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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.
PRIORITY APPLICATIONS

[0002] This application claims priority to or the benefit of US Provisional Patent Application
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1615-PRV); and US Provisional Patent Application No. 62/726,158, titled, “Predicting Splicing from Primary
Sequence with Deep Learning,” by Kishore Jaganathan, Kai-How Farh, Sofia Kyriazopoulou Panagiotopoulou
and Jeremy Francis McRae, filed August 31, 2018 (Attorney Docket No. ILLM 1001-10/IP-1749-PRV). The

provisional applications are hereby incorporated by reference for all purposes.

INCORPORATIONS
[0003] The following are incorporated by reference for all purposes as if fully set forth herein:
[0004] PCT Patent Application No. PCT/US18/55915, titled “Deep Learning-Based Splice Site

Classification,” by Kishore Jaganathan, Kai-How Farh, Sofia Kyriazopoulou Panagiotopoulou and Jeremy
Francis McRae, filed on October 15, 2018 (Attorney Docket No. ILLM 1001-7/ IP-1610-PCT), subsequently
published as PCT Publication No. WO 2019/079198.

[0005] PCT Patent Application No. PCT/US18/ 55923, titled “Aberrant Splicing Detection Using
Convolutional Neural Networks (CNNs),” by Kishore Jaganathan, Kai-How Farh, Sofia Kyriazopoulou
Panagiotopoulou and Jeremy Francis McRae, filed contemporaneously October 15, 2018 (Attorney Docket No.
ILLM 1001-9/1P-1615-PCT), subsequently published as PCT Publication No. WO 2019/079202.

[0006] US Nonprovisional Patent Application titled “Deep Learning-Based Splice Site Classification,” by
Kishore Jaganathan, Kai-How Farh, Sofia Kyriazopoulou Panagiotopoulou and Jeremy Francis McRae,
(Attorney Docket No. ILLM 1001-4/[P-1610-US) filed contemporaneously.

10007} US Nonprovisional Patent Application titled “Deep Learning-Based Aberrant Splicing Detection,”
by Kishore Jaganathan, Kai-How Farh, Sofia Kyriazopoulou Panagiotopoulou and Jeremy Francis McRae,
(Attorney Docket No. ILLM 1001-5/IP-1614-US) filed contemporaneously.

[0008] US Nonprovisional Patent Application titled “Aberrant Splicing Detection Using Convolutional
Neural Networks (CNNs),” by Kishore Jaganathan, Kai-How Farh, Sofia Kyriazopoulou Panagiotopoulou and
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{6017} Document 9 - J. M. Wolterink, T. Leiner, M. A. Viergever, and 1. I3gum, “DILATED
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CONGENITAL HEART DISEASE,” arXiv:1704.03669, 2017,

[0018] Document 10 - L. C. Piqueras, “AUTOREGRESSIVE MODEL BASED ON A DEEP
CONVOLUTHINAL NEURAL NETWORK POR AUDIO GENERATION,” Tampere University of Tectinology,
2016;

[B019] Docuraent 1 — 3. Wu, “Totroduction to Convolutional Neural Networks,” Nanjing University, 2017;
{6020} Document 12 — L J. Goodfeliow, D. Warde-Farley, M. Mirza, A. Courville, and Y. Bengio,
“CONVOLUTIONAL NETWORKS”, Deep Learning, MIT Press, 2016; and

{0021} Document 13 — 1. Gu, Z. Wang, J. Kuen, L. Ma, A. Shatiroudy, B. Shuai, T. Liy, X. Wang, and G.

Wang, “RECENT ADVANCES IN CONVOLUTIONAL NEURAL NETWORKS,” arXiv:1512.07108, 2017.

{0022} Documment | describes deep convolutional neural network architectures that use groups of residual
blocks with convolution filters baving same convolution window size, batch normabzation layers, rectified linear

puit (abbreviated ReLU) layers, dimensionality altering layers, atrous convolution layers with expouentially growing
atrous convolution rates, skip conuections, and a softmax classification layer to accept an input sequence and
produce an output sequence that scores entries 1u the oput sequence. The technology disclosed uses neural vetwork
components and parameters described in Document 1. In one implementation, the technology disclosed modifies the
parameters of the neural network components described in Document 1. For instance, unlike in Document |, 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.

[0023] Document 2 describes details of the deep conveolutional neural networle architectures described in
Document 1.

[0024] Document 3 deseribes atrous convolutions used by the technology disclosed. As used heretn, atrous

coovolutions are also referred to as “dilated convohutions”. Atrous/dilated convolusons allow for large receptive
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fields with few trainable parameters. An atrous/dilated convolution 1s a convolution where the kerael is applied over
an area larger than its length by skipping 1oput values with a certain step, alse called atrous convolution rate ©
dilation factor. Atrous/dilated convolutions add spacing between the elements of a convolution fltec/kernel so that
neighboring 1nput 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.

[3025] Document 4 describes residual blocks and residual connections used by the technology disclosed
{0026} Document 5 describes skip connections used by the techuology disclosed. As used herein, skip
counections are also referred to as “highway networks”,

[0027] Document 6 deseribes densely counected convolutional network architectures used by the techuology
disclosed.

0028} Document 7 describes dimensionality altering convelution layers and yoodules-based processing

pipelines used by the techoology disclosed. One example of a dimensionality alteriug convolutionisa t x

convolution.

[0029] Document 8 describes batch normalization layers used by the technology disclosed.

[0830] 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, including convolutional neural networks, deep convolutional neural networks, and deep
convolutional neural networks with atrous/dilated convolutions.
[0032] Document 11 describes details of a convolutional neural network that can be uvsed by the techuology
disclosed, ncluding algorithras for training a convolutional neural network with subsamphug layers (e.g., pooling)
and fully-connected layers.
ITERRY Document 12 descubes detatls of various convolution operations that caa be used by the techuology
disclosed.
[0034] Document 13 describes various architectures of convolutional ncural networks that can be used by the
technology disclosed.
INCORPORATION BY REFERENCE OF TABLES
SUBMITTED ELECTRONICALLY WITH APPLICATION

{035} Three table files in ASCH text format are submitted with this application and incorporated by

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

[0036] table S84 mutation rates.tut August 31, 2018 2,452 KB
{6037} table 585 gene eurichmenttxt  August 31, 2018 362KB
[6038] table_S6_validation.txt August 31,2018 362 KB

FIELD OF THE TECHNOLOGY BISCLOSED

[0039] The technology disclosed relates to artificial intelligence type computers and digital data processing

systems and corresponding data processing methods and products for emulation of intelligence (i.¢., knowledge
based systems, reasoning systems, and knowledge acquisition systems); and including systems for reasoning with

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

1 particular, the techuology disclosed relates to using deep learning-based te
In particular, the techuology d g dee; g

hriques for teatning deep

convolutional neural networks.
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BACKGROUND

[0040] The subject matter discussed in this section should not be assumed to be prior art merely as a result of
its mention in this section. Similarly, a problemn mentioned 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

matier in this section merely represents different approaches, which in and of themselves can also correspond to

implementations of the claimed technology.

Machine Learning

0041} o machine learning oput variables are used to predict an output variable. The input vaviables are often
called features and are denoted by X = (X, X,, ..., X,), where each X, / € 1, .., kis a feature. The output variable is
often called the response or dependent variable and is denoted by the vanable Y. The relationship between Y and the
cotresponding X can be written in a general form:

Y= ()+e
[0042] I the equation above, fis a function of the features (X, X5, ..., X and € is the random error term.
The error term i3 independent of X and bas a mean value of zero.
[0043] I practice, the features X are available without having Y or knowing the ¢xact relation between X and

Y. Since the ewror tern has a roean value of zero, the goal is to estimate /

{3444} Tn the equation above, f is the estimnate of &€, which is often considered a black box, meaning that
only the relation between the foput and output of f is known, but the question why it works remains unanswered.

[0045] The function f is found using learning. Supervised learning and unsupervised learning are two ways
used 10 machine learaing for this task. To supervised learmog, labeled data is used for traintng. By showing the
nputs and the correspouding outputs (=labels), the function f is optimized such that it approximates the ovtput. 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.
Newral Networks

{0046} The single layer perceptron {3LP) 1s the simoplest model of a neural network., It comprises oue input
layer and one activation function as shown in FIG. L The inputs are passed through the weighted graph. The
function £ uses the sum of the inputs as argument and compares this with a threshold &

{00471 FIG. 2 shows one implementation of a fully connected neural network with multiple layers. A neural
network 18 a system of interconnected artificial neurons {e.g., a;, a,, a;) that exchange messages between each other
The illustrated neural network has three inputs, two neurons in the hidden layer and two neurons in the output layer.
The hidden layer has an activation function f{®}) and the cutput layer has an activation function g{®} The
connections have numeric weights (e.g., Wiy, Wi, Wiz, W31, Woz, W3y, Vi3, Vo) that are tuned during the training
process, so that a properly trained network responds correctly when fed an image to recognize. The input layer
processes the raw input, the hidden layer processes the output from the input layer based on the weights of the

conunections between the input layer and the mdden layer. The output layer takes the output from the hidden layer
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and processes it based oo the weights of the conuections between the hidden layer and the output layer. The network
icludes muitiple layers of feature-detecting neurons. Each laver bas many neurons that respood to different
corabinations of inputs from the previous layers. These layers are constructed so that the first layer detects a set of
primitive patterns in the input image data, the second layer detects patterns of patterns and the third layer detects
patterns of those patterns.
[0048] A survey of application of deep learning in genomies can be found in the following publications:
e 1. Ching et al., Opportunities And Obstacles For Deep Learning [p Biclogy And Medicine,
www.biorxiv.org: 142760, 2017,
e Angermuelier C, Pdrnamaa T, Parts L, Stegle O. Deep Learning For Computational Biology. Mol Syst
Biol. 2016;12:878;
e Park Y, Kellis M. 2015 Deep Learning For Regulatory Genomics. Nat. Biotechnol. 33, 825-826.
{doi:10.1038/0bt. 3313}
« Min, S, Lee, B. & Yoon, 5. Deep Learning In Bioinformatics. Brief. Bioinform. bbw068 (2016);
¢ Leung MK, Delong A, Alipanahi B et al. Machine Learuing In Geuomice Medicine: A Review of
Computational Problems aud Data Sets 2016; and
e  Libbrecht MW, Noble WS. Machine Learing Applications In Genetics and Genomics. Nature Reviews

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

BRIEF DESCRIPTION OF THE DRAWINGS

{3049} Tu the drawings, ke reference characters generally refer to like parts throughout the different views.
Also, the drawings are not necessarily to scale, with an emphasis 1nstead generally being placed upon ithustrating the
principles of the techoology disclosed. In the following description, various implercentations of the techuology

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

{0050 FIG. 1 shows a single laver perceptron (SLP).

{0051} FIG. 2 shows one implementation of a feed-forward neural network with multiple layers.

[0052] FIG. 3 depicts one implementation of workings of a convolutional neural network.

[0053] FIG. 4 depicts a block diagram of training a convolutional neural network in accordance with one

implementation of the technology disclosed.
{3054} FIG. 3 shows one timplementation of & Rell von-linear layer in accordance with one implementation

of the technology disclosed.

[BH55] FEG. 6 illustrates dilated convolutions.
1056 (. 7 s one mnplermentation of sub-sampling layers (average/max pooling) in accordance with one
£ ayers { & i £)

implementation of the technology disclosed.

[0057] FIG. 8 depicts one implementation of a two-layer convolution of the convolution layers.

[0058] FIG. 9 depicts a residual connection that reinjects prior information downstream via feature~-map
addition.

[0059] FIG. 19 depicts one implementation of residual blocks and skip-connections.

[0060] FIG. 11 shows one implementation of stacked dilated convolutions.

{0061} FIG. 12 shows the batch normalization forward pass.

{8062} FIG. 13 dlustrates the batch normalization transform at test time.

{3063 FEG. 14 shows the batch normalization backward pass.


meihui
Text Box

meihui
Text Box


[0064) FIG.
[0065] FIG.
[0066) FIG.
[0667] FIG.

production servers that can be used to iraplement the technology

FiG.

[0063]

15 depicts use of a batch noamalization layer with convolutional or densely connected laver.
16 shows one implementation of 1D convolution.

17 :blustrates how global average pooling (GAP) works.
18 illustrates one implementation of a computing environment with traimng servers and
v disclosed.

19 depicts one implementation of the architecture of an atrous convolutional neural network

{(abbreviated ACNN), referred to herein as “SpliceNet”.

[0069]

FiG.

24 shows one implementation of a residual block that can used by the ACNN and a convolutional

neural network (abbreviated NN,

{8676 FiG.
“SpliceNet8)".
{8471} FiG.
“SplicelNet404”
[6872] FIG.
“SpliceMNet2000”.
[6073] FIG.

“SpliceNet10060™,
FiGs. 28, 26, and 27 show various types of inputs processed by the ACNN and the CNN.
FIG.

[0074]
[0075]

21 depicts auother implementation of the arclutecture of the ACNN, referred to herain as

22 depicts yet another implementation of the architecture of the ACNN, referred to heretn as
23 depicts vet further implementation of the architecture of the ACNN, referred to herein as

24 depicts vet another implementation of the architecture of the ACNN, referred to herein as

28 shows that the ACNN can be trained on at least 800 million non-sphcing sites and the UNN

can be trained on at feast 1 million non-splicing sites.

12 S

[B476] FEG. 29 alhustrates a one-hot encoder

{6077} FB(. 38 depicts training of the ACNN.

[B678] FEG. 31 shows a CNN.

{B079] . 32 shows training, validation, and tesnag of the ACNN and the CNN.

{0080 FIG. 33 depicts a reference sequence and an alternative seque

{0081} FIG. 34 illustrates aberrant splicing detection.

[0082] FIG. 35 illustrates processing pyramid of SpliceNet10000 for splice site classification.

[0083] FIG. 36 depicts processing pyrantid of SpliceNet10000 for aberrant splicing detection.

{3084 FiGs. 37A, 378, 37C, 37D, 37E, 37F, 37G, and 378 ihustrates one oplementation of predicting
splicing from primary sequence with deep learmug.

{3085} Fi(s. 38A, 388, 38C, 38D, 38K, 38F, and 38G depict one implementation of validation of rare

cryptic splice mutasons in RNA-seq data.

[6086]

Fies. 394, 398, and 33C show one iraplercentation of cryptic splic

e variants frequently create tissue-

specific alternative splicing.

[0687]

FIGs. 404, 488, 46C, 46D, and 40F depict one implementation of predicted cry

yptic splice variants are

strongly deleterious in human populations.

[0088]

FIGs. 414, 418, 41C, 41D, 41E, and 41F show one implementation of de novo cryptic splice

mutations in patients with rare genetic disease.

[0089]
[6090]

FIGs. 424 and 428 depict evaluation of various splicing 1

prediction algorithms on lincRNAs.

FiGs. 434 and 438 illustrate position-dependent effects of the TACTAAC brauch point and

GAAGAA exonic-splice enhancer motifs.

[6091]

Fies. 44A and 448 depict effects of nuclecsorae positioning on splicing.
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{6092} FIG. 45 illustrates example of caleulating effect size for a splice-disrupting variant with complex
effects.

{3093} FiIGs. 46A, 468, and 46 show evaluation of the SpliceNet- 10k model on singleton and common
variants.

{0094} FIGs. 47A and 478 depict validation rate and effect sizes of splice site-creating variants, split by the

location of the variant.

{3095} FIGs. 484, 488, 49C, and 49D depict evaluation of the SpliceNet-10k model on irain and test
chromosomes.
{3096} FBG. 494, 498, and 48C ilhustrate de novo cryptic splice mutations 1n patients with rare genetic

disease, only from synonymous, mtronic or untranslated region sites.

{8097} FiGs. S8A and S0B show cryptie splice de novo mutations in ASD and as a proportion of pathogenic
DNMs.

{6098} Fie. 81 depicts RNA-seq validation of predicted cryptic splice de nove mutations 1o ASD patients.
[0099] FiIGs. 32 A and 52B illustrate validation rate and sensitivity on RNA-seq of a model trained on

canonical transeripts only.

[00100] FiIGs. 534, 5338, and 33C illustrate ensemble modeling improves SpliceNet-10k performance.
{00101} FIGs. 54A and 54B show evaluation of SpliceNet-10k in regions of varying ¢xon density.
[00102] FIG. 55 18 Table S1 which depicts one nplementation of GTEX samples used for demonstrating effect

size caleulations and tissue-specific splicing.
[40183] G, 56 15 Table S2 which depiets one implementation of cutoffs used for evahiating the validation

rate and seasitivity of different algonithms.

{60104} Fi(:. 87 shows one paplementaton of per-gene enrichment analysis.
[B0105] FIG. 38 shows one implementation of genome-wide evrichment analysis
{40106} . 89 is a simplified block diagraro of a computer system that can be used to implement the

technology disclosed.
DETARED DESCRIPTION

{40197} The tollowing discussion 1s presented to enable any person skilled in the art to make and use the

technology disclosed, and is provided in the coutext of @ particular application and its requirernents. Vario

modifications to the disclosed iropleraentations will be readily apparent to those skilled o the art, and the general
principles defined herein may be applied to other implementations and applications without depacting from the spirtt

and scope of the technology disclosed. Thus, the techuology disclosed is not intended to be himited to the

(oW

implementations shown, but is to be accorded the widest scope consistent with the principies and features disclose

herein.
Introduction

Coanvolutional Newral Networks

{40108} A& convoelutional veural network s a special type of neural network. The fundamental difference
between a densely connected layer and a convolution laver is this: Dense layers learn global patterns in their input

feature space, whereas convolution layers learn local patters: in the case of images, patierns found in small 2D
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windows of the iputs. This key characteristic gives convohutional neural networks two interesting properties: (1}

the patterns they learmn are translation invariant and (2) they can learn spatial hievarchies of patteros.

149 i e first, after learning a certain pattern in the lower-tight cormer of a picture, a convoiutio
HERERY Regarding the first, after learning a certain pattern in the lower-tight cormer of a picture, a convolution
ay < 1< <, < TS 4 € }\ U
layer can recognize it anywhere: for exaniple, in the upper-left corner. A densely connected ne would have to

learn the pattern anew if it appeared at a new location. This makes convolutional neural networks data efficient
because they need fewer training samples to learn representations they have generalization power.

[00110] 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 muereasingly complex and abstract visual concepts.

{00111} A convolutional neural network: learns nghly non-linear mappings by wterconnecting layers of

artificial neurons arranged in many different layers with activation functions that make the layers dependent. It

jem

includes oue or more convolunonal layers, wterspersed with one or more sub-sampliig layers and non-linear layers,
which are typically followed by one or roore fully counected Jayers. Each element of the convolutional neural
network receives tnputs from a set of features in the previous layer. The convolutional neural network learns
ncurrently because the neurons in the same feature map have identical weights. These local shared weights reduce
the complexity of the network such that when multi-dimensional input data enters the network, the convolutional
neural network avoids the complexity of data reconstruction in feature extraction and regression or classification
process.
{90112} Convolutions operate over 35 s, called feature maps, with two spatial axes (height and width) as
well as a depth axis (also called the chanpels axis). For an RGB unage, the dimension of the depth axis is 3, because
the irnage has three color channels; red, green, and blue. For a black-and-white picture, the depth is 1 (fevels of
geav}. The convolution operation extracts patches frora its input feature raap and applies the same transformation to
all of these patches, producing an output feature map. This output feature wap is still a8 313 tensor: 1t has a width and

a height. Its depth can be arbiixary, because the output depth s a parameter of the layer, and the different chanoels in

that depth axis no longer stand for specific colors as in RGB input; rather, they stand for filters. Filters encode

&

specific aspects of the input data: at a height level, a single filter could encode the concept “presence of a face in the
input,” for instance.

[00113] For example, the first convolution layer takes a feature map of size {28, 28, 1} and outputs a feature
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 values, which 1s a response map of the filter over the put, indicating the respounse of that filter pattern at
different locations in the uput. That is what the term feature map means: every dirension in the depth axis is a
feature (or filter), and the 213 tensor output [, ;, 0] 1s the 2D spatial raap of the response of this filter over the waput.
{40114} Convolutions are defined by two key parameters: (1) size of the patehes 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.

[00115] A convolution works by sliding these windows of size 3 x 3 or 5 x 5 over the 3D input feature map,

stopping at every location, and extracting the 3D patch of surrounding features (shape (window _height,

window_width, input_depth}). Each such 3D patch is ten transformed (via a tensor product with the same learped

it matrix, called the couvolution kernel) into a 1D veetor of shape (output_depth, ). All of these vectors are then
spatially reassembled 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 raap (for example, the lower-right comer of
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the output contatas information about the lower-ught comer of the raput). For tnstance, with 3 x 3 windows, the
veetor output [, §, o comes frora the 31 pateh nput {-1: ¢+1, j-1:3+E, o] The foll process s detailed o FIG. 3.
60116} The couvolutional neural uetwork comprses convolution layers which perform the convohution
operation between the input values and convolution filters (mairix of weights) that are leamed over many gradient
update iterations during the training. Let {(m, n) be the filter size and # be the matrix of weights, then a convolution
layer performs a convolution of the # with the input X by calculating the dot product W e x + &, where x i3 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 area (m X n) is called the receptive field. A same convolution filter is applied across different
positions of the input, which reduces the mumber of weights learned. It also allows location invariaut learmug, 1.e.,1f

an important pattern exists in the juput, the convohution filters learn it no matter where 1t 1s in the sequence.

Training a Cosvoelutional Newral Network

[00117] FIG. 4 depicts a block diagram of training a convolutional neural network in accordance with one
implementation of the technology disclosed. The convolutional neural network 1s adjusted or trained so that the
input data leads to a specific output estimate. The convolutional neural network is adjusted using back propagation
based on a comparison of the output estimate and the ground truth until the output estimate progressively matches or
approacties the ground truth.

{G{Bi 18] The convelutional neural network is trained by adjusting the weights between the neurons based on the

ifference between the ground truth and the actoal output. This is mathernatically descnibed as:

Aw - x()*’

{40119} In one roplementation, the training rule is defined as:

Wom 4~ W "‘E" [e4 (zm - (/’m)@'z

{00120} I the equation above: the arrow indicates an update of the value; fn isthe target value of neuron #7 ;
Pm is the computed curcent cotput of nevron 72 5 (b is input #2 5 and o s the learning tate.

{00121} The intermediary step in the training includes generating a feature vector from the input data using the
convolution lavers. The gradient with respect to the weights in each layer, starting at the output, is calculated. This is
referred to as the backward pass, or going backwards. The weights in the network are updated using a combination
of the negative gradient and previous weights.

[00122] In one implementation, the convolutional neural network uses a stochastic gradient update algorithm
{such as ADAM) that perforins backward propagation of errors by meaus of gradient descent. Oue example of a
sigronid function based back propagation algorithm is described below:

@ = J )= e

I+e
{40123} In the sigmoid function above, /1 is the wei ghted sum computed by a neuron. The sigmoid function
has the following derivative:

2 —p(1-g)
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[B0124] The algorithra 1achudes computing the activaton of all neurons in the network, vielding an output for

the forward pass. The activation of neuron F#2 1o the hidden layers is described as:

[00125] This is done for all the hidden layers to get the activation described as:

{0126} Then, the exror and the correct weights are calculated per layer, The ervor at the output is computed as:

(}(?k = (XA —V)k W)k (1 —éﬂk )

{03127} The error iu the hidden layers is caleulated as:
X
5, =p (- v 8
= P T O ) Z mk ok
{30128} The weights of the output layver are updated as:

Vink €—Vmk +00 ok{Pm
{60129} The weights of the hidden layers are updated usiug the leaming rate ¢f as:
Vim €—Wnm -+ QO hmdin

[00130] In one implementation, the convolutional neural network uses a gradient descent optimization to
conpute the error across all the layers. In such an optimization, for an input feature vector x and the predicted output
#, the loss fimction is defined as { for the cost of predicting § when the target is p, 1.¢. { (§, p). The predicted output §
is transformed from the input feature vector x using function £ Punction §1s parametenized by the weights of
convolutional neural network, 1.¢. § = £, {x}. The loss function is deseribed as I (B, yy =1 {(f,, (x) ), or

O {z. wy =1 {f,, {x}, y} where £ 1s an input and output data pair {x, ¥}, The gradient descent optimmzation is performed

by updanng the weights accordiong to:

Viser= ,UV,‘ &%i VWIQ(Z!,,VW)

)] 3

Wini=Wi+ Vi
{00131} In the equations above, {¥ is the leaming rate. Also, the loss is computed as the average over a set of
#1 data pairs. The computation is terminated when the learning tate € is small enough upon Buear convergence.
[o other imiplementations, the gradient 1s caleulated using only selected data pairs fed to a Nesterov’s acceleratec
o oth ! tat thi dient leulated ty selected dat fed to 2 Nest: ‘ lerated
gradient and an adaptive gradient to inject computation efficiency.
[00132] In one implementation, the convolutional neural network uses a stochastic gradient descent (SGD) to
calculate the cost function. A SGD approximates the gradient with respect to the weights in the loss function by

computing it from only one, randowized, data pair, Zr, described as:
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Vivi=pyV-QVw{z,wi)
Wini=Wi+Via

[B0133] In the equations above: {¥ is the learning rate; /li 1s the morgentum; and { is the curtent we ght state

before updating. The convergence speed of SGD is approximately G(l/ i) when the learning rate {X are
reduced both fast and slow encugh. In other implementations, the convolutional neural network uses different tos
funetions such as Buclidean loss and softmax loss. Ina further implementation, an Adam stochastic optirizer is

used by the convolutional neural network.
Convolution Lavers

[80134] The convolution 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
features. In one implementation, the convolution layers take two images as input and produce a third image as
output. In such an implementation, convolution operates on two images in two-dimension (2D}, with one 1mage
beiag the input image aud the other immage, called the “kemel”, apphed as a filter on the put image, producing an
output image. Thus, for an wnput vector fof length »# and a kernel g of length m, the convolution f * gof fand g is

defined as:
()= 2y - fimj+m/2)
s

[00135] The convolution operation inciudes sliding the kernel over the input image. For each position of the
kemel, the overlapping values of the kernel and the input image are multiplied 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 kemel is centered. The resulting
different outputs from many kernels are called feature maps.

{30136} Ouee the convolutional layers are tratned, they are applied to pexform recoguition tasks on new

mference data. Since the convolutional layers learn fror the training data, they avoid explicit feature extraction and
implicitly leam from the waining data. Convoluton layers use convolution filter kernel weights, which are
determined and updated as part of the trataing 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,
cach with different convolving parameters such as kernel size, strides, padding, number of feature maps and

weights

Non-Linear Layers

{40137} G, 5 shows one implementation of von-linear layers in accordance with one wmnplementation of the
techoology disclosed. Non-linear layers use different von-linear trigger funcions to signal distinct identification of
likely features oo each hidden layer. Non-linear laye e a vadety of specific functions to impleraent the non-
linear triggering, including the rectified linear units (ReLUs), hyperbolic tangent, absolute of hyperbolic tangent,
sigmoid and continuous trigger (non-linear) functions. In one implementation, a RelU activation implements the
function v = max(x, §; and keeps the input and output sizes of a layer the same. The advantage of using Rel.U is that
the convolutional neural network is trained many times faster. Rel U is 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 ReL U activation function is described as:
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@{(h) =max{$,0)

R R0
P00 if neo

[60138] To other implementations, the convolutional neural vetwork uses a power untt activation function,

which is a continuous, non-saturating function described by:

()= (a+bh)*
[30139] Tn the equation above, ¢, b and ¢ are parameters controlling the shift, scale and power respectively.
The power activation function is able to vield x and v-antisymmetric activation if ¢ is odd and v -symmetric
activation if ¢ 1s even. In some implementations, the unit vields a non-rectified linear activation.
{40140} In yet other implementations, the convolutional neural network uses a sigmoid unit activation function,

which is 2 continuous, satxeating function described by the following logistic function:
@{ft) = e
T+e ™

{00141} In the equation above, § = 1. The sigmoid unit activation function does not yield negative activation

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

[80142] FIG. 6 illustrates dilated convolutions. Dilated convolutions, sometimes calied atrous convolutions,
which literally means with holes. The French name has its origins in the algorithme a trous, which computes the fast
dyadic wavelet transform. In these type of convelutional layers, the inputs corresponding to the receptive field of the
filters are not neighboring poiats, This is lustrated in FYG. 6. The distance between the inputs 1s dependent ou the

dilation factor,

Sub-Samplisg Lavers

[00143] FIG. 7 is one implementation of sub-sampling layers in accordance with one implementation of the
technology disclosed. Sub-sampling lavers 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 pooling and max pooling. The pooling operations
divide the input into non-overlapping two-dirnensional spaces. For average pooling, the average of the four values 1u
the region 1s calculated. For max pooling, the maximum value of the four values is selected.

{0144} In one moplementation, the sub-sampling layers wclude pooling operations on & set of neurons in the
previous layer by mapping its output to only one of the inputs in max pooling and by raapping Us output to the
average of the input 1o average pooling. B max pooling, the output of the pooling neuron is the maximum value that

resides within the oput, as described by:

@0 =MAX(P, P D)

{40145} In the equation above, N is the total number of elements within a neuron set.
{00146} In average pooling, the output of the pooling neuron is the average value of the input values that reside

with the nput neuron set, as described by:
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[00147] In the equation ahove, N is the total munber of elements within input neuron set.
{40148} In FIG. 7, the input &s of size 4 x 4. For 2 x 2 sub-sarpling, a 4 # 4 tmage is divided 1ato four nox
overlapping raatices of size 2 2 2. For average pooling, the average of the four values is the whole-1ateger output.

For max pooling, the maxiroum value of the four values i the 2 # 2 watrx (s the whole-integer output,

Convolution Examples

[00149] FIG. 8 depicts one implementation of a two-layer convolution of the convolution layers. In FIG. 8, an
nput of size 2048 dimensions is convolved. At convolution 1, the wuput is convolved by a convolutional layer

comprising of two channels of sixteen kernels of size 3 x 3. The resulting sixteen feature maps are then rectified by

means of the Rel1J activation functon at ReL.UI and then pooled i Pool 1 by means of average pooling using a
sixteen channel pooling layer with kercels of size 3 x 3. At convolution 2, the output of Pool 1 18 then convolved by
another coavohusonal layer comprising of sixteen chauonels of thicty keroels with a size of 3 # 3. This is followed by
yet another ReLUZ and average pooling in Pool 2 with a kernel size of 2 # 2. The convolution lavers use varying
number of strides and padding, for example, zero, one, two and three. The resulting feature vector is five hundred
and twelve (512) dimensions, according to one implementation.

[80150] In other implementations, the convelutional neural network uses different mumbers of convolution
layers, sub-sampling layers, non-linear layers and fully connccted layers. In one implementation, the convolutional
uneural network 1s a shallow wetwork with fewer layers and more neurons per layer, for example, oue, two or three
fully conuected tayers with humdred (100} to two hundred (200) newrous per layer. In another implerentation, the

convolutional neural network s a deep network with more layers and fewer neurons per layer, for exanple. tive (5).

six {6} or eight {8} fully conuvected Iavers with thirty (30) to fifty {30} neurons per layer.

Forward Pass

$0151 The output of a neuron of row x, column y in the /% convolution layer and ¥ feature map for {number
| J ¥

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

F-1 &,
(1.5} : (e .6 .' 1,0 1.4
OV =tanh (Z Z W Oty Bias"™)
) [y ey ’
[00152] The output of a neuron of row x, column vy in the I sub-sample laver and k™ feature map is determined
by the following equation:
Sh S
(L) 4y " /’(iﬂz 2 {i~Lk) (LK}
Oy =tanh(J} ‘ O;:M by, 4oy T DS )
=} =0
[00153] The output of an i nevron of the I output layer is determined by the following equation:

/i (L)
0,,= mh(}d O Wiy + Bias™)

ot/

Backpropagation

[B0154] The output deviation of 2 &% neuron in the output layer s determined by the following equation:
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zk
The wput deviation of 2 &~ veuron 1 the output layer (s determined by the followlng equation

(17} = (v, =19 (v) = 9'(v)d(O))

[30155]
Py
[80156] The weight and bias variation of a A% neuron in the output layer is determined by the following
equation:
70y o Y]
AW ) =d(I%)y
ABias)=d(I°
{00157} The output bias of a i neuron in the hidden layer is determined by the following equation:
- i<84
¥ — [o] 7
AHOMy= S (W
paary :

60158} The input bias of a &£ neuron in the hidden layer is deterrined by the following equation
()= @ (v )d(O")
The weight and bias variation 1o row x, columm v in a m feature map of a prior layer receiving iu

AW IR

ABias]' )= d(!/H)

a m™ feature map of sub-sample layer § is determined by tt

60159}
from & neurons in the hidden layer 1s determined by the following equation
g H ]
=d{{" Y}y
( k >/ £y

The output bias of row x, eolomm y m

{0160}
following equation:
S,m S H.k
d((); }m‘dijw X yﬂ/ynj}v R

' feature map of sub-sample layer S is determined by the

The input bias of row x, column v in a e

[00161] )
) (v ‘sd(OS e

following equation:
Sm
d(‘rx,y 7
feature map of sub-saniple layer S and

The weight and bias variation in row x, colunin y in a m™

[060162]
convolution layer C is determined by the following equation
s Ao e s
AWS? =5 N s ot
= C X2 /2% X,y

ABias>™) = Z Z d (Qi";fi

x=0 y=0

The output bias of row x, column vy in a A" feature map of convolution layer C is determined by the

[00163]
following equation:
CLhy 7k
dOS Y =dUh, )W
[00164] he input bias of row x, column v in a &% feature map of convolution layer C is determined by the

following equation:
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X,y
; - oy : : F : 1 : th P - th o i
{40165} The weight and bias variation in tow r, colum ¢ in an s eonvolution core of a &7 feature map of 7

convolution layer C:

fho fw
AL =5 3 dUSHot
x=0 y=0 XL, yTe
r;, /\V

ABiast*y= Z Z d(]f;‘)

Residual Connections

{00166} FIG. 9 depicts a residual connection that reinjects prior information downstream 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
flow. Residual connections tackle two common problems that plague any large-scale deep-learmiug model:

vanishing gradients and represeutational bottlenecks. In general, adding residual connections to any model that has

more than 10 layers is likely to be benefi iscussed above, 3 residual connection comprises making the
output of an earlier layer available as input to a later layer, effectively creating a shorteut in a sequeatial vetwork.
Rather than being concatenated to the later activation, the earlier output s stwraed with the later activation, which
assurnes that both activations are the same size. If they are of different sizes, a linear transformation to reshape the

carlier activation into the target shape can be used.

Residusal Learnpine and Skin-Connections

{80167} FIG. 19 depicts one imiplementation of residual blocks and skip-comnections. The main idea of
residual learning 18 that the residoal mapping is much easier to be learned than the onginal mapping. Residual
network stacks a nurober of residual units to alleviate the degeadation of tratoing accuracy. Residual blocks make
use of special additive skip conuections to combat vanishing gradients 1o deep veural networks. At the beginniog of
aresidual block, the data flow is separated into two streams: the first carries the unchanged input of the block, while
the second applies weights and non-linearities. At the end of the block, the two streams are merged using an
element-wise sum. The main advantage of such constructs is to allow the gradient to flow through the network more
casily.
[00168] Benetited from residual network, deep convolutional neural networks (CNNs) can be casily trained

and raproved accuracy has been achieved for image classificaton and object detection. Convolutional feed-forward
networks connect the output of the " layer as faput to the {/ -%-i)m faver, which gives rise to the tollowing layer
transition: X, :H:, (xj } . Residual blocks add a skip-connection that bypasses the non-linear transformations with
an identify function: X, = ; (.x!, ) +X, ;. Anadvantage of residual blocks is that the gradient can flow directly
through the wdentity function from Iater layers to the earlier layers. However, the idenuty function and the output of

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

[30169] The WaveNet is a deep neural network for generating raw audio waveforms. The WaveNet
distinguishes itself from other convolutional networks since it is able to take relatively large “visual fields’ at low
cost. Moreover, it is able to add conditioning of the signals locally and globally, which aliows the WaveNet to be
used as a text to speech (TTS) engine with multiple voices, is the TTS gives local conditioning and the particular
voice the global conditioning.

