonymous
variants of the particular non-human primate species to a second enrichment score of missense identical variants of

the particular non-human primate species;

wherein missense identical variants are missense variants that share matching reference and alternative

codon sequences with humans;

wherein the first enrichment score is produced by determining a ratio of rare synonymous variants with a

MAF less than 0.1% over common synonymous variants with a MAF greater than 0.1%; and

wherein the second enrichment score is produced by determining a ratio of rare missense identical

variants with a MAF less than 0.1% over common missense identical variants with a MAF greater than 0.1%.

21. The non-transitory computer readable storage medium of claim 16, implementing the method further
comprising using 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.

22. The system of claim 19, further implementing actions, based on an enrichment analysis, accepting a
particular non-human primate species for inclusion of missense variants of the particular non-human primate species
among the benign variants, wherein the enrichment analysis includes, for the particular non-human primate species,
comparing a first enrichment score of synonymous variants of the particular non-human primate species to a second

enrichment score of missense identical variants of the particular non-human primate species;

wherein missense identical variants are missense variants that share matching reference and alternative

codon sequences with humans;

wherein the first enrichment score is produced by determining a ratio of rare synonymous variants with a

MATF less than 0.1% over common synonymous variants with a MAF greater than 0.1%; and

wherein the second enrichment score is produced by determining a ratio of rare missense identical variants with a

MAF less than 0.1% over common missense identical variants with a MAF greater than 0.1%.



