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ABERRANT SPLICING DETECTION USING
CONVOLUTIONAL NEURAL NETWORKS (CNNS)

APPENDIX
[0001] The Appendix includes a bibliography of potentially relevant references listed in a paper authored by

the inventors. The subject matter of the paper is covered in the US Provisionals to which this Application claims
priovity to/benefit of. These references can be made available by the Counsel upon request or may be accessible via
Global Prossier.

PREORITY APPLICATIONS

{00062} This application clarms prioxity to or the benefit of US Provisional Patent Application
Mo, 62/573,125, titled, “Deep Learmug-Based Splice Site Classification,” by Kishore Jaganathan, Kai-How Farh,

Sofia Kynazopoulon Panagiotopouiou and Jeremy Francis McRae, filed October 16, 2017 (Attomey Docket No.
TLLM 1001-1/IP-1610-PRV); US Provisional Patent Application No. 62/573,131, titied, “Deep Learning-Based
Aberrant Splicing Detection,” by Kishore Jaganathan, Kai-How Farh, Sofia Kyriazopoulou Panagiotopoulou and
Jeremy Francis McRae, filed October 16, 2017 (Attorney Docket No. ILLM 1001-2/1P-1614-PRV); US Provisional
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Application No. 62/726,158, titled, “Predicting Sphcing from Prmary Sequence with Deep Learning,” by Kishore
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McRag, filed on Cctober 15, 2018 (Attorney Docket No. ILLM 1001-7/ IP-1610-PCT), subsequently published as
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PCT PublicationNo. WG
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{3409} Bocument § — 5. Dicleman, H. Zen, K. Stmonyan, O. Vinvals, A. Graves, N. Kalchbrenaer, A. Senior,
and K. Kavukcuogly, “WAVENET: A GENERATIVE MODEL FOR RAW AUDIO,” arXiv: 1609.03499, 2016;
{6010} Document 2 - 5. 0. Actk, M. Chrzanowski, A. Coates, G. Diamos, A. Gibiansky, V. Kang, X. Li, J.

Miller, A. Ng, J. Raiman, 5. Sengupta and M. Shoeybi, “DEEP VOICE: REAL-TIME NEURAL TEXT-TO-
SPEECH,” arXiv:1702.07825, 2017,

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

[8012] Document 4 —- K. He, X. Zhang, S. Fen, and 1. Sun, “DEEP RESIDUAL LEARNING FOR IMAGE
RECOGNITION,” arXiv:1512.0338S, 2015;

[8013] Document 3 - R.K. Srivastava, K. Greff, and J. Schimdhuber, “HIGHWAY NETWORKS,” arXsv:
1505.00387, 2015;

{6014} Bocument 6 — G. Buang, Z. Liu, L. van der Maaten and K. 3. Wemnberger, “DENSELY
CONNECTED CONVOLUTIONAL NETWORKS,” arXiv:1608.06993, 2017;

RS Document 7 — C. Szegedy, W. Liu,Y. Jia, P. Sermanet, 5. Reed, D. Anguelov, D. Erhan, V.
Vanhoucke, and A. Rabinovich, “GOING DEEPER WIiTH CONVOLUTIONS,” arXiv: 1400.4842, 2014;

{6016} Document 8 — 5. Ioffe and C. Szegedy, “BATCH NORMALIZATION: ACCELERATING DEEP
NETWORK TRAINING BY REDUCING INTERNAL COVARIATE SHIFT,” arXiv; 1502.03167, 2015;

[B0L7} Document 9 — J. M. Wolterink, T. Leiner, M. A. Viergever, and 1. l8gum, “DILATED

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

{8018} Bocument 10 - L. C. Piqueras, “AUTOREGRESSIVE MODEL BASED ON A DEEP
CONVOLUTIONAL NEURAL NETWORK FOR AUDIO GENERATION,” Tampere University of Techinology,
2016;

{3019} Docurgent 1 —J. Wa, “Totroduction to Convolutional Neural Networks,” Nanging University, 2017;
{6020} Document 12 — 1. 1. Goodfellow, D, Warde-Farley, M. Mirza, A. Courvilie, and Y. Bengio,
“CONVOLUTIONAL NETWORKS”, Deep Learning, MIT Press, 2016; and

(0021} Document 13 - 1. Gu, Z. Wang, J. Kuen, L. Ma, A. Shalwoudy, B. Shuai, T. Liu, X. Wang, and G.