{50176 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 FIG. 11, To obtain
the same receptive fleld with dilated convolutions in this figure, another dilation layer ts required. The stacks are a
repetition of the dilated convolutions, conuecting the outputs of dilated convohution layer to a single output. This
enables the WaveNet to get a large “visual” field of one output node at a relatively low coraputational cost. For
comparison, to get a visual field of 312 inputs, 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 idea of the differences in computational power
required for covering the same visual field, the following table shows the number of weights required in the network
with the assumption of one filter per layer and & filter width of two. Furthermore, it is assumed that the network is

using binary enceding of the 8 bits.

Network type  No. stacks  No. weights per chanuel Total No. of weights
PCN 1 2.6.10° 2.6.10°
WN i 1022 8176
WN 2 1022 8176
WN 4 508 40064
{00171} 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 convolutions. Intuitively, this is the sum of the information extracted in each layer.

{30172}
Batch Normalization

{40173} Batch normalization is a wmethod for accelerating deep network tratning 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 during training. The main effect of batch normalization is that it helps
with gradient propagation — much like residual connections — and thus allows for deep networks. Some very deep
networks can only be trained if they include multiple Batch Normalization layers.

{00174} Batch normalization cau be seen as vet another layer that can be inserted into the model architecture,
just like the fully connected or couvolutional layer. The BatchNormalization layer 1s typically used after a
convolutional or densely connected layer. It can also be used before a convohutional or densely cormected layer.
Both iroplementations can be used by the technology disclosed and are shown 1o FEG. 18, The BatchNormalization
layer takes an axis argument, which specifies the featuxe axis that should be normabized. This argument defaults to -

1, the last axis in the input tensor. This is the correct value when using Dense layers, ConviD layers, RNN layers,
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and CoavZD layers with data_format set fo “channels_last”. But in the niche use case of Conv2D layers with
data_format set to “channels first”, the features axis is axis §; the axis argument in BatchNoxmahzation can be set to
1.

[00175] 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
normalized over all locations, rather than per activation.

{00176} The internal covariate shift 1s the major reason why deep archstectures have been notoriously slow to

rain. This stems from the fact that deep networks do not ouly have to learn a new representation at each layer, but

also have to account for the change in their distribution.
{60177} The covanate shift in general 13 a koown problera ju the deep leaming doraais and frequently oceurs in
real-world problems. A common covariate shift problem is the difference in the distribution of the training and test
set which can lead to suboptimal generalization performance. This problem is 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.
[00178] The internal covariate shift is the phenomenon where the distribution of network activations change
across layers due to the change in network parameters during training. [deally, each layer should be transformed into
a space where they have the sarue distobution but the functional relatiouship stays the same. In order to avoid costly
calculations of covartance matrices to decorrelate and whiten the data at every layer and step, we normalize the

disribution of each tput featixe in each layer across each rmi-batch to have zero mean and a standard deviation of

one.
Forward Pass
{30179} Durning the forward pass, the mini-batch nmiean 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 vonualization forward pass fBN s
deptcted in FIG. 12,
{303 8%} in FiG. 12, Hg 18 the batch mean and O";, is the batch variance, respectively. The learned scale and

shift parameters are deooted by v and §, respectively. For clarity, the bateh vogualization procedure 1s described
herein per activation and omit the corresponding indices.
{00181} Since normalization is a differentiable transform, the errors are propagated into these learned
parameters and are thus able to restore the representational power of the network by learning the identity transform.
Conversely, by learning scale and shift parameters that are identical to the corresponding batch statistics, the batch
normalization transform would have no effect on the network, if that was the optimal operation to perform. At test
time, the batch mean and variance are replaced by the respective population statistics since the input does uot
depend on other samples from a mini-batch. Another method is to keep runaing averages of the batch statistics

during training and to use these to compute the network output at test timne. At test tume, the hateh normalization
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transform can be expressed as illustrated in F1G. 13, In F1GL 13, 1, and 7, denote the population mean and

variance, rather than the batch statistics, respectively.
Backward Pass

{30182} Since normalization is a differentiable operation, the backward pass can be computed as depicted 1

FIG. 14,
10 Convolution

[00183] 1D convolutions extract local 1D patches or subsequences from sequences, as shown in FIG. 16. 1D
conrvolution obtains each output timestep from a temporal paich in the input sequence. 1D convolution layers
recognize local patters in a sequence. Because the same input transformation is performed on every patch, a pattern
learned at a certain position in the input sequences can be later recognized at a different position, making 1D
convolution layers translation invanant for teroporal traaslatious. For instauece, & 1D convolution layer processing
sequences of bases using convolution windows of size 5 should be able to leam bases or hase sequences of length 5

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

[00184] FIG. 17 illustrates how global average pooling (GAP) works. Global average pooling can be use used
to replace fully connected (FC) layers for classification, by taking the spatial average of features in the last layer for
scoring. The reduces the training load and bypasses overfitting issues. Global average pooling applies a structural
puor to the model and it is equivalent to huear transformation with predefined weights. Global average pooling
reduces the number of parameters and elirinates the fully convected layer. Fully conuected layers ace 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.

[00185] Global average pooling have three benefits: (1) there are no extra parameters in global average pooling
layers thus overfitting is avoided at global average pooling layers; (2) since the output of global average pooling is
the average of the whole feature map, global average pooling will be more robust to spatial translations; and (3}
because of the huge numwber of parameters in fully connected layers which usually take over 50% in all the
parameters of the whole network, replacing them by global average poobing lavers can significantly reduce the size
of the model, and this makes global average pooling very useful o model compression.

{0186} Global average pooling makes sease, since stronger features in the last layer are expected to have a
higher average value. Tn some tuplementations, global average pooling can be used as 2 proxy for the classificanon
score. The feature maps vader global average pooling can be nterpreted as confidence maps, and force
correspondence between the feature maps and the categories. Global average pooling 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

1

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

{40187} All literature and sumilar matenal cited i this application, including, but not limited to, patents, patent
applications, articles, books, treafises, and web pages, regardiess of the format of such literature and similar
materials, are expressly incorporated by reference in their entirety. In the event that one or more of the incorporated
literature and similar materials differs from or contradicts this application, including but not limited to defined

2

terms, term usage, described techniques, or the like, this application controls.
[00188] As used hercin, the following terms have the meanings indicated.
{60189 A base refers to a nucleotide base or nucleotide, A (adening), € {cytosine), T (thymine), or &

SUANIeS ).

{00190} This application uses the texms “protein” and “translated sequence” interchangeably.

{40191} This application uses the terms “codon” and “base triplet” nterchangeably.

{60192} This application uses the texms “amine acid” and “translated unit” nterchangeably.

[30193] This application uses the phrases *“variant pathogenicity classifier”, “convolutional neural network-

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

{301 94] The term “chromosome” refers to the heredity-bearing gene carrier of a living cell, which is derived

from chromatin strands conmprising DNA and protein components (especially histones). The conventional

internationally recogmzed individual buman genome chromosome nvmbering system is employed herein.

{30195} The terma “site” refers to & unigue position (¢.g., chromosome [D, chromosome position and

ouentation} ou a reference genome. Tn some iroplementations, a site may be a residue, a sequence tag, ora

i«

segraent’s position on a sequence. The term “locus” may be used to refer to the specific location of a nucleic acid
sequence or polymorphisi on a reference chiroraosome.

{00196} The term “saraple” herein refers to a sample, typically derived frora a biclogical fluid, cell, tissue,
organ, or organism containing a nucleic acid or a mixture of nucleic acids containing at least one nucieic acid
sequence that is to be sequenced and/or phased. Such samples include, but are not Himited to sputurn/oral fhuid,
amuiotic fluid, blood, a blood fraction, fine needle biopsy samples {(c.g., surgical biopsy, fine needle biopsy, ete.),
urine, peritoneal fluid, pleural fluid, tissue explant, organ culture and any other tissue or cell preparation, or fraction

Y
3
X

or derivative thereof or isolated therefrom. Although the sample is often taken from a human subject (e.g., patient
samiples can be taken from any orgauism having chromosores, including, but not linited to dogs, cats, horses,
goats, sheep, cattle, pigs, ete. The sample may be used directly as obtained from the biclogical source or following a
pretreatment to modify the chavacter of the sample. For example, such pretreatiment may include preparing plasyaa
frova blood, dihuting viscous fluids and so forth. Methods of pretreatinent ray also involve, but are not limited to,
filtration, precipitation, dilution, distillation, mixing, ceotufugation, freezing, lyophilization, concentration,
amplification, nucleic acid fragmentation, inactivation of interfering components, the addition of reagents, lysing,
cte.

[00197] 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 multiple sub-
sequences. For example, a single sequence {e.g., of a PCR amplicon) may have 350 nucleotides. The sample read

may welude multiple sub-seguences within these 350 uucleotides. For wnstance, the saruple read may toclude first

and second flanking subsequences having, for examuple, 20-50 nucleotides. The first and second flanking sub-

sequences may be located on either side of a repetitive segraent haviag a corresponding sub-sequence {e.g., 40-100
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nucleotides). Each of the flanking sub-sequences may 1nclude (or include portions of) a prmer sub-sequence {e.g.,

§-30 nucleotides). For ease of reading, the term “sub-sequence” will be referced to as “sequence,” but it (s
understoad that two sequences are not necessanly separate from each other on a comumon strand. To differentiate the
various sequences described herein, the sequences may be given different labels {e.g., target sequence, primer
sequence, flanking sequence, reference sequence, and the like). Other terms, such as “aliele,” may be given different
labels to differentiate between like objects.

[00198] The term “paired-end segquencing” refers to sequencing methods that sequence both ends of a target
fragment. Paired-end sequencing may facilitate detection of genomic rearrangements and repetitive segments, as
well as gene fusions and novel trauseripts. Methodology for paired-end sequencing are described in PCT publication
WOG7010252, PCT application Serial No. PCTGBR2007/003798 and US patent application publication US
2009/0088327, each of which is mneorporated by reference herein. In one example, a series of operations may be
performed as follows; (a} generate clusters of nucleic acids; (b) buearize the nucleic acids; (¢ bybridize & first
sequencing primer and carry out repeated cycles of extension, scanning and deblocking, as set forth above; (d}
“invert” the target nucleic acids on the flow cell surface by synthesizing a complimentary copy; (¢) lincarize the
resynthesized strand; and (f) hybridize a second sequencing primer and carry out repeated cycles of extension,
scanning and deblocking, as set forth above. The inversion operation can be carried out be delivering reagents as set
forth above for a single cycle of bridge amplification.

[00159] The term “reference genome” or “reference sequence” refers to any particular known genome
sequence, whether partial or complete, of any organism which may be used to reference identified sequences froma

found at the

subject. For exarople, a reference genome used for human subjects as well as many other organisms i

National Center for Biotechnology Tnformation at nebinlmanib. gov. A “genome” refers to the corplete genetic

iforaation of an organism o virus, expressed ju nacleic acid sequences. A genome inchides both the genes and the
noucoding 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 lavger, or at least about 1000 times larger, ov at least about 10,000 times
larger, or at least about 105 timnes 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
genome sequence 18 linited to a specific human chromosome such as chromosome 13, In some iiplementations, a
reference chromosome 1s a chromosome seguence from buman genome version hgl9. Such sequences may be
referred to as chromosome reference sequences, although the tenn reference genorme 18 intended to cover such
sequences. Other exarples of reference segquences include genores of other species, as well as chromosomes, sub-
chromosomal regions (such as strands), ete., of auy species. {n various implementations, the reference genome i 2
consensus sequence or other corabination dertved from multiple ndividuals. However, in certain applications, the
reference sequence may be taken from a particular individual,

[00200] The term *read” refers to a collection of sequence data that describes a fragment of a nucleotide
saraple or reference. The term “read”™ may refer to a sample read and/or a reference read. Typically, though not
necessarily, a read represents a short sequence of contiguous base pairs in the sample or reference. The read may be
represented symbolically by the base pair sequence (in ATCG) of the sample or reference fragment. It may be stored
in a memory device and processed as appropriate to determine whether the read matches a reference sequence or
meets other criteria. A read may be obtained directly from a sequencing apparatus or indirectly from stored sequence
information conceruing the sample. Iu some cases, a read is 8 DNA sequence of sutficient length (e.g., at least about
25 bp) that can be used to identify a larger sequence or region, e.g., that can be aligned and specifically assigned to a

chromosome or gem)mic ]‘C’gi()]’} or geae.
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[B0241] Next-generation sequencing roethods 1aclude, for example, sequencing by synthesis technology
(Ithumoa}, pyrosequenciug (454), ton serniconductor technology (Jon Torrent sequenciog), single-molecule real-
tirne sequencing (Pacific Biosciences) and sequencing by ligation (S8OL1D sequencing). Depending on the
sequencing methods, the length of each read may vary from about 30 bp to more than 16,000 bp. For example,
Humina sequencing method using SOLID sequencer generates nucleic acid reads of about 30 bp. For another
example, Ion Torrent Sequencing generates nucleic acid reads of up to 400 bp and 454 pyrosequencing generates
nucleic acid reads of about 700 bp. For yet another example, single-molecule real-time sequencing methods may
generate reads of 10,000 bp to 15,000 bp. Therefore, in certain implementations, the nucleic acid sequence reads
have a length of 30-100 bp, 50-200 bp, or 50-480 bp.

{30202} The terms “saruple read”, “sample sequence” or “sample fragment” refer to sequence data for a
genomic sequence of interest from a sample. For example, the samuple read comprises sequence data from a PCR

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

&

sequence yoethodology. The sample read can be, for example, from a sequenciag-by-synthesis (SBS) reaction, 2

sequencing-by-ligation reaction, or any other suitable sequencing methodology for which it is desired to determine

the length and/or identity of a repetitive element. The sample read can be a consensus {e.g., averaged or weighted)
sequence derived from multiple sampile reads. In certain implementations, providing a reference sequence comprises

identifying a locus-of-interest based upon the primer seguence of the PCR amplicon.

[00203] 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 toterest within a saruple read or sample

fragment. Non-limiting examples of raw fragments tnclude a duplex stitched fragment, a simplex stitched fragrent,

a duplex un-stitched fragment and a stmplex vn-stitched fragment. The term “raw” is used to indicate that the raw
fragment includes sequence data haviag some relation to the sequence data 1 a sample read, regardless of whether
the raw fragruent exhibits a supporting variant that corresponds to and authenticates or confirms a potential variaat
it a sample read. The term “raw fragraent” does uot mdicate that the fragment vecessanly includes a supporting
variant that validates a variant call in a samiple read. For example, when a sampie read is determined by a vanant
call application to exhibit a first variant, the variant call application may determine that one or more raw fragments
lack a corresponding type of “supporting” variant that may otherwise be expected {o oceur given the variant in the
sample read.

2wk ,asu}

{40204] The terms “mapping”, “aligned, gnment,” or “aglignng” refer to the process of comparing a read or

L5
tag to a reference sequence and thereby determining whether the reference sequence contains the read sequence. If
the reference sequence coutains the read, the read may be mapped to the reference sequence or, in certain
implementations, to a particular location 1o the reference sequence. [n some cases, alignment simply tells whether or
not a read is 3 wewber of a particular reference sequence (i.e., whether the read is present or absent in the reference
sequence). For example, the alignment of a read to the reference sequence for human chromosome 13 will tell
whether the read is present in the reference sequence for chromosome 13. A tool that provides this information may
be called a set membership tester. In some cases, an alignment additionally indicates a location in the referenc
sequence where the read or tag maps to. For exampie, if the reference sequence is the whele human genome
sequence, an aligmuent may indicate that a read is present on chromosome 13, and may further indicate that the read
is on a particular strand and/or site of chromosome 13.

{50205] The term “indel” refers to the insertion and/or the deletion of hases in the DNA of an organism. A
micro-indel represents an indel that results 1 a net change of 1 to 5¢ nucleotides. Tn coding regions of the genome,

ualess the length of an ndel s a youliiple of 3, 1t will produce a frameshift mutation. Indels can be contrasted with
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poiot mutations. An indel inserts and deletes nucleotides fror a sequence, while 2 point mutaton s a foua of
substitution that replaces one of the nucleotides without changiog the overall pumber in the DNA. Indels can also be
contrasted with a Tandem Base Mutation {TBM), which may be defined as substitution at adjacent nucleotides
{primarily substitutions at two adjacent nucleotides, but substitutions at three adjacent nucicotides have been
observed).

{80206} The term “variant” refers to a nucleic acid sequence that is different from a nucleic acid referenc
Typical nucleic acid sequence variant includes without limitation single nucleotide polymorphism (SNP), short
deletion and inseriion polymorphisms (Indel}, copy number variation (CNV), microsatellite markers or short tandem

repeats and structural variation. Somatic variant calling is the effort to identify vanants present at low frequency 1

the DNA sample. Somatic variant calling is of interest 1u the context of cancer treatment. Cancer is caused by au

accumulation of mutatons in DNA. A DNA saruple from a turoor is generally heterogeneous, meluding sorme
notraal cells, some cells at an early stage of cancer progression {with fewer rautations), and soyue late-stage cells
(with more mutasons). Because of this heterogeneity, when sequenciog a tumor (e.g., from an FFPE sarople),
somatic mutations will often appear at a low frequency. For example, a SNV might be seen in only 10% of the reads
overing a given base. A variant that is to be classified as somatic or germline by the variant classifier is also
referred to herein as the “variant under test”.
[R0207] The term “noise” refers to a mistaken variant call resulting from one or more errors in the sequencing
process and/or in the variant call application.
[B0248] The term “variant frequency” represents the relative frequency of an allele (variant of & gene) at a
particular locus in a population, expressed as a fraction or percentage. For example, the fraction or percentage may
be the fraction of all chroruosomes in the population that carry that allele. By way of exaruple, sample variant
frequency represents the relative frequency of an allele/vanant at a particular locus/position along a genomic
sequence of interest over a “population” corvespondiog to the number of reads and/or samples obtatned for the
genonic sequence of interest from an individual. As another example, a baseline variant frequency represents the
relative frequency of an allele/variant at a particular locus/position along one or more baseline genomic sequences
where the “population”™ corresponding to the number of reads and/or samples obtained for the one or more baseline
genomic sequences from a population of normal individuals.
[00209] The term “variant allele frequency (VAF)” refers to the percentage of sequenced reads observed
matching the variaut divided by the overall coverage at the target position. VAF 1s a measure of the proportion of
sequenced reads carrying the variant.

{0210} The terms “position”, “designated position”, and “locus” refer to a location or coordinate of one or

.

wmore nuclectides 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 in a sequence of nucleotides.

[00211] The term “haplotype” refers to a combination of alieles at adjacent sites on a chromosome that are
inherited together. A haplotype may be one locus, several loci, or an entire chromosome depending on the number
of recombination events that have occurred between a given set of loci, if any occurred.

[80212] The term “threshold” herein refers to & numeric or non-numeric value that is used as a cutoff to
characterize a sample, a pucleic acid, or portion thereof {¢.g., a read). A threshold may 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 roanner. Threshold values can be
identified empixically or analytically. The choice of a threshold is dependent on the level of confidence that the user

wishes to bave to raake the classification. The threshold may be choseun for a parncular purpose (e.g., to balance
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sensitivity and selectivity). As used herein, the term “threshold” 1ndicates a point at which a course of aualysis ray
be changed and/or a potot at which an action may be triggered. A threshold is not required to be a predetermined
number. Tostead, the threshold raay be, for instance, 2 function that is based on a plueality of factors. The threshold
may be adaptive to the circumstances. Moreover, a threshold may indicate an upper limit, a lower limit, or a range
between limits.
[00213] In some pmplementations, a meiric 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 circurnstances, For instance, the metric
or score may be a normabized value. As an example of 3 score or metric, one or more implementations may use
count scores when analyzing the data. A count score may be based on the nunber of sample reads. The sample reads
may have undergone one or more Bltering stages such that the sample reads have at least one common characteristic
or quality. For exaraple, each of the sarmple reads that are used to determine a count score may have been aligned
with a reference sequence or may be assigned as a potential allele. The number of sample reads having a common
characteristic may be counted to determine a read count. Count scores may be based on the read count. In some
implementations, the count score may be a value that is equal to the read count. In other implementations, the count
score miay be based on the read count and other information. For exaniple, 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 seore may be based on the read count and previoushy-obtained data for the genetic locus.
Tu some iruplementations, the count scores may be normalized scores between predetermined values. The count
score raay also be a function of read counts from other loci of a sample or a function of read counts from other
saraples 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 loci in the sample and/or the read counts frora other
saraples. As one example, the read counts from other locs and/or the read couuts from other samples may be used to
normalize the count score for the particular allele.

%3

{00214} The terms “coverage” or “fragment coverage™ refer to a count or other measure of a number of sample
reads for the same fragment of a sequence. A read count may represent a count of the number of reads that cover a
corresponding fragment. Alterpatively, the coverage may be determined by multiplying the read count by a
designated factor that 1s based on historical knowledge, knowledge of the sample, knowledge of the locus, ete.
{90215} The term “read depth” (couventionally a number followed by “X7) refers to the number of sequenced
reads with overlapping alignment at the target position. This s often expressed as an average or percentage
exceeding a cuwtoff over a set of totervals (such as exous, genes, or panels). For example, a clinical report might say

that a panel average coverage 18 1,105x with 98% of targeted bases covered >100x.
{0021 6] The termas “base call quality score” or *(Q) score” refer to a PHRED-scaled probability ranging from G-
20 wnversely pmportionai to the probability that a single sequenced base is correct. For example, a T base call with

of 20 is considered likely correct with a confidence P-value of 0.01. Any base call with Q<20 should be considered

low quality, and any variant identified where a substantial proportion of sequenced reads supporting the variant are
of low gquality should be considered potentially false positive.
{00217} The terms “variant reads” or “variant read number” refer to the number of sequenced reads supporting

the presence of the variant.
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Sequencing Process

{60218} fraplementations set forth heretn may be applicable to avalyziug vucleic acid sequences to ideatify
sequence variations. Iraplementations may be used to analyze potential variants/alleles of a genetic position/iocus
and determine a genotype of the genetic locus or, in other words, provide a genotype call for the locus. By way of
example, nucleic acid sequences may be analyzed in accordance with the methods and systems described in US
Patent Application Publication No. 2016/0085910 and US Patent Application Publication No. 2013/0296175, the
complete subject matter of which are expressly incorporated by reference herein in their entirety.

{90219} Tu one implementation, & sequencing process includes receiving a sample that inclodes or is suspected
of weluding nucleic acids, such as DNA. The sample may be from a kuown or unknown souree, such as an animal
{e.g., humaun), plant, bacteria, or fungus. The sample may be taken divectly from the source. For justance, blood or
saliva may be taken directly from an individual. Altermatively, the sample may not be obtained dicectly from the
souxce. Then, one or more processors direct the system to prepace the sample for sequencing. The preparation may
include removing extrancous material and/or isolating certain material {e.g., DNA). The biological sample may be
prepared to include features for a particular assay. For exampie, the biological sample may be prepared for
sequencing-by-synthesis (SBS). In certain iraplementations, the preparing may inchude amplification of certain
regions of a genome. For instance, the preparing may include amplifying predetermined genetic loci that are known
to include STRs and/or SNPs. The genetic loct may be amplified using predetermined primer sequences.

{02201 Next, the one or more processors direct the system to sequence the sample. The sequencing may be
performed through a vanety of known seguencing protocols. In particular imoplernentations, the sequencing includes
SBS. In SBS, a plurality of fluorescently-labeled nucleotides are used to sequence a plurality of clusters of anaplified

DNA {possibly axiilions of clusters) present on the surface of ag optical substrate {e.g., a suxface that at feast
partially defines a chanoel in a flow cell). The flow cells may contara nucleic acid samples for sequencing where the
flow cells are placed within the appropriate flow cell holders.

{00221} The nucleic acids can be prepared such that they comprise a known primer sequence that is adjacent to
an unknown target sequence. To initiate the first SBS sequencing cvcle, one or more differently labeled nucleotides,
and DNA polymerase, etc., can be flowed into/through the flow cell by a fluid flow subsystem. Either a single type
of nucleotide can be added at a time, or the nucleotides used in the sequencing procedure can be specially designed
to possess a reversible termination property, thus allowing each cycle of the sequencing reaction to ocour
simauttaneously in the preseuce of several types of labeled nucleotides (e.g., A, C, T, G). The nucleotides can include
detectable label moteties such as fluorophores. Where the four nucleotides are mixed together, the polymerase is

able to select the correct base to incorporate aud each sequence 1s extended by a single base. Non-tncorporated
nucleotides can be washed away by flowing a wash solution through the flow cell. Oune or more lasers may excite
the nucleic acids and 1oduce fluorescence. The fluorescence emitted from the nucleic acids 13 based upon the
fluorophores of the incorporated base, and different 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 flow cell is then ready for a further cycle of sequencing starting with wntroduction of a
labeled nucleotide as set forth above. The fluidic and detection operations can be repeated several times to coniplete
a sequencing run. Example sequencing methods are described, for exarple, in Bentley et al., Nature 456:53-59
(2008), International Publication No. WO 04/318497; U1.8. Pat. No. 7,057,026; International Publication No. WG
31/06678; International Publication No, WO 07/123744; 11.S. Pat. No. 7,329,492; 1.5, Patent No. 7,211,414; U.5.
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Patent No. 7,315,019; 118, Patent No. 7,405,281, and 11.S. Patent Application Publication No. 2008/0108082, cach
of which s lucorporated herein by reference.

{00222} o some iroplementations, nucleic acids can be attached to a surface and amwplified pror o or during
sequencing. For example, amplification can be carried out using bridge ampliﬁcati(m to form nucleic acid clusters
on a surface. Useful bridge amplification methods are described, for example, in U.5. Patent No. 5,641,658; U.S.
Patent Application Publication No. 2002/06055100; U.S. Patent No. 7,115,400; U.S. Patent Application Publication
No. 2004/0096853; U.S. Patent Application Publication No. 2004/0002090; U.S. Patent Application Publication No.
2007/0128624; and U.S. Patent Application Publication No. 2008/0009420, each of which is incorporated herein by
reference i its entirety. Another useful method for aruplitying nucleic acids on a surface 1§ rolling cucle
amplification (RCA), for examople, as described in Lizardi et al,, Nat. Genet. 19:225-232 (1998} and U.S. Patent
Application Publication No. 20G7/0099208 A1, each of which 1s incorporated herein by reference.

[00223] Que exaraple SBS protocol explotts modified nuclentides having rernovable 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 is incorporated herein by reference. For exaniple,
repeated cycles of SBS reagents can be delivered to a flow cell having target nucleic acids attached thereto, for
example, as a result of the bridge amplification protocol. The nucleic acid clusters can be converted to single
stranded form using a lincarization solution. The linearization solution can contain, for example, a restriction
endonuclease capable of cleaving one strand of each cluster. Other methods of cleavage can be used as an
alternative to restriction 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 example “USER’, as supplied
by NEB, Ipswich, Mass., USA, part number M35058), by exposure to heat or alkali, cleavage of ribonucleotides
incorporated mto araplification products otherwise corapused of deoxyabounucleotides, photochernical cleavage or
cleavage of a peptide linker. After the hoeagzanon operation a sequencing primer can be debvered to the flow cell
wader conditious for hybudization of the sequencing primer to the target nucleic acids that are o be sequenced.
[00224] A flow cell can then be contacted with an SBS extension reagent having modified nucleotides with
removabie 3 blocks and fluorescent labels under conditions to extend a primer hybridized to each target nucleic
acid by a single nucleotide addition. Only a single nucleotide is added to each primer because once the modified
nucleotide has been incorporated into the growing polynucleotide chain complementary to the region of the template
being sequenced there is no free 37-OH grovp available to direct further sequence extension and therefore the
polymerase cannot add further nucleotides. The SBS extension reagent can be removed and replaced with scan
reagent containing cormponents that protect the saruple under excitation with radiation. Example cormponents for
scan reagent are described i U5, Patent Application Publication No. 2008/0280773 A1 and U.S. Pateat Application
No. 13/018,255, each of which is incorporated herein by reference. The extended nucleic acids can then be
fluorescently detected in the presence of scan reagent. Once the fluorescence has been detected, the 3° block may be
removed using a deblock reagent that is appropriate to the blocking group used. Example deblock reagents that are
useful for respective blocking groups are described in WO0040184%7, US 2607/0166705A1 and U.S. Patent No.
7,057,026, cach of which is incorporated herein by reference. The deblock reagent can be washed away leaving
target nucleic acids hybridized to extended primers having 37-OH groups that are now competent for addition of a
further nucleotide. Accordingly the cycles of adding extension reagent, scan reagent, and deblock reagent, with
optional washes between one or more of the operations, can be repeated until a desired sequence 1s obtained. The
above cycles can be carried out using a single extension reagent delivery operation per cyele when each of the

modified nucleotides has a different abel attached thereto, kaown to correspond to the particular base. The difterent
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labels facilitate discrimioation between the nucleotides added during each incorporation operation. Altemanvely,
each cycle can include separate operations of extension reagent delivery followed by separate operations of scan
reagent delwvery and detection, 1o which case two or more of the nucleotides can have the sarae label and can be
distinguished based on the known order of delivery.

[00225] Although the sequencing operation has been discussed above with respect to a particular 8BS protocol,
it will be understood that other protocols for sequencing any of a variety of other molecular analyses can be carried
out as desired.

{00226} Then, the one or more processors of the system receive the sequencing data for subseguent analysis.

The sequencing data may be formatted tn various manuers, such 2s in a BAM file. The sequenciong data may

include, for example, a number of sarople reads. The sequencing data may inelode a plurality of sample reads that
have corresponding sample segquences of the nucleotides. Although ouly one sample read is discussed, it should be
understood that the sequenciug data may inchude, for exarople, hundreds, thousands, hundreds of thousands, or
mitlions of sample veads. Different sample reads mway have different oumbers of nucleotides. For example, a sample
read may range between 10 nucleotides to about 500 nucleotides or more. The sample reads may span the entire
genome of the source(s). As one exampie, the sample reads are directed toward predeternrined genetic loci, such as
those genetic loci having suspected STRs or suspected SNPs.

{02271 Each sample 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 may include, for example, primer sequences,
flanking sequences, aud a target sequence. The number of nucleotides within the sample sequence may include 30,
44, 50, 60, 70, 80, 80, 100 or more. In some implementations, one or more of the sample reads {or sample
sequences) wetudes at least 150 nocleotides, 200 mucleotides, 300 nucleotides, 400 nucleotides, 500 muclectides, or
more. In sorne unplementations, the sample reads may 1aclude more than 1000 sucleotides, 2000 oucleotides, or
wmore. The sample reads (or the sample sequences) may ochude privwer sequences at oue or both ends.

{40228} Next, the one or more processors analyze the sequencing data to obtain potential variant cali{syand a
sample variant frequency of the sample vanant call(s). The operation may also be referred to as a variant call
application or variant caller. Thus, the variant caller identifics or detects variants and the variant classifier classifies
the detected variants as somatic or germline. Alternative variant callers may be utilized in accordance with
implementations herein, wherein different variant callers may be used based on the type of sequencing operation
being perforued, based on features of the sample that are of interest and the like. Oue non-limiting example of a
variant call applicason, such as the Pisces™ application by Hlumina Ine. {San go, CA) hosted at
https://github.cony/Bumina/Pisces and described in the article Duuon, Tamsen & Berry, Gwenn & Emig-Agius,
Dorothea & Jiang, Yu & Iyer, Antta & Udar, Nitte & StxSmberg

&9

Michael. (2017}, Pisces: Ag Accurate and
Versatile Single Sample Somatic and Germline Vanant Caller. 595-595. 10.1145/310741 13108203, the coraplete

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

[00229] Such a variant call application can comprise four sequentially executed modules:
80230 {1) Pisces Read Stitcher: Reduces noise by stitching paired reads in a BAM (read one and read two of
4 3 gp 4

the same molecule) into consensus reads. The output is a stitched BAM.
{30231} (2} Pisces Variant Caller: Calls small SNVs, insertions and deletions. Pisces includes a variant-
collapsing algorithi to coalesce variants broken up by read boundaries, basic filtering algorithms, and a simiple

Poisson-based variant confidence-scoring algorithrn. The output is a VCF,
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{00232} (3) Pisces Variant Quality Recalibrator (VQRY): Ta the event that the vaniant calls overwhelboiagly
follow a pattero associated with thenmal dawage or FFPE deamination, the VQR step will dowograde the variant
score of the suspect variant calls. The cutput s an adjusted VCF.

[00233] (4) Pisces Variant Phaser {Scylla): Uses a read-backed greedy clustering method to assemble small
variants into complex alleies from clonal subpopulations. This allows for the more accurate determination of
functional consequence by downstream tools. The output is an adjusted VCF.

[30234] Additionally or alternatively, the operation may utilize the variant call application Strelka™

i

application by Iumina Inc. hosted at https://github.com/Ilumina/strelka and described in the article T Saunders,
Christopher & Wong, Wendy & Swamy, Sajant & Becg, Jeunifer & J Murray, Lisa & Cheetham, Keira. (2012).

Stretka: Accurate soratic small-variant calling from sequenced turor-norraal sample pairs. Bioinformaties {Oxford,

England). 28, 1811-7. 14.1093/bioinformatics/bts27 1, the complete subject matter of which is expressly
incorporated herein by reference i s eotirety. Furthermore, additionally or alteruatively, the operanon wmay utilize
the vartant call application Stretka2™ apphication by THumina Inc. hosted at hups:/github.coro/Uturnina/strelka and
cribed in the article Kim, S., Scheffler, K., Halpern, A.L., Bekritsky, M.A., Noh, E., Kéllberg, M., Chen, X,
Beyter, D., Krusche, P., and Saunders, C.T. (2017). Sirclka?: Fast and accurate variant calling for clinical
sequencing applications, the complete subject matter of which is expressly incorporated herein by reference in its
entirety. Moreover, additionally or altemnatively, the operation may utilize a variant annotation/call tool, such as the
Nirvana™ application by Hhiwmina Inc. hosted at https://github.conylllumina/Nirvana/wiki and described in the
article Swomberg, Michael & Roy, Rajat & Lajuge, Julien & Jang, Yu & Li, Haochen & Margulies, Elliott. {2017).
Nirvana: Clinical Grade Variant Annotator. 596-596. 10.1145/3107411.3108204, the complete subject matter of
which is expressly incorporated herein by reference in its entirety.
{40235} Such a varant annotaon/call tool can apply different algonthmic technigques such as those disclosed
i Nirvana:
{40236} a. Identifying all overlappiog transcapts with Interval Agay: For functional annotation, we cag
identify all transcripts overlapping a variant and an interval tree can be used. However, since a set of intervals can be
static, we were able to further optimize it to an Interval Array. An interval tree returns all overlapping transcripts in
O(min{n,k Ig n}) time, where n 18 the number of intervals in 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 on interval tree would be Ok
lgn) . We inaproved to O(lg n + k ) by creating an wuterval array where all intervals are stored in a sorted array so
that we ouly need to find the first overlapping interval and then enumerate through the remaining (k-13.
{40237} b, CNVs/SVs (Yu): annotations for Copy Number Variation and Stroctural Variauts can be provided.
Siadiar to the annotation of small variants, transcripts overlappiog with the SV and also previously repoxted
structiral variasts can be annotated in online databases. Unlike the sreall vanants, not all overdapping transceripts
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 information for these transcripts can be reported, such as
gene symbol, flag whether it is canonical overlap or partial overlapped with the transeripts. For cach SV/CNV, it is
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 gepomes, DGV and ClinGen. To avoid using an

arbitrary cotoff to determmne which SV is overlapped, instead all overlappiog transeripts can be used aud the
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reciprocal overlap can be caleulated, Le. the overlapping length divided by the roiniroum of the length of these two
SVs.