Wang, “RECENT ADVANCES IN CONVOLUTIONAL NEURAL NETWORKS,” arXiv:1512.07108, 2017.
{4022} Docuruent | descubes deep convolutional neural network arclutectures that use groups of residual
blocks with convolution filters baving same convolution window size, batch normabzation layers, rectified linear
unit (abbreviated Rel.U) layers, dimensiouality altering layers, atrous convolution layers with expouentially growing
atrous convolution ates, skip conpections, and a softmax classification layer to accept an input sequence and
produce an output sequence that scores entries o the input sequence. The technology disclosed uses neural vetwork
components and pararncters 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.

{8623} Document 2 describes details of the deep convolutional neural network architectures described in
Pocument 1.

[8624] Document 3 describes atrous convolutions used by the technology disclosed. As used herein, atrous

convoluiions are also referred to as “dilated convolutions”. Atrous/dilated convolunions allow for large receptive
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fields with few trainable parameters. An atrous/dilated convolution 1s a convolution where the keruel is applied over
an area larger than its length by skipping raput values with a certain step, alse called atrous convolution rate ox
dilation factor. Atrous/dilated couvolutions add spacing between the elements of a convolution filter/kernel so that
neighboring input entries {e.g., nucleotides, amino acids) at larger intervals are considered when a convolution
operation is performed. This enables incorporation of long-range contextual dependencies in the input. The atrous

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

{0025} Document 4 describes residual blocks and residual connections used by the technology disclosed.
{0026} Document 5 describes skip connections used by the technology disclosed. As used herein, skip

counections are also referred to as “highway networks™.

{0027} Document 6 describes densely counected couvolutional network architectures used by the techuology
disclosed.
{6028} Bocument 7 describes dunensionality altering convolution Jayers and modules-based processing

pipelines used by the technology disclosed. One example of a dimensionality altenng convolutionisa 1 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 networlks 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} Docunsent 11 describes details of a convolutional neural network that can be used by the technology

disclosed, mcluding algorithms for traming a convolutional neural network with subsampling layers (e.g., pooling)

and fully-connected layers.

[0833] Document 12 descabes details of various convolution operations that can be used by the techoology
disclosed.
{8034} Document 13 describes various architectures of convolutional neural networks that can be used by the

technology disclosed.
INCORPORATION BY REFERENCE OF TARLES
SUBMITTED ELECTRONICALLY WITH APPLICATION

[8035] 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:

{036} table_S4 muvtation rates.tut August 31, 2018 2,452 KB
{0037} table 55 gene eurichmenttxt  Auvgust 31,2018 362KB
{0038} table_S6_vabdation.txt August 31,2018 362 KB

FIELD OF THE TECHNOLOGY DISCLOSED

{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.e., knowledge
based systems, reasoning systems, and knowledge acquisition systems); and inchuding systems for reasomug with
uncertainty {(e.g., fuzzy logic systemns), adaptive systems, machine leamning systems, and actificial neural networks.
In particular, the technology disclosed relates to using deep learning-based techniques for tratmng deep

convolunional neural networks.
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BACKGROUND

{3040} The subject matter discussed in this section should not be assumed to be prior art merely as a result of
ifs mention in this section. Similarly, a problem 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
matter in this section merely represents different approaches, which in and of themselves can also correspond to

implementations of the claimed technology.