[B0238] <. Reporting suppleroentary annotations : Supplementary anuotations 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-like algorithun. Since the supplementary annotation database can be quite
large, a much smaller index is created to map chromosome positions to file locations where the supplementary
annotation resides. The index is a sorted array of objects (made up of chromoseme position and file location) that
can be binary searched using position. To keep the index size sipall, multiple positions (up to a certain max count}
are compressed to one object that stores the values for the first position and only deltas for subsequent positions.

Since we use Binary search, the runtime is O(lg 0}, where 10 1s the number of ttems in the database.

(00239 d. VEP cache files
{40240} ¢. Transcupt Database : The Transcupt Cache {cache) and Supplemeuntary 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 tnserted in an interval array and the final state of
the array is stored in the cache files. Thus, during annotation, we only need to load a pre-computed interval array
and perform searches on it. Since the cache is loaded up in memory and searching is very fast {(described above),
finding overlapping transcripts is extremely guick in Nirvana (profiled to less than 1% of total runtime?).
{00241} f. Supplementary Database : The data sources for SAdb are listed under supplementary material. The
SAdb for small variants is produced by a k -way merge of all data sourees such that each object in the database
(identified by reference name and position) hiolds all relevant supplerentary annotations. Issues encountered during
parsiag data source files have been docurnented in detail in Nigvana’s home page. To limit memory usage, only the
SA index 1s loaded up 16 reercory. 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.)
[00242] g. Consequence and Sequence Ontology : Nirvana’s functional annotation (when provided) follows the
Sequence Ontology (S0} (http://www.sequenceontology.org/ ) guidelines. On occasions, we had the opportunity to
identify issues in the current SO and collaborate with the 50 team to improve the state of annotation.
{40243} Such a varant annotation tool can include pre-processing. For exarnple, Nirvana included a large
number of annotations from External data sources, like ExAC, BVS, 1080 Genomes project, dbSNP, ClinVar,
Cosmic, DGV and ChinGen. To make full use of these databases, we have to sanitize the information from them. We
implemented different strategy to deal with different conflicts that exist from different data sources. For example, ut
case of multiple dbSNP entries for the sarne posttion zod alternate allele, we join all ids inte 4 conyna separated list
of ids; if there are multiple entries with different CAF values for the same allele, we use the first CAF value. For
conflicting ExAC and EVS entries, we consider the number of sample counts and the entry with higher sampie
count is used. In 1000 Genome Projects, we removed the allele frequency of the conflicting allele. Another issue is
inaccurate information. We mainly extracted the allele frequencies information from 1000 Genome Projects,
however, we noticed that for GRCH38, the allele freguency 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 cur annotation, we use all of the individual level genotype to compute the true allele
frequencies. As we kuow, the same vaniants can bave different represeutations based on different alignments. To

make sure we can accurately report the inforrnation for aleeady identified variants, we have to preprocess the


meihui
Text Box

meihui
Text Box


variants frora different resources to make them have consistent representation. For all external data sources, we
trimroed alleles to remove duplicated nucleotides in both reference allele and alternative allele. For ClinVar, we
divectly parsed the xmi file we performed a five-prirae alignroent for all variants, which is often used n vef file.
Different databases can contain the same set of information. To avoid unnecessary duplicates, we removed some
duplicated information. For example, we removed variants in DGV which has data source as 1000 genome projects,
since we alveady reported these variants in 1000 genomes with more detailed information.

[00244] In accordance with at least some implementations, the variant call application provides calls for low
frequency variants, germline calling and the like. As non-limiting example, the variant call application may run on
rimor-onty samples aud/or tumor-normal paived samples. The vanant call application may search for siugle

nuclentide variations (SNV}, ruultiple nuclectide vartations (MNV), indels and the like. The variant call application

identifies variants, while filtering for mismatehes due to sequencing or sample preparation errors. For each variant,
the variant caller identifics the reference sequence, a position of the variant, and the potential variant sequence(s)
{e.z., Ao C SNV, or AG to A deletion). The vanaot call application identifies the sample seguence {(or sample
fragment}, a reference sequence/fragment, and a variant call as an indication that a variant is present. The variant
call application may identify raw fragments, and output a designation of the raw fragments, a count of the number of
raw fragments that verify the potential variant call, the position within the raw fragment at which a supporting
variant occurred and other relevant information. Non-limiting examples of raw fragments include a duplex stitched
fragment, a simplex stitched fragment, a duplex un-stitched fragment and a simplex un- stitched fragment.

{30245} The vanant call application may output the calls in various forraats, such as tn a . VCF or QVCF file.
By way of example only, the vanant call application may be incloded in a MiSeqReporter pipeline (e.g., when
implemented on the MiSeq® sequencer instrument). Optionally, the application ray be tmplemented with various
workflows. The aualysis may include a single protocol or & combination of protocols that 2ualyze the sample reads
in a designated raanner to obtain desired information.

{40246} 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 varant call application} to the sample report generator.
Alternatively, when the validation operation invalidates or disqualifies the potential variant call, the validation
operation passes g corresponding indication (e.g., a uegative indicator, 3 uo call indicator, an in-valid call indicator)

to the sample report generator. The validation operation also yuay pass a coufidence score related to a degree of

coufidence that the variant call is correct or the in-valid call designation 1s correct,
{00247} Next, the one or more processors generate and store a sample report. The sample report may 1uclude,

for example, information regarding a plurality of genetic loct with respect to the saraple. For exaruple, for each
genetic locus of a predetermined set of genetic loci, the sample report may at least one of provide a genotype call;
indicate that a genotype call cannot be made; provide a confidence score on a certainty of the genotype call; or
indicate potential problems with an assay regarding one or more genetic loci. The sample report may also indicate a
gender of an individual that provided a samp‘ie and/or indicate that the sample include muitiple sources. As used
herein, a “sample report” may include digital data {¢.g., a data file) of a genetic locus or predetermined sct of genetic
locus and/or a printed report of the genetic locus or the set of genetic loct. Thus, generating or providing may
inchude creating a data file and/or printing the sample report, or displaying the sample report.

{30248} The samiple report may indicate that & variant call was determined, but was not validated. When a

vartant call 1s determined invalid, the sarople report reay indicate additional information regarding the basis for the
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letermination to not validate the variant call. For example, the additional information 1o the report may raclude a
description of the raw fragments and an extent (e.2., a count) to which the raw fragments support or contradict the
variant call. Additonally or altexrnatively, the addiconal iaformation in the report may 1nclude the quality scote

obtained in accordance with imrplementations described herein.

Variant Call Application

{30249} Implementations disclosed herein include analyzing sequencing data to identify poteutial variant calls,
Tervr iyt v v or 11100 v 1 erEie 3 oo data Foar s . , L Ly W v JE PR LRSI
ariant calling may be performed upon stored data for a previously performed sequencing operation. Additionally
or alternatively, it may be performed inreal tirne while 4 sequencing operation is being performed. Bach of the
saraple reads is assigned to corresponding genetic Joci. The sample reads yoay be assigoed to comresponding genetic
loct based on the sequence of the mucleotides of the sample read or, in other words, the order of nuclecndes within
the sample read {e.g., A, C, G, T). Based on this analysis, the sample read may be designated as including a possible

1

variant/allele of a particular genetic locus. The sample read may be collected (or aggregated or binned) with other

saraple reads that have been designated as including possible variants/alleles of the genetic locus. The assigning
operation may also be referred to as a calling operation in which the sample read is identified as being possibly
associated with a particular genetic position/locus. The sample reads may be analyzed to locate one or more
identifying sequences (e.g., primer sequences) of nucleotides that differentiate the sample read from other sample

ving sequence(s) may identify the sample read from other sample reads as being

reads. More specifically, the idents
associated with 2 particular genetic locus.

[BH2540] The as

goiag operation may include analyzing the series of n nucleotides of the ideatifving sequence
to determine if the sevies of n nucleotides of the identifying sequence effectively matches with oue or more of the
select sequences. In particular implementations, the assigning operation may include analyzing the first n
nucleotides of the sample sequence to determine if the first n nucleotides of the sample 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 nuiber n may be a predetermined number. The predetermined
number may be, for example, 10, 11, 12, 13, 14, 15,16, 17, 18, 19, 206, 21, 22, 23, 24, 25, 26, 27, 28, 29, or 30
nucleotides. However, fewer or more nucleotides may be used 1n other implementations. The number n may also be

selected by an individual, such as a user of the system. The number n may be based on one or more conditions. For

instance, the pumber n may be defined as the numwber of nucleotides of the shortest primer seguence within the
database or a designated cumber, whichever (s the sraaller pumber. In some implersentations, 2 sxinimum value for
1 may be used, suchas 15, such that any priveer sequence that is less than 15 nucleotides may be designated as an
exception.

[00251] 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 mateh the select sequenc
if the identifying sequence is nearly identical to the select sequence. For example, the sample read may be called for
a genctic locus if the series of n nucleotides (e.g., the first n pucleotides) of the identifying sequence maich 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 mismateh 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 nuuber, then the sample read ruay be
called for the corresponding genetic focus {i.¢., assigned to the correspouding geoetic locus). fu some

inplementations, a yaatching score may be determroed that (s based on the number of differences between the
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identifying sequence of the saraple read and the select sequence associated with a genetic locus. If the matching
score passes a designated matching threshold, then the geuetic locus that corresponds to the select sequence raay be
lesignated as a potential locus for the sample read. In soree implementations, subsequent analysis may be performed
to determine whether the sample read is called for the genetic locus.
[00252] If the sample read effectively matches one of the select sequences in the database {i.e., exactly matches
or nearly matches as described above), then the sample read is assigned or designated to the genetic locus that
correlates to the select sequence. This may be referred to as locus calling or provisional-locus calling, wherein the
sample read is called for the genetic locus that correlates to the select sequence. However, as discussed above, 2
saniple read may be called for muore than oune genenc locus. In such smplernentations, further analysis may be
performed to call or assign the sample read for ouly oue of the potential genetic loci. In some implementations, the
saniple read that is compared fo the database of reference sequences is the first read from paired-end sequencing.

When performiog patred-end sequencing, a secoud read (representing a raw fragroent) is obtained that correlates to

the sample read. After assigoing, the subsequent analysis that is pecformed with the assigoned reads may be based o1
the type of genetic locus that has been called for the assigned read

[00253] Next, the samiple reads are analyzed to identify potential variant calls. Among other things, the results
of the analysis identify the potential variant call, a sample variant frequency, a reference sequence and a position
within the genomic sequence of interest at which the variant occurred. For exaniple, if a genetic locus is known for
including SNPs, then the assigned reads that have been called for the genetic locus may undergo analysis to identify
the SNPs of the assigned reads. If the geuetic locus is known for including polymorplic repetitive DNA elements,
then the assigned reads may be analyzed to identify or characterize the polymorphic repetitive BNA elerents within
the sample reads. In some implementations, if an assigued read effectively matches with & 8TR locus and a SNP
locus, a warning or flag may be assigned to the sample read. The sample read ruay be designated as both a STR.
locus and an SNP locus. The analyzing may 1eclude aligning the assigned reads in accordance with an alignment
protocol to determine sequences and/or lengths of the assigned reads. The alignment protocol yuay include the
method described in International Patent Application No. PCT/US2013/030807 (Publication No. W0 2014/142831),
filed on March 13, 2013, which is herein incorporated by reference in its entirety.

[00254] Then, the one or more processors analyze raw fragments to determine whether supporting variants
exist at corresponding positions within the raw fragments. Various types of raw fragments may be identified. For
example, the variant caller may identify a type of raw fragment that exhibits a variant that validates the oniginal

variant call, For example, the type of raw fragment may represent a duplex stitched fragment, a simplex stitched

fragment, 2 duplex un-stitched fragment or a simplex un-stitched fragment. Optionally other raw fragmeuts may be

identified instead of or 10 addition to the foregoing examples. o conuection with identifying each type of raw
fragment, the variant caller also tdentifies the position, within the raw fragment, at which the supporting variant
occurred, 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
fragments having a supporting variant at a particular position X. The variant caller may also output indication that
five reads of raw fragments were identified to represent simplex un-stitched fragments having a supporting variant at
a particular position Y. The variant caller may also output a number of raw fragments that corresponded to reference
sequences and thus did not include a supporting variant that would otherwise provide evidence validating the
potential variant call at the genomic sequence of 1nterest,

[B0255] Next, a count s maintained of the raw fragments that include supporting variants, as well as the

position at which the supporting variant occured. Additionally or alternatively, a count may be reatatained of the
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raw fragments that did not include supporting variants at the position of toterest {relative to the position of the
poteatial variant call in the sample read or sample fragment). Additionally or alterpatively, a count may be
maintained of raw fragroents that correspond to a reference sequence and do not authenticate or confirm the
potential variant call. The information determined is output to the variant call validation application, including a
count and type of the raw fragments that support the potential variant call, positions of the supporting variance in the
raw fragments, a count of the raw fragments that do not support the potenuial variant call and the like.

{00256} When a potential variant call is identified, the process outpuis an indicating of the potential variant

£

call, the variant sequence, the variant position and a reference seguence associated therewith. The variant call is

33

designated to represent a “potential” variant as errors ray cause the call process to identify a talse variant. Jo

]

accordance with buplementations herein, the potential vanant call is analyzed to reduce and eliminate false variants

or false positives. Additionally or alternatively, the process analyzes oue or more raw fragments associated with a

sample read and outputs 2 correspouding vacant call associated with the raw fragments.

Deepn Learnping in Genomics

[00257] Genetic variations can help explain many diseases. Every human being has a unigue genetic code and
there are lots of genetic variants within a group of individuals. Most of the deleterious genctic variants have bee

3 ™ ) - -y TR ey 15 vt ey o3cr y by s By dre ;
depleted from genomes by natural selection. It is important to 1dentify which genetics vanations are hikely to be
pathogenic or deleterious. This will help researchers focus oun the likely pathogenic genetic vanants and accelerate
the pace of diagnosis and cure of many diseases.

[B0258] Madeling the properties aud functional effects (e.g., pathogenicity) of vaniants is an 1mportant but
challenging task 1o the field of genomics. Despite the rapid advancement of functional genomic sequenciog
technologies, interpretation of the functional consequences of variants remains a great challenge due to the
complexity of cell type-specific transcription regulation systems.

[00259] Regarding pathogenicity classifiers, deep neural networks are a type of artificial neural networks that

fy

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 uetworks have evolved with the availability of large training datasets, the power

of parallel and distabuted computing, and sophisticated training algorithms. Deep neural networks have facilitated
major advances 1n nomersus domains such as computer vision, speech recognition, and natural language processing.
{60260} Convolutional neural networks (CNNs} and recurcent newal networks {RNNs) are components of deep
neueal networks. Convolutioual neural networks have succeeded particulaxly in image recognition with an

architecture that comprises convolution layer

, nonkinear layers, and pooling layers. Recurent neural networks are
lesigned to utilize sequential information of input data with cyelic connections among building blocks like
perceptrons, long short-term memory units, and gated recurrent units. In addition, many other emergent deep neural
networks have been proposed for limited contexts, such as deep spatio-temporal neural networks, multi-dimensional
recurrent neural networks, and convolutional auto-encoders.

[00261] The goal of training deep neuvral networks is optintization of the weight parameters in each layer,
which gradually combines simpler features 1uto complex features so that the most suitable hierarchical
representations can be leamed from data. A single cycle of the optimization process is orgamzed as follows. First,
given a tratming dataset, the forward pass sequentially computes the output i each layer and propagates the function
signals forward through the network. Tn the final output layer, an objective loss function measuees error berween the

inferenced cutputs and the given labels. To minirnize the tratnrag error, the backward pass uses the chaiwn rule to
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backpropagate ewror signals and compute gradients with respect to all weights throughout the neural network.
Finally, the weight parameters are updated ustog optinization algorithms based on stochastic gradient descent.
Whereas batch gradient descent performs parayneter updates for each complete dataset, stochastic gradient descent
provides stochastic approximations by performing the updates for cach small set of data examples. Several
optimization algorithims sterm from stochastic gradient descent. For example, the Adagrad and Adam training
algorithms perform stochastic gradient descent while adaptively meodifying learning rates based on update frequenc
and moments of the gradients for each parameter, respectively.

{00262} Another core element in the training of deep neural networks is regularization, which refers to

strategies intended to avoid overfitiing and thus achieve good generalization performance. For example, wei
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 tratning and can be considered an
ensernble of possible subnetworks. To enhance the capabilities of dropout, a new activation fimetion, mazout, and a
varant of dropout for recurrent neural networks called ronDrop bave been proposed. Fuxthermore, batch
normalization provides a new regularization method through normalization of scalar features for each activation
within a mini-batch and learning each mean and variance as parameters.

[00263] Given that sequenced data are muiti- and high-dimensional, deep neural networks have great promise
for bioinformatics research because of their broad applicability and enhanced prediction power. Convolutional
neural networks have been adapted to solve sequence-based problems in genomics such as motif discovery,
pathogenic variant identification, and gene expression inference. Convoluational neural networks use & weight-
sharug strategy that is especially useful for studying DNA because it can capiure seguence motifs, which are short,
recurring local patteros 1o DNA that are presumed to have significaut biological functions. A balbuark of
convolutional neural networks is the use of convolution filters. Unlike tradional classification approaches that are
based on elaborately-designed and wanvally-crafted features, convolution filters perform adaptive learsing of

eatures, analogous to a process of mapping raw input data to the inforraative representation of kuowledge. To this

ense, the convolution filters serve as a series of motif scanners, since a set of such filters is capable of recognizing

o]

relevant patterns in the input and updating themselves during the training procedure. Recurrent neural networks can
capture long-range dependencies in scquential data of varying lengths, such as protein or DNA sequences

{00264} Therefore, a powerful computational model for predicting the pathogenicity of variants can have
enormous benefits for hoth basic science and translational research.

i

{30265} At present, only 25-30% of rare disease patients receive a muolecular dlagnosis from examiuation of
protein-coding sequence, suggesting that the reruaining diagnostic yield may reside in the 99% of the genome that is
noucoding. Here we describe a novel deep learning network that accurately predicts splice juoctions from arbitrary
pre-mRNA trascript sequence, enabling precise prediction of the splice-altering effects of noncoding vanants.
Synonymous and intronic mutations with predicted splice-altering consequence validate at a high rate on RNA-seq
and are strongly deleterious in the human population. De novo mutations with predicted splice-altering consequence
are significantly enriched in patients with autism and inteliectual disability compared to healthy controls and
validate against RNA-~seq data in 21 out of 28 of these patients. We estimate that 9-11% of pathogenic mutations in
patients with rare genetic disorders are caused by this previously underappreciated class of disease variation.
{00266} Exome sequencing has transformed the clinical diagnosis of patients and families with rave genetic
disorders, and when employed as a first-line test, significantly reduces the time and costs of the diagunostic odyssey
{Montoe et al., 2016; Stark et al., 2016; Tan et al., 2017}, However, the diagnostic yield of exome sequencing is

~25-30% 1o tare genetic disease coborts, leaving the majority of patients without a dlagnosis even after combioed
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exome and raicroarray testing {Lee et al, 2014; Trupllane et al,, 2017; Yaog et al., 2014). Nouvcoding regions play a

significant role in gene regulation and account for 90% of causal disease loct discovered in unbiased genome-wide

o

assoctation studies of buman complex diseases (Ernst et al., 201 1; Farb et al,, 20135; Mauraoo et al., 2012),
suggesting that penetrant noncoding variants may also account for a significant burden of causal mutations in rare
genetic diseases. Indeed, penetrant noncoding variants that disrupt the nommal pattern of mRNA splicing despite
lying outside the essential GT and AG splice dinucleotides, often referred to as cryptic splice variants, have long
been recognized to play a significant role in rare genetic diseases (Cooper et al., 2009; Padgett, 2012; Scotti and

Swanson, 2016; Wang and Cooper, 2007). However, cryptic splice mutations are often overlooked in clinical

practice, due to our incomplete understanding of the splicing code and the resulting difficulty 1u accurately

identifying splice-altering variants outside the essential GT and AG dinucleotides (Wang and Burge, 2008},
{40267} Recently, RNA-seq has emerged as a prorisiug assay for detecting splicing abnormalities 1o
Mendelian disorders (Curoraings et al., 2017; Kremer et al., 2017), but thus far its utility in a clinical setting reraains
limited to a minoty of cases where the relevant cell type is known and accessible to biopsy. High-throughput
screening assays of potential aplice-altering variants (Soemedi et al., 2617) have expanded the characterization of
splicing variation, but are less practical for evaluating random de nove mutations in genetic diseases, since the
genomic space where splice-altering mutations may occur is extremely large. General prediction of sphwlg from
arbitrary pre-mBNA sequence would potentially allow precise prediction of the splice-altering conseguences of
noncoding variants, substantially improving diagnosis in patients with genetic diseases. To date, a general predictive
maodel of splicing from raw seqguence that approaches the specificity of the spliceosome remains elusive, despite
progress in specific applications, such as modeling the sequence characteristics of the core sphicing motits (Yeo and

Burge, 2004}, characterizing exonic splice enhancers and silencers (Fairbrother et al., 2002; Wang et al., 2004}, and

predicting cassette exon nclusion {Barash et al., 2010; Jha et al., 2017; Xiong et al,, 2015).
[30268] The splicing of long pre-mBRNAs into mature transcrpts s remarkable for its precision, aad the clinical

severtty of splice-altering mutations, yet the mechanisras by which the cellular machinery deterraines its specificity
remain incompletely understood. Here we train a deep learning network that approaches the accuracy of the
spliceosome in sifico, identifying exon-intron boundaries from pre-mRNA sequence with 93% accuracy, and
predicting functional cryptic splice mutations with a validation rate of over 80% on RNA-seq. Noncoding variants
predicted to alter splicing are strongly deleterious in the human population, with 80% of newly created eryptic splice
mutations experiencing negative selection, sirsilar to the impact of other classes of protemn truncating variation. De
nove cryptic splice mutations 1o patients with avtism and intellectual disability bit the same genes that are

eccurently mutated by protein truneating mutations, enabling the discovery of additional candidate disease genes.

We estimate that up o 24% of penetrant causal mutations in patients with rare genetic disorders are due to this
previously underappreciated class of disease variation, highlighting the need to improve interpretation of the 99% of

the genome that is noncoding for clinical sequencing applications.

{00269} Clinical exome sequencing has revolutionized diagnosis for patients and families with rare genetic
disorders, and when employed as a first line test, significantly reduces the tirne and costs of diagnostic odyssey.
However, the diagnostic yvield for exome seguencing has been reported at 25-30% in multiple large cohorts of rare

disease patients and their parents, leaving the majority of patieunts without a diagnosis even after combined exome

¥

and microarray testing. The noncoding genome is highly active in gene regulation, and noncoding variants account
for ~90% ot GWAS hits for comion dise suggesting that rare variants 1 the uoncoding genome may also
account for a significant fraction of causal mutations in penetrant diseases such as rare genetic disorders and

oucology. However, the difficulty of interpreting variants in the noncoding genome means that outside of Jarge


meihui
Text Box

meihui
Text Box


o8
W

structural vartants, the voneoding genome presently ofters little additional diagnostic benefit with respect to the xare
penetrant variants that have the greatest impact on chinical roanagement.

{60270} The role of splice-altering rutations outside the canounical GT and AG splice dinucleotides bas long
been appreciated in rare diseasc. Indeed, these cryptic splice variants are the most common nwitations for some rare
genetic disorders, such as glycogen storage disease XI (Pompe disease) and erythropoctic protoporphyria. The
extended splice motifs at the 5” and 3’ ends of introns ave highly degenerate and equally good motifs occur
frequently in the genonie, making accurate prediction of which noncoding variants might cause cryptic splicing
impractical with existing methods.

{40271} To better understand how the spliceosome achieves its specificity, we trained a deep learning neural
unetwork to predict for each nucleotide 1 2 pre-mBNA transcript, whether it was a splice acceptor, splice douor, or
neither, using only the transcript segquence as its waput (FEGL 37A). Using canonical transcripts on the even
chroraosomes as a training set and transcripts on the odd chromosomes for testing (with paralogs excluded), the
deep learmuog network calls exon-intron boundaries with 95% aceuracy, and even transcupts o excess of 100KB
such as CFTR are often reconstructed perfectly to mucleotide precision (FIG. 37B).

{00272} We next sought to understand the specificity determinants used by the network to recognize exon-
intron boundaries with such remarkable precision. In contrast with previous classifiers which operate on statistical or
human-cngineered features, deep learning directly learns features from sequence in a hierarchical manner, enabling
additional specificity to be imparted from long range segquence context. Indeed, we find that the accuracy of the

ot

uetwork is highly dependent on the length of the sequence coutext flanking the nucleotide under prediction that is

provided as input wto the network (Table 1}, and when we train a deep learning model that only uses 40-nt of

sequence, performance only moderately exceeds existng statistical methods. This indicates that deep learning adds
? » J & + £

little over existing statistical methods for recoguizing individual 9-23nt spliciug monifs, but wider sequence context

is the key to distinguishing functional splice sites from non-functional sites with equally strong rootifs. Asking the
network to predict oo exons where the sequence is perturbed shows that disrupting the donor reotif typieally also
causes the acceptor signal to disappear (FIG. 37C), as is frequently observed with exon-skipping events in vivo,
indicating that a significant degree of specificity is inrparted simply by requiring pairing between strong acceptor
and donor motifs at an acceptable distance.

[00273] Although a large body of evidence has shown that experimental perturbation of the length of exons has
strong effects on exon inclusion versus exon skipping, it does not explain why the accuracy of the deep learmng
network continues to increase beyond 1000-nt of context. To better differentiate between local spice motif-driven
specificity and long distance specificity determinants, we trained a local network that only takes as input 100-nt of
context. Using the local network to score koown junctions, we find that both exons and introns have optimal lengths
(~115ot for exons, ~1000nt for introns) at which mot f strength 18 mintmal (FIG. 371). This relationship is not
present in the 10000-nt deep learning network (FIG. 37E), indicating that variability in intron and exon length are
already fully factored into the wide-context deep learning network. Notably, the boundaries of introns and exons
were never given to the wide-context deep learning model, indicating that it was able to derive these distances by
inferring positions of exons and introns from the sequence alone.

[00274] A systenatic search of hexamer space also indicated that the deep learning network utilizes motifs in
exon-intron definition, particularly the branch point motif TACTAAC from positions ~34 to -14, the well-
characterized exoric splice enhancer GAAGAA near the ends of exons, and poly-U motifs winch are typically part

of the polypyrimidine tract, but also appear to act as exonic splice silencers (FiGs., 21, 22, 23, and 24).
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[B0275] We extend the deep learming network to the evaluation of genetic variants for splice-altering functior
by predicting exon-intron boundaries ou both the reference transcuipt sequence and on the alternate transcript
sequence containing the vanant, and looking for any changes in exon-inron boundaries. The recent availability of

vy

aggregated exome data from 60,706 humans enables us to evaluate the effects of negative selection on varants
predicted to alter splice function by examining their distribution in the allele frequency spectrum. We find that
predicted cryptic splice variants are strongly under negative selection {FIG. 38A), as evidenced by their relative
depletion at high allele frequencices compared to expected counts, and their magnitude of depletion is comparable
with AG or GT splice-disrupting variants and stop-gain variants. The impact of negative selection greater when
cousidering cryptic splice variants that would cavse frameshifts over those that cause in-frame changes (FIG. 38B).
Based on the depletion of frameshifting cryptic sphice vanants compared to other classes of protein roncating
vaniation, we estimate that 88% of confidently-predicted eryptic splice mutations are functional.

{60276} Although oot as much aggregate whole genome data 1s available as exome data, Boitiag the power to

o

zious, we were also able to calculate the observed vs

f=

detect the tmpact of patueal selection in deep jntronic re
expected counts of cryptic splice mutations far from exonic regions. Overall, we observe a 60% depletion in eryptic
splice nutations at a distance > 50nt from an exon-intron boundary (FEIG. 38C). The attenuated signal is likely a
combination of the smaller sample size with whole genorne data compared to exome, and the greater difficulty of
predicting the impact of deep intronic variants.

[00277] We can also use the observed versus expected number of cryptic splice variants to estimate the number
of eryptic splice variants vuder selection, aud how this compares with other classes of protein truneating variation.
As cryptie sphee variants may only partially abrogate splice function, we also evaluated the number of observed
versus expected cryptic splice vartants at more relaxed thresholds, and estimate that there are approximately 3 times
as many deleterious rare cryptic splice variants compared to rate AG or GT splice-disrupting variants in the EXAC
fataset (FIG. 38D). Each individual carries approxiraately ~20 rare cryptic splice mutations, approximately equal o
the nurober of protein truncating vacants (FiG. 38E), although not all of these variants fully abrogate splice
function.

[00278] The recent release of GTEX data, comprising 148 individuals with both whole genome sequencing and
RNA-geq from multiple tissue sites, enables us to look for the effects of rare cryptic splice variants directly in the
RNA-seq data. To approximate the scenario encountered in rare disease sequencing, we only considered rare
variants (singleton in the GTEx cobort, and < 1% allele frequency on 1000 Genomes), and paired these with sphicing
everts that were unigue to the individual with the variant. Although differences in gene expression and tissue
expression aud the complexity of splice abuormalities make it challenging to evaluate sensitivity and specificity of
the deep learning predictions, we flnd that at stringent specificity thresholds, over 90% of rare crypiic splic

mutations validate on RNA-seq (FIG. 39A). A large nuraber of aberrant spliciog eveuats present in RNA-seq appear
to be associated with variants that are predicted to have modest effects according to the deep learning classifier,
suggesting that they only partially affect splice function. At these more sensitive thresholds, approximately 75% of
novel junctions are predicted to cause aberrations in splicing function (FiG. 38B).

{00279} The success of the deep learning network at predicting cryptic splice variants that are strongly
deleterious on population sequencing data, and validate at a high rate on RNA-seq, suggests that the method could
be used to identify additional diagnoses in rare disease sequencing studies. To test this hypothesis, we examined de
novo vanants in exome sequencing studies for autism and geurodeveloprental disorders, and demoustrate that
cryptic splice mutatons are significantly enriched in affected individuals versus their bealthy siblings (FIG. 404).

Moareover, the encichraent of cryptic sphce rautations is slighdy lower thau that for protein truncatiog variaots,
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indicating that approximately 90% of our predicted cryptic splice variauts are functional. Based oun these values,
approximately ~20% of disease-causiug protein truncating vagaots can be attubuted to cryptic splice mutatons in
exons and the nuclectides wnmediately adjacent to exons (FIG. 46B). Extrapolating this figure out to whele genome
studies, which are able to interrogate the entire intronic sequence, we estimate that 24% of causal mutations in rare
genetic disorders are due to cryptic splice mutations.

{00280} We estimated the probability of calling a de novo cryptic splice mutation for each individual gene,
enabling us to estimate the cnrichment of cryptic splice mutations in candidate disease gencs compared to chance.
Die novo eryptic splice mutations were strongly enriched within genes that were previously hit by protein-truncating
variation but not missense variation (FYG. 44C), indicating that they mostly cause disease through

haplotosufficiency rather than other modes of action. Adding predicted cryptic splice mutations to the list of protein

truncating variants allows vs to identify 3 additional disease genes 1w autism aud 11 additional disease genes in
intellectual disability, compared to using only protein-truneating variation alone (F¥G. 485).
{40281} To evaluate the feasibility of validating cryptic splice mutations in patients for whom the Itkely tissue
of disease was not available {brain, in this case)}, we performed deep RNA-seq on 37 individuals with predicted de
novo cryptic splice mutations from the Simon’s Simpiex Collection, and looked for aberrant splicing events that
were present in the individual, and absent in all other individuals in the experiment and in the 149 individuals from
the GTEx cobort. We find that NN out of 37 patients showed unique, aberrant splicing on RNA-seq (FIG, 40E)
explained by the predicted cryptic splice variant.
{30282} Tu suminary, we demonstrate a deep learning randel that accurately predict cryptie splice vanants with
sutficient precision to be vseful for identifying causal disease mutations m rare genetic disorders. We estimate that a
substantial fraction of tare disease diagnoses caused by eryptic splicing are corrently missed by considening only the
protein coding regions, and stress the need to develop methods for wterpreting the effects of penetrant rare variation

i the noocoding genoyue.
Resulis

Accurate prediction of splicing from primary sequence using deep learning

{30283} We coustructed a deep residual neural network (He et al, 20164} that predicts whether each position ju
a pre-mRBNA transcapt is a sphee donor, splice acceptor, or neither (FIG. 374 and FléGs. 23, 22, 23, and 24), using
as imnput ooly the genomic sequence of the pre-mRNA trauscript. Because splice donors and sphce acceptors may be
separated by tens of thousands of sucleotides, we erploved a novel network architecture cousisting of 32 dilated
convolutional layers (Yu and Koltun, 2616) that can recognize sequence determinants spanning very large genomic
distances. In contrast to previous methods that have only considered short nucleotide windows adjoining exen-intron
boundaries (Yeo and Burge, 2004), or relied on human-engineered features (Xing et al, 2015}, or experimental data,
such as expression or splice factor binding (Tha et al., 2017}, our neural network learns splicing determinants
directly from the primary seguence by evaluating 10,000 nucleotides of flanking context sequence to predict the
splice tonction of each position 1o the pre-mBNA transcpt.
{40284} We used GENCODE-annotated pre-mRNA trauscript sequences (Hawoow et al, 2012) on a subset
the buman chiromosomes to train the parameters of the neural network, and transcripts on the remaimuog
chromosores, with paralogs excluded, to test the network’s predictions. For pre-mRNA transcripts in the test
fataset, the network predicts splice junctions with 95% top-k accuracy, which (s the fracton of correctly predicted

splice sites at the threshold where the number of predicted sites is equal to the actual number of splice sites present
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i the test dataset (Boyd et al., 2012; Yeo and Burge, 2004). Even genes in excess of 100 kb such as CFTR are often
recoustructed perfectly to nucleotide precision (FIG. 37B). To coufirm that the vetwork is not sinply relying on
exonic sequence biases, we also tested the network on long noncoding RNAs. Despite the incorapleteness of

roncoding transcript annotations, which is expected to reduce our accuracy, the network predicts known splice
junctions in lincRNAs with §4% top-k accuracy (FEGs. 42A and 42B), indicating that it can approximate the
behavior of the spliccosome on arbitrary sequences that are free from protein-coding selective pressures.
{00285} For each GENCODE-annoctated exon in the test dataset (excluding the first and last exons of each
gene), we also examined whether the networle’s prediction scores correlate with the fraction of reads supporting
exon inclusion versus exon skipping, based on BNA-seq data from the Gene and Tissue BExpression atlas (GTEx)

ol

{The GTEx Consortivn et al., 2015) (FIG. 37C). Exous that were constitutively spliced 1o or spliced out across

G

X tissues had prediction scores that were close to 1 or 0, respectively, whereas exons that underwent a
substantial degree of alternative splicing (between 10-90% exon inclusion averaged across saxaples) tended towards
intermediate scores {Pearson correlation = 0.78, P = §).

{40286} We next sought to understand the sequence determoants utilized by the vetwork to achieve its
remarkable accuracy. We performed systermatic in silico substitutions of each nucleotide near anmotated exons,
measuring the effects on the network’s prediction scores at the adjoining splice sites (FIG. 37E). We found that
dispupting the sequence of a splice donor motif frequently caused the network to predict that the upstream splice
acceptor site will also be lost, as is observed with exon-skipping events in vivo, indicating that a significant degree
of specificity is imparted by exon definition between a paired upstream acceptor motif and a downstream donor

al

motif set at an optimal distance (Berget, 1995). Additional motifs that contribute to the splicing inchxde the

well-characterized binding motifs of the SR-protein family and the branch point (F1Gs, 434 and 43B) (Faicbrother
et al., 2002; Reed and Maniatis, 1988). The effects of these motifs are highly dependent on their position 1a the
exon, suggesting that their roles include specifying the precise positiontag of intron-exon boundades by
differentiating between competing acceptor and donor sites.
[00287] Training the network with varying input sequence context markedly impacts the accuracy of the splice
predictions {FIG. 37E), indicating that long-range sequence determinants up to 10,600 nt away from the splice site
are essential for discerning funetional splice junctions from the large number of nonfunctional sites with near-
optimal motifs. To examine long-range and short-range specificity determinants, we compared the scores assigned
to annotated junctions by a model trained on 8C nt of sequence context (SpliceNet-80unt) versus the full model that is
tramed on 16,000 ut of context (SpliceNet-10k}. The network trained on 80 nt of sequence context assigns lower
scores to punctions adjpining exons or introns of typical length (150 nt for exouns, ~1000 nt for introns) (FI1G. 37F),
int agreement with earlier observations that such sites tend to have weaker splice motifs compared to the splice sites
of exons and introns which are wousually long or short {Amit et al,, 2012; Gelfman et al,, 2012; Lietal, 20(5). Io
contrast, the network trained on 10,000 nt of sequence context shows preference for intrans and exons of average
length, despite thelr weaker splice motifs, because it can account for loug-range specificity conferred by exon or
intron leagth. The skipping of weaker motifs in long uninterrupted introns is consistent with the faster RNA
polymerase II elongation experimentally observed in the absence of exon pausing, which may allow the spliceosome
less time to recognize suboptimal motifs (Close et al., 2012; Jonkers ¢t al., 2014; Veloso et al., 2014). Our findings
suggest that the average splice junction possesses favorable long-range sequence deterniinants that confer
substantial specificity, explaining the high degree of sequence degeneracy tolerated at most splice motifs.
{40288} Because spliciug oceurs co-transcriptionally {Cramer et al., 1997; Tilguer et al., 2012), interactions

between chromatin state aud co-transcriptional sphicing right also guide exon definition (Luco et al., 2011}, and
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have the poteotial to be utilized by the network to the extent that chromatin state (s predictable from primary
sequence. In particular, genome-wide studies of nucleosome positioning have shown that nucleosome occupaney is
tigher 1 exons {Andersson et al., 2009; Schwartz et al., 2009; Spes et al., 2009; Tilgner et al,, 2009). To test
whether the network uses sequence determinants of nucleosome positioning for splice site prediction, we walked a
pair of optimal acceptor and donor motifs separated by 150 nt (roughly the size of the average exon} across the
genome and asked the network to predict whether the pair of motifs would result in exon inclusion at that locus
(FEG. 37G). We find that positions predicted to be favorable for exon inclusion correlated with positions of high
nucleosome ocecupancy, even 1o intergenie regions (Spearman correlation = 0.36, P = 0}, aud this effect persists after
controlling for GC content (FEG. 44A). These results suggest that the network has implicitly learned to predict
nucleosome positioning from privuary sequence and vtilizes it as a specificity determinant 1u exon definition. Similar
to exons and introns of average length, exons positioned over nucleosomes have weaker local splice motifs (Fids.
448}, consistent with greater tolerance for degenerate wotifs 1u the presence of compensatory factors {Spies et al,,
2009).

{40289} Although rouliiple studies have reported a correlation between exons and nucleosome occupaney, a
causal role for nucleosore positioning in exon definition has not been firmly established. Using data from 149
individuals with both ENA-seq and whole genome sequencing from the Genotype-Tissue Expression (GTEX) cohort
(The GTEx Counsortiun et al., 2015), we identified novel exons that were private to a single individual, and
corresponded to a private splice sife-creating genctic mutation. These private exon-creation events were significantly
assoctated with existing nucleosome positioning in K562 and GMI12878 cells (P = 0.006 by pernutation test, FIG.
3TH), even though these cell lines most likely lack the corresponding private genetic mutations. Our results indicate
that genetic variants are more likely to trigger creation of 2 novel exon if the resulting novel exon would overlay a
region of existing nucleosome occupancy, supporting a causal role for nucleosome positioning 1 promoting exon

definition.

Yerification of predicied cryptic splice mutations in RNA-seq data

{00290} We extended the deep learning network to the evaluation of genctic variants for splice-altering
function by predicting exon-intron boundaries for both the reference pre-mRNA transcript sequence and the
alternate transcript sequence containing the variant, and taking the difference between the scores (A Score) (FIG.
38A). buportantly, the network was only trained on reference transcript sequences and splice junction anuctations,
and never saw variant data during training, makiug prediction of vanant effects a challenging test of the network’s
ability to accurately yaodel the sequence determinants of spliciug.
{00291} We looked for the effects of cryptic splice vaniaots in RNA-seq data in the GTEx cobort (The GTEx
Consortinm et al., 2015}, comprising 149 radividuals with both whole genome sequencing and RNA-seq from
muitiple tissues. To approximate the scenario encountered in rare disease sequencing, we first focused on rare,
private mutations {(present in only one individual in the GTEx cohort). We find that private mutations predicted to
have functional consequences by the neural network are strongly enriched at private novel splice junctions and at the
boundaries of skipped-over exons in private exon-skipping events (FIG, 38B), suggesting that a large fraction of
these predictions are functional.

{90292} To quantify the effects of splice-site creating varlants on the relative production of normal and aberrant
splice isoforms, we measured the number of reads supporting the novel splice event as & fraction of the total nunber
of reads covening the site (FEG. 38C) (Cummnings et al, 2017}, For sphce-site disrupnug variants, we observed that

many exons bad a low baseline rate of exon-skipping, and the effect of the variant was to increase the fraction of
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exon-skipping reads. Hence, we calculated both the decrease in the fraction of reads that spliced at the disrupted
Junction and the increase ju the fraction of reads that skipped the exon, taking the larger of the two effects (FYG. 48
and STAR Methods).

[00293] Confidently predicted cryptic splice variants (A Score 2 0.5} validate on RNA-seqg at three-quarters the
rate of essential GT or AG splice disruptions (FEG. 38D). Both the validation rate and effect size of cryptic splice
variants closely track their A Scores (FiGs. 38D and 38E), demonstrating that the model’s prediction score is a good
proxy for the splice-altering potential of a variant. Validated variants, especially those with lower scores (A Score <

Q

Y.

‘J\

3, are often incompletely penetrant, and result in alterpative splicing with production of a mixture of both aberrant
and normal transeripts in the RNA-seq data (FEG. 38E). Our estimates of validation rates and effect sizes are
conservative and likely underestimate the true values, due to both unaccounted-for splice isoform changes and
nonsense-mediated decay, which preferentially degrades aberrantly-spliced transcopts because they frequently
introduce prematore stop codons (FIG. 38C and FIG, 45). This 15 evidenced by the average etfect sizes of variants
that disrupt esseotial GT and AG splice dinucleotides being less thao the 50% expected for fully penetrant
heterozygous vartants.
{40294} For cryptic sphice vacants that produce aberrant splice 1soforms in at least three-tenths of the observed
copies of the mRNA transcript, the network has a sensitivity of 71% when the variant is near exons, and 41% when
the variant is in deep indronic sequence (A Score > 0.5, FIG. 38F). These findings indicate that deep intronic
variants are more challenging to p]f’dlct possibly because deep intronic regions contain fewer of the specificity
determinants that have been selected to be present near exons.
[00295] To benchmark the performance of our network against existing methods, we selected three popular

classifiers that have been referenced in the literature for rare genetic disease diagnosis, GeneSplicer (Pertea et al,,
2001), MaxBEntScan (Yeo and Burge, 2004), and NNSplice (Reese et al,, 1997), and plotted the BNA-seq validation
rate and sensitivity at varving thresholds (FiG. 38G). As has been the experience of others 1u the field (Curamings
et al., 2017), we find that existing classifiers have msutficient specificity given the very large number of noncoding
varants genoyne-wide that can possibly affect splicing, presumably because they focus on local motits and largely

io not account for loug-range specificity determioants.
{40296} (iven the large gap 1o perforrnance compared with existing wethods, we performed additional controls
to exclude the possibility that our results in the RNA-seq data could be confounded by overfitting. First, we repeated
the validation and sensitivity analyses separately for private variants and variants present in move than one
individual in the GTEx cohort (FIGs. 46A, 468, and 46C). Because peither the splicing machinery nor the deep
learning model have access to allele freguency information, verifying that the network has similar performance

s the allele frequency spectrum is an important control. We find that at the same A Score thresholds, private

and comuon cryptic splice variauts show no sigmficant differences in their validation rate in RN A-seq (P > 0.05,
Fisher Exact test), indicating that the network’s predictions are robust to allele frequency.
{60297} Secoud, to validate the model’s predictions across the different types of cryptic splice vanants that can
create novel splice juuctions, we separately evaluated variants that geneeate novel GT or AG dinucleotides, those
that affect the extended acceptor or donor mwotif, and variaats that oceur 1 yaore distal regions. We find that eryptic

splice variants are distributed roughly equally between the three groups, and that at the same A Score thresholds,

there are no significant differences in the validation rate or effect sizes between the groups (P > 0.3 y? test of

waiformity and P > 6.3 Maan Whitney U test respectively, FlGs. 474 and 478).
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[60298] Third, we perforroed the RNA-seq validaton and sensitivity avalyses separately for variants on the
chromosormes used for training and variants oo the rest of the chiromosomes (FiGs. 484 and 488). Although the
network was only trained on reference genomie sequence and splice aunotations, and was not exposed to variant
data during training, we wanted to rule out the possibility of biases in variant predictions arising from the fact that
the network has seen the reference sequence in the training chromosomes. We find that the network performs
equally well on variants from the training and testing chromosomes, with no significant difference in validation rate
or sensitivity (P > 0.05, Fisher Exact test), indicating that the network’s variant predictions are unlikely to be

explained by overfitting the training sequences.

{40259} Predicting cryptic splice variants 18 a more difficult problem than predictug annotated splice junctions,
as reflected by the results of our model as well as other splice prediction algorithims {compare FIG. 37K and FIG.

38G). An important reason 1s the difference 1a the underlying distribution of exon inclusion rates between the two
types of analyses. The vast wajority of GENCODE-annotated exons have strong specificity determinants, resulting
in constinutive splicing and prediction scores near 1 (FIG. 37C). In conirast, most cryptic splice vagants are only
partiaily penetrant (FEGs. 38D and 38K}, have low to intermediate prediction scores, and frequently lead to
alternative splicing with the production of a mixture of both normal and aberrant transcripts. This makes the latter
problem of predicting the effects of cryptic splice variants an intrinsically harder one than identifying annotated
splice sites. Additional factors such as nonsense mediated decay, unaccounted for isoform changes, and limitations

of the RNA-seq assay further contribute to lowering the RNA-seq validation rate (FIGs. 38C and FIG. 45).

Tissue-specific alternative splicing Hrequenily arvises from weak crvptic splice varianis

{0380} Alternative splicing (s a major reode of gene reguiation that serves 1o tacrease the diversity of
transcripts in different tissues and developmental stages, and its dysregulation is associated with discase processes
{Blencowe, 2006; Irimia et al., 2014; Keren et al., 2010; Licatalosi and Darnell, 2006; Wang et al., 2008).
Unexpectedly, we find that the relative usage of novel splice junctions created by cryptic splice mutations can vary

substantially across tissues (FIG. 39A). Moreover, variants that cause tissue-specific differences in splicing are

[

eproduciblc across multiple individuals (FIG. 39B), indicating that tissuc-specific biology likely underlies these
ditferences, rather than stochastic effects. We find that 35% of cryptic splice variauts with weak and intermediate
predicted scores (A Score 0.35 - 0.8) exhibit significant differences 1o the fraction of novmal and aberrant transcripts
produced across tissues (Bonferroni-corrected P < 0.01 for a y? test, FEG. 39C). This contrasted with variants with
high predicted scores (A Score > 0.8}, which were significantly less likely to produce tissue-specific effects (P =
$.015). Our findings align with the earhier observation that alternatively spliced exons tend to have intexmediate
prediction scores (FiG. 37, compared to exous that are coustitutively spliced in or spliced out, which have scores
that are close to ¥ or U, respectively.

{40381} These results support 2 model where tissue-specific factors, such as the chromatio context and binding
of RNA-bilading proteius, roay swing the contest between owo splice junctions that are close 1o favorability
{Gelfiman et al., 2013; Luco et al,, 2010; Shukla et al., 2011; Ule et al., 2003). Strong cryptic splice variants are
likely to fully shift splicing from the normal to the aberrant isoform wrespective of the epigenetic context, whereas
weaker variants bring splice junction selection closer to the decision boundary, resulting in alternative junction
usage in different tissue types and cell contexts. This highlights the unexpected role played by cryptic splice
mutations in generating novel alterpative splicing diversity, as natural selection would then have the opportunity to

preserve mutations that create useful tissue-specific alternative sphicing.
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Predicted crvptic splice varianis are strongly deletericns in huxman populations

[00302] Although predicted cryptic splice variants validate at a high rate in RNA-seq, in many cases the effects
are not fully penetrant and a mixture of both normal and aberrant splice isoforms are produced, raising the
possibility that a fraction of these cryptic splice-aitering variants may not be functionally significant. To explore the
signature of natural selection on predicted cryptic splice variants, we scored each variant present in 60,706 human
exomes from the Exome Aggregation Consortium (ExAC) database (Lek et al., 2016}, and identified variants that
were predicted to alter exon-intron houndanes.
{30363} To measure the extent of negative selection acting on predicted splice-altering variants, we counted the
munber of predicted sphice-altering variants found at common allele frequencies (20.1% in the human population)
and comparad it to the number of predicted splice-altering variants at singleton allele frequencies in ExAC (e in t
out of 60,706 ndividuals). Because of the recent exponential expaasion {o huynan population size, singleton variants
represent recently created mutations that have been minimally filtered by puatying selecoon (Tennessen et al,
2012}, In contrast, cormyaon variants represent a subset of neuteal mutations that have passed through the sieve of
purifying selection. Hence, depletion of predicted splice-altering variants in the common aliele frequency spectrum
relative to singicton variants provides an estimate of the fraction of predicted splice-altering variants that are
deleterious, and therefore functional. To avoid confounding effects on protein-coding sequence, we restricted our
analysis to synonymous variants and intronic variants lying outside the essential GT or AG dinucleotides, excluding
missense mutations that are also predicted o have splice-altering effects.
[B0304] At comumon allele frequencies, confidently predicted cryptic splice vagants {A Score = (.8) are under
strong negative selection, as evidenced by their relative depletion comipared to expectation (FEG. 484). At this
threshold, where most variants are expected to be close to fully penetrant in the RNA-seq data (FIG. 38D),
predicted synonymous and intronic cryptic splice mutations ave depleted by 78% at coramon allele frequencies,
which is comparable with the 825 depletion of frameshift, stop-gain, and essential GT or AG splice-disrupting
varants (F1G. 488). The tapact of neganve selection 1s larger when considering cryptic splice variants that would
cause frameshifts over those that cause in-frame changes (FIG. 40C). The depletion of cryptic splice variants with
frameshift consequence is nearly identical to that of other classes of protein-truncating variation, indicating that the
vast mgjority of confidently-predicted cryptic splice mutations in the near-intronic region (<50 ut from known exon-
intron boundaries) are functional and have strongly deleterious effects in the human population.
[00305] To extend this analysis into deep intronic regions >50 nt from known exon-intron boundaries, we used
aggregated whole genome sequencing data from 15,496 huuans from the Genome Aggregation Database
enomA D) cohort {Lek et al., 2016} to calculate the observed and expected counts of cryptic sphice mutations at

cotmon allele frequencies. Overall, we observe a 56% depletion of comunon cryptic splice mutations {A Scove >

(.8} at 2 distance >50 nt from an exou-intron boundary (FEG. 4813), consistent with greater difficulty in predicting

the wnpact of deep intronic variants, as we had observed n the RNA-seq data.

{04306} We next sought to estimate the potential for erypiie sy autations to conteibute to penetrant genetic
disease, relative to other types of protein-coding variation, by measuring the number of rare cryptic splice mutations
per individual in the gnomAD cohort. Based on the fraction of predicted cryptic splice mutations that are under
negative selection (FEG. 484), the average human carries ~3 rare functional cryptic splice mutations (alicle

frequency <0.1%}, compared to ~11 rare protein-truncating variants (FIG. 40E). Cryptic splice variants outnumber

essential GT or AG splice-disrupting variants roughly 2:1. We caution that a significant fraction of these crypti
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splice variants may oot fully abrogate gene function, erther because they produce in-frame alterations, or because

they do not completely shift splicing to the aberrant isofon

De nove cryptic splice mutations are a major canse of rave genetic disorders

{00307} Large-scale sequencing studies of patients with autism spectrum disorders and severe intellectual
disability have demonstrated the central role of de novo protein-coding mutations {missense, nonsense, framestift,
and essential splice dinvcleotide) that disrupt genes in neurodevelopmental pathways (Fitzgerald et al,, 2015;
Tossitov et al., 2014; McRae et al., 2017; Neale et al., 2012; De Rubels et al,, 2014; Sanders et al., 2012}, To assess
the chuieal impact of noncoding youtations that act through altered splicing, we applied the neural vetwork to predict
the effects of de novo mutations 10 4,293 individuals with intellectual disability from the Deciphering
Developraental Dhsorders cohort (DDD) (McRae et al, 2017), 3,953 individuals with autisra spectruyn disorders
{ASD) from the Simons Simplex Collection (De Rubeis et al., 2014; Sanders et al,, 2012; Turner et al., 2016) and
the Autism Sequencing Consortium, and 2,073 unaffected sibling controls from the Simons Simplex Collection. To
control for differences in de novo variant ascertainment across studies, we normalized the e¢xpected number of de
novo variants such that the mumber of synonymous mutations per individual was the same across cohorts.
[00308] De novo mutations that are predicted to disrupt splicing are enriched 1.51-fold in intellectual disability
(P =0.000416) and 1.30-fold in autisyo spectrum disorder (P = 0.0203) coropared to healthy countrols (A Score 2 0.1,
FIG. 414, FEG. 434, and FiG. 438). Splice-distupting mutations are also significautly euriched in cases versus
controls when considering only synouymous aud intronic mutations (FIG. 434, FIG. 438, and FIG, 4903,
excluding the possibility that the enrichmeunt could be explained solely by mutations with dual protein-coding and
splicing effects. Based on the excess of de nove mutations 1o affected versus unaffected individuals, crypiic splice
mutations are estimated to comprise about 11% of pathogenic mutations in autisio spectnyn disorder, and 9% 14
intellectual disability (FEG. 418), after adjusting for the expected fraction of mutations in regions that lacked
sequencing coverage ot variant ascertainment in each study. Most de nove predicted cryptic splice mutations in
affected individuals had A Scores < 0.5 (FIG. 41C, FIG, S0A, and FIG. 568), and would be expected to produce a
mixture of normal and aberrant transcripts based on variants with similar scores in the GTEx RNA-seq dataset.
[00309] To estimate the enrichment of cryptic splice mutations in candidate disease genes compared to chance,
we calculated the probability of calling a de novo cryptic splice mutation for each individual gene using
trinucleotide context to adjust for mutation rate (Samocha et al., 2014) (Table 84). Combining both cryptic splice
mutations and protein-coding mutations in novel gene discovery yields 5 additional candidate genes associated with
intellectual disabibity and 2 additional genes associated with autisro spectrum disorder (F¥G. 43D and FIG. 45) that
would have been below the discovery threshold (FDR < (.01) when considering only protein-coding mutations

{(Kosmickt et al., 2017; Sanders et al., 2015).

Experimental validation of de nove cryptic splice muiations in autism patients

{00310} We obtained peripheral blood-derived lymphoblastoid cell lines (LCLs) from 36 individuals from the
Stons Siplex Collection, which harbored predicted de nove cryptic sphce mutations in genes with at least ¢

mimimal level of LCL expression (D¢ Rubeis et al., 2014; Saunders et al., 2012); each individual represented the only
case of autisro within their tmmediate family. As 1s the case for wost rare geoetic diseases, the tissue aod cell type of
relevance (presumably developing brain) was not accessible. Heoce, we performed high-depth mRNA sequencing
(~330 million x 150 bp single reads per sample, roughly 10 times the coverage of GTEX) to cornpensate for the

weak expression of many of these transcripts in LCLs. To ensure that we were validating a representative set of
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predicted cryptic splice variands, rather than simply the top predictions, we applied relatively permissive thresholds

{A Score > 0.1 for splice loss vanants and A Score > 0.5 for splice gain variants; STAR methiods) and pecformed
experimental validation on all de novo variants meeting these cuteria.
{0031 1] After excluding 8 individuals who had insufficient ENA-seq coverage at the gene of interest, we
identified unique, aberrant splicing events associated with the predicted de novo cryptic splice mutation in 21 out of
28 patients (FIG, 41E and FIG. 51). These aberrant splicing events were absent from the other 35 individuals for
whom deep LCL RNA-seq was obtained, as well as the 149 individuals from the GTEx cohort. Among the 21
confirmed de novo cryptic splice mutations, we observed 9 cases of novel junction creation, & cases of exon
skipping, and 4 cases of mntron retention, as well as more coruplex splicing aberrations (FEG. 418, FEG. 464, FiG.
468, and FIG. 460}, Seven cases did not show aberrant splicing in LCLs, despite adeguate expression of the
ranscript. Although a subset of these may represent false positive predictions, some cryptic splice mutations may
result in tissue-specific alternative splicing that 1s not observable in LCLs under these experimental conditions.
{40312} The high validation rate of predicted cryptic splice mutations i patients with autisra spectrurmn disorder
(75%;), despite the Hmitations of the RMA-seq assay, indicates that most predictions are functional. However, the
enrichment of de novo eryptic splice variants in cases compared to controls {1.5-fold in DDD and 1.3-fold in ASD,
FIG. 41A) is only 38% of the effect size observed for de novo protein-truncating variants (2.5-fold in DDD, and
1.7-told in ASD) (ossifov et al, 2014; McRae etal., 2017; De Rubeis et al., 2014). This allows us to quantify that
functional cryptic splice mutations have roughly 50% of the clinical penctrance of classic forms of protein-
truncating mutation (stop-gatn, frameshift, and essential splice dinucleotide), on account of many of them only

partially disrupting production of the nommal transcript. Indeed, some of the wost well-characterized cryptic sphice

mutations 1u Mendeban diseases, such as ¢ 315-487>C in FECH (Gouya et al., 2002} and ¢.-32-13T>0G in GAA
(Boerkoel et al., 1995), are hypomorphic alleles associated with yilder phenotype ox later age of onset. The estimate
of clinical penetrance is calculated for all de novo varants meeting a relatively permissive threshold {A Score > 0.1),
and vadants with stronger prediction scores would be expected to have comrespondingly higher penetrance.

[00313] Based on the excess of de novo mutations in cases versus controls across the ASD and DDD cohorts,
250 cases can be explained by de novo cryptic splice mutations compared to 909 cases that can be explained by de
novo protein-truncating variants (FEG. 41B). This is consistent with our earlier estimate of the average number of
rare cryptic splice mutations (~5) conipared to rare protein-iruncating variants {(~1 1) per person in the geperal
population (FIG. 384), once the reduced penctrance of cryptic splice mutations is factored in. The widespread
distribution of cryptic splice mutations across the genome suggests that the fraction of cases explaiued by eryptic

splice mutations in neurcdevelopmental disorders (3-11%, FI1G. 418) s likely to generalize to other rare genetic
1 > Yo

disorders where the primary disease mechauism s loss of the functional protein. To facilitate the interpretation of

splice-altering mutations, we precomputed the A Score predictions for all possible single nucleotide substitutions

genome-wide, and provide them as a resource to the scientific coromunity. We believe that this resource will

provaocte understanding of this previously under-appreciated source of genetic vagation.

Particular Implementations

[00314] We describe systems, methods, and articles of manufacture for using a trained atrous convolutional
uneural network to detect splice sites in & genomic sequence {e.g., 4 nucleotide seguence or an aruino acid sequence).
Oue or more features of an iruplementation can be combined with the base implementation. Iruplementations that
are not routually exclusive are taught to be combinable. One or more features of an tmplementation can be combiued

with other implementations. This disclosure periodically reminds the user of these options. Omission from soroe
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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 nto each of the following
implementations.

{0031 5] This section uses the terms module(s) and stage(s) interchangeably.

{0031 6] A system implementation of the technology disclosed includes one or more processors coupled to the
memory. The memory is loaded with conputer iustructions to train a splice site detector that identifies splice sites in
genomic sequences (e.g., nucleotide sequences).

{00317} As shown in FIG, 36, the system: trains an atrous convolutional neural network {abbreviated ACNN}
on at least 50000 training examples of donor splice sites, at least 30000 trarning exarples of acceptor splice sites,
and at least 100000 training examples of non-splicing sites. Each travmng example 1s a target mucleonde sequence
haviug at least one target nocleotide flanked by at least 20 nucleotides on each side.

[30318] An ACNN 15 a convolutional neural network that uses atrous/dilated convolutions which allow for
large receptive fields with few trainable parameters. Ao atrous/dilated convolution is 2 convolution where the kemel
is applied over an area larger than its length by skipping input values with a certain step, also calied atrous
convolution rate or dilation factor. Atrous/dilated convolutions add spacing between the elements of a convolution
filter/kernel so that neighboring input entries {¢.g., nucicotides, amino acids) at larger intervals are considered when
a convolution operation is performed. This enables incorporation of long-range contextual dependencies in the input.
The atrous convolutions conserve partial convolution calculations for reuse as adjacent nucleotides are processed.
{90319} As stown in FEG. 36, for evaluating a tratmng example using the ACNN, the system provides, as input
to the ACNN, a target nucleotide sequence further flanked by at least 40 vpstream context nuclectides and at least
49 downstream coutext uucleotides.

{30324} As shown 1 FiGz, 38, based oo the evaluation, the ACNN then pmduceg, as output, triplet scores for
likelihood that each nucleotide in the target nucleotide sequence s a donor splice site, an acceptor splice site, or a

non-splicing site.

[00321] This system implementation and other systerns disclosed optionally include one or more of the
following features. System can also include features described in connection with methods disclosed. In the interest

of conciseness, alternative combinations of system features are not individually enumerated. Features applicable to
systems, methods, and articles of manufacture are not repeated for each statutory class set of base features. The
reader will understand how features identified in this section can readily be combined with base features in other
statutory classes.

{40322} As shown 1 FEGs. 25, 26, and 27, the input can comprise a target nucleotide sequence that has a target
nucleotide flanked by 2300 nucleotides on each side. In such an iroplementation, the target oucleotide sequence s
further flasked by 5000 upstream context vucleotides and 5000 downstream context nucleotides.

[60323] The input can comprise a target nucieotide sequence that has a target nucleotide flanked by 100
nucleotides on each side. In such an iraplementation, the target nucleotide sequence is further flanked by 200
upstream context nucleotides and 200 downstream context nucleotides.

{00324} The input can comprise a target nucleotide sequence that has a target nucleotide flanked by 500
nucleotides on each side. In such an implementation, the target nucleotide sequence is further flanked by 1000
upsiream context nucleotides and 1000 downstream context nucleotides.

{0325} As shown 1 FEG. 28, the system can train the ACNN on 150000 training examples of donor splice

sites, 150000 training examples of acceptor splice sites, and 800000000 training examples of non-splicing sites.
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{60326} As shown in FEG. 19, the ACNN can corapuse groups of residual blocks arranged in a sequence from

lowest to highest. Each group of residual blocks (s parameterized by a nuwber of convoluon filters 1o the residual

blocks, a convolution window size of the residual blocks, and an atrous convolution rate of the residual blocks.
{00327} As shown in FIGs. 21, 22, 23, and 24, in the ACNN, the atrous convelution rate progresses non-
exponentially from a lower residual block group to a higher residual block group.

{00328} As shown in FEGs, 21, 22, 23, and 24, in the ACNN, the convolution window size varies between

roups of restdual blocks.

fre]

[00329] The ACNN can be configured to evaluate an input that comprises a target nucleotide sequence further
flanked by 40 upstream context nucleotides and 4¢ dowustream context mucleotides. In such an implementation, the
ACNN includes one group of four residual blocks and at least one skip conunection. Each residual block has 32
convohition filters, 11 convolution window size, and 1 atrous convolution rate. This iraplementation of the ACNN is
referred to herein as “SpliceNet80” and 1s shown in FIG. 21.
{40338} The ACNN can be configured to evaluate an wnput that comprises the target nucleotide sequence
further flanked by 200 upstream context nucleotides and 200 downstrear context nucleotides. In such an
implementation, the ACNN includes at least two groups of four residual blocks and at ieast two skip connections.
FEach residual block in a first group has 32 convolution filters, 11 convolution window size, and | atrous convolution
ate. Bach residual block in a second group has 32 convolution filters, 11 convolution window size, and 4 atrous
conrvolution rate. This implementation of the ACNN is referred to herein as “SpliceNet400” and is shown in FEG.
22
{40331} The ACNN can be configured to evaluate an ruput that comprises a target nucleotide sequence further
flanked by 1000 upstream context nucleotides and 1000 downstream context nucleotides. In such an
mplermentation, the ACNN inchides at least three groups of four residual blocks and at least three skip connections.
Hach residual block o a first group has 32 convolution filters, 11 convolution window size, and | atrous convolution
rate. Hach residual block in a second group has 32 convolution filters, 11 convolution window size, and 4 atrous
convolution rate. Each residual block in a third group has 32 convolution filters, 21 convolution window size, and
19 atrous convolution rate. This implementation of the ACNN {is referred to herein as “SpliceNet2000” and is shown
in FEG. 23.
{00332} The ACNN can be configured to evaluate an input that comprises a target nucleotide sequence further
flanked by 5000 upstream context nucleotides and 5000 downstream context nucleotdes. In such an
implementation, the ACNN includes at least four groups of Tour residual blocks and at least four skip connections.
Hach residual block in a first group has 32 convolution filters, 11 convolution window size, and 1 atrous convolution
rate. Bach residual block 1o a second group has 32 couvolution filters, 1 convolution window size, aud 4 atrous
coovolution rate. Hach residual block 1o a third group bas 32 convolution filters, 21 convolution window size, and
19 atrous convolution rate. Each residual block in a fourth group has 32 convolution filters, 41 convolution window
size, and 25 atrous convolution rate. This implementation of the ACNN is referred to herein as “SpliceNet 1 0060”
and is shown in FIG, 24.
{30333} The triplet scores for each nucleotide in the target nucleotide sequence can be exponentially
normalized to sum to unity. In such an implementation, the system classifies each nucleotide in the target nucleotide
as the donor splice site, the acceptor splice site, or the non-splicing site based on a highest score in the respective
triplet scores.

[B0334] As stown in FEG. 35, dimensionality of the ACNN’s

input can be defived as (C"+ L + Ld) 4, where

C"is a number of upstream context nucleotides, C is a number of downstream context nucleotides, and L is 2
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number of nucleotides in the target nucleotide sequence. In one iraplementation, the diraensionality of the raput (s
{5000 + 3000 + 3000) x 4.

[B0335] As shown in FEG. 35, dimensionahity of the ACNN’s output can be defined as L x 3. Inone
implementation, the dimensionality of the output is 5000 x 3.

{00336} As shown in FIG. 38, cach group of residual blocks can produce an intermnediate output by processing
a preceding input. Dimensionality of the intermediate output can be defined as (I {{W-1} * D} * A} x N, where I i3
dimensionality of the preceding input, W is convolution window size of the residual blocks, D is atrous convolution
rate of the residual blocks, A is a number of atrous convolution layers in the group, and N is a number of
convolution filters 1o the residual blocks.

{90337} As stown in FEG. 32, ACNN batch-wise evaluates the training examples during an epoch. The

raining examples are randomly sampled into batches. Each batch bhas a predetermined bateh size. The ACNN

tterates evaluation of the tratning examples over a plurality of epochs { 1-10).
{40338} The oput can corapise a target oucleotde sequence that has two adjacent target nucleotides. The two

adjacent target nucleotides can be adenine (abbreviated A) and guanine (abbreviated G). The two adjacent target
rucleotides can be guanine (abbreviated G) and uracil (abbreviated U,

[60339] The system includes a one-hot encoder (shown in FiG. 29) that sparsely encodes the training examples
and provides one-hot encodings as input.

[00340] The ACNN can be parameterized by a number of residual blocks, a number of skip connections, and a
number of residual conpections.

{40341} The ACNN can comprise dimensionality altering convolution layers that reshape spatial and feature
dimensions of a preceding put.

{30342} As showa ju FIG, 28, each residual block can comprise at least one batch normalization layer, at least
one rectified linear unit (abbreviated Rel.1} layer, at least one atrous convolution layer, and at least oue residual
coonection. To such an implementation, each restdual block corapases two batch normalizaton layers, two Rel.l
non-linearity layers, two atrous convolution lavers, and one residual connection.

[30343] Other implementations may include a non-transitory computer readable storage medium storing
instructions executable by a processor to perform actions of the system described above. Yet another

implementation may include a method performing actions of the system described above.

{0344} Ancther system implementation of the of the techinology disclosed inchudes 4 tratned splice site
predictor that runs on numercus processors operating in parallel and coupled to memory. The system trains an atrous
convolutional neural network (abbreviated ACKNNY, munning ou the nurmerous processors, oo at least 50000 training
examples of dovor splice sites, at feast 50000 raining examples of acceptor splice sttes, and at teast 160000 traiming
examples of non-splicing sites. Each of the training examples used m the training is a mucleotide sequence that
includes a target nucleotide flanked by at least 400 nucleotides on each side.

[30345] The systern includes an input stage of the ACNN which runs on at least one of the numerous
processors and feeds an input sequence of at east 801 nucleotides for evaluation of target nucleotides. Each target
nucleotide 1s flanked by at least 400 nucleotides on each side. In other implementations, the system includes an input
module of the ACNN which runs on at least one of the numerous processors and feeds an input sequence of at least
801 nucleotides for evaluation of target nucleotides.

{0346} The systern jucludes an output stage of the ACNN which tuus on at least oue of the numercus
processors and transiates analysis by the ACNN into classification scores for likelihood that each of the target

nucleotides is a donor splice site, an acceptor splice site, or a non-splicing site. {n other iruplercentations, the systeya
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includes an output module of the ACNN which rues oo at least ove of the numerous processors and translates
analysis by the ACNN into classification scores for likelihood that each of the target oucleotdes 1s a donor splice

site, an acceptor splice site, or a non-splicing site.

{00347} 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.

[00348] The ACNN can be trained on 150000 training examples of donor splice sites, 150000 training
examples of acceptor splice sites, and 800000000 training exaniples of non-splicing sites. In another implementation
of the systern, the ACNN comprises groups of restdual blocks arranged in a sequence from lowest o highest. Iu vet

another implementation of the system, each group of residual blocks is parameterized by a mumber of convolution
Y

filters in the residual blocks, & convolution window size of the residual blocks, and an atrous convolution rate of the
residual blocks.

{40349} The ACNN can coraprise groups of residual blocks atranged in a sequence from lowest to highest.
Each group of residual blocks is parameterized by a number of conveolution filters in the residual blocks, a
convolution window size of the residual blocks, and an atrous convolution rate of the residual blocks.

[60350] In the ACNN, the atrous convolution rate progresses non-exponentially from a lower residual block
group to a higher residual block group. Also in the ACKNN, the convolution window size varies between groups of

residual blocks.