Machine Learning

{6041} o machine learning toput variables are used to predict an output variable. The tnput vagables are often
called features and are denoted by X = (X}, X;, ..., X,), where each X, 7 € 1, .., & is a feature. The output variable is
often called the response or dependent variabie and is denoted by the variable ). The relationship between Y and the
corresponding X can be writien in a general form:

Y=f O+«
{0042} In the equation above, fis a function of the features (X5, X5, ..., X} and € is the random error term.
The error term is independent of X and has a mean value of zero.
{0043} In practice, the features X are available without having Y or knowing the exact relation between X and

Y. Since the error termu has & mean value of zero, the goal is to estmate £

A
7= J=(X)
[3044] In the equation above, f is the estimate of €, which is often considered a black box, meaning that

only the relation between the input and output of j is known, but the question why it works remains unanswered.

[0045] The function / is found using learning. Supervised learning and unsupervised learning are two ways
used in machine learning for this task. In supervised leaming, labeled data 1s used for traming. By showing the
inputs and the corresponding outputs {=labels), the fumction f' is optimized such that it approximates the output. In

nnsupervised learuing, the goal s to find a hidden stouctuee from unlabeled data. The algonthin has no measure of

accuracy on the input data, which distinguishes it frora supervised learning.
Nenral Networks

{0046} The single layer perceptron {(SLP) is the simplest model of a neural network. It comprises one input
layer and one activation function as shown in FEG. 1. The inputs are passed through the weighted graph. The
function /'uses the sum of the inputs as argument and compares this with a threshold 8.

{0047} FIG. 2 shows one implementation of & fully connected neural network with mudtiple layers. A neural
network 1s a system of nterconuected artificial nevrons (e.g., ay, a2y a3) that exchange messages between each other.
The Ulustrated neural vetwork bas three mputs, two peurons i 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 fimction g{®} .The
conpections have gumenc weights {e.g., Wi, Wi, Wiz, Wai, Wi, Wi, Vi, Voz) that are tuned during the taaining
process, so that a properly trained network responds corcectly when fed an rmage to recognize. The input layer
processes the raw input. the hidden layer processes the output from the input layer based on the weights of the
connections between the input layer and the hidden layer. The output layer takes the output from the hidden layer

and processes it based on the weights of the conmections between the hidden layer and the output layer. The network
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includes rauluple layers of feature-detecting nenrouns. Each layer has many neurons that respond to different
combinations of inputs from the previous layers. These layers are constructed so that the fiest layer detects a set of
primitive patterns s 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 genomics can be found in the following publications:
e [, Ching et al., Opportuuities And Obstacles For Deep Learning In Biclogy And Medicine,
www.biorziv.org: 142760, 2017,
+  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 Learmug For Regulatory Genomics. Nat, Biotechnol. 33, 825-826.
(dor:1G.1038/mbt.3313);
e Min, S, Lee, B. & Yoon, S. Deep Leaming In Bioinformatics. Brief. Bicinform. bbw(068& (2016);
e Leung MI, Delong A, Alipanahi B et al. Machine Learning In Genomic Medicine: A Review of
Computational Problems and Data Sets 2016; and
e  Libbrecht MW, Noble WA, Machine Learmug Applications In Genetics and Genomics. Nature Reviews

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

BRIEF DESCRIPTION OF THE DRAWINGS

{045} In the drawings, like reference characters generally refer to like parts throughout the different views.
Also, the drawings are not necessarily o scale, with an emphasis instead generally bemng placed upon illusirating the
£5 S -+ & Y & £
aaciples of the technology disclosed. In the followmyg description, vanious implementations of the technology
g P B w &,

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

{050} FiG. 1 shows a stugle layer 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.
{0054} FIG. 5 shows one implementation of a2 ReLU non-linear layer in accordance with one implementation

of the technology disclosed.