{00351} The ACNN can be trained on one or more training servers, as shown in FIG. 18,
$9352 The trained ACNN can be deployed on one or more production servers that receive input sequences
Y ¥

frora requesting clients, as shown in FEG. 18, Iu such an implementation, the production servers process the input
sequences through the input and output stages of the ACNN to produce outputs that are transmitted to the clients, as
shown in FEG. 18, In other implementanons, the production secvers process the input sequences through the input
and output reodules of the ACNN to produce outputs that are transmitted to the cheots, as showa w FEG, 18,
[60353] Other implementations may include a non-transitory computer readable storage medium storing
instructions executable by a processor to perform actions of the system described above. Yet another
implementation may include a method performing actions of the system described above.

{00354} A method iplementation of the technology disclosed includes training a splice site detector that
identifies splice sites 1o genomic sequences {e.g., nucleotide sequences).

[BH355] The method inchides feeding, an atrous convolutional neural network {abbreviated ACNN), an input
sequence of at least 801 nucleotides for evaluation of target nuclectides that are each flanked by at least 400
nucleotides on each side.

{40356} The ACNN s trajued on at ieast 536000 training examples of donor sphee sites, at least 50000 training

examples of acceptor splice sites, and at least 100000 training examples of non-splicing sites. Each of the training
examples used in the traimung i3 a nucleotide sequence that includes a target nucleotide flanked by at icast 400
nucleotides on each side.

{00357} The method further includes translating analysis by the ACNN into classification scores for likelihood
that cach of the target nucleotides is a donor splice site, an acceptor splice site, or a non-splicing site.

[30358] Each of the features discussed in this particular implementation section for the first system
inplernentation apply equally to this method nopleraentation. As indicated above, all the syster features are not

repeated here and should be considered repeated by reference.
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[0359] Other implementations roay include a non-transttory computer readable storage mediurs storing
structions executable by a processor to perform the raethod described above. Yet another implementation may
include a syster ncluding raeyaory and one or more processors operable to execute nstructions, stored in the
memory, to perform the method described above.

[00360] We describe systems, methods, and articles of manufacture for using a trained atrous convolutional
neural network to detect aberrant splicing in genomic sequences (e.g., nucleotide sequences}). One or more features
of an implementation can be combined with the base nuplementation. Tmplementations that are not mutually

cxeclusive are taught to be combinable. One or more features of an implementation can be combined with other

inplernentations. This disclosure periodically reminds the user of these options. Cumssion from some

implementations of recitations that repeat these optious shovid not be taken as hmiting the combinations taught in
the preceding sections — these recitations are hereby meorporated forward by reference into each of the following
implementations.

{40361} A systera implernentation of the technology disclosed 1ucludes one or rore processors coupled to the
memory. The memory is loaded with computer 1nstructions to implement an aberrant splicing detector running on
TUIMerous processors operating in parailel and coupled to memory.

[00362] As shown in FIG. 34, the system includes a trained atrous convolutional neural network (abbreviated
ACNN) running on the numerous processors. An ACNN is a convolutional neural network that uses atrous/dilated
conrvolutions which allow for large receptive fields with few trainable parameters. An atrous/dilated convolution is a
convolution where the kernel is applied over an area larger than its length by skipping ruput values with a certain
step, also called atrous convolution rate or dilation factor. Atrous/dilated convolotions add spacing between the

elernents of a convolution filter/keruel so that neighboring input entries (e.g., nucleotides, amino acids) at larger

ntervals are considered when a coovolution operation s pecformed. This enables incorporation of long-range
contextual dependencies in the input. The atrous convolutions conserve partial convolution caleulations for reuse as
adjacent nucleotides are processed.

[00363] As shown in FIG. 34, the ACNN classifies target nucleotides in an input sequence and assigns splice
site scores for likelihood that cach of the target nucleotides is a donor splice site, an acceptor splice site, or a non-
splicing site. The input sequence comprises at least 801 nucleotides and each target nucleotide is flanked by at leas
400 nucleotides on each side.

{§0364] As shown 1 FEG. 34, the system also includes a classifier, runuing on at least one of the nuroerous
processors, that processes a reference sequence and a vanant sequence through the ACNN to produce splice site
seores for a hikelihood that each target nucleotide in the reference sequence and in the variant sequence 18 4 donor
splice site, an acceptor splice site, or a non-splicing stte. The reference sequence and the variant sequence each have
at least (01 target nucleotides and each target nucleotide is flanked by at least 400 nucleotides on each side. ¥iG. 33
depicts a reference sequence and an alternative/variant sequence.

[80365] As shown in FIG. 34, the system then determines, from differences in the splice site scores of the
target nucleotides in the reference sequence and in the variant sequence, whether a variant that generated the variant

X

sequence causes aberrant splicing and is therefore pathogenic.

[30366] This system implementation and other systems disclosed optionally include one or more of the
following features. System can also include features described in connection with methods disclosed. In the interest
of conciseness, alternative comnbinations of system features are not individually enumerated. Features applicable to

ystems, methods, and articles of manufacture are not repeated for each statutory 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.

{80367} As shown in FIG. 34, the differences in the splice site scores can be determined position-wise between

the target nucleotides in the reference sequence and in the variant sequence.

[00368] As shown in FIG. 34, for at least one target nucleotide position, when a global maximum difference in

the splice site scores is above a predetermined threshold, the ACNN classifies the variant as causing aberrant

splicing and therefore pathogenic.

{00369} As shown in FIG. 17, for at least one target mucleotide position, when a global maxinmum difference in

the splice site scores 1s below a predetermined threstiold, the ACNN classifies the variant as not causing aberrant
splicing and therefore benign.

{40370 The threshold can be determined from for a plurality of candidate thresholds. This includes processing

a first set of reference and vasaot sequence pairs generated by benign coramon vagants to produce a first set of

abereant splicing detections, processing a second set of reference and variant sequence pairs generated by pathogenic

rare variants to produce a second set of aberrant splicing detections, and selecting at least one threshold, for use by
the classifier, that maximizes a count of aberrant splicing detections in the second set and minimizes a count of
aberrant splicing detections in the first set.

{00371} In one implementation, the ACNN identities variants that cause autism spectrum disorder (abbreviated
ASD). In another implementation, the ACNN identifies variants that cause developmental delay disorder
{abbreviated DD},

{40372} As shown 1 FEG. 36, the reference sequence and the variant sequence can each have at least 101
target nueleotides and each target nucleotide can be flanked by at least 5000 nucleotides on each side.

{40373} As showa ju FIG. 36, the splice site scores of the taxget nucleotides i the reference sequence can be
encaded 1 a fiest output of the ACNN and the splice site scores of the target nucleotides 1n the variant sequence can
be encoded in a second output of the ACNN. In one implercentation, the first output 1s encoded as a first 101 x 3
matrix and the second output is encoded as a second 101 x 3 matrix.

{00374} As shown in FIG. 36, in such an implementation, each row in the first 101 x 3 matrix uniquely
represents splice site scores for a likelihood that a target nucleotide in the reference sequence is a donor splice site,
an acceptor splice site, or a non-splicing site.

{40375} As shown 1 FEG. 36, also in such an iroplementation, each row 1o the second 101 2 3 matoix uniguely
represents splice site scores for a likelihood that a target nucleotide 1o the variant sequence is a donor splice site, an
acceptor splice site, or a non-sphicing site.

{84376} As shown in FEG. 36, 1o some iroplementations, splice site scores in each row of the first 101 x 3
matrix and the second 101 x 3 yatax cao be exponenally normalized to sum to unity.

[00377] As shown in FIG. 36, the classifier can perform a row-to-row comparison of the first 101 % 3 matrix
and the second 101 x 3 matrix and determine, on a row-wise basis, changes in distribution of splice site scores. For
at least one instance of the row-~to-row comparison, when the change in distribution is above a predetermined
threshold, the ACNN classifies the variant as causing aberrant splicing and therefore pathogenic.

[60378] The system includes a one-hot encoder (shown in FIG, 29) that sparsely encodes the reference
sequence and the variant sequence.

{40379} Fach of the features discussed in this particular jmplernentation section for other system and method
implementations apply equally to this system implementation. As indicated above, all the system features are nuot

repeated bere and should be cousidered repeated by reference.
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{60380} 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.
{00381} A method implementation of the technology disclosed includes detecting genomic variants that cause

aberrant splicing.

{00382} The method includes processing a reference sequence through an atrous convolutional neural network

{(abbreviated ACNN) trained to detect differential splicing patterns in a target sub-sequence of an input sequence by
classifying each nucleotide in the target sub-sequence as a donor splice site, an acceptor splice site, or a non-splicing

site.

{30383} The method includes, based on the processing, detecting a first differential sphcing pattern in a

reference target sub-sequence by classifying each nucleotide in the reference target sub-sequence as a donor splice

site, an acceptor splice site, or a non-splicing site.

{40384} The method 1ocludes processing a variant sequence through the ACNN. The variant sequence and the

reference sequence differ by at least one variant nucleotide located in a variant target sub-sequence.

[00385] The method includes, based on the processing, detecting a second differential splicing pattern in the

variant target sub-sequence by classifying each nucleotide in the variant target sub-sequence as a donor splice site,

an acceptor splice site, or a non-splicing site.

{00386} The method includes determining a difference between the first differential splicing pattern and the

second differential sphcing pattern by comparing, on a nucleotide-by-nucleotide basis, splice site classifications of

the reference target sub-sequence and the variant target sub-sequence.

{80387} When the difference 18 above a predeteriuined threshold, the wethod inelodes classifying the variant as

causing aberraat splicing and therefore pathogenic and storing the classificason in memory.

[60388] Hach of the features discussed 1o this particular taplementation section for other system and method

implernentations apply equally to this method iplersentation. As indicated above, all the systern features are not

repeated here and should be considered repeated by reference.

[00389] A differential splicing pattern can identify positional distribution of occurrence of splicing events in a

target sub-sequence. Examples of splicing events include at least one of cryptic splicing, exon skipping, mutually

exclusive exons, alternative donor site, alternative acceptor site, and intron retention.

{0350} The reference target sub-sequence and the variant target sub-sequence can be aligned with respect to

nuclentide positions and can differ by the at least one variant nuclectide.

{40391} The reference target sub-sequence and the variant target sub-sequence can each have at least 40

nucleotides and can each be flavked by at least 40 oucleotides on each side.

{40392} The reference target sub-sequence and the variant target sub-sequence cag each have at least 101

nucleotides and can each be flanked by at least 5060 nucleotides on each side.

{30393} The variant target sub-sequence can include two variants.
[0(394] Other implementations may include a non-transitory computer readable storage medium storing

instructions executable by a processor o 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.

[50395] We deseribe systems, methods, and articles of manufacture for using a trained convolutional neural
uetwork to detect splice sites and aberrant spliciug in genomic sequences (e.g., nucleotide sequences). One or more

eatures of an rapleraentation can be combined with the base implementation. Iropleraentations that are uot
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wutually exclusive are taught to be corabinable. One or more feamures of an iraplementation 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 incorporated forward by reference into each of the following
implementations.

{00396} A system implementation of the technology disclosed includes one or more processors coupled to the
memory. The memory is loaded with computer instructions to train a splice site detector that identifies splice sites in
genonte sequences (e.g., nucleotide sequences).

{50397} The syster trains a convolutional neural network (abbreviated CNN) on at least 30000 trarning

examples of donor splice sites, at least 50000 training examples of acceptor splice sites, and at teast 100000 training

examples of non-splicing sites. Hach trajuing example 18 & target nucleotide sequence having at least one target

nucleotide flanked by at least 20 nucleotides on each side.

{40398} For evaluating a training example ustag the CNN, the system provides, as foput to the CNN, a target

nucleotide sequence further flanked by at least 40 upsiream context nucleotides and at least 40 downstream context

nucleotides.

[60399] Based on the evaluation, the CNN then produces, as output, triplet scores for likelihood that each

nucleotide in the target nucleotide sequence 1s a donor splice site, an acceptor splice site, or a non-splicing site.

[30400] This system implementation and other systems disclosed optionally include one or more of the

following features. Systern can also include features described in counection with methods disclosed. In the interest

of conciseness, alternative cormnbinations of system features are not individually enumerated. Features applicable to
ysterns, methods, and articles of manufactore are not repeated for cach statutory class set of base features, The

reader will understand how features ideatified o this section can readily be corabined with base features in othe

statutory classes.

{40401} The oput can corapuise a target oucleotide sequence that has a target sucleotide flanked by 100

nucleotides on each side. In such an implementation, the target nucleotide sequence is further flanked by 200

upsiream context nucleotides and 200 downstream context nucleotides.

[00402] As shown in FIG. 28, the system can train the CKNN on 150000 training exaniples of donor splice sites,

150000 training examples of acceptor splice sites, and 1600000 training examples of non-splicing sites.

{00403} As shown 1o FIG. 31, the ONN can be parameterized by a number of convolution layers, a number of

convolution filters, and a number of subsarupling layers {e.g., max pooling and average pooling).

[00404] As shown 1o FIG. 31, the ONN can mcelude one or more fully-connected layers and a terminal

classification layer.

{30405} The CNN can comprise dunensionality altegog convohition layers that reshape spatial and feature

dimeunsions of a preceding input.

{30406} The tripiet scores for each nucleotide in the target nucleotide sequence can be exponentially

norrmalized to sum to unity. In such an implementation, the system classifies each nucleotide in the target nucleotide

as the donor splice site, the acceptor splice site, or the non-splicing site based on a highest score in the respective

triplet scores.

[00407] As shown in FEG, 32, CNN batch-wise evaluates the training examples during an epoch. The training

examples are randoraly sarmpled into batches. Fach batch has a predetermined batch size. The CNN iterates

evaloation of the training examples over a plurality of epochs (e.g., 1-10).
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wcent target nucleotides. The two

[30408] The input can comprise a target nucleotide sequence that bas two adj
adjacent target nucleotides can be adenine (abbreviated A) and guanine (abbreviated G}. The two adjacent target
nucleotides can be guanine (abbreviated () and weacd {abbreviated U).
1 system includes a one-hot encoder (s in FIG. 32) that sparsely encodes the traini ampies
#0409 The systemn includes a one-hot encoder (shown inn FIG. 32) that sparsely encodes the training examples
and provides one-hot encodings as input.
The CNN can be parameteri er of resid ocks nber of skip ¢ 11013 1s
404190 The CNN can be parameterized by a number of residual blocks, a number of skip connections, and a
number of residual connections.
{0041 1] Each residual block can comprise at least one batch normalization layer, at least one rectified linear
unit (abbreviated ReLU) layer, at least one dimensionality altering layer, and at least one residual connection. Bach

residual block can conprise two batch normalization layers, two Bel U non-linearity layers, two dimensionality

altering layers, and one residual connection.

{00412} Hach of the features discussed 1o this particular taplementation section for other system and method
inplernentations apply equally to this system iraplementation. As indicated above, all the systeya features are not
repeated here and should be considered repeated by reference.

[00413] Other implementations may include a non-transitory computer readable storage medium storing
instructions executable by a processor to perform actions of the system described above. Yet another
implementation may include a method performing actions of the system described above.

[00414] Ancther system implementation of the of the technology disclosed inchudes a trained splice site
predictor that runs on numercus processors operating in parallel and coupled to memory, The system trains a
convolutional neural network (abbreviated CNN), ronuing on the numerous processors, on at least 30000 training
examples of donor splice sites, at least 50000 training examples of acceptor splice sites, and at teast 100000 training
examples of non-splicing sites. Each of the training examples used m the training is a mucleotide sequence that
includes a target nucleotide flanked by at least 400 nucleotides on each side.

{30415} The systera jucludes an input stage of the CNN which s oo at least one of the numerous processors
and feeds an input sequence of at feast 801 nucleotides for evaluation of target nucleotides. Each target nucleotide is
flanked by at least 400 nucicotides on each side. In other implementations, the system includes an input module of
the CINN which runs on at [east one of the numerous processors and feeds an input sequence of at least 801
nucleotides for evaluation of target nucleotides.

{0416} The systen jucludes an output stage of the CNN which runs on at least one of the numerous processors
and transiates analysis by the CNN into classification scores for likelibood that each of the target nucleotides 1s a
donor splice site, an acceptor splice site, or a non-spliciag site. In other implementations, the system includes an
output raodule of the CNN which runs oo at least one of the numerous processors and translates analysis by the
CNN into classification scores for hikelihood that each of the target nucleotides 1s a donor splice site, an acceptor
splice site, or a non-splicing site.

[00417] Each of the features discussed in this particuiar implementation section for other systern and method
implementations apply equaily to this system implementation. As indicated above, all the system features are not

repeated here and should be considered repeated by reference.

§0418 The CNN can be trained on 150000 training examplces of donor splice sites, 150000 training examples

3 1=} &

of acceptor splice sites, and 800000000 training examples of non-splicing sites.

{50419} The CNN can be trained on one or more training servers.

S8428 The trained UNN can be deployed on one or more production servers that receive mput sequences from
¥ [ )

requesting chents. Tn such an ymplementation, the production servers process the input sequences through the input
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and output stages of the CNN to produce cutputs that are trausmitted to the clients. In other ruplementations, the
production servers process the input sequences through the input and output outputs of the CNN to produce outputs
that are tragsmitted to the clients.

{00421} Other implementations may include a non-transitory computer readable storage medium storing
instructions executable by a processor to perform actions of the system described above. Yet another
implementation may include a method performing actions of the system described above.

[00422] A method implementation of the techmology disclosed includes training a splice site detector that
identifies splice sites in genoniic sequences (¢.g., nucleotide sequences). The method includes feeding, a
convolutional neural network (abbreviated CNN), an input sequence of at least 801 nucleotides for evaluation of
target nucleotides that are each flanked by at least 400 nucleotides on each side.

{0423} The ONN is trained on at least 50000 training examples of donor splice sites, at least 50000 traimng

examples of acceptor sphce sites, and at least 100000 training examples of non-splicing sites. Fach of the training
examples used 1n the traimug s 3 vucleotide sequence that includes a tacget nucleotide flanked by at least 400
nucleotides on each side.

{80424} The method further includes transiating analysis by the CNN 1nto classification scores for likelihood
that cach of the target nucleotides is a donor splice site, an acceptor splice site, or a non-splicing site.

[30425] Each of the features discussed in this particular implementation section for other system and method
implementations apply equally to this method implementation. As indicated above, all the system features are not
repeated here and should be considered repeated by reference.

{0426} Crther iroplementations may nclude a von-trausitory computer readable storage medinm storing
mstructions executable by a processor to perform the method described above. Yet another iroplementation may
include a system including memory and one or yaore processors operable to execute nstructions, stored 1a the
wmemory, to perform the method described above.

{0427} Yet another system tmplementation of the technology disclosed includes one or more processors

ple memory. T emory is lo /it wputer tnstructions to implement an aberrant sp
coupled to the memory. The memory is loaded with computer instructions to implement an aberrant splicin

+

detector running on numerous processors operating in parallel and coupled to memory.

[00428] The systen includes a trained convolutional neural network (abbreviated CNNJ running on the
TIUNETOUS PIrOCESSOTs.

[40429] As shown 1 FEG. 34, the CNN classiBes target nucleotides in an input sequence and assigns splice site
scores for likelihood that each of the target nucleotides 18 a donor splice site, an aceeptor sphice site, or 4 non-
splictng site. The input sequence comprises at least 801 nucleotides and each target nucleotide is flanked by at least
400 nucleotides on each side.

{04361 As showu ju FIG. 34, the system also includes a classifier, runuing on at least one of the nuraerous
processors, that processes a reference sequence and a variant sequence through the CNN to produce splice site
scores for a likelihood that each target nucleotide in the reference sequence and in the variant sequence is a donor
splice site, an acceptor splice site, or a non-splicing site. The reference sequence and the variant sequence each have
at least 101 target nucleotides and each target nucleotide 1s flanked by at least 400 nucleotides on each side.

{00431} As shown in FIG. 34, the system then determines, from differences in the splice site scores of the
target nucleotides in the reference sequence and in the variant sequence, whether a variant that generated the variant

SSqUENCe Causes aberrant Q"‘}a( mng and 18 therefore .,athoae'uc
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{30432} Hach of the features discussed 1o this particular taplementation section for other system and method
inplernentations apply equally to this system iraplementation. As indicated above, all the systeya features are not
repeated here and should be considered repeated by reference.

[30433] The differences in the splice site scores can be determined position-wise between the target nucieotides
in the reference sequence and in the variant sequenc

[30434] For at least one target nucleotide position, when a global maximum difference in the splice site scores

X

i3 above a predetermined threshold, the CNN classifies the variant as causing aberrant splicing and therefore

pathogenic.

{0435} For at least one target nuckeotide position, when & global maximum difference in the splice site scores
is below a predetermined threshold, the CNN classifies the vanant as not causing aberrant splicing and therefore
bemgn.

30436} The threshold can be determined froxo for a plurality of candidate thresholds. This 1ncludes processing
a first set of reference and variant sequence pairs generated by benign common variants to produce a first set of
aberrant splicing detections, processing a second set of reference and variant sequence pairs generated by pathogenic
rare varants to produce a second set of aberrant splicing detections, and selecting at least one threshold, for use by
the classifier, that maximizes a count of aberrant splicing detections in the second set and minimizes a count of
aberrant splicing detections in the first set.

{30437} In one implementation, the CNN identifies variants that cause autism spectrum disorder (abbreviated
ASD. Inanother implementation, the CNN identifies variants that cause developmental delay disorder (abbreviated
DPD).

{30438} The reference sequence aud the vanant sequence can each have at least 101 target nucleotides and each
target nucleotide can be flanked by at least {000 nucleotides on each side.

[60439] The splice site scores of the target nucleotides in the reference sequence can be encoded ina first
output of the CNN and the splice site scores of the target nucleotides m the variant sequence can be encoded ina
second output of the CNN. In one implementation, the first output is encoded as a first 101 x 3 matrix and the
second output is encoded as a second 101 x 3 matrix.

[00440] In such an implementation, each row in the first 101 x 3 mairiz uniquely represents splice site scores
for a likelihood that a target nucleotide in the reference sequence is a donor splice site, an acceptor splice site, or a
non-splicing site.

{30441} Also in such an tmplementation, each row in the second 161 x 3 matrix uniguely represents splice site
seores for a bkelihood that a target nucleotide in the variant sequence 18 4 donor splice site, an acceptor splice site,
or a non-splicing site.

{40442} In sorae implementations, splice site scores in each row of the fixst 101 x 3 yoatex and the second 101
% 3 matrix can be exponentiaily normalized to sum to unity.

[30443] The classifier can perform a row-to-row comparison of the first 101 x 3 matrix and the second 101 x 3
matrix and determyine, on a row-wise basis, changes in distribution of splice site scores. For at least one instance of
the row-to~row comparison, when the change in distribution is above a predetermined threshold, the CNN classifies
the variant as causing aberrant splicing and thercfore pathogenic.

{80444} The systemn includes a one-hot encoder (shown in FIG. 29) that sparsely encodes the reference

sequence and the variant sequence.
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[00445] 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.
[30446] A method implementation of the technology disclosed includes detecting genomic variants that cause

aberrant splicing.

{00447} The method includes processing a reference sequence through an atrous convolutional neural network

(abbreviated CNN} trained to detect differential splicing patterns in a target sub-sequence of an input sequence by
classifying each nucleotide in the target sub-sequence as a donor splice site, an acceptor splice site, or a non-splicing

site.

{30448} The method includes, based on the processing, detecting a first differential sphcing pattern in a
reference target sub-sequence by classifying each nucleotide in the reference target sub-sequence as a donor splice
site, an acceptor splice site, or a non-splicing site.

{40449} The method 1ocludes processing a variant sequence through the CNN. The variaot sequence and the
reference sequence differ by at least one variant nucleotide located in a variant target sub-sequence.

[00450] The method includes, based on the processing, detecting a second differential splicing pattern in the
variant target sub-sequence by classifying each nucleotide in the variant target sub-sequence as a donor splice site,
an acceptor splice site, or a non-splicing site.

[00451] The method includes determining a difference between the first differential splicing pattern and the
second differential sphcing pattern by comparing, on a nucleotide-by-nucleotide basis, splice site classifications of
the reference target sub-sequence and the variant target sub-sequence.

{30452} When the difference 18 above a predeteriuined threshold, the method ineludes classifying the variant as
causing aberraat splicing and therefore pathogenic and storing the classificason in memory.

[0453] Hach of the features discussed 1o this particular taplementation section for other system and method
implernentations apply equally to this method uplersentation. As indicated above, all the systern features are not
repeated here and should be considered repeated by reference.

[30454] A differential splicing pattern can identify positional distribution of occurrence of splicing events ina

[t

t sub-sequence. Examples of splicing eve clude 2 (o0 skipping, mutia
target sub-seguence. Examples of splicin ts include at least one of cryptic splicing, exon skipping, mutually
exclusive exons, alternative donor site, alternative acceptor site, and intron retention.

{10455} The reference target sub-sequence and the variant target sub-sequence can be aligned with respect to
nuclentide positions and can differ by the at least one variant nuclectide.

{10456} The reference target sub-sequence and the variant target sub-sequence can each have at least 40
nucleotides and can each be flavked by at least 40 oucleotides on each side.

{ 7 The reference target sub-sequence and the vartant tacg b-seq e cag each have at least

H0457 The reference target sub-sequence and the variant target sub-sequence cag each have at least 101

nucleotides and can each be flanked by at least 1060 nucleotides on each side.

[30458] The variant target sub-sequence can include two variants.
[0(459] 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.

{0460} The preceding description is preseuted o enable the making and use of the technology disclosed.
YVarious ruodifications to the disclosed implementations will be apparent, and the general principles debned herein

may be applied to other implementations aud applicatons without departing froro the spirit and scope of the
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techoology disclosed. Thus, the technology disclosed 1s not wtended to be limited to the implementations showa,
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.

Per-Gene Enriclunent Analvsis

[00461] FIG. 57 shows one implementation of per-gene enrichment analysis. In one implementation, the
aberrant splicing detector s further configured to 1mpleruent a per-gene envichruent analysis which deterroines
pathogenicity of variants that bave been determmed to cause aberrant splicing. For a particular gene sampled from a
cohort of individuals with a genetic disorder, the per-gene eurichiment analysis includes applying the trained ACNN
to 1dentify candidate variants 1o the particular gene that cause aberant spliciog, determining a baseline sumber of
wutations for the particular gene based ou summiag observed trinucleotide mutation rates of the candidate vartants
and multiplying the sum with a transmission count and a size of the cohort, applying the trained ACNN to identify
de novo variants in the particular gene that cause aberrant splicing, and comparing the baseline number of mutations
with a count of the de novo variants. Based on an output of the comparison, the per-gene enrichment analysis
determines that the particular gene is associated with the genetic disorder and that the de novo variants are
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).

{30462} Tu the example shown i FiG. 87, five candidate variauts in a particular gene have been clas

using aberrant splicing by the aberrant spliciug detector. These five candidate variants have respective observed

trinucleotide mutation rates of LG 107 107, 16°, and 10°. The baseline rumnber of mutations for the partcular gene

is determined o be 107 based on sumiming the respective observed trinucleotide mutation rates of the five candidate
variants aad axultiplyiog the suro with a transraission/chromosome count {2) and a size of the cohort (1000). This is
then compared with the de nove variant count (3).

[00463] In some implementations, the aberrant splicing detector is further configured to perform the
comparison using a stafistical test that produces a p-value as the output.

[00464] In other implementations, the aberrant splicing detector is further configured to compare the baseline
number of mutations with the count of the de novo variants, and based on the output of the conparison determine
that the particular gene 18 not associated with the genetic disorder and that the de novo variants are benign.

{30465} Tu one implementation, at least sore of the candidate vanauts are protein-truncating variants.

{0466} in ancther suplementation, at least some of the candidate vanants are missense variants.

{zenome-Wide Enrichment Analysis

{00467} FIG, 58 shows one implementation of genome-wide enrichinent analysis. In another implementation,
the aberrant splicing detector is further configured to implement a genome-wide enrichment analysis which
determines pathogenicity of variants that have been determined to cause aberrant splicing. The genome-wide
enrichment analysis includes applying the frained ACNN {o identify a first set of de novo variants that cause
aberrant spliciag in a plorality of genes sampled from a cobort of healthy individuals, applying the trained ACNN to
identify a secoud set of de novo variants that cause aberrant splicing in the plurality of genes sampled from a cohort
of individuals with a genetic disorder, and comparing respective counts of the first and second sets, and based on an
output of the comparison deteraining that the second set of de novo variauts are enriched in the cobort of

individuals with the genetic disorder and therefore pathogenic. In sorae implementations, the genetic disorder 18
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autism spectrum disorder (abbreviated ASD). To other implementations, the genetic disorder (s developmental delay

disorder (abbreviated DDD).

[30468] o some iroplementations, the abereant spheing detector 1s further configured to perform the
onmrparison using a statistical test that produces a p-value as the output. In one implementation, the comparison can

be further parametrized by respective cohort sizes.

[30469] In some pmplementations, the aberrant splicing detector is further configured to compare the respective

counts of the first and second sets, and based on the output of the comparison determining that the second set of d

noveo variants are not enriched in the cobort of individuals with the genetic disorder and therefore benign.

{40470} In the example shown in FEG. 58, mutation rate in the healthy cohort (8.001) and rwtation rate

aftected cohort (0.004) is ihustrated, along with per-individual mutation ration (4},
Discussion

[00471] Despite the limited diagnostic yield of exome sequencing in patients with severe genetic disorders,
clinical sequencing has focused on rare coding nutations, largely disregarding variation in the noncoding genome
due to the difficulty of interpretation. Here we introduce a deep learning network that accurately predicts splicing
from primary nucleotide sequence, thereby identifying noncoding mutations that distupt the normal patterning of
exons and introns with severe consequences on the resulting protein. We show that predicted cryptic splice
mutations validate at a high rate by RN A-seq, are strongly deleterious in the human population, and are 2 major
use of rare genetic disease.
(00472} By usiog the deep learmuog network as au /n silico yaodel of the spliceosorue, we were able to
recoastruct the specificity deteroinauts that enable the spliceosome to achieve its remarkable precision in vive. We
reaffirnm many of the discoveries that were made over the past four decades of research into splicing mechanisms
and show that the spliceosome 1ntegrates a large number of short- and long-range specificity deternminants in its
decisions. In particular, we find that the perceived degeneracy of most splice motifs is explained by the presence of
long-range determinants such as exon/intron lengths and mucleosome positioning, which more than compensate and

k]

render additional specificity at the motif level unnecessary. Our findings demonstrate the promiise of deep learning
madels for providing biological insights, rather than merely serving as black box classifiers.

{40473} Deep learning s a relatively new techuique in biology, and is not without potential trade-ofts. By
learning to automatically extract features from sequence, deep learning models can utlize novel sequence
determinants oot well-described by huynan experts, but there s also the risk that the yeodel] may 1ocorporate feanues
that do not reflect the true behavior of the spliceosome. These irrelevant features could increase the apparent
accuracy of predicting anootated exon-intron boundaries, but would reduce the accuracy of predicting the splice-
altering effects of arbitrary sequence changes induced by genetic variation. Because aceurate prediction of variants
provides the strongest evidence that the model can generalize to true biology, we provide validation of predicted
splice-altering variants using three fully orthogonal methods: RNA-seq, natural selection in human populations, and
enrichment of de novo variants in case vs control cobiorts. While this does not fully preclude the incorporation of
irrelevant features into the model, the resulting model appears faithfil enough to the rue biology of splicing to be of
significaut value for practical applications such as identifying cryptic splice mutations in patients with genetic
diseases.

{30474} Compared to other classes of protein-truncating mutations, a particularty interesting aspect of cryptic
splice mutations 18 the widespread phenomenon of alternative splicing due to tncompletely penetrant splice-altering

variants, which tend to weaken canonical splice sites relative to alternative splice sites, resulting 1o the production of
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a mixture of both aberrant and normal traascripts in the RNA-seq data. The observation that these variants

frequently drive tissue-specific alternative spliciag highlights the unexpected role played by cryptic splice mutations
i generating vovel altemative splicing diversity. A potential future divection would be to trata deep learniog models
on splice junction annotations from RNA-seq of the relevant tissue, thereby obtaining tissue-specific models of
alternative splicing. Tratning the network on annotations derived directly from RINA-seq data also helps to fill gaps
in the GENCODE annotations, which iiproves the performance of the model on variant prediction (FIGs, 524 and
52B).
[30475] Our understanding of how mutations in the noncoding genome lead to human disease remains far from
complete. The discovery of penetrant de novo eryptic sphice ymutations in childhood neurodevelopmental disorders
dernonstrates that improved 1aterpretation of the noncoding genome can directly benefit patieuts with severe genetic
disorders. Cryptie sphce mutations also play rajor roles in cancer (Jung et al., 2015; Sanz et al., 2010; Supek et al.,
2014), and recurrent somatic rautations in splice factors bave been shown to produce widespread alterations 1o
splictog specificity (Graubert et al., 2012; Shirat et al., 2015; Yoshida et al., 201 1), Much work remains to be done
to understand regulation of splicing in different tissues and cellular contexts, particularly in the event of mutations
that directly impact proteins in the spliceosome. In light of recent advances in oligonucicotide therapy that could
potentially target splicing defects in a sequence-specific manner (Finkel et al., 2017}, greater understanding of the
egulatory mechanisms that govern this remarkable process could pave the way for novel candidates for therapeutic
intervention.
{80476} FiGs. 37A, 378, 37C, 378, 37K, 37F, 37, and 37H illustrate one implementation of predicting
splictng from primary sequence with deep leaming.
{80477} Regarding FEG. 374, for cach position in the pre-mRNA trauseript, SpliceNet-10k vses 10,000
nucleotides of flanking sequence as mput and predicts whether that position is a splice acceptor, donor, or nerther.
[60478] Regardiag FEG. 378, the full pre-;mBNA transcript for the CFTR geoe scored using Max EntScan (top)
and SpliceMet-10k (bottom) 18 shown, along with predicted acceptor (red arrows)y and donor {green arrows} sttes and
the actual positions of the exons (black boxes). For each method, we applied the threshold that made the number of
predicted sites equal to the total number of actual sites.
{30479} Regarding FEG. 37C, for each exon, we measured the inclusion rate of the exon on RNA-seq and show
the SpliceNet-10k score distribution for exons at different inclusion rates. Shown are the maximum of the exon’s
acceptor and donor scores.
{30480} Regarding FEG. 370, tmipact of in sifico mutating each nocleotide around exon 9 1 the U2SURP gene.
The vertical size of each nucleotide shows the decrease in the predicted strength of the acceptor site (black arrow)
when that nucleotide is mutated (A Score).
{40481} Regarding FEG. 37, effect of the size of the 1oput sequence context on the aceuracy of the network.
Top-k accuracy 1s the fraction of correctly predicted splice sites at the threshold where the number of predicted sites
is equal to the actual number of sites present. PR-AUC is the area under the precision-recall curve. We also show the
top-k accuracy and PR-AUC for three other algorithms for splice-site detection.
{00482} Regarding FEG. 37E, relationship between exon/intron length and the strength of the adjoining splice
sites, as predicted by SpliceNet-80nt (local motif score) and SpliceNet-10k. The genome-wide distributions of exon
length (yellow) and intron length (pink) are shown in the background. The x-axis is in log-scale.
{0483} Regarding FEG. 37, a pair of splice acceptor and douor wotifs, placed 1506 nt apart, are walked along
the HMGCR gene. Shown are, at each position, K562 nucleosome signal aud the hkelibood of the pair forming au

exon at that positiog, as predicted by SpliceMet-10k.
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[30484] Regardiag FEG. 37H, average K562 and GMI2878 nucleosome signal near private youtations that ace
predicted by the SpliceNet-10k model to create novel exons in the GTEx cobort. The p-value by pegantation test is
shown,

[B0485] FiGs. 38A, 388, 38C, 38D, 38K, 38F, and 38 depict one implementation of validation of rare
cryptic splice mutations in RNA-seq data

{30486} Regarding FEG. 3I8A, to assess the splice-altering impact of a mutation, SpliceNet-10k predicts
acceptor and donor scores at each position in the pre~-mBNA sequence of the gene with and without the mutation, as
shown here for rs397515893, a pathogenic cryptic splice variant in the MYBPC3 intron associated with
cavdiorayopathy. The A Score value for the mutation is the largest change in splice prediction scores within 50 nt
fror the variant.