[#955] G, 6 1ilustrates dilated convolutions.
8856 FEG. 7 15 one implementation of sub-sampling layers {average/max pooling) m accordance with one
& M kS 153 + £,

implerentation of the technology disclosed.

{0857} FIG. 8 depicts one implementation of a two-layer convolution of the convolution layers.
{3058} FIG. 9 depicts a residual connection that reinjects prior information downstream via feature-map
addition.

{3059} FIG. 14 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.

{0062} FEG. 13 illustrates the batch normalization transform at test time.

{0063} FIG. 14 shows the batch normalization backward pass.

{3064} FiG. 15 depicts use of a batch normabization layer with convolutional or densely connected layer.
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{0065} ¥EG. 16 shows one implementation of 113 convolution.
{3066} FiGs. 17 illostrates how global average pooling (GAP) works.
{6867} FIG. 18 :lustrates one iraplementation of a coraputiog environment with training servers and

production servers that can be used to implement the technology disclosed.

{0068} FIG. 19 depicts one implementation of the architecture of an atrous convolutional neural network
{abbreviated ACNN}, referred to herein as “SpliceNet™.

{3069} FIG. 28 shows one implementation of a residual block that can used by the ACNN and a convolutional
neural network (abbreviated CNN).

{6078} FRG. 21 depicts another iruplementation of the architecture of the ACNN, referred to herein as
“SpliceNets(”.

{6071} FREG. 22 depicts yet another implerentation of the architecture of the ACNN, referred to herein as
“SpliceNetd(0”.

{4072} K€, 23 depicts yet further tmplementaion of the architectiee of the ACUNN, referred to herein as

“SpliceNet20607.

{0673} FIG. 24 depicts yet another implementation of the architecture of the ACNN, referred to herein as
“SpliceNet 0600”7,

[0074] FIGs. 25, 26, and 27 show various types of inputs processed by the ACNN and the CNN.

[0075] FIG. 28 shows that the ACNN can be trained on at least 860 million non-splicing sites and the CNN

can be trained on at least 1 million non-sphicing sites.

{3076} i, 29 illustrates a one-hot encoder.

{8877} FIG. 38 depicts training of the ACNN.

{3078} FiGs. 38 shows a UNN.

{0679} FIG. 32 shows training, validation, and testing of the ACNN and the CNN.

[H088] Fi{s. 33 depicts a reference sequence and an alterpative sequence.

{6081} FIG. 34 illustrates aberrant splicing detection.

[0082] FIG. 35 illustrates processing pyramid of SpiiceNet10000 for splice site classification.

{3083} FIG. 36 depicts processing pyramid of SpliceNet10000 for aberrant splicing detection.

{0084} FiIGs. 37A, 378, 37C, 37D, 37E, 37F, 37G, and 37H illustrates one implementation of predicting

splicing from primary sequence with deep leaming.

{0085} FEGs. 38A, 388, 38C, 38D, 38K, 38F, and 380 depict one implernentation of validation of vare
cryptic splice mutatious in RNA-seq data.

6086} FIGs. 394, 398, and 3%C show one implementation of cryptic splice variants frequently create tissue-

specific altermanve sphicing.

{0087} FIGs. 404, 468, 40C, 40D, and 40F depict one implementation of predicted cryptic splice variants are
strongly deleterious in human populations.

{3088} FIGs. 414, 418, 41C, 41D, 41E, and 41F show one implementation of de novo cryptic splice
mutations in patients with rare genetic discase.

{00891 FiGs. 42A and 428 depict evaluation of various splicing prediction algorithms on ineRNAs.

{0090} FIGs. 43A and 43B illustrate position-dependent cffects of the TACTAAC branch point and

GAAGAA exomce-splice enhancer motifs,

{6091} FiGs. 44A and 448 depict effects of nucieosome positioning ou splicing.



WO 2019/079202 PCT/US2018/055923

{6092} ¥EG. 45 illustrates example of calculating effect splice-disrupting variant with complex
effects.

893} FIGs. 464, 468, and 46C 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 train and test
chromosomes.

{1096} FRG. 494, 498, and 49C sllustrate de novo cryptic splice mutations in patients with rare genetic
disease, ouly from synonymous, mutronic or vntransiated region s

{6097} Fidss. S0A and S8B show cryptic splice de novo mutations in ASD and as a proportion of pathogenic
DNMs.

{4098} Fi¢. 51 depicts RNA-seq validation of predicted cryphic splice de novo mutations 1a ASD pasents.
[6099] FiGs. 52A and 52B illustrate validation rate and sensitivity on RNA-seq of a model trained on

canonical transeripts only.

[60100] FiIGs. 534, 53B. and 53C illustrate ensemble modeling inyproves SpliceNet-10k performance.

{00101} FIGs. 54A and 54B show evaluation of SpliceNet-10k in regions of varying ¢xon density.

[00102] FIG. 55 1s Table S1 which depicts one implementation of GTEX samples used for demonstrating effect
size caleulations and tissue-specific splicing.

{00193} i, 56 1s Table S2 which depicts one implementation of cutoffs uvsed for evaluating the validaton

rate and sensitivity of different algorithms.

{ iz, 57 & s one implementaon of per-gene enrichment analysis.

#0184 Fi(s. 87 shows one implementaton of per-gene enrichment analysi

{601 05] FIG. 58 shows one mmplementation of genome-wide enrichiment analysis.

{00106} Fi{s. 89 is 2 simplified block diagrars of a computer system that can be used to implement the

technology disclosed.
DETAILED DESCREIPTION

{40197} The following discussion 1s presented to enable any person skitled in the art to make and use the
technology disclosed, and is provided in the coutext of a particular application and its requirernents. Various
medifications to the disclosed iroplersentations will be readily apparent to those skilled 1o the art, and the general
principles defined herein may be applied to other implernentations and applications without departing from the spirit

and scope of the technology disclosed. Thus, the techuology disclosed is not intended to be hoted 1o the

implementations shown, but is to be accorded the widest scope consistent with the principles and features disclosed
herein.

Introduction

Coanvolational Newrai Networks

[#0108] A convolutional veueal network 1s a special type of neural network. The fundamental difference
between a densely connected layer and a convolution layer is this: Dense layers learn global patterns in their input
patterns found in smail 2D

feature space, whereas convolution layers learn local patters: in the case of images,
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windows of the inputs. This key characteristic gives convolitional neural networks two mteresting properties: (1)
the patteras they learn are transiation invariant and (2) they can learn spatial hievarchies of patteros.

{60149} Regarding the first, after learning a certain pattern in the lower-tight comer of a picture, a convolution
layer can recognize it anywhere: for example, in the upper-left corner. A densely connected network would have to
learn the pattern anew if it appeared at a new location. This makes convolutional neural networks data efficient
because they need fewer training samples to learn representations they have generalization power.

[001140] Regarding the second, a first convolution layer can learn small local patterns such as edges, a second
convolution layer will leam larger patterns made of the features of the first layers, and so on. This allows
couvohitional nevral networks to efficiently learn increasingly coruplex and abstract visual concepts.

{00111} A convolutional neural network learns lghly non-linear mappings by interconnecting layers of
artificial neurons arcanged in many different layers with activation functious that make the layers dependent. [t
includes one or more convolunonal layers, wnterspersed with one or more sub-sampliag tayers and non-linear layexs,
which are typically followed by one or morxe fully connected layers. Each element of the convolutional neural
network receives inputs from a set of features in the previous layer. The convolutional neural network learns
concurrently because the neurons in the same feature map have identical weights. These local shared weights reduce
the complexity of the network such that when muiti-dimensional input data enters the network, the convolutional
neural network avoids the coniplexity of data reconstruction in feature extraction and regression or classification
ProCess.