{0487} Regarding FEG. 388, we scored private genetic varlants (observed 1o only one out of 149 individuals
in the GTEx cohort) with the SpliceNet-10k model. Shown are the encichment of private variants predicted to alter
splictog (A Score > 0.2, blue) or to have no effect on splicing (A Score < 0.01, red} in the vicinity of private exon
skipping junctions (top) or private acceptor and donor sites {bottorn). The y-axis shows the number of times a
private splice event and a nearby private genetic variant co-occur in the same individual, compared to expected
numbers obtained through permutations.

[00438] Regarding FIG. 38C, example of a heterozygous synonymous variant in PYGB that creates a novel
donor site with inconmplete penetrance. RNA-seq coverage, junction read counts, and the positions of junctions (blue
and grey arrows} are shown for the ndividual with the variant and a control 1ndividual. The effect size s computed
as the difference in the usage of the novel junction (AC) between individuals with the variant and ndividuals
without the vanant. o the stacked bar graph below, we show the number of reads with the reference or altemate

»

allele that used the anuotated or the novel juoction (oo spliciag

o

and “novel junction” respectively}). The total
number of reference weads differed significantly frox the total nuruber of alternate reads (P = 0.018, Binoyaial test),
suggesting that 60% of trascripts spliciog at the novel junction are yoissing in the RNA-seq data, presumably due to
nonsense mediated decay {NMD).

{00489} Regarding FEG. 38D, fraction of cryptic splice mutations predicted by the SpliceNet-10k model that
validated against the GTEx RINA-seg data. The validation rate of disruptions of essential acceptor or donor
dinucleotides (dashed line}) is less than 100% due to coverage and nonsense mediated decay.

[40450] Regarding FEG. 38K, distribution of effect sizes for validated cryptic splice predictions. The dashed

line (50%;) corresponds to the expected effect size of fully penetrant heterozygous variants. The measured effect size
of esseutial acceptor or donor dinucleotide disruptions is less than 50% due 1o nonsense-mediated decay or
unaccounted-for isoform changes.

{40491} Regarding FEG. 38F, sensitivity of SpliceNet-10k at detecting splice-altering puvate vagants in the

1

GTEX cohort at different A Score cutoffs. Variants are split into deep introunic variants (>50 nt from exons) and
variants near exons {overlapping exons or <50 nt from exon-intron boundaries).

{00492} Regarding FEG. 38G, validation rate and sensitivity of SpliceNet-10k and three other methods for
splice site prediction at different confidence cutoffs. The three dots on the SpliceNet-10k curve show the
performance of SpliceNet-10k at A Score cutofts of 0.2, .5, and 0.8, For the other three algorithms, the three dots
on the curve indicate their performance at the thresholds where they predict the same number of cryptic splice
variants as SpliceNet-10k at A Score cutofts of 0.2, 0.5, and 0.8.

{30493} FiGs. 384, 388, and 33C show one implementation of cryptic splice variants frequently create tissue-

specific alternative spliciug,
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[30494] Regarding FBG. 394, example of a heterozygous exonic vaviant in CDC238 which creates a novel
donor site. The variant is private to a stogle wndividual 1o the GTEX cohort and exhibits tissue-specific alteroative
splicing that favors a greater fraction of the vovel splice 1soform in muscle compared to fibroblasts (P = 0.006 by
Fisher’s exact test). RNA-seq coverage, junction read counts, and the positions of junctions (blue and grey arrows)
are shown for the individual with the variant and a control individual, in both muscle and fibroblasts.

{304 95] Regarding FEG. 39B, example of a heterozygous exonic acceptor-creating variant in FAMZ29B which
exhibits consistent tissuc-specific effects across all three individuals in the GTEX cohort who harbor the variant.
RNA-seq for artery and hung are shown for the three individuals with the variant and a control individual.

{10456} Regarding FEG. 38, fracton of splice site-creating vanants in the GTEx cohort that are associated
with significantly non-umforia usage of the novel junction across expressing tissues, evaloated by the chi-square test
for homogeneity. Validated cryptic splice variants with low to imtermediate A Score values were more likely to
result in ssue-specific alternative splicing (P = 0.015, Fisher Exact test).

{30497} FiGs. 404, 408, 40C, 40D, and 48K depict one mmplerentation of predicted cryptic splice variants are
strongly deleterious in human populations.

{304 98] Regarding FEG. 484, synonymous and intronic variants (<50 nt from known exon-intron boundaries
and excluding the essential GT or AG dinucleotides) with confidently predicted splice-altering effects (A Score >
0.8} are strongly depleted at common allele frequencies (20.1%) in the human population relative to rare variants
observed only once in 60,706 individuals. The 4.58 odds ratio (P < 10777 by chi-square test) indicates that 78% of
recently arising predicted cryptic splice variants are sufficiently deleterious to be removed by natural selection.
[00459] Regarding FEG. 408, fraction of protein-truncating variants and predicted synonymous and intronic
cryptic splice vanants in the ExAC dataset that are deleterious, caleolated as in (A).

LTI Regarding FEG. 48, fraction of synonymous and wtronic cryptic splice gain vanants in the HxAC

Is

re deleterious {A Score = (.8), split based on whether the variant is expected to cause a frameshift or

o
&
=
o]
&)
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101,

{40501} Regarding FEG. 48D, fracton of protein-truncating variants and predicted deep wtronie (50 it from
knowa exon-totron boundanes} cryptic sphce varants in the guomAD dataset that are deleterious.

{40502} Regarding FIG. 48, average nurober of rave (allele frequency < 8.1%) protelo-truncating variants and
rare functional cryptic splice variants per individual human genome. The number of cryptic splice mutations that are
expected to be functional is estimated based on the fraction of predictions that are deleterious. The total mumber of
predictions is higher.

{60503} FIGs. 414, 418, 41C, 41D, 41E, and 41F show one implementation of de novo cryptic splice
mutations in patients with rare genetic disease.

{30504} Regarding FEG. 41A, predicted cryptic splice de novo mutations per person for patients from the
Deciphering Developruental Ensorders eotiort (DDD), individuals with autismo spectrum disorders {ASD) from the
Simoens Simplex Collection and the Autism Sequencing Couasortiurg, as well as bealthy controls. Eorichment in the
DD and ASD coborts above healthy controls s shown, adjusting for variant ascetfainment between coborts. Ereor
bars show 95% confidence wtervals.

[B0505] Regarding FIG. 41B, estimated proportion of pathogenic de nove mutations by functional category for
the DDD and ASD cohorts, based on the enrichment of each category compared to healthy controls.

[00506] Regarding FEG. 41C, enrichment and excess of cryptic splice de novo mutations in the DDD and ASD

cohorts compared to healthy controls at different A Score thresholds.
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[B0547] Regarding FIG. 41D, list of novel candidate disease genes enniched for de nove mutations 1o the DDD
and ASD coborts (FDR < §6.01), when predicted cryptic splice mutations were 1achuded together with protein-coding
wmutations 1o the earichment analysis. Phenotypes that were present o multiple individuals are showa.

[B0508] Regarding FEG. 41E, three examples of predicted de novo cryptic splice mutations in autism patients
that validate on ENA-seq, resulting in intron retention, exon skipping, and exon extension, respectively. For each
cxample, RNA-seq coverage and junction counts for the affected individual are shown at the top, and a control
individual without the mutation is shown at the bottom. Sequences are shown on the sense strand with respect to the
transcription of the gene. Blue and grey arvows demarcate the positions of the junctions in the individual with the
variant and the control individual respectively.

{B0549] Regarding FEG. 41F, validation status for 36 predicted cryptic splice sites selected for experimnental

validation by RNA-seq.

EXPERIMENTAL MODEL AND SUBIECT DETAIELS

{00510} Subject details for the 36 autism patients were previously released by lossifov et al, Nature 2014

(Table S1}, and can be cross-referenced using the anonyniized identifiers in Column 1 of Table $4 in our paper.
METHOD DETAILS

L. Deep learning for splice prediciion

SpliceNet architecture

{0051 1] We trained several ultra-deep convolutional neural network-based models to computationally predict
splictng from pre-mBNA mucleotide sequence. We designed four architectores, namely, SpliceNet-80nt, SpliceNet-
400nt, SpliceNet-2k and SpliceNet-10k, which use 40, 200, 1,000 and 5,000 nucieotides on each side of a position

of uterest as wput respectively, and output the probability of the position being a splice acceptor and donor. More
precisely, the input to the wodels is a sequence of one-bot encoded nucleotides, where A, C, G and T (or
equvalently U} are encoded as [1, §, 6, 0], [G, 1, 0, 0], [0, 0, 1, 0} and [0, 0, 8, {] respectively and the output of the
wmadels cousists of three scores which sum to oge, correspounding to the probability of the position of interest being a
splice acceptor, splice donor and neither.

[00512] The basic unit of the SpliceNet architectures is a residual block (He et al., 2016b), which consists of

batch-normalization layers (Iofie and Szegedy, 2015), rectified linear units (Rel U}, and convolutional units

organized in a specific mamner (FIGs. 21, 22, 23, and 24). Residual blocks are commonly used when designing deep
neural networks. Prior to the development of residual blocks, deep neural networks consisting of many
convolutional umts stacked one after the other were very difficult to train due to the problem of exploding/vamshing
gradients (Glorot and Bengio, 2010}, and increasing the depth of such neural networks often resulted o a higher
traruing ervor (He et al, 20164}, Through a comprehensive set of computational experiments, architectures
consistiag of many residual blocks stacked one atter the other were shown to overcome these issues (He et al.,
2016a).

[00513] The complete SpliceNet architectures are provided in FiGs. 21, 22, 23, and 24. The architectures
cousist of K stacked residual blocks connecting the input layer to the penultimate layer, and a convolutional unit
with softmax activation coonecting the peouliimate layer to the output layer. The residual blocks are stacked such

I[h

that the output of the *" residual bloek is connected to the input of the { + residual block. Further, the output of
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every fourth residual block is added to the oput of the penultimate layer. Such “skip congections” are coramonly
used 10 deep neural networks to ncrease convergence speed during tratoing {Ooxd et al,, 2016).
{0051 4] Hach residual block has three hyper-parameters N, W and U, where N denotes the nuraber of
convohitional kernels, W denotes the window size and D denotes the dilation rate (Yu and Koltun, 2016) of each
convolutional kernel. Since a convolutional kemel of window size W and dilation rate [ extracts features spanning
(W — 13D neighboring positions, a residual block with hyper-parameters N, W and D extracts features spanning
Z{W 13D neighboring positions. Hence, the total neighbor span of the SpheeNet architectures is given by

= 3K 2(W, — 1D, where Ny, W, and D; are the hyper-parameters of the " residual block. For SpliceNet-80nt,
SpliceNet-400nt, SpliceNet-2k and SpliceNet-10k architectures, the number of residual blocks and the hyper-
parameters for each residual block were chosen so that § s equal to 80, 400, 2,000 and 10,000 respecuvely.
{0051 5] The SpliceNet architectures only have normalization and noo-linear activation units i addition to
convolutional units. Consequently, the models can be used in a sequence-to-sequence mode with variable sequence
length {Oord et al., 2616). For exampie, the input to the SpliceNet-10k model {S = 10,000} is a one-hot encoded
nucleotide sequence of length $/2 + 1 + 5/2, and the output (s an I X 3 matrix, corresponding to the three scores of
the I central positions 1u the input, i.e., the positons rexnainiag after excluding the ficst and last 5/2 nucleotides.
This feature can be leveraged to obtain 2 tremendous arcount of computational saving during trainiog as well as
testing. This is due to the fact that raost of the computations for pasitions which are close to each other are common,
and the shared coraputations need to be doue only once by the raodels wheun they are used (o a sequence-to-seguence
mode.
[B0516] Our models 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, ntersperacd with skip

connections that allow information from earlie

4]

fayers to skip over residual blocks. In each residual block, the input
layer is first batch normalized, followed by an activation layer using rectified linear units (ReL U}, The activation is
then passed through a 11 convolution layer. This ntermediate output from the 10 convolution layer is again batch
normalized and RelU activated, followed by ancther 1D convolution layer. At the end of the second 1D
convolution, we sumined its output with the original toput into the residual block, which acts as a skip counection by
allowing the original input information to bypass the residual block. T such an architecture, termed a deep residual
learnming network by its authors, the waput (s preserved 1o its original state and the residual coonections are kept free
of nonbinear activasons from the model, allowing effective traming of deeper networks.

[00517] Following the residual blocks, the softmax layer computes probabilities of the three states for each
amino acid, among which the largest softmax probability determines the state of the amino acid. The model is

trained with aceumulated categorical cross entropy loss function for the whole protein sequence using the ADAM
optintizer.

[00518] Atrous/dilated convolutions allow for large receptive fields with few trainable parameters. An
atrous/dilated convolotion is a convolution where the kemel is applied over an arvea larger thau its length by skipping
nput values with a certain step, also called atrous convolution rate or dilation tactor. Atrous/dilated convolotions
add spacing between the elements of a convolution filter/kernel so that neighboring 1oput entaes {e.g., nucleotides,
arpino acids) at larger intervals are considered when a convolution operation 1 performed. This enables

incorporation of long-range countextual dependencies 1o the nput. The atrous convolutions conserve partial

convolution calculations for reuse as adjacent nucleotides are processed.
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[60519] The ithustrated example uses 1D convolutions. {n other iraplementations, the model can use different
types of convolutions such as 2D convolutions, 3D convolutions, dilated or atrous couvolutions, ransposed
convolutions, separable convolutons, and depthwise separable convolusons. Some layers also use Rel U activagon
function which greatly accelerates the convergence of stochastic gradient descent compared to saturating
nonlincarities such as sigmoid or hyperbolic tangent. Gther examples of activation functions that can be used by the
technology disclosed include parametric RelU, leaky Rel U, and exponential linear unit (ELU).

[00520] Some layers also use batch normalization (Ioffe and Szegedy 2015}, Regarding batch normalization,
distribution of each layer in a convolution neural network (CNN}) changes during training and it varies from one
layer to another. This reduces the convergence spead of the optimization algorithm. Bateh novualization is a
techmque to overcorue this problem. Denoting the raput of a batch normalization layer with x and its output using z,

batch normalization applies the following transformation on x;

{00521} Batch norraalization applies roean-variance normabization on the jnput X using p and o and linearly
scales and shifts 1t using v aad . The normalization pararoeters p and o are computed for the current laver over the
training set using a method called exponential moving average. In other words, they are not trainable parameters. In
contrast, v and B are trainable parameters. The values for y and o calculated during training are used in forward pass

during inference.

Model training and testing

{40522} We downloaded the GENCODE {Harvow et al., 2012) V24137 gene annotavon table from the UCSC
table browser aad extracted 20,287 protein~-coding gene annotations, selecting the principal transcript when raultiple
isaforms were available. We reraoved genes which did not have any splice junctions and split the remaining into
training and test set genes as follows: The genes which belonged to chromosomes 2, 4, 6, 8, 10-22, X and Y were
used for training the models (13,384 genes, 130,796 donor-acceptor pairs). We randomly chose 10% of the training
genes and used them for determining the point for early-stopping during training, and the rest were used for training
the models. For testing the models, we used genes from chromosomes 1, 3, 5, 7 and 9 which did not have any
paralogs (1,652 genes, 14,289 donor-acceptor pairs). To this end, we referred to the buman gene paralog list from
tittp://grehi37 . ensembl.org/biomartuartview.

[H0523] We used the following procedure to train aud test the models 10 2 sequence-to-sequence mode with
chunks of size { = 5,000. For each gene, the uRNA transcnpt sequence between the canomceal franscription start

and end sites was extracted from the bgl 9/GRCH37 assembly. The input roRNA transeript sequence was one-hot

encoded as follows: A, €, G, T/U mapped to { £, 0,0, 01, 10, 1, 0, G4, [0, 0, 1, €], [G, G, 0, 1] respectively. The one-hot
encoded nucleotide sequence was zero-padded until the length became a mulople of 5,000, and then further zero-
padded at the start and the end with a flanking sequence of length 572, where § is equal to 80, 400, 2,000 and
16,000 for SpliceNet-80ut, SpliceNet-400nt, SpliceNet-2k and SpliceNet-10k models respectively, The padded
wcleotide sequence was then split into blocks of length §/2 + 5,000 + §/2 in such a way that the {** block
consisted of the nucleotide positions from 5,000( — 1) — 5/2 + 1 to 5,000{ + 5/2. Similarly, the splice output

label sequence was one-tiot encoded as follows: not a splice site, splice acceptor (first nucleotide of the

and [0, 0, 1] respectively. The one-hot encoded splice output label sequence was zem~padded until the length
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became a nultiple of 5,000, and then spiit into blocks of length 5,000 in such a way that the i*® block consisted of
the positions from 5,000({ — 1) + 1 to 5,000:. The one-hot encoded nucleotide sequence and the corresponding
one-hot encoded label sequence were used as inputs to the model and target outputs of the model respectively.
[00524] The models were trained for 10 epochs with a batch size of 12 on two NVIDIA GeForce GTX 1680 Ti
GPUs. Categorical cross-entropy loss between the target and predicted outputs was minimized using Adam
optimizer (Kingma and Ba, 2015) during training. The learning rate of the optimizer was set to 0.001 for the first 6
epochs, and then reduced by a factor of 2 in every subsequent epoch. For each architecture, we repeated the training
procedure S tirues and obtained S trained models (FiGs. 834 and 838). Dunog testing, each ioput was evaluvated
using all § tratned models and the average of their outputs was used as the predicted output. We used these models
for the analyses in FYGs. 37A and other related figures.
[B0525] For the analyses 16 FEGs. 38A-G, 38A-C, 40A-F, aud 41 A-F involving identification of splice-altering
varants, we augmented the rajning set of GENCODE anootations to also include novel splice junciions coramonly
observed w the GTHEX cohort on chromosoraes 2, 4, 6, 8, 10-22, X, Y {67,012 splice donors and 62,911 splice
ceptors). This increased the number of splice junction annotations in the training set by ~50%. Training the
network on the combined dataset improved the sensitivity of detecting splice-altering vanants in the RNA-seq data
conpared to the network trained on GENCODE annotations alone (FIGs. 52A and 528), particularly for predicting
deep intronic splice-altering variants, and we used this network for the analyses involving evaluation of variants
(FEGs. 38A-G, 33A-C, 40A-E, and 41A-F and related fignres). To ensure that the GTEx RNA-seq dataset did not
contain overlap between training and evaluation, we only included junctions that were present in 5 or more
individuals in the training dataset, and only evaloated the performance of the network on variaats that were present
it 4 or fewer. Details of novel splice junction identification are described in “Detection of splice junctions” under

the GTHEx analysis section of the methods.
Yop-k accuracy

{00526} An accuracy meiric like the percentage of positions classified correctly is largely ineffective due to the
fact that most of the positions are not splice sites. We instead evaluated the models using two metrics that are
effective o such settings, namely, top-4 accuracy and area under the precision-recall curve. The top-& accuracy for &
particular class 1s defined as follows: Suppose the test set has & positions that belong to the class. We choose the
threshold so that exactly & test set positions are predicted as belongiog to the class. The fraction of these b predicted
postgons that truly belong to the class 1s reported as the top-k accuracy. Indeed, this is equal to the precision when

the threshold is chiosen so that precision and recall bave the same value.
Model evaluation on lincRMNAs

{00827} We obtained a list of all lincRNA transcripts based on the GENCODE V241ifi37 annotations. Unlike
protein-coding genes, hucRNAs are not assigned a principal franseript 1o the GENCODE anuotations. To mimmize
redundancy in the validason set, we identified the transcript with the longest total exonic sequence per lucRNA
gene, and called this the canonical transeript for the gene. Since HocRNA annotations are expected to be less reliable
thaa annotations for protein-coding genes, and such raisanpotations would affect our estimates of top-k accuracy, we
used the GTEx data to eliminate ineRNAs with potential annotation issues {see section “Analyses oo the GTHEx

dataset” below for details on these data}. For each lincRNA, we counted all split reads that mapped across the length

iy

of the lincRNA across all GTEx samples (see “Detection of splice junctions™ below for details). This was an

estimate of the total junction-spanning reads of the lincRNA that used either annotated or novel junctions. We also
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counted the number of reads that spaoned junctions of the cavounical transcript. We ouly coosidered lineRNAs for
which at least 35% of junction-spanuing reads across all GTHx samples corresponded to the canonical transeript.

We also required all juncuons of the canonical transeript to be observed at least once in the GTEx cohort (exchuding
Jjunctions that spanned introns of length < 10 nt}. For computing top-4 accuracy, we only considered the junctions of

the canonical transcripts of the lincRMAs that passed the filters above (781 transcripts, 1047 junctions).

Identifving splice junctions from pre-mRNA seguence

{60528} In FEG. 378, we compare the performance of MaxlintScan and SpliceNet-10k with respect to
identifying the canonical exon boundaries of 2 gene from its sequence. We used the CFTR gene, which is (o owr test
set and has 26 canonical splice acceptors and dotors, as a case study and obtatned an acceptor and donor score for
each of the 188,703 positions from the canounical transcription stact site (chr7:117,120,017) to the canonical
transeription end site (chr7:117,308,719) using MaxEntScan and SpliceNet-10k. A position was classified as a
splice acceptor or donor if its corresponding score was greater than the threshold chosen while evaluating the top-k
accuracy. MaxEntScan predicted 49 splice acceptors and 22 splice donors, out of which 9 and 5 are true splice
acceptors and donors respectively. For the sake of better visualization, we show the pre-log scores of MaxEntScan
{clipped to a maxtmum of 2,500). SpliceNet-10k predicted 26 splice acceptors and 26 splice donors, all of which are

correct. For FEG. 428, we repeated the analysis vsing the LINCG0467 gene.

Estimation of exon inclusion af CGENCODE-annotated splice junctions

ey

#0529] We cormnputed the inciusion rate of all GENCODE-annotated exons from the GTEx RNA-seq data
(FEG. 37C). For cach exon, exeluding the first and last exon of each gene, we computed the inclusion rate as:
(L+RY/2

[80536] where L is the total read count of the junction from the previous canonical exon to the exon under
consideration across all GTEx samples, R is the total xread count of the junction fron the exon under consideragon to
the next canonical exon, and S 1s the total read covut of the skipping junction from the previous to the pext canouical

CXon.

Significance of various nucleotides fowards splice site recognition

[00531] In FIG. 37D, we identify the nucleotides that are considered immportant by SpliceNet-10k towards the
classification of a position as a splice acceptor. To this end, we considered the sp'iice acceptor at chr3:142,740,192 in
the U2ZSURP gene, which is in our test set. The “importance score” of a nucleotide with respect to a splice acceptor
is defined as follows: Let 5, denote the acceptor score of the splice acceptor under consideration. The acceptor
score is recaleulated by replaciag the nucleotide under cousideration with A, C, G and T. Let these scores be

fenoted by 54, S,., 3¢ and s respectively. The importance score of the nucleotide is estirnated as

4+ Sc+sg + Sy
Sref - 4
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{30532} This procedure is often referred to as in-silico mutagenesis (Zhou and Troyauskaya, 2015}, We plot
{27 vucleotides from che3: 142,740,137 to ¢br3:142,740,263 in such a way that the height of each nucleotide is uts
importance score with yespect to the splice acceptor at che3:142,740,192. The plotting function was adapted from

DeepLIFT (Shrikumar et al., 2017) software.

Effect of TACTAAC and GAAGAA motiis on splicing

{30533} Tu order to study the impact of the position of the branch point sequence on acceptor strength, we fiest
obtained the acceptor scores of the 14,289 test set splice acceptors using SpliceNet-10k. Let v,..r denote the vector
containing these scores. For each value of { ranging from 0 to 100, we did the following: For each test set splice
acceptor, we replaced the nucleotides from i to I — 6 positions before the splice acceptor by TACTAAC and
recomputed the acceptor score using SpliceNet-10k. The vector containing these scores is denoted by ¥au ;.

We plot the following guantity as a function of { in F1G, 434

mean(yal{.;i - yref}‘

[B0534] For FEG. 438, we repeated the same procedure using the SR-protein motif GAAGAA. In this case, we
also studied the irapact of the motif when present after the splice acceptor as well as the impact on donor strength.

GAAGAA and TACTAAC were the motifs with the greatest impact on acceptor and donor strength, basedona

comprehensive search in the k-mer space.

Role of exon and intron lengzths in splicing

{30535} To study the effect of exou length on splicing, we filtered out the test set exous which were either the
first or last exon. This filtering step removed 1,652 out of the 14,289 exons. We sorted the remaining 12,637 exons
i the order of increasing length. For each of thern, we calculated a spliciog score by averaging the acceptor score at
the splice acceptor site and the donor score at the splice donor site using SpliceNet-80ut. We plot the splicing scores
as a function of exon length 1o FIG. 37F. Before plotting, we applied the following sraoothing procedure: Let x
denote the vector containing the lengths of the exons, and v denote the vector containing their corresponding
splicing scores. We smoothed both x and y using an averaging window of size 2,500.

{00536} We repeated this analysis by calculating the splicing scores using SpliceNet-10k. In the background,
we show the histogram of the lengths of the 12,637 exons considered for this analysis. We applied a similar analysis
to study the effect of intron length on splicing, with the main difference being that it was not necessary to exclude

the first and last exons.

Rele of mucleosomes in splicing

{00537} We downloaded nucleosome data for the K362 cell line from the UCSC genome browser. We used the
HMGR gene, which is in our test set, as an anccdotal example to demonstrate the impact of nucleosome positioning
on SpliceNet-10k score. For each position p in the gene, we calculated its “planted splicing score” as follows:
¢ The 8 nucleotides from positions p+74 to p+81 were replaced by & donor motif AGGTAAGG.
e The 4 nucleotides from positions p-78 to p-75 were replaced by an acceptor motif TAGG.
e  The 20 nucleotides from positions p-98 to p-79 were replaced by a poly-pyrimidine tract
CCTCCTTTTICCTCGCOCTC.

e The 7 nucleotides from positons p-1035 to p-99 were replaced by a branch point sequence CACTAAL.
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e  The average of the acceptor score at p-75 and donor score at p+75 predicted by SpliceNet-10k is used as
the planted splicing score.
[30538] The K562 nucleosome signal as well as the planted splicing score for the 5,000 positions from
chr5:74,652,154 1o chr5:74,657,153 is shown in FIG. 37G.
[30539] To calculate the genome-wide Spearman correlation between these two tracks, we randomly chose one
niillion intergenic positions wlich were at least 100,000 nt away from all canonical genes. For each of these

A

positions, we calculated its plauted splicing score as well as its average K 562 nuclessome signal (window size of 30

was used for averaging). The correlation between these two values across the one million positions 18 shown in FIG.
376G, We further sub-classified these positions based ou their GC content (estimated using the nucleotides 1o
between the planted acceptor and donor motifs) with a bin size of (.02. We show the genome-wide Spearman
correlation for each bin in FIG. 44A.
[00540] For each of the 14,289 test set splice acceptors, we exiracted nucleosome data within 50 nucleotides on
each side and calculated its nucleosome enrichment as the average signal on the exon side divided by the average
signal on the intron side. We sorted the splice acceptors in the increasing order of their nucleosome enrichment and
calculated their acceptor scores using SpliceNet-80nt. The acceptor scores are plotted as a function of nucleosome
enrichment in FIG. 44B. Before plotting, the smoothing procedure used in FEG. 37F was applied. We repeated this

analysis using SpliceNet-10k and also for the 14,289 test set sphice donors.

Enrickoment of nucleosome sional af wovel exons

[00541] For FIG. 37H, we wanted to look at the nucleosome signal around predicted novel exons. To ensure
that we were looking at highly confident novel exons, we only selected singleton variants (variants present in a
single GTEx individual) where the predicted gained junction was entirely private to the individual with the variant.
Additionally, to remiove confounding effects from: nearby exons, we only locked at intronic variants at least 750 nt

away from anuotated exons. We downloaded nucleosome signals for the GMI12878 and K562 cell lines from the

UCST browser and extracted the nucleosore signal within 750 ut from each of the predicted novel acceptor or

} vectors for variants

donor sites. We averaged the nucleosome signal between the two cell bues and flipped the s
that overlapped genes ou the negative strand. We shifted the signal from acceptor sites by 70 nt to the right and the
signal frovo donor sites by 70 nt to the left. After shifting, the sucleosome signal for both acceptor and donor sites
was centered at the middic of an idealized exon of length 140 nt, which is the median length of exons in the
GENCODE v19 amnotations. We finally averaged ali shifted signals and smoothed the resuiting signal by computing
the mean within an i nt window centered at cach position.

{00542} To test for an agsociation, we selected random singleton SNVs, that were at least 750 nt away from
anuotated exons and were pradicted by the model to have no effect on sphicing (A Score < (.01). We created 1000
random samples of such SNVs, each sample having as many SNVs as the set of splice-site gain sites that were used

2

for FIG. 37H (128 sites). For each random sample, we computed a smoothed average signal as described above.
Sinee the random SNVs were not predicted to create novel exons, we centered the uncleosome signal from each
SNV at the SNV itselt and randomly shifted either 70 ut to the left or 70 nt to the right. We then corapared the
nucleosome signal at the middle base of FEG. 37H to the signals obtained frora the 1000 simulations at that base. An
eropirical p-value was coraputed as the fraction of simulated sets that had a moiddle value greater or equal to that

observed for the splice-site gain variants.
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Robustuess of the sefwork to differences in exon density

[30543] To vestigate the generalizability of the network’s predictions, we evaluated SpliceNet-10k in regions
of varying e¢xon density. We first separated the test set positions into 3 categories depending on the number of
canonical exons present in a 10,000 nuclectide window (5,000 nucleotides on each side) (FI1G. 54). To ensure that
the exon count is an integral value for each position, we used the numiber of ¢xon starts present in the window as a
surrogate. For each category, we calculated the top-k accuracy and the area under the precision-recall curve. The

1,

number of positions and the valve of & is different for different categories (detailed in the table below).

Exon count # Positions # Splice acceptors # Splice donors
1 exon 15,870,045 1,712 1,878
2 exons 10,030,710 2,294 2,209
3 exons 6,927,885 2,351 2,273
4 exons 4,621,341 2,095 2,042
> 5 exous 7,247,582 5,679 5,582

Robustness of the network for each of the five models in the ensemble

[0544] Tramng multiple raodels and vsing the average of their predictions as the output 18 4 common strategy
in machiee learmug to obtam better predictive performmance, referred to as ensemble fearning. Ju FYG. 334, we show
the top-k aceuracies and the area vuder the precision-recall curves of the 5 SphceNet-10k models we trained to
construct the ensemble. The results clearly demonstrate the stability of the trainiog process

[B0545] We also calculated the Pearson correlation between their predictions. Since most positions in the
genorme arce not splice sites, the correlation between the predictions of most models would be close to 1, rendering
the analysis meaningless. To overcome this issue, we only considered those positions in the test set which were
assigned an acceptor or donor score greater than or equal to §.01 by at least one model. This criterion was satisfied

by

[¥4]

3,272 positions (approximately equal number of splice sites and non-splice sites). The results are summarized in
FIG. 83B. The very high Pearson correlation between the predictions of the models further illusirate their
robustness.

{0546} We show the effect of the number of models used to construct the ensembie on the performance in
FBG. S3C. The results show that the performance bruproves as the number of ruodels increases, with diminishing

TEMIMS,

1. Analvses on the GTEx RNA-seq dataset

A Score of a single nuclcotide variant
{00547} We guantified the splicing change due to a single nucleotide variant as follows: We first used the
reference nucleotide and calculated the acceptor and donor scores for 101 positions around the variant (50 positions

n each side). Suppose these scores are denoted by the vectors a,.., and d,..¢ respectively. We then used the

—

alternate nucleotide and recalculated the acceptor and donor scotes. Let these scores be denoted by the vectors a,y

and d,;, respectively.
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We evaluated the following four guantites:
A Score (acceptor gain) = max(um a,,ef}
A Score (acceptor loss) = max{d,ep = @y )
AScore (donor gain) = max(dy; — dyef )

- - 1 e AY
A Score {donor oss) = max(d,.; — dyy )

{00548} The maximum of these four acores is referred to as the A Score of the variant.

Criteria for guality control and filtering of variants

We downloaded the GTEx VCF and RNA-seg data from dbGaP (study accession phsQ00424.v6.p1;

bitps:/www.ncbinlm b gov/ i-bin/study.cgifstudy_id=phs000424 vo.pl).

{40549} We evaluated the performance of SpliceNet on autosomal SNVs that appeared in at roost 4 individuals
i the GTEx cobort. Ta particular, a vagaot was considered 11t satisfied the following criteria {o at least one
individual A
1. The variant was not filtered {the FILTER ficld of the VCF was PASS).
2. The variant was not marked as MULT] ALLELIC in the INFG field of individual A’s VCF and the VCF
contained a single allele in the ALT field.
3. Individual A was heterozygous for the variant
4.  The ratio alt_depth / (alt_depth + ret’ depth) was between 0.25 and 0.75, where alt_depth and ref depth are
the nuxuber of reads supporting the alternative and reference allele in individual A respectively.
5. The total depth, alt_depth +ref depth, was between 26 and 300 in individual A’s VCF.
6. The vanant overlapped & gene body region. Gene bodies were defined as the regions between the
transcription starts and ends of canonical transeripts from GENCODE (V241ift37).
(00550 For vanants satisfying these cateria o at least one individual, we counsidered all individuals where the
variant appeared (even if it did not satisfy the above criteria) as having the variant. We refer to variants appearing in
a single individual as singleton and variants appearing in 2-4 individuals as common. We did not evaluate variants

appearing in 5 or more individuals, in order to prevent overlap with the training dataset.

RNA-seq read alignment

{30551} We used OLego (Wu et al., 2013) to map the reads of the GTEx samples against the hgl9 refercuce,
allowing ao edit distance of at yaost 4 between the query read and the reference (parameter -M 4). Note that Olego
can operate completely de novoe and does ot require any gene anuotations. Since Olego looks for the presence of
splicing motifs at the ends of split reads, its alignments can be biased towards or against the reference around SNVs
that disrupt or create splice sites respectively. To eliminate such biases, we further created an alternative referenc
sequence for cach GTEx individual, by inserting into the hg19 reference all the SNVs of the individual with a PASS
filter. We used OLego with the same parameters to map all saniples from each individual against that individual’s

¢

alternative reference sequence. For each sample, we then combined the two sets of alignments {against the hgi®
reference and against the individual’s alternative reference), by picking the best alignment for each read pair. To

choose the best alignmeut for a read pair B, we used the following procedure
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1. Ifboth reads of P were unraapped in both sets of alignments, we chose erther the higl9 or the alternative
alignments of P at random.

2. If P had more unraapped ends in one set of alignreents than in the other (e.g. both ends of P were mapped
against the alternative reference but only one end was mapped against hg19), we chose the alignment with
both ends of P mapped.

3. Ifboth ends of P were mapped in both sets of alignments, we chose the alignment with the fewest total

mismatches, or a random one, if the number of mismatches was the same

Detection of splice jumctions in alipned RNA-seg data

{30552} We used leafeutter_cluster, 2 utility in the leafeutter package (Liet al., 2018}, to detect and count
splice junciions in each sample. We required a single split read to support a junction and assumed 2 qaximum intron
length of 500Kb (parameters -m 1 -1 500000). To get a high-confidence set of junctions for training the deep
learning model, we compiled the union of all feafcutter junctions across all samples and then removed from
consideration junctions that met any of the following criteria
1. Either end of the junction overlapped an ENCODE blacklist region {(table
wgEncodeDacMapabilityConsensusBExcludable in hgl® from the UCSC genome browser) or a simple
repeat (Sumple Repeats track in hgl9 from the UCSC genome browser).
2. Both ends of the junction were on non-canonical exons {based on the canonical transcrpts from
GENCODE version V24E137).