{60112} Convolutions operate over 303 s, called feature maps, with two spatial axes (height and width) as
well as a depth axis (also called the chamnels zixis). For an RGB mage, the dimension of the depth axis 1s 3, because

the irnage has three color channels; red, green, and blue. For a black-and-white picture, the depth is 1 (fevels of

geay). The convolution operation exiracts patches frora its mput feature yaap and applies the same ansformation to

all of these patches, producing an output feature map. This output feature xoap is still a 31 tensor: 1t has a width and

*

a height. {ts depth can be arbitrary, because the output depth is a parametey of the layer, and the different chanoels in
that depth axis ne longer stand for specific colors as in RGB input; rather, they stand for filters. Filters encode
specific aspects of the input data: at a height level, a single filter couid encode the concept “presence of a face in the
input,” for instance.

{80113} For example, the first convolution layer takes a feature map of size (28§, 28, 1} and outputs a feature
miap of size (26, 26, 32} it computes 32 filtexs over its input. Bach of these 32 output channels contains 4 26 x 26
grid of values, which 1s a response map of the filier over the nput, indicating the response of that filter pattern at
different locations in the 1wput. That is what the term feature map raeans: every dirnension in the depth axis is a
feature {or filter), and the 2D tensor output [1, 1, n] 1s the 20 spatial yeap of the response of this filter over the 1oput.
{30114} Convolutions are defined by two key parameters: (1) size of the patehes exteacted 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 conmputed 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.

{80115} 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 learned

- matrix, called the convohution kernel) into a 1D vector of shape (output_depth,}. All of these vectors are then
spatially reassembled into a 3D output map of shape (height, width, output depth}. Bvery spatial location 1u the

output feature map corresponds to the same locaiion in the mput feature raap (for exarople, the lower-tight cormer of
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the output contaius information about the ower-tight comer of the 1oput). For instance, with 3 x 3 windows, the
veetor output {1, §, o comes frora the 3D pateh nput [1-1: 1+, j-1:+4, o] The foll process 1s detailed o FIG. 3.
{60116} The convohutional neural vetwork comprses convolution layers which perform the convolution
operation between the input values and convolution filters (mairix of weights) that are leamed over many gradient
update iterations during the training. Let {m, 1) be the filter size and # be the matrizx of weights, then a convolution
layer performs a convolution of the # with the input X by calculating the dot product ¥+ x + 5, where x is an
instance of X and b is the bias. The step size by which the convolution filters slide across the input is called the
stride, and the filter area (m % n) is called the receptive field. A same convelution filter is applied across different
positions of the input, whict reduces the number of weights learned. It also allows location invariant learning, 1.e., if

an important pattern exists in the rput, the convolution filters learn 1t no matter where 1t 1s in the sequence.

Training a Convolutional Neural Network

[60117] 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 is 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 coniparison of the output estimate and the ground truth until the output estimate progressively matches or
approaches the grouwad truth.
{60118} The convohutional neural network s trained by adjusting the weights between the neurons based ou the
difference between the ground truth and the actual output. This is mathematically descubed as:
Aw -x0
4 11
where & =(ground truth) —(actual output)

{40119} In one mmpleroentation, the training rule is defined as;

M} nm & Wﬂm "'%" [e4 (Zm - (pm)ari

{00120} In the equation above: the arrow indicates an update of the value; fw isthe target value of neuron #7 ;
@ m is the computed carrent output of newron M2 ; x isinput 77 ; and o is the learning rate.
{00121} The intermediary step in the training includes generating a feature vector from the input data using the
convolution layers. The gradient with respect to the weights 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 performs backward propagation of errors by means of gradient descent. Oue exaruple of a
sigrmoid function based back propagaton algorithm is described below:

o= f(h)y=—ep

I+e

[30123] In the sigmoid funcoon above, h 1§ the weighted sum computed by & neuron. The sigmoid function

has the following derivative:
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[60124] The algorithra includes computing the activason of all neurons in the network, vielding an output for

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

1
P
¢ ”i } + e--hm
N
ho= Z a w
m nonm
n=]
{00125} This is done for all the hidden layers to get the actvation described as:
[}, T msmansnannannn
¢ k fik
I+e
M
h, = Z v
T e Pon mk
=1
{60126} Then, the ercor and the correct weights are calculated per layer. The error at the output is computed as:

o, ={t, —p, Yy, {(1-@,
ok (k ‘?kﬁk( L@k,)
[60127] The error in the hidden layers is calculated as:

5"\ -
Com ™ Pm (1- (/jm) Z-f Vink ok

[60128] The weights of the output layer are updated as:
Vil €—Vmk -+ Qi(saka??m
{00129} The weights of the hidden layers are updated using the learming rate & as:
Vim —Wnm + QO hmin
[00138] 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
7, the loss function 1s defined as ¢ for the cost of predicting ¥ when the target s p, 1.e. ¥ (§, ¥). The predicted output
is transformued from the input feature vector x using function £ Punction £1s parametenized by the weights of
convolutional neural vetwork, 1.e. § = £, &x3. The loss fimetion is described as 7 (B, yy =1 {f, &by}, ot

O (7, wy=1(f, {x} y} where 7 13 an input and output data pair {x, p}. The gradient descent optinnzation is performed
by updating the weights according to:

N

Vivr=uVi- Q& —}:—Z Vwr Q (z:,m)

Weri= Wi+ Vit

[00131] In the equations above, £¥ is the learning rate. Also, the loss is computed as the average over a set of
data pairs. The o ation is terminated when the learning rate &F is ¢ enouck Hinear COnveroene
71 data pairs. The computation is terminated when the learning rate 1s small enough upon linear convergence.

in other implermentations, the gradient is caleulated using ooly selected data paies fed to a Nesterov’s accelerated
gradient and an adaptive gradient to inject computation efficiency.

[00132] In one impiementation, the convolutional neural network uses a stochastic gradient descent (SGD) to
caleulate the cost function. A SGD approximates the gradient with respect to the weights in the loss function by

coraputing it from only one, randomized, data pair, Z;, described as:
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Vivi= yV—-GVw{z,wi}
Wiri=Wr+Vi+1
{00133 In the equations above: €¥ is the learning rate; /lf 1s the moraentum; and { is the curtent wei ht state

before updating. The convergence speed of 5GD is approximately G(l // A ) when the learning rate ¥ are

reduced both fast and slow enough. In other implementations, the convolutional neural network uses different loss

functions such as Buclidean loss and softmax loss. In a further implementation, an Adam stochastic optinmzer is

used by the convolutional neural network,

Convelation Lavers

{00134} The convolution layers of the convolutional neural network serve as feature extractors. Convolution
layers act as adaptive feature extractors capable of learning 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, convolvtion operates on two images in two-dimension (2D}, with one 1mage

betng the input image and the other nnage. called the “kernel”, applied as a filter on the 1uput image, prodocing an

output image. Thus, for an rput vector fof length # and a kernel g of length m, the convelution / * g of fand g is

m
o n - _ & | g 1. Iy v " ,l
(fre)i)=2 gy - fli=j+m/2)
=t
{00135} The convelution operation includes siiding the kernel over the input image. For cach position of the