The two ends of the junction were on different genes or etther end was in a non-genic region.

(957

4.  Either end lacked the essential GT/AG dinucleotides.

[B0S53] Junctions that were present in 5 or more individuals were used to augment the list of GENCODE
annotated splice junctions for the analyses on variant prediction (FIGs. 38A-G, 39A-C, 48A-F, and 41A-F). Links
to the files containing the list of splice junctions used to train the model are provided in the Key Resources table.
[00554] Although we used junctions detected by leafcutter for augmenting the training dataset, we noticed that,
despite the use of relaxed parameters, leafoutter was filtering many junctions with good support 1o the RNA-seq
Jata. This artificially lowered our validation rates. Thus, for the GTEx RNA-seq validation analyses (FYGs. 38A-G
and 3%A-C), we recomputed the set of junctious and junction counts directly from the RNA-seq read data. We
counted all non-duplicate split-raapped reads with MAPQ at least 10 and with at least 5 ot aligned on each side of
the junction. A read was allowed to span more than two exons, in which case the read was counted towards each

Junction with at least 5 nt of yoapped sequence oo both sides.

Definition of private junctions

{B0555] A junetion was cousidered private 1 individual A if it satisfied at least one of the following eritena:
1. The junction had at least 3 reads in at least one sample from 4 and was never observed in any other

individual.

v

There were at least two tissues that satisfied both of the followrng two coteria:
a.  The average read count of the junction in samples from individual A o the tissue was at least 10.
b, Individual A had at least twice as many normalized reads on average than any other individual in

that tissue. Here, the normalized read count of a junction in a sample was defined as the number o
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reads of the junction normalized by the total number of reads across all juncnons for the
corcesponding gene.

[B0556] Tissues with fewer than 5 samples from other individuals (not A) were igoored for this test.

Enrichment of singleton SNV arcund private junctions

{00557} If a private junction had exactly one end anuotated, based on the GENCODE annotations, we
considered it a candidate for an acceptor or donor gain and searched for singleton SNVs (SNVs appearing o a single
G1E

junetion had both ends aunotated, we considered 1t a candidate for a private exon skipping event if it skipped at fe

« wdividual} that were private i the same individual within 150 nt from the unannotated end. If a private

oue but no more than 3 exoos of the same geoe based on the GENCODE annotations. We then searched for
singleton SNVs within 150 nt from the ends of each of the skipped exons. Private practions with both ends abseot
from the GENCODE exon annotations were ignored, as a substantial fraction of these were alignment errors.
[00558] To compute the enrichment of singleton SNVs around novel private acceptors or donors (FEG. 388,
bottom), we aggregated the counts of singleton SNV at cach position relative to the private junction. If the
overlapping gene was on the negative strand, relative positions were flipped. We split SN'Vs into two groups: SNVs
that were private in the individual with the private junction and SNVs that were private in a different individual. To
smooth the resulting signals, we averaged counts 1 2 7 nt window centered at each position. We then computed the
ratio of smoothed counts from the first grovp (private in the same individual) to the smoothed covuts of the second
group (private wu a different individual}, For novel private exon skips (Fi(. 388, top), we ollowed a similar

procedure, aggregating the counts of singleton SNVs around the ends of skipped exous.

Validation of model predictions in GTHx RNA-seq data

[00559] For either private variants (appearing in onc individual inn the GTEx cohort) or common variants
{appearing in two to four individuals in the GTEx cohort), we obtained the predictions of the deep leaming model
for both the reference and the altemate alleles and computed the A Score. We also obtained the location where the
model predicted the aberrant (novel or disropted) junction to be. We then sought to determine whether there was
evidence 1u the RNA-seq data supporting a splicing aberration 1n the tndividuals with the variant at the predicted
location. In many cases, the model can predict multiple eftects for the same variant, e.g. a vanant distupting an
annotated splice donor could alse nerease usage of a suboptireal dovor as in FEG. 45, 10 which case the model
might predict both a donor loss at the asnotated splice site aud a donor gato at the suboptimal site. However, for
validation purposes, we only considered the effect with the highest predicted A Score for each variant. Therefore, for
each variaat, we considered predicted splice site-creatiog and splice site-disrupting effects separately. Note that
Junctions appearing in less than five individuals were excluded during model training, to avoid evaluating the mode

on novel junctions it was trained on.

Validation of predicied cryvptic splice mutations based on private splice junctions

{0560} For each private variant predicted to cause novel junction formation, we used the uetwork to predict
the position of a newly created aberrant splice junction, and looked o the RNA-seq data to validate if such a novel

Junction appeared 1o ooly the ndividual with the SNV and in no other GTEx individuals. Similacly, for a vagant

predicted to cause a splice-site loss affecting a sphice site of exon X, we looked for novel exon skipprag eveuts, from

the previous canonical exon {the one upstream of X based on GENCODE annotations}, to the next canonical exon

(the one downstream of X)) that appeared in only the individuals with the variant and in no other individuals in
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GTEx. We exchuded predicted losses if the splice site predicted to be lost by the mwodel was oot anpotated
FENCODE or never observed in GTEx mdividuals without the variant. We also exchided predicted gams if the
splice site predicted to be gained was already aonotated in GENCODE. To extend this analysis to comraon variants
{present in two to four individuals), we also validated novel junctions that were present in at least half the
individuals with the variant, and absent in all individuals without the variant.
{00561} Using the requirement that the predicted aberrant splice event is private {o the individuals with the
variant, we could validate 40% of predicted high-scoring {A Score = .5} aceeptor and donor gains, but only 3.4% of
predicted high-scoring losses and 5.6% of essential GT or AG disruptions (at a false validation rate of < §.2% based
on permutations — see section “Estimating false validation rates”}). The reason for the discrepancy in the validation
rates of gains aud losses is twotbld, First, unlike gains, evon-skipping events are rarely entively private to the
individuals with the variant, because exous are often skipped at & low baseline level, which can be observed with
sufficiently deep RNA-seq. Second, splice-site losses can have other effects besides increasing exon skipping, such
as increasing ntron reteaiion or increasing the usage of alternative suboptimal splice sites. For these reasons, we did
not rely eatirely on private novel junctions for validating the model’s predictions, we also vabidated variants based
on quantitative evidence for the increase or decrease of the usage of the junction predicted to be affected in the

individuals with the variant

Yalidation of predicted cryptic splice mutations through guantitative criteria

{40562} Por a junction § from sample s, we obtained a normahzed junction count ¢
7
7 AN
S ——" LR TSR
s = as.nh(y - j(;;
4G ' gs/
[30563] Here, 15 1s the raw junction count for junction § in sarople s, and the sum in the denominator is taken

over all other punctious between annotated acceptors and donors of the same gene as f (usiug annotasons from
GENCODE v19). The asinh transformation is defined as asinh{x) = In{x + vx? + 1. Tt is similar to the log
transformation often used to transfonm RNA-seq data {Lounsdale et al., 2013}, however, it is defined at §, thus
eliminating the need for pseudocounts, which would have distorted values substantially, since reany junctions,
espectally novel ones, have low or zero counts. The astoh transformation behaves like a log teansformation for Jarge
values but s close to linear for small values. For this reason, it is often used in datasets (such as RNA-seq or ChiP-
seq datasets) with a large number of near zero values to prevent a small number of large values from dominating the
signal {Azad et al,, 2016; Herving ot al., 2018; Hoffman et al., 2012; Kasowski et al., 2013; SE QC/‘\/IAQL 11T
Consortium, 2014). As described below, in the section “Consideration criteria for validation”, samples where the
denominator in equation {1} was below 200 were excluded for all validation analyses, thus aveiding numerical
188UES.
{00564} For each gained or lost junction j predicted to be caused by an SNV appearing in a set of individuals I,

we cornputed the following z-score in each tissue ¢ separately:

meansmt(cjs) — mean .:,c._Uf<cj5,~)
stdgren, (L,s,)

2

Zje =
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[#0565] where A; is the set of samples from dividuals 1o 1 in tssue £ and U, s the set of samples from all
other individuals in tissue ¢. Note that there might be multiple samples in the GTEx dataset for the same individual
and tissue. As before ¢y, is the count for junction j in sample 5. For predicted losses, we also computed a similar z-
score for the junction k skipprog the putatively affected exon:

x

meany ey, (Crsid — meanges (o5

per = - 3
Stds’ Uy (Cksr)
[00566] Note that a loss that resuited in skipping would lead to a relative decrease of the lost junction and a

relative increase in skipping. This justifics the reversion of the difference in the numerators of z, and z,;, 50 both of
these scores would tend to be negative for a real splice site joss.
[00567] Finaily, we computed the median z-score across all considered tissues. For losses, we computed the
median of cach of the z-scores from equations (2} and (3) separately. An acceptor or donor loss prediction was
considered validated if any of the following was true:

1. The median of the z-scores fron: equation (2), quantifying the relative loss of the junction was less than the
5t percentile of the corresponding value in permuted data (-1.46) and the median of the z-scores from
equation (3}, quantifying the relative change in skipping was non-positive (zero, negative, or missing,
which would be the case if the skipping junction was not observed 1u any individual). In other words, there
was strong evidence for a redoction 1n the usage of the affected junction and no evidence suggesting a
decrease in skipping in the affected radividual.

2. The median of z-scores from equation (3} was less thax the 5t percentile of the correspondiog value in
permuted data (-0.74) and the median of z-scores from equation {3} was non-positive.

3. The median of z-scores from equation {2) was less than the 1% percentile of the corresponding values in
permuted data (-2.54).

4. The median of z-scores from equation {3) was less than the 1% percentile of the corresponding values in
permuted data (~4.08).

5. The junction skipping the atfected exon was observed in at least half of the individuals with the variant and
1 no other individuals (as described in the section “Vabidation of predicted cryptic sphce mutations based
on private splice junctions™ above}.

[B0568] A descuption of the permmutations used to get the above cutoffs (s given in the section “Estimnating false
validation rates”.

[30569] Hrapicically, we observed that we needed to apply stocter validation eritenia for losses compared to
gains, since, as explained in the section “Validation of predicted cryptic splice nwutations based on private splice
junctions”, losses tend to result in more mixed effects than gains. Observing a novel junction near a private SNV is
very unlikely to occur by chance, so even minor evidence of the junction should be sufficient for validation. In
contrast, most predicted losses resulted in weakening of an existing junction, and such weakening is harder to detect

than the on-off change caused by gains and more likely to be attributed to noise in the RNA-seq data.
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fnclusion exiteria for validation analysis

[00576]

To avoid computing z-scores in the presence of low counts or poor coverage, we used the following

criteria to filter variants for the validation analysis:

£

{00571}

BON-38C

junction {i.e. passing criterion 2.}, different samy

Samples were considered for the above z-score caleulation only if they expressed the gene (3, 1. > 200

1w equation (1}).

A tissue was not considered for a loss or gain z-score calculation if the average count of the lost or

13

reference” junction respectively in individuals without the variant was less than 10. The “reference”

Jjunction is the canonical junction used prior to the gain of the novel junction, based on GENCODE

annotations {see section on effect size calculation for details). The intuition is that we should not try to
validate a aplice-loss variant that affects a junction not expressed in control individuals. Suilarly, we
shiould not try to vahdate a splice~-gain vaniant if control tndividuals did not sufficiently express transcripts
spanning the affected site.

In the case of a predicted splice-site loss, saruples from individuals without the variant were only

considered if they bad at least 10 counts of the lost junction. b the case of a predicted acceptor or dotor
gatn, samples from contral tndividuals were only considered f they had at least 10 counts of the
reference” junction. The intuition is that even in a tissue with large average expression of the affected

ics could have vastly different sequencing depths, so only

A

the control samples with sufficient expression should be included.
A tissue was considered only if there was at least one sample passing the above criteria from individuals
with the variant, as well as at least 5 samples passing the above criteria from at least 2 distinet control

individuals.

Variants for which there were no tissues satisfying the above criteria for consideration were deemed

ertainable and were excluded when calculating the validation vate. For splice-gain vagants, we filtered those

that occur at already existing GENCODE-aonotated splice sites. Similar, tor splice-loss variants, we ooly considered

those that decrease the scores of existing GENCODE-annotated splice sites. Overall, 55% and 44% of high-scoring

{A Score = 0.5} predicted gains and losses respectively were considered ascertainable and used for the validation

analysis.

Estimating false validation rates

{00572}

To ensure that the above procedure had reasonable true validation rates, we first looked at SNVs that

appeatio 1-4 GTEx rwodividuals and disrupt essential GT/AG dioucleotides. We argued that such mutations almost

certamly affect splicing so their validaion rate should be close to 100%. Arnong such distuptions, 39% were

ascertainable based on the criteria described above, and arnong the ascertainable ones, the validation rate was &1%.

To estimate the faise validation rate, we permuted the individual labels of the SNV data. For each SNV that

appeared in & GTEX individuals, we picked a random subset of ¥ GTEx individuals and assigned the SNV to them.

We created 10 such randonmzed datasets and repeated the validation process on them. The validation rate in the

permuted datasets was 1.7-2.1% for gains and 4.3-6.9% for losses, with a median of 1.8% and 5.7% respectively.

The higher false validation rate for losses and the relatively low validation rate of essential disruptions are due to the
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ditficulty in validating splice-site Josses as highlighted in the section “Valhdation of predicted cryptic splice
mutations based on pavate splice junctions”.

Calculating the effect size of cryptic splice variants in RNA-seq data
{0573}

We defined the “effect size” of a vanant as the fraction of transcnpts of the atfected gene that changed
splicing patterns due to the variant {e.g. the fraction that switched to 2 novel acceptor or donor). As a reference

example for a predicted splice-gain variant, consider the variant in F§G. 38C. For a predicted gained donor A, we
frest identified the junction (AC) to the closest annotated acceptor C. We then identified a “reference” junction (BC),

where B # A is the annotated donor closest to A. In each sample 5, we then computed the relative usage of the novel
Junction (AC) corapared to the reference junction (BCy:

Tac)s
S 4}
(AR)s Tracys v Vgos @

{50574}

Here, a0y, 18 the raw read count of junction (AC) m sample 5. For each tissug, we computed the

change 1o the usage of the junction (AC) between the individuals with the variaut and all other ndividuals:

MeaT ey, U

{68375}

(acys — MEAN ey Uiacyse (5)

site creating variant was wntronic. A siny

where 4, is the set of samples from ndividuals with the variant 1o tissue ¢ and U, 1s the set of saraples
all considered tissues. The computation was similar in the case of a gained acceptor or in the case where the splice-

frora other individuals in tissue £. The Gnal eftect size was coruputed as the median of the above difference across
: putat

plified version of the effect size computation {assuning 2 single sample
from individuals with and without the variant) is shown o FiG. 38C.
{68376}

For a predicted loss, we first cornputed the fraction of transcripts that skipped the

ffected exon. The
next downstream annotated exon, as well as the junction (AB) from the upstream exon to the putatively affecte
one. We quantified the fraction of transcripts that skipped the affected exon as follows:

ax

computation is demonstrated on FIG. 45, For a predicted loss of a donor C, we identified the junction (CE) to the

1

sl
TiAB)s .
koams = o - (6)
@5 Tiapys + mean(vms  Vens)
{30577} Ags for gains, we the

n computed the change in the skipped fraction between samiples from individuals
with the variant and samples from individuals without the variant:

nwanse.ﬂ'j‘:(f}ﬁ'js - n’wans’e’,ltk(/iﬁ)sr (7)
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[B0578] The fraction of skipped transcripts as computed above does not fully captuxe the eftfects of an acceptor
ot donor Jass, as such a disruption could also lead to increased levels of wtron retention or usage of subopumal

splice sites. To account for some of these eftects, we also computed the usage of the lost junction (CE) relative to

the usage of other junctions with the same acceptor E:

B r’CE)s .
Iimine snnnmnner s q)
HOE L
A )b v T( E)s
[00579] Here, Y, 7(.z); is the sum of all junctions from any {annotated or novel) acceptor to the donor E. This

includes the affected junction {CE), the skipping junction {AE), as well as potential junctions from other suboptimal
donors that compensated for the loss of C, as illustrated in the example in FIG. 45. We then computed the change in

the relative usage of the affected junction:

nleans'&lltl(CE)sr - ni@anse/;ti(CE)s (9}‘
{30580} Note that, unlike {5} and (7), which measure the increase in usage of the gained or skipping junction in

dividuals with the vartant, 1o (9) we want to measure the decrease in usage of the lost junction, hence the reversion

of the two parts of the difference. For each tissue the effect size was computed as the roaximum of (7) and (9). As

for gains, the final effect size for the variant was the wedian effect size across tssues

Inclusion criteria for effect size analysis

{00581} A variant was considered for effect size computation only if it was deemed validated based on the
eriteria described ju the previous section. To avoid calculating the fraction of aberrant transeripts on very small

numbers, we only considered sarmples where the counts of the aberrant and reference junctions were both at least 10.
Because most cryptic splice variants were 1o the intron, the effect size could not be corputed directly by counting
the number of reference and alternate reads overlapping the variant. Hence, the effect size of losses 1s calculated
indirectly from the decrease ju the relative usage of the normal splice junction. For the effect size of novel juncton
gains, the aberrant transcripts can be inipacted by nonsense mediated decay, attenuating the observed cffect sizes.
Despite the limitations of these measurements, we observe a consistent trend towards smaller effect sizes for lower-

scoring cryptic splice variants across both gain and loss events.

Expected effect size of fully penetrant heterozygous private SNVg

[B0S82] For a fully penetrant splice-site creating vadant that causes all tragscripts from the variant baplotype of
the individuals with the vagaot o switch to the novel junction, and assuming that the govel junction does not oceur

it control todividuals, the expected effect size would be 0.5 by equation (5).

[00583] Sirnilarly, if a heterozygous SNV causes a novel exon skipping event, and all transcripts of the affected
haplotype switched to the skipping junction, the expected effect size in equation (7) 1s 0.5, If all transcripts from

individuals with the variant switched to a different junction (either the skipping junction, or another compensating
ong}, the ratio in equation (8) would be 0.5 in samples from individuals with the variant and 1 in samples from other
individuals, so the difference i equation {9) would be 0.5. This assumes that that there was no skipping or other

Jjunetions into acceptor B in individuals without the variant. [t also assumes that the splice site disruption does not
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trigger intron retention. In practice, at least low levels of ntron retention are often associated with splice site
disruptions. Furthermore, exon skipping is widespread, even in the absence of splice-altering variants. This explains
why the measured effect sizes are below 0.5, even for vanants disrupting essential GT/AG dinucleotides.

[00584] The expectation of effect sizes of 0.5 for fully penetrant heterozygous variants also assumes that the
variant did not trigger nonsense-mediated decay (NMD). In the presence of NMD, both the numerator and the

denontinator of equations (4), (6}, and {8) would drop, thus diminishing the observed cffect size.

Fraction of transcripis degraded through nonsense-mediated decav (NMD)

[BOS8S] For FIG. 38C sionce the vanant was exonic, we could count the number of reads that spanned the
variant and bad the reference or the alternate aliele (“Ref (no splicing)” and “Alt (no splicing)” respectively). We

also counted the number of reads that spliced at the novel splice site, and that presumably carried the alternate allele
("“Alt (novel junction}”). In the example of FIG. 38C and in many other cases we looked at, we observed that the
total number of reads coning from the haplotype with the alternate allele (the sum of “Alt (no splicing)” and “Alt
(novel junction)”) was less than the number of reads with the reference allele (“Ref (no splicing)”). Since we believe
that we have eliminated reference biases during read mapping, by mapping to both the reference and alternate

i

haplotypes, and assummug that the nsmber of reads is proportional to the pumber of trauscripts with each allele, we

were expecting that the reference allele would account for half of the reads at the variant focus. We assuine that the
“roissing” alternate allele reads correspond to trauseripts from the alternate allele haplotype that spliced at the novel
junction and were degraded through vonsense mediated decay (NMD). We called this group “Alt (NMID”,

{0586} To determine whether the difference between the observed number of reference and alternate reads
was significant we computed the probability of observing Alt (no splicing) + Alt (novel junction) (or fewer) reads
under a binonal distribution with success probability 0.5 and a total number of trials of Alt (no splicing} + Alt
(novel junction) + Ref (no splicing). This is a conservative p-value since we are underestimating the total number of
“trials” by not counting the potentially degraded transcripts. The fraction of NMD transcripts in FEG. 38C was
computed as the number of “Alt (NMD)” reads over the total number of reads splicing at the novel junction (Alt

{(NMD} + Alt (novel junction)).

Sensitivity of the network at defecting cryptic splice iunciions

[00587] For evaluating the sensitivity of the SpliceNet model (FIG. 38F), we used SNVs that were within 20 nt
from the affected splice site (i.c. the novel or disrupted acceptor or donor) and not overlapping the essential GT/AG

o6

dinucleotide of an annotated exon, and had an estimated effect size of at least 0.3 (see section “Effect size

calculation’™). In all sensitivity plots, SNVs were defined as being “near exons” if they overlapped an annotated exon
or were within 50 nt of the boundartes of an annotated exon. All other SNVs were considered “deep intronic”. Using
this truth dataset of strongly supported cryptic sphice sites, we evaluated our yaodel at varying A Score thresholds

and report the fraction of cryptic splice sites in the truth dataset that arve predicted by the model at that cutoft.

Comparison with existing splicing prediction models

[00588] We performed a head-to-head comparizon of SpliceMNet- 10k, MaxEntScan {Yeo and Burge, 2004),
GeneSplicer (Pertea et al., 2001) and NNSplice {Reese et al., 1997) with respect to various metrics. We downloaded
the MaxEntScan and GeneSplicer software from http://genes.mit.edwburgelab/maxent/download/ and

bttp/fwww.cs jhu.edu/~genomics/GeneSplicer/ respectively. NINSplice is not available as a downloadable software,
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so we dowualoaded the training and testing sets from

http://veww . fruitfly org/data/seq_tools/datasets/Human/GENIE_S6/splicesets/, and warned models with the best

performiog architectures described in (Reese et al., 1997). As a sanity check, we reproduced the test set metrics
eported in (Reese et al., 1997).

To evaluate the top-k accuracies and the arca under the precision-recall curves of these algorithms , we scored ali the

positions in the test set genes and lineBNAs with each algorithm (FIG. 37D).

0589} MaxEntScan and GeneSplicer outputs correspond to log odds ratios, whereas NN3plice and SpliceNet-
10k outputs correspond to probabilities. To ensure that we gave MaxEntSean and GeneSplhicer the best chance of
success, we calculated A Scores using themn with the default output as well as with a transformed output where we
first transform their outputs so that they comrespond to probahilites. More precisely, the default output of
MaxEatScan corresponds to

pisplice site}

= log
X 082 p(not a splice site)

Z

{30590} which, after the transfor 1’"1«.‘51011 m;rcsponds to the desired quantity. We compiled the
GeneSplicer software twice, once by setting the RETURN_TRUE_PROB flag to § and once by setting it to 1. We
picked the output strategy that led to the best vabidation rate agatost RNA-seq data (Max EntScan: trausformed
output, GeneSplicer: default ouput),

{40591} To compare the validation rate and sensitivity of the vacious algorithms (FIG. 38G), we found cutoffs
at which all algorithms predicted the same pumber of gains and losses genome-wide. That {s, for each cutoff on the
SpliceNet-10k A Score values, we found the cutoffs at which each competing algorithm would make the same
number of galo predictions and the same number of loss predictions as SpiceMNet-10k. The chosen cutoffs are given

in Tabie 52.

Comparison of variant prediction for singleton versus common variangs

{05972} We performed the validation and sensitivity analysis (as described in sections “Sensitivity analysis’
and “Validation of model predictions”) separately for singleton SNVs and SNV appearing 1o 2-4 QTEx individuals
(FiGs, 464, 468, and 46C). To test whether the validation rate differed sigmficantly between singleton and
ommon variants we performed a Fisher Exact test, comparing the validation rates in cach A Score group (0.2 —
0.35,0.35-035,0.5-0.8, 0.8 - 1) and for cach predicted effect (acceptor or donor gain or loss). After Bonferroni
cotrection to accouat for 16 tests, all P-values were greater thao .05, We stmilarly compared the sensitivity for
detecting singleton or comnyon variants. We used a Fisher Exact test to test whether the validation rate differed
significantly between the two groups of variants. We considered decp-intronic variants and variants near exons
separately and performed Bonferroni correction for two tests. None of the P-values were significant using a 6.05
cutoff. We therefore combined singleton and common GTEX variants and considered them together for the analyses

presented in FEGs. 48A, 488, 48C, 48D, 48K, 48F, and 48G and FIGs. 394, 398, and 39C.

Comparison of variant prediction on the training versus testi hromosomes

{0593} We corapared the validation rate on RN A-seq and sensitivity of SpliceNet-10k between variants on the
chromosomes used during training and variants on the rest of the chromosomes (FiGs. 48A and 48B). All P-values

were greater than 0.05 after Bonferroni correction. We also computed the fraction of deleterious variants separately
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for variants oo the training and test chiroraosomes, as described o the section “Fraction of deleterious variants”
below (FI1Gs. 48C). For cach A Score group and each type of variant, we used a Fisher Exact test to compare the
number of cormmon and rare vacants between training and test chromosomes. After Bonferrond correction for 12
tests, all P-values were greater thao 0.05. Firially, we corapuied the nuraber of cryptic splhice de novo vanants on the
training and test chromosomes (FI1Gs. 48D as described in the section “Enrichment of de novo mutations per

cohort”.

Comparison of variant prediction across different types of crvptic splice variants

[0594] We sphit predicted splice site-creating variants into three groups: variants creating a novel G7 or AG
splice dinucleotide, vagants overlapping the rest of the splicing motif (positions around the exou-intron boundary up
to 3 nt into the exon and 8§ nt into the intron), and variants outside the splice motif (FIGs. 47A and 47B). For cach A
Score group (0.2 - 0.35, 0.35 - 0.5, 0.5 - 0.8, 0.8 - 1), we performed a y? test to test the hypothesis that the
validation rate is uniforin across the three types of splice site-creating variants. All tests yielded P-values > 0.3 even
before multiple hypothesis correction. To compare the effect size distribution between the three types of variants, we
used a Mann-Whitney U test and compared all three pairs of variant types for each A Score group {for a total of 4 x

3 =12 tests). After Bonferroni correction for 12 tests, all P-vahues were > 0.3,

Detection of tissue-specific splice-gain varianis

{00595} For FIG. 39C, we wanted to test whether the usage rate of novel junctions was uniform across tissues
expressing the affected gene. We focused on SNVs that created novel private splice sites, that is, SNVs resulting in a
gained splice junction which only appeared in at least half of the individuals with the variant and in no other
individuals. For each such novel junction j, we computed, in each tissue ¢, the total counts of the junction across all
sanmples from individuals with the variant in the tissue: ¥ ¢4 . s Here Ay is the set of samples from mdividuals with
the variaat in tissue £. Similarly, we computed the total counts of all aunctated junctions of the gene for the same
saniples 3oea . ¥ g Tus, where g indexes the annotated junctions of the gene. The relative usage of the novel junction
in tissue £, normalized against the gene’s background couuts, can then be measured as:

Ea_/‘.t 7}5

ZSEAg(rjs + 2:5, 7;15)

my =

{0596} We also cornputed the average vsage of the junction across tissue

w

Zt ZseAt 7‘]3
E.t Es&‘:At(er + Eq rys\l

m =

[00597] We wanted to test the hypothestis that the relative usage of the junction is uniforra across tissues and
equal to 7. We thus performed a y? test comparing the observed tissue counts 3ees . is to the expected counts
under the assumption of a uniform rate, M F e 4, {7 + 24 750 ). A splice-site creating variant was considered tissue-
specific if the Bonferroni-corrected y? p-value was less than 1072, The degrees of freedom for the testare T - 1,

where T 18 the numaber of considered tissues. Only tissues that satisfied the consideration critenia described in the

validation section were used in the test. Further, to avoid cases with low counts, where the untformity test was
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underpowered, we only tested for uniformity variauts with at least three considered fissues, at least one aberrant read
er tissue on average (.. m > 1), and at least 15 aberrant reads in total across all considered tissues (i.e.

2t 2isen, s > 15). We iguored all vanants with A Score less than (.35, since this class of variants has generally low

effect sizes and low junction counts. We observed that the fraction of tissue-specific variants was very low for this

class, but we believe that this was due to power issues.

K. Analvses on the ExAC aad gnomAD datasels

Yariant filtering

[80598] We downloaded the Sites VCF release 0.3 file (60,706 exomes) from the ExAC browser (Lek et al,,
2016} and the Sites VCF release 2.0.1 file (15,496 whole genomes) from the gnomAD browser. We created a
filtered list of variants from them in order to evaluate SpliceNet-10k. In particular, variants which satisfied the
following criteria were considered:

e  The FILTER field was PASS.

e  The variant was a single nucleotide variant, and there was only one alternate nucleotide.

e The AN field {total number of alleles wn called genotypes} had a value at least 18,000,

#  The variant was in between the transcription start and end site of a canonical GENCODE transcript.

[00559] A total of 7,615,051 and 73,099,995 variants passed these filters in the ExAC and gnomAD datasets

respectively.

Fraction of deleterions variants

[60600] For this analysis, we considered only those variants in the ExAC and gnomAD filtered lists which
were singleton or common {allele frequency (AF) 2 0.1%) in the cobiort. We sub-classified these variants based on

thetr genornic position according to the GENCODE canonical annotations:

e  Exonic: This group consists of synonymous ExAC variants (676,594 singleton and 66,524 common).

>

Aissense variants were not considered here to ensure that most of the deleteriousness of the variants in this

3]

roup was due to splicing changes.

#  Near intronic: This group consists of wntronic Ex AL vartants which are between 3 and 50 nt from a
canonical exon bouadary. More precisely, for the analysis of acceptor gain/loss and donor gain/ioss
variants, only those variants which were 3-50 nt from a splice acceptor and donor respectively were
considered {575,636 singleton and 48,362 common for acceptor gain/loss, 367,774 singleton and 50,614
corymon for donor gain/loss).

s Deep intronic: This group conststs of intromic gnomAD variants which are more than 50 ot away from a

canonical exon boundary (34,150,431 siogleton and 8,215,361 coraraon).

{00601 ] For each variant, we calculated its A Scores for the four splice types using SpliceNet-10k. Then, for
each splice type, we constructed a 2 % 2 chi-square coutingency table where the two rows correspouded to predicted
splice-altering variants {A Score in the appropriate range for the splice type) vs predicted not splice-altering variants

{A Score < 0.1 for all splice types), and the two columns corresponded to singleton vs conymon variants. For splice-
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gain variants, we filtered those that occur at already existing GENCODE-anuotated splice sites. Siyailar, for splice-
loss vatiaots, we only considered those that decrease the scores of existing GENCODE-annotated sphee sites. The

odds ratio was calculated, and the fraction of deletericus variants was estimated as

/ 1 \
1 e 4 3 1009
{\ Odds ratia} 7~

The protein-truncating vacants in the ExAC and gnoraAD filtered lists were identified as follows:

+  Nonsense: VEP (McLaren ¢t al., 2016} consequence was ‘stop_gained’ {44,046 singleton and 722 common
1 ExAC, 20,660 singleton and 970 common in guomAlY.

»  Frameshift: VEP consequence was “frameshift_vacant’. The stogle nucleotide varant critegon dugag
variaat Bliering was relaxed in order to create this group (48,265 singleton and 896 comyuon 10 BxAC,
30,342 singleton and 1,472 common in gnomAD).

*  Essential acceptor/donor loss: The variant was in the first or the last two positions of a canonical intron

(29,240 singleton and 481 cormmon in ExAC, 12,387 singleton and 746 common in gnomAD).

{30602} The 2 X 2 chi-square contingency table for protein-truncating variants was coustructed for the ExAC
and gonomAD filtered lists, and vsed o estimate the fraction of deleterious variants. Here, the two rows comresponded
to protein-trugeating ve synonymous vanaots, and the two colurans correspouded to singleton vs common variants
as before.

{00603} The results for the ExAC {exonic and near wtronic) and gnora AL (deep intronic) variants are shown in

FiGs. 408 and 48D respectively.

Frameshift vs in-frame splice gain

[00604] For this analysis, we focused our attention ou the ExAC variants which were exonic (synonymous
ouly} or near inironic, and were singleton or commeon (AF > 0.1%) in the cohort. To classify an acceptor gain
variant as in-frame or frameshift, we measured the distance between the canonical splice acceptor and the newly
created sphice acceptor, and chiecked whether it was a multiple of 3 or not. We classified donor gain variants
simtlarty by measuring the distance between the canonical splice donor and the newly created sphice donor.
[30605] The fraction of deleterious m-frame splice gam variants was estumated from a 2 X 2 chi-square
cootingency table where the two rows corresponded to predicted in-frame splice gain variants (A Score = 0.8 for
acceptor or donor gain} vs predicted not splice-altering vanaots (A Score < 8.1 for all splice types}, and the two
columms corresponded to singleton vs commeon variants. This procedure was repeated for frameshift splice gain
variants by replacing the fitst row 1o the contingency table with predicted frameshitt sphice gain variaats,
{00606} To calculate the p-value shown in FIG. 40C, we constructed a 2 X 2 chi-square contingency table
using only the predicted splice gain variants. Here, the two rows corresponded to in-frame vs frameshift splice gain

¥
H

variants, and the two columns corresponded to singleton vs comrmon variants as before.
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Number of ¢ryptic sphice variants per ndividual

[00607] To estimate the number of rare functional cryptic splice variants per individual (F1G. 46E), we first
simulated 100 gnomAD individuals by including each gnomAD variant in each allele with a probability equal to its
allele frequency. In other words, cach variant was sampled twice independently for each individual to mimic
diploidy. We counted the number of rare (AF < 0.1%) exonic (synonymous only), near intronic, and deep infronic
variants pexr person which had a A Score greater than or equal t0 0.2, 0.2, and 0.5 respectively. These are relatively
permussive A Score thresholds which optinuze sensitivity while ensuniug that at least 40% of the predicted variants
are deleterious. At these cutofs, we obtained an average of 7.92 synonymous/near intronic and 3.03 deep intronic
rare cryptic splice variants per person. Because not all of these variants are functional, we multiplied the counts by

the fraction of variants that are deleterious at these cutoffs.

Y. Asalvses on the DD and ASD datasets

Cryptic splicing de povo muiations

[00608] We obtained published de novo mutations (DNMs). These included 3953 probands with autism
spectrum disorder {Dong et al., 2014; Iossifov et al., 2014; De Rubeis et al., 2014), 4293 probands from the

Deciphering Developmental Disorders cohort (Mc,{{ae et al., 2617} and 2073 healthy controls (Iossifov et al., 2014}

PP{IDNM) < 0.00781, (McRae et al., 2017 )} The DNMs were evaluated with the network, and we used A scores
(see raethods above) to classify cryptic splice routations depending on the context. We only considered rautanons
annotated with VEP consequences of synonymous vanant, splice_region_vaviaot, intron_vanant,
5 prime UTR varant, 3_prime UTR_variant or missense _variant. We used sites with A scores > 0.1 for FIGs.
41A,41B, 41C, 41D, 41K, and 41F and FIGs. 584 and 50B, and sites with A scores > 0.2 for FIGs. 494, 49B, and
49¢C.
{30609} FiGs. 20, 23, 22, 23, and 24 show detailed description of the SpliceNet-80nt, SpliceNet-400ut,
SphiceNet-2k and SpliceNet-10k architectures. The four architectures use flanking nucleotide sequence of 1engths
44, 200, 1,000 and 3,000 respectively on each side of the position of 1nterest as taput, and output the probability
the position being a splice acceptor, splice donor aud neither. The architectures mainly consist of convolutional
layers ConviN, W, D}, where N, W and D are the number of convohutional kemels, window size and dilation rate of
each convolutional kemel 1o the layer respectively.
{40610} FiGes, 42 A and 428 depict evaluation of various splicing prediction algorithms on hucRNAs. FIG.
424 shows the top-k accuracies and the area under the precisionrecall curves of various splicing prediction
algorithms when evaluated on lincRNAs. FIG. 428 shows the full pre-mRNA transcript for the LINC00467 gene
scored using MaxEntScan and SpliceNet-10k, along with predicted acceptor (red arrows) and donor {green arrows)
sites and the actual positions of the exous.
[00611] FiGs. 434 and 438 illustrate position-dependent effects of the TACTAAC branch point and
GAAGAA exonic-splice enhancer motifs. Regarding FIG. 434, the optimal branch point sequence TACTAAC was
introduced at vanous distances from each of the 14,289 test set splice acceptors and the acceptor scores were
calculated using SpliceNet-10k. The average change in the predicted acceptor score is plotted as a function of the
distance from the splice acceptor. The predicted scores increase when the distance from the splice acceptor is 1o
between 20 and 45 ot; at less than 20 nt distavce, TACTAAC disrupts the polypyrimidine tract due to which the

predicted acceptor scores are very low.
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{00612} Regarding FBG. 438, the SR-protein hexamer motif GAAGAA was similacly rotroduced at various
distances from each of the 14,289 test set splice acceptors and dovors. The average change in the predicted
SpheeNet-10k acceptor and donor scores are plotted as a function of the distance frora the sphcee acceptor and donor
respectively. The predicted scores increase when the motif is on the exonic side and less than ~50 nt from the splice
site. At larger distances into the exon, the GAAGAA motif tends to disfavor the usage of the splice acceptor or
donor site under consideration, presumably because it now preferentially supports a more proximal acceptor or
donor motif. The very low acceptor and donor scores when GAAGAA is placed at positions very close to the intron
is due fo disruption of the extended acceptor or donor splice motifs.
{40613} FiGs. 44 A and 448 depict effects of nucleosome positioning on splicing. Regarding ¥FIG. 444, at |
milon randoraly chosen intergenic positions, strong acceptor and donor motifs spaced 150 nt apart were introduced
and the probabslity of exon nclusion was caleulated using SpliceNet-10k. To show that the correlation between
SpheeNet-10k predictions and nucleosome positioning occurs rndependent of GC composition, the posinons were
binned based ou theie GC content (calculated using the 150 nucleotides between the introduced splice sites) and th
Spearman correlation between SpliceNet-10k predictions and nucieosome signal is plotted for cach bin.
{0061 4] Regarding FEG. 448, splice acceptor and donor sites from the test set were scored using SpliceNet-
80ut {referred to as local motif score) and SpliceNet-10k, and the scores are plotied as a function of nucleosome
enrichment. Nucleosome enrichment is caleulated as the nucleosome signal averaged across 50 nt on the exonic side
of the splice site divided by the nucleosome signal averaged across 50 ut on the intronic side of the splice site.
SphceNet-83nt score, which is & surrogate for motif strength, is negatively correlated with nucleosone enrichment,
whereas SpliceNet-10k score is positively correlated with nucleosome enrichment. This suggests that nucleosome
posttiomng i3 2 long range specificity deterrmnant that can corupensate for weak local splice motifs.
[#0615] . 45 illustrates example of calculating effect size for a sphice-disrupnag variant with coraplex
effects. The intronic vartant ¢tw9:386429 A>G disrupts the normal donor site (C) and activates & previously
suppressed intronie dowuostream donor (1. Showa are the RNA-seq coverage and junction read counts in whole
blood from the individual with the variant and a countrol individual. The donor sites in the individual with the variant
and the control individual are marked with biue and grey arrows respectively. Bold red letters correspond to junction
endpoints. For visibility, exon lengths have been exaggerated 4-fold compared to intron lengths. To estimate the
cffect size, we compute both the increase in the usage of the exon skipping junction (AE} and the decrease in the
usage of the distupted junction (CE) relative to all other junctions with the same donor B. The final eftect size is the
maximum of the two values {0.39). An increased amount of intron retention s also present in the mutated sample.
These vanable effects are common at exon skipping events and increase the complexity of validating rare variants
that are predicted to cause acceptor or donor site loss.
{30616} FiGs. 46A, 468, and 46C show evaluation of the SpliceNet-10k model on singleton and common
iants. Regarding FEG. 464, fraction of cryptic splice mutations predicted by SpliceNet-10k that validated against
the GTEx RNA-seq data. The model was evaluated on all variants appearing in at most four individuals in the GTEx
cohort. Variants with predicted splice-altering effects were validated against RNA-seq data. The validation rate is
shown separately for variants appearing in a single GTEx individual (left) and variants appearing in two to four
GTEx individuals (right). Predictions are grouped by their A Score. We compared the validation rate between
singleton and common variants for each of the four classes of variants (gain or loss of acceptor or dopor) in each A
Score group. The differences are not sigmificant (2 > 0.05, Fisher Exact test with Bonferront correction for 16 tests).
{80617} Regarding FEG. 468, seusitivity of SpliceNet-10k at detecting splice-altering variants in the GTEx

E

obort at different A Score cutoffs. The model’s sensitivity is showa separately for siagleton (Jeft} and comuor
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{right) variants. The differences ju sensitivity between singleton and coramon vagaots at a A Seove cotoff of 0.2 are
not significant for etther vaxriants vear exons or deep intronic variants (P > 0.03, Fisher Exact test with Bonferront
correction for two tests).

{0061 8] Regarding FEG. 46C, distribution of A Score values for validated singleton and common variants. P-
values are for Mann-Whitney U tests comparing the scores of singleton and common variants. Common variants
have sigmficantly weaker A Score values, due to natural selection filtering out splice-disrupting mutations with large
effects.

[00619] FIGs. 47A and 478 depict validation rate and effect sizes of splice site-creating variants, split by the

location of the variant. Predicted splice site-creating variants were grouped based on whether the vanaut created a

unew essential GT or AG sphice dinuclestide, whether it overlapped the rest of the splice motif (all positions arouud
the exon~-intron boundary up to 3 nt into the exon and 8 ot into the intron, exchiding the essential dinucieotide), or
whether it was outside the splice mon
{40620} Regarding FIG. 47A, validation rate for each of the three categories of splice site-creating variaats.
The total number of variants in each category is shown above the bars. Within each A Score group, the differences
in validation rates between the three groups of variants are not significant (P > 0.3, i’ test of uniformity).

[00621] Regarding FEG. 478, distribution of effect sizes for each of the three categories of splice site-creating
variants. Within each A Score group, the differences in effect sizes between the three groups of variants are not
significant (P > 0.3, Mamn-Whitney U test with Bonferroni correction).

{86221 FEGs. 484, 488, 49C, and 49 depict evaluation of the SphceNet-10k model on train and test
chromosomes, Regarding FiG. 484, tfraction of cryptic splice mutations predicted by the SpliceNet-10k model that
validated against the GTEx RINA-seq data. The validation rate is shown separately for variants on chromosomes
used during tratorog (all chroroosomes except chel, che3, clir$, chir7, and che®; lefty and the rest of the chromosoroes
{right). Predictions are grouped by their A Score. We corapared the validation rate between train and test
chromosomes for each of the four classes of variaats (gain or loss of acceptor or donor) in each A Seore group. This

accounts for potential differences in the distribution of predicted A Score values between train and test

chromosomes. The differences in validation rates are not significant (P > 0.05, Fisher Exact test with Bonferroni

correction for 16 tests).

{00623 Regarding FEG. 48B, seunsitivity of SpliceNet-10k at detecting splice-altering variants in the GTEx
ohiort at different A Score cutofls. The model’s sensitivity 1s shown separately for variants on the chiromosomes
ised for training (left) and on the rest of the chrormonsomes (nght). We used a Fisher Exact test to compare the

model’s sensitivity at 3 A Scoxe cutoff of 0.2 between train and test chromosomes. The differences are not

significaat for either vanants near exons or deep introntc vanants (P > (.05 afier Bonferroni correction for two
tests).

[00624] Regarding FEG. 48C, fraction of predicted synonymous and intronic eryptic splice variants in the

ExAC dataset that are deleterious, calculated separately for variants on chromeosomes used for training (feft) and the

rest of the chromosomes (right). Fractions and P-values are computed as shown in Figure 4A. We compared the

number of common and rare variants between training and test chromosomes for each of the four classes of variants

{gain or loss of acceptor or donor) in each A Score group. The differences are not significant (P > 0.05, Fisher Exact

test with Bonferront correction for 12 tests).

{30625} Regarding FEG. 480, predicted cryptic sphice de novo mutations (DNMSs) per person for DD, ASD,

and eoutrol eohorts, shown separately for vagants on the chromosorues used
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00626} for tratuing (left) and the rest of the chromosoraes (right). Brror bars show 95% confidence intervals
(CI). The number of erypuce splice de novoe variants per person is srualler for the test set because it (s roughly balf
the size of the tratning set. Numbers are noisy due to small sample size.
[00627] FIG. 424, 49B, and 49C illustrate de novo cryptic splice mutations in patients with rare genetic
liscase, only from synonyrmous, intronic or untransiated region sites. Regarding FIG. 494, predicted cryptic splice
de novo mutations (DNMs) with cryptic splice A score > 0.2 per person for patients from the Deciphering
Developmental Disorders cohort (DDD), individuals with autism spectrum disorders (ASD) from the Simons
Simplex Collection and the Autism Sequencing Consortium, as well as healthy controls. Enrichment in the DDD
and ASD coborts above healthiy controls is shown, adjusting for variant ascertainment between cohorts. Error bars
show 95% confidence 1antervals.
{0628} Regarding FEG. 498, estimated proportion of pathogenic IDNMs by funetional category for the DDD
and ASD cohiorts, based oo the earichiment of each category compared to bealthy controls. The cryptic splice
proportion is adjusted for the lack of missense and deeper totronic sites.
[00629] Regarding FEG. 48C, enrichment and excess of cryptic splice DNMs in the DDD and ASD cohorts
ompared to healthy controls at different A score thresholds. The cryptic splice excess is adjusted for the lack of
nissense and deeper intronic sites.
{00630} FIGs. 50A and 5B show cryptic splice de novo mutations in ASD and as a proportion of pathogenic
DNMs. Regarding FIG. 504, enrichment and excess of cryptic splice DNMs within ASD probands at different A
score thresholds for predicting cryptic sphce sites.
{40631} Regarding FEG. 888, proportion of pathogenic DNMs attributable to erypue splice sites as a fracion
of all classes of pathogenic IINMs (Gneluding proteincoding mutations), using different A score thresholds for
predicting crypiic splice sttes. More permissive A score thresholds tnerease the number of cryptic splice sites
identified over background expectation, at the trade-oft of having a lower odds ratio.

{40632} Fie. 81 depicts RNA-seq validation of predicted cryptic splice de nove mutations 1o ASD patients.

o
Yty

Coverage and splice junction counts of RNA expression from 36 predicted cryptic splice sites selected for
experimental validation by RINA-seq. For each sample, RNA-seq coverage and junction counts for the affected
individual are shown at the top, and a control individual without the mutation is shown at the bottom. The plots are
grouped by validation status and splice aberration type.

{0633} FiGs. 524 and 528 illustrate validation rate and senstivity on RNA-seq of a model trained on

canonical transeripts only. Regarding FIG. 324, we trained the SpliceNet-18k model using only junctions from

canonical GENCODE transeripts aud compared the performanee of this model to a model trained on both canonical
junctions and splice juactions appearing 1o at least five 1ndividuals 1o the GTEx cohort. We compared the validation
rates of the two models for each of the four classes of variants (gain or loss of aceeptor or dovor) in each A Score
group. The differences in validation rates between the two models are not significant (P > §.05, Fisher Exact test
with Bonferroni correction for 16 tests).

[00634] Regarding FEG. 528, seansitivity of the model that was trained on canonical junctions at detecting
splice-altering variants in the GTEx cobort at different A Score cutoffs. The sensitivity of this model in deep introuic
regions i8 lower than that of the model on Figure 2 (P < 0.001, Fisher Exact test with Bonferront correction). The
sensitivity near exons is not significantly different.

{0635} FiGs. 534, 538, and 83C illustrate euseruble modeling improves SpliceNet-10k performance.
Regarding FEG. 834, the top-k accuracies and the area under the precision-recall curves of the § individual

SpliceNet-1 0k models are shown. The models have the same arclutecture and were trarned using the same dataset.
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However, they differ from each other due to the various random aspects involved 1o the training process, such as
Y ¥

parameter initialization, data shuffling, etc.

00636} Regardiag FEG. 838, the predictions of the 5 individual SpliceNet-10k models are highly correlated.
For this study, we only considered those positions in the test set which were assigned an acceptor or donor score
greater than or equal to 0.01 by at least one model. Subplot (i, j} is constructed by plotting the predictions of Model
#i against the predictions of Model # (the corresponding Pearson correlation is displayed above the subplot).
§8637 Regarding FIG. 53C, the performance improves as the number of models used to construct the

3 & g x

SpliceNet-10k ensembile is increased from 1 to 5.

#0638 FiGs. 34 A and 548 show evaluation of SpliceNet-10k in regions of varying exon deusity. Regarding

L
FBG. 544, the test set positions were categorized into 5 bins depending on the number of canonical exons present i
1 10,000 nuckeotide window. For each hin, we calculated the top-k accuracy and the area under the precision-recall
J b
curve for SphceNet-10k.
10639 Regarding FEG. 5348, we repeated the analysis with MaxHEntScan as a comparison. Note that the
o bl
performance of both models improves at higher exon density, as measured by top-k accuracy and Precision-Recall

AUC, because the number of positive test cases increases relative to the number of negative test cases.

Enrichment of de novo mutations per cohort

{80648 Candidate eryptic splice DNMs were counted in each of the three cohorts. The DD cobort did not
report intronic DNMs > 8 ut away from exons and so regious > 8 ot from exons were excluded from all eohorts for
the purposes of the entchraent analysis to enable equivalent comparison between the DDD and ASD coborts (FEG.
41A). We also performed 2 separate analysis which excluded rautations with dual coyptic splicing and prote

coding function consequences to demonstrate the enrichment is not due to the enrichment of nwtations with protein-
coding effects within the affected cohorts (FIGs. 494, 49B, and 49C). Counts were scaled for differing
ascertatnment of DNMs between cohorts by normalizing the rate of synonymous DNMs per individual between
cohorts, using the healthy control cohort as the baseline. We compared the rate of cryptic splice DNMS per cohort
using an E-fest to conpare two Poisson rates (Krishnamoorthy and Thomson, 2004).

{30641} The plotted rates for enrichment over expectation (FIG. 41C) were adjusted for the lack of DNMs > 8
nt from exons by scaling upwards by the proportion of all cryptic splice BNMs expected to occur between 9-50 nt
away from exons using a trinuciectide sequence coutext model (see clow, Farichment of de novo mutations per

N,

gene}. The silent-only diagnostic proportion and excess of coyptic sites (FIGs. 498 and 49C) were also adjusted for
the lack of missense sites by scaling the cryptic count by the proportion of cryptic splice sites expected to ocour at
nissense sites versus synonymous sites. The tapact of A Score threshold on envebroent was assessed by calenlating
the enrichment of cryptic splice DINMSs within the DDD cohort across a range of cutoffs. For each of these the

observed: expected odds ratio was calculated, along with the excess of cryptic splice DNMs.

FProportion of pathogenic DNMs

{30642} The excess of DNMs compared to baseline mutation rates can be considered the pathogeme yield

within a cobort. We estirnated the excess of DINMs by functional type within ASD and DD coborts, against the
background of the healthy coateol cobort (FIG. 41B). The DINM counts were normabized to the rate of synonymous
DMNMs per individual as deseribed above. The DD cryptic splice count was adjusted for the lack of DNMs 9-50 nt

away from introns as described above. For both ASD and DDD cohorts, we also adjusted for the missing
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ascertatament of deep introndc varlants > 50 nt away from exous, using the ratio of pear-intronic (< 50 nt) vs dee
Yy

"

xironic > 50 nt) cryptic splice variants from the negative selecoon analysis (FIG, 38G).

Enrichment of de novo mutations per gene

[80643] We determined null mutation rates for every variant in the genome using a trinucleotide sequence
context model (Samocha et al., 20143, We used the network to predict the A Score for all possible single nucleonde
substitutions within exons and up to 8 nt mto the iutron. Based on the null mutation rate model, we obtained the
expected number of de novo cryptic sphice mutations per gene (using A Score > 0.2 as a cutoff).
[00644] As per the DDD study (McRae et al, 2017), genes were assessed for envichment of DNMs compared
to chance under two models, one considening only protein-teuncating (PTV) DNMs, and one considenug all protein-
alteriog DINMs (PTVs, mnssense, and in-frame indels). For each gene, we selected the most significant model, and
adjusted the P-value for multipic hypothesis testing. These tests were run once where we didn't consider cryptic
splice DNMs or cryptic splice rates (the defauit test, used in the original DDD study), and once where we also
counted cryptic splice DNMs and their mutation rates. We report additional candidate genes that were identified as
genes with FDR-adjusted P-value < 0.01 when including crypiic splice DNMs, but FDR-adjusted P-value > .01
when not including cryptic splice DNMs (the default test}. Enrichment tests were performed similarly for the ASD

cohort.

Yatidation of predicied cryptic splice sifes

[00645] We selected high confidence de novos from affected probands in the Simons Simplex Collection, with
at least RPKM>1 RINA-seq expression in lymphoblastoid cell lines. We selected de novo cryptic splice variants for
validation based on a A Score threshold > 0.1 for splice loss varianis and a A Score threshold > 0.5 for splice gain
variants. Because the cell lines needed to be procured far in advance, these thresholds reflect an carlier iteration of
our methods, compared to the thresholds we adopted elsewhere in the paper (FIG. 38G and FiGs. 414, 418, 41C,
and 418}, and the network did not include GTExR vovel splice juncoons for model training

{30646} Lymphoblastoid cell lines were obtained from the SSC for these probands. Cells were coltured in
Culture Medium (RPM] 1640, 2uM L-glutaruine, 15% fetal bovine servm} to a maxinnus cell deasity of 1 » 1g°
celle/mil. When cells reached raaxtmura density, they were passaged by dissociating the cells by pipetting up and
dowun 4 or 5 tmes and seeding to a density of 200,000-500,000 viable cells/ml. Cells were grown under 37°C, 5%
CO, conditions for 10 days. Approximately 5 # 10° celis were then detached and spun down at 300 X g for 5

minutes at 4°C. RNA was extracted using RNeasy® Plus Micro Kit (QIAGEN) following manufacturer’s protocol.
RNA guality was assessed using Agilent RNA 6000 Nano Kit (Agilent Technologies) and ran on Bioanalyzer 2100
{Agilent Technologies). RNA-seq libraries were generated by TruSeq® Stranded Total RNA Library Prep Kit with
Ribo-Zero Gold Set A (Illumina}. Libraries were sequenced on HiSeq 4000 instruments at Center for Advanced
Technology (UCSE) usiug 150-nt single-read sequencing at a coverage of 270-388 million reads (median 358
niillion reads).

{30647} Sequencing reads for each patient were aligued with Olego {(Wu et al., 2813) against a reference
created frora hgt9 by substituting de nove vanants of the panient (Tossifov et al., 2014} with the corcesponding
alterative allele. Sequencing coverage, splice junction usage and trauscript locations were plotted with sashirai plot
from MISO (Katz et al., 2010). We evaluated the predicted cryptic splice sites as described above in the validation
of model predictions section. 13 novel splice sites {9 novel junction, 4 exon skipping) were confirmed as they were

only observed in the sample containing the cryptic splice site and not observed in any of the 149 GTEx samples or
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in the other 35 sequenced samples. For 4 additional exon skipping events, low levels of exon-skipping were often
observed in GTEx. In these cases, we computed the fraction of reads that used the skipping junction and verified
that this fraction was ghest 10 the ceyptic splice site coutaintog sample compared to other samples. 4 additional
cases were validated on the basis of prominent intron retention that was absent or mwuch lower in other samples.
Modest intron retention in control samples prevented us from resolving events in DDXI 1 and WDR4. Two events (in

CSAD, and GEAP) were classified as failing validation because the variant was not present in sequencing reads.

DATAAND SOFTWARE AVAILABILITY

[00648] Training and test data, prediction scores for all single nucleotide substitutions 1o the reference genowme,

RNA-seq validaton results, RNA-seq juactions, and source code are publicly hosted at:

httpsy/ibasespace dtiuming. com/s/Su6ThOblecrh

[00649] RNA-seq data for the 36 Iymphoblastoid cell lines are being deposited in the ArrayExpress database at
EMBL-EBI {www.ebi.acuk/arrayexpress) under accession number E-MTAB-~xxxx.

[00650] Prediction scores and source code are publicly released under an open source modified Apache License
v2.0 and are free for use for academic and non-commercial software applications. To reduce problems with
circularity that have become a concern for the field, the authors explicitly request that the prediction scores from the

method not be rucorporated as a component of other classifiers, and instead ask that nterested parties employ the

provided source code and data to directly train and improve upon their own deep leaming models,

KEY RESOURCES TAREE

REAGENT or RESQURCE SOURCE IDENTIFIER
Deposited Data

RMA-seq data and variant calls for the GTEx  https:/w

cohort h.sov/proiects/ga

De-novo mutations for autism patients and (Iossifov etal, 2014) N/A

healthy controls

De-novo mutations from the Deciphering (McRae et al., 2017} N/A

Developmental Disorders cohort

Splice junctions from GENCODE principal This study hitps://basespace.ilfommuea.com/s/Su6Th
ransceripts used to trato the canounical Oblecrh

SpliceNet model

Splice junctions from GTEX used to augment  This study hitps://basespace.illumina.comv/s/5u6Th
the training dataset Oblecrh

Sphce junctions from GENCODE principal This study https://basespace.illomna.conv's/Su6Th
ranseripts used to test the raodel, with Oblecrh

paralogs excluded
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Spiice junctions of incRNAS used to test the

model

Predictions of canonical model

Predictions of GTEx-supplemented model

Al GTEX junctions in all GTEx vo.pl

samples

+

List of validated GTEX private variants with

A Score > (.1

Aligned BAM files for RNA-seq in 36

autism patients
Software and Algorithms

SphiceNet source code

SUPPLEMENTAL TABLE TITLES
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This study

This study

This study

This study

This study

This study

This study

hittps://basespace.illmua.com/s/Su6Th

Oblecth

hitps://basespace.illumina.comn/s/5u6Th

Oblecrh

https://basespace humina.com/s/5u6Th

Oblecrh

hitps://basespace Hlumina.com/s/5u6Th

Oblecrh

hitps://basespace.illumina.comv/s/5u6Th

Oblecrh

AreayExpress accession: E-MTAB-

XXEX

hitps://basespace.illumina.comy/s/Su6Th

Ohblecrh

[00651] Table 51 shows GTEx samples used for demonstrating effect size calculations and tissue-specific
splicing effects. Related to FIGs. 384, 38R, 38C, 38D, 38E, 38F, and 384, FIG. 384, FIG. 398, and FIG. 45
{00652} Table 52 shows matched confidence cutofts for SpliceNet-10k, GeneSplicer, MaxEntScan, and

NNS&plice at which all algorithims predict the same nunuber of gatns and losses genome-wide. Related to FIG. 38G.

[B0653] Table 53 shows counts of predicted cryptic splice DNMs 1n each cohort. Related to FEGs, 414, 418,
41C, 43D, 418, and 41F and 1s produced below:

synonyraous de

exons + introns up o 8 ot

uormalized to

cohort Probands {n})  novos per proband unadjusted SYynonymous unadjusted
DDD 4293 0.28744 2987 14
ASD 3053 (.24462 2387 64
controls 2073 0.24747 98 26
[00654] Table 54 shows expected de novo mutation rates per gene for each mutational category. Related to

FIG. 414, 4118, 41C, 41D, 41K, and 41F.

[BH655] Table 85 illustrates p-values for gene enrichment in DD and ASD. Related to FiGs. 414, 418, 41,

410, 418, and 41F.

00656} Table 86 depicts validation results for 36 predicted cryptic splice DINMs 10 autisa: patients. Related to

FiG. 414, 4118, 41C, 41D, 418, and 41F.

introns > 8 nt frora exons
normahzed to

SYROTIVINOUS

2.1
04.7
20
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Computer Sysfem

[00657] FIG. 89 is a simplified block diagram of a computer system that can be used to implement the
technology disclosed. Computer system typically includes at least one processor that comrmunicates with a number
of peripheral devices via bus subsystem. These peripheral devices can include a storage subsystem including, for
example, memory devices and a file storage subsystem, user interface input devices, user interface output devices,
and a network interface subsystem. The input and output devices allow user interaction with coniputer systenm.
Network interface subsystem provides an interface to outside networks, including an interface to corresponding
mterface devices in other computer systems.

{0658} n one mmplementation, the neural networks such as ACKNN and CNN are commumcably linked o the
storage subsystem aond user wterface input devices.

[40659] User interface oput 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

recognition systems and microphones; and other types of input devices. In general, use of the term “input

-
S
g
'r'S

Y

levice” is intended to include all possible types of devices and ways to nput information into computer system.
{00660} User interface output devices can include a display subsystem, a printer, a fax machine, or non-visual
displays such as audio output devices. The display subsystem can include a cathode ray tube (CRT), a flat-panel

device such as a liquid crystal display (LCD), a projection device, or some other mechanism for creating a visible

irnage. The display subsystern can also provide a non-visual display such as audio output devices. Tu general, use of
ge [ )

the term “output device” 18 intended to include all possible types of devices and ways to output information from
comyputer system to the user or to another machive or coxuputer systera.

e Storage subsystem stores prograroraing aod data construets that provide the funetonality of sorae or all
of the modules and methods described herein. These software raodules are geneeally executed by processor aloue or
in combination with other processors.

[30662] Memory used in the storage subsystem can include a number of memories including a main random
access memory (RAM]) for storage of instructions and data during program execution and a read only memory
(ROM) inn which fixed instructions are stored. A file storage subsystem can provide persistent storage for program
and data files, and can include a hard disk drive, a floppy disk drive along with associated removable media, a CD-
ROM drive, an optical drive, or removable media cartridges. The modules implermenting the functionality of certain
implernentations can be stored by file storage subsystem in the storage subsystem, or in other machines accessible
by the processor.

{40663} Bus subsystem provides a mechanisya for lething the vacious coraponents and subsysterns of coxaputer
systexn communicate with each other as intended. Although bus subsystem s shown schematically as a single bus,
alternative implementations of the bus subsystem can use nultiple busses.

[00664] Conrputer systen: itself can be of varying types including a personal computer, a portable computer, a
workstation, a coniputer terminal, a network computer, a television, a mainframe, a server farm, a widely-distributed
set of loosely networked computers, or any other data processing system or user device. Due to the ever-changing
nature of computers and networks, the description of computer system depicted in FEG. 59 15 intended only as a
specific example for purposes of illustrating the technology disclosed. Many other configurations of computer
systern are possible having more or less coruponents than the corputer system depicted in FIG. 59.

[#0665] The deep learning processors can be GPUs or FPGAs and cau be hosted by a deep leaming cloud

platforms such as Google Cloud Platform, Xiling, and Crrascale. Examples of deep learntog processors include
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Google’s Tensor Processing Unit (TPU), rackmount solutions like GX4 Rackmount Series, X8 Rackmount Series,
NVIDHA DGX-1, Microsoft” Siratix V FPGA, Graphceore’s Intelligent Processor Unit (IPU)}, Qualcomm’s Zeroth
platform with Snapdragon processors, NVIDIA’s Volta, NVIDIA s DRIVE PX, NVIDIA s JETSON TX1/TX2
MODULE, Intel’s Nirvana, Movidius VPU, Fujitsu DPI, ARM’s Dynamicl(3, IBM TrueNorth, and others.

[00666] The preceding description is presented to enable the making and use of the technology disclosed.
Various modifications to the disclosed implementations will be apparent, 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 s to be accorded the widest scope consistent with the principles and features disclosed terein. The scope of the

technology disclosed is defined by the appended claims.
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CLAIMS

1. A system for aberrant splicing determination, including numerous processors
operating in parallel, coupled to memory, the memory loaded with computer instructions to

determine aberrant splicing, comprising:

a trained atrous convolutional neural network, abbreviated ACNN, running on the numerous

processors, that processes pre-mRNA sequences, including:
an input module that

receives a variant sequence of at least 101 target nucleotides and flanking
nucleotides, comprising at least 901 nucleotides with the target nucleotide

flanked by at least 400 nucleotides on each side; and
accesses a reference sequence comprising at least 901 nucleotides;

layers that perform atrous convolutions on the target nucleotides in the variant
sequence and the reference sequence, and assign splice site scores for likelihood that
each of the target nucleotides is a donor splice site, an acceptor splice site, or a non-

splicing site; and

an output module that determines, from position-wise differences in the splice site
scores of the target nucleotides in the variant sequence and the reference sequence,
whether a variant in the variant sequence causes aberrant splicing at any of the target

nucleotides in the variant sequence and is therefore pathogenic.

2. The system of claim 1, wherein, for at least one target nucleotide position, at

least one position-wise difference in the splice site scores is above a predetermined threshold.

3. The system of claim 2, wherein a maximum difference in the splice site scores at a
position among the target nucleotides is below a predetermined threshold, further configured

to classify the variant sequence as not causing aberrant splicing and therefore benign.

4. The system of any of claims 2-3, wherein the predetermined threshold is determined

by:

for a plurality of candidate thresholds,
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processing a first set of reference and variant sequence pairs generated by benign

common variants to produce a first set of aberrant splicing detections; and

processing a second set of reference and variant sequence pairs generated by

pathogenic rare variants to produce a second set of aberrant splicing detections; and

selecting at least one threshold- that maximizes a count of aberrant splicing detections

in the second set and minimizes a count of aberrant splicing detections in the first set.

5. The system of any of claims 2-4, wherein the reference sequence and the variant
sequence each has at least 101 target nucleotides and each target nucleotide is flanked by at

least 5000 nucleotides on each side.

6. The system of any of claims 2-5, wherein the splice site scores of the target
nucleotides in the reference sequence are encoded in a first output of the ACNN and the
splice site scores of the target nucleotides in the variant sequence are encoded in a second

output of the ACNN.

7. The system of claim 6, wherein the first output is encoded as a first 101 x 3 matrix

and the second output is encoded as a second 101 x 3 matrix.

8. The system of claim 7, wherein each row in the first 101 x 3 matrix uniquely
represents splice site scores for a likelihood that a target nucleotide in the reference sequence

is a donor splice site, an acceptor splice site, or a non-splicing site.

9. The system of claim 7 or 8, wherein each row in the second 101 x 3 matrix uniquely
represents splice site scores for a likelihood that a target nucleotide in the variant sequence is

a donor splice site, an acceptor splice site, or a non-splicing site.

10. The system of claim 9, wherein splice site scores in each row of the first 101 x 3

matrix and the second 101 x 3 matrix are exponentially normalized and sum to unity.

11.  The system of any of claims 8-10, wherein the output module performs a row-to-row
comparison of the first 101 x 3 matrix and the second 101 x 3 matrix and determines, on a

row-wise basis, changes in distribution of splice site scores.

12. The system of claim 11, wherein, for at least one instance of the row-to-row
comparison, the change in distribution is above a predetermined threshold, further configured

to classify the variant as causing aberrant splicing and therefore pathogenic.
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13. The system of any of claims 1, 2-8 and 10-12, wherein the reference sequence and

the variant sequence are one-hot encoded.

14. A computer-implemented method of determining aberrant splicing in a pre-mRNA

sequence, comprising:

processing a pre-mRNA sequence using a trained atrous convolutional neural

network, abbreviated ACNN, including:

receiving a variant sequence of at least 101 target nucleotides and flanking
nucleotides, comprising at least 901 nucleotides with the target nucleotides flanked by
at least 400 nucleotides on each side and accessing a reference sequence comprising

at least 901 nucleotides;

performing atrous convolutions on the target nucleotides in the variant sequence and
the reference sequence and assigning splice site scores for likelihood that each of the
target nucleotides is a donor splice site, an acceptor splice site, or a non-splicing site;

and

determining position-wise differences in the splice site scores of the target nucleotides in the
variant sequence and the reference sequence and classifying, from the position-wise
differences, whether the variant sequence causes aberrant splicing at any of the target

nucleotides in the variant sequence and is therefore pathogenic.

15.  The method of claim 14, wherein the determining identifies positional distribution of

occurrence of splicing events in a target sub-sequence.

16.  The method of claim 15, wherein the splicing events include at least one of cryptic
splicing, exon skipping, mutually exclusive exons, alternative donor site, alternative acceptor

site, and intron retention.

17.  The method of any of claims 14-16 wherein the reference sequence and the variant
sequence are aligned with respect to nucleotide positions and differ by at least one variant

nucleotide.

18.  The method of any of claims 14-17, wherein the target nucleotides in the variant
sequence and the reference sequence are each flanked by at least 1000 nucleotides on each

side.
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19.  The method of any of claims 14-18, wherein the target nucleotides in the variant

sequence and the reference sequence are each flanked by at least 5000 nucleotides on each

side.

20.  The method of any of claims 14-19, wherein the variant sequence includes two
variants.

21.  The method of any of claims 14-20, applied to per-gene enrichment analysis for a

particular gene sampled from a diseased cohort of individuals with a genetic disorder, further

including:
applying the trained ACNN system to identify candidate variants from the diseased cohort in
the sampled particular gene that cause aberrant splicing;

identifying de novo candidate variants among the candidate variants;

determining a baseline number of mutations at the de novo candidate variants for the
particular gene based on summing observed trinucleotide mutation rates of the de novo
candidate variants in a population of normal individuals, and multiplying the sum of the

trinucleotide mutation rates with a transmission count and a size of the diseased cohort;
and

comparing the baseline number of mutations with a count of observed variants at the de novo
candidate variants in the diseased cohort, and based on the comparison, determining that the

particular gene is associated with the genetic disorder.

22.  The method of claim 21, further including comparing using a statistical test that

produces a p-value as the output.

23. The method of any of claims 21-22, wherein the genetic disorder is autism spectrum
disorder, ASD.
24, The method of any of claims 21-22, wherein the diseased cohort is a developmental

delay disorder, DDD, cohort.

25.  The method of any of claims 21-24, wherein at least some of the candidate variants

are protein-truncating variants.
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26.  The method of any of claims 21-25, wherein at least some of the candidate variants

are missense variants.

27. A non-transitory computer readable storage medium impressed with computer
program instructions to detect aberrant splicing, the instructions, when executed on a

processor, implement a method comprising:

processing a pre-mRNA sequence using a trained atrous convolutional neural network,

ACNN, including:

receiving a variant sequence of at least 101 target nucleotides and flanking
nucleotides, comprising at least 901 nucleotides with the target nucleotides flanked by
at least 400 nucleotides on each side and accessing a reference sequence comprising

at least 901 nucleotides;

performing atrous convolutions on the target nucleotides in the variant sequence and
the reference sequence and assigning splice site scores for likelihood that each of the

target nucleotides is a donor splice site, an acceptor splice site, or a non-splicing site;

determining position-wise differences in the splice site scores of the target nucleotides in the

variant sequence and the reference sequence; and

classifying, from the nucleotide-by-nucleotide differences, whether the variant sequence
causes aberrant splicing at any of the target nucleotides in the variant sequence and is

therefore pathogenic.