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

{80136} Ouce the convolutional layers are trained, they are applied to pexform recoguition tasks on new
inference data. Since the convolutional layers learn from the training data, they aveid explicit feature extraction and
implicitly feam from the aining data. Coovolution layers use convolution filter kernel weights, which axe
determined and updated as part of the trajuing process. The convolution layers extract different features of the mput,
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} Fis. 5 shows one mnplementation of non-linear layers in accordance with one inplementation of the

technology disclosed. Non-linear layvers use different von-linear rigger functions to signal distinet identification of
likely features ou each hidden layer. Non-linear layers use a vanety of specific functions to implercent the non-
linear triggering, including the rectified linear units (ReLUs), hyperbolic tangent, absolute of hyperbolic tangent,
sigmoid and continuous trigger (non-lincar) functions. In one implementation, a Rel U activation impiements the
function v = max(x, 0} and keeps the input and output sizes of a layer the same. The advantage of using Rel 1] is that
the convolutional neural network is trained many times faster. ReLU 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 ReLU activation function is described as:
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@{h) =max(h,0)

Cfhif 0
200 = o ir neo

[60138] o other taplementanons, the couvolunional neural network uses a power unit activation function,
which is a continuous, non-saturafing function described by:

@)y =(a+bh)"
{60139} In the equation above, o, » and ¢ are parameters controlling the shift, scale and power respectively.
The power activation function is able to yield x and v-antisymumetric activation if ¢ is odd and y-symmetric
activagon if ¢ 1s even. In some implementations, the unit yields a non-rectified linear activation.
{40148} In yet other implementations, the convolutional neural network uses 2 sigmoid anit activation function,
which is a continuouns, satueating function described by the following logistic funcoon:

o) =

I+e

[#0141] In the equation above, f = 1. The sigmoid unit activation function does not yield negative activation

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

[#0142] FIG. 6 dlustrates dilated convolutions. Dilated convolutions, sometimes called atrous convolutions,
which literally means with holes. The French name has its origing in the algorithme a trous, which computes the fast
dyadic wavelet transform. In these type of convolutional layers, the inputs corresponding to the receptive field of the
filters are not neighboring porats. This is 1llustrated in FIG. 6. The distance between the inputs 1s dependent ou the

dilation factor,

Sub-Sampling Lavers

[00143] FIG. 7 is one implementation of sub-sampling layers in accordance with one implementation of the
technology disclosed. Sub-sampling layvers reduce the resolution of the features extracted by the convolution layers
to malkee 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-dirensional spaces. For average poolmg, the average of the four vahies in
the region is calevlated. For max pooling, the maximum value of the four values is selected.

[$0144] In one 1y

ernentation, the sub-sampling layers 1uclude pooling operations on 4 set of neurons in the

previous layer by mapping its output to only one of the inputs in max pooling and by ruapping its output to the
average of the nput 1o average pooling. {n max pooling, the output of the pooling neuron 1s the maximum value that

resides within the nput, as desert

bed by:

o =AX(@: P, ....Px)

[30145] In the equation above, N is the total number of elements within a neuron set.
[80146] In average pooling, the output of the pooling neuron is the average value of the input values that reside

with the input neuron set, as described by:
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{00147} In the equation above, N is the total number of elements within input neuron set.
{00148} In ¥R, 7, the input is of size 4 » 4. For 2 x 2 sub-sampling, a 4 x 4 image 1s divided into four non-

overlapping matrices of size 2 x 2. For average pooling, the average of the four values 1s the whole-integer cutput.

For max pooling, the maximum value of the four values i the 2 X 2 matrix is the whole-integ

ger output.

Convohation Examples

[060149] FIG. 8 depicts one implementation of a two-layer convolution of the convolution layers. In FIG. 8, an
input of size 2048 dimensions is convolved. At convolution 1, the input is convolved by a convolutional layer
comprising of two channels of sixteen kernels of size 3 % 3. The resulting sixteen feature maps are thenp rectified by
means of the RelU activation function at Rel.U1 and then pooled in Pool 1 by means of average pooling usiug a
sixteen channel pocling layer with kernels of size 3 = 3. At couvolution 2, the output of Pool 1 i3 then convolved by
another convolotional layer compusing of sixteen chanuels of thirty kernels with a size of 3 x 3. This 1s followed by
yet another Rel.UJ2 and average pooling in Pool 2 with a kemel size of 2 x 2. The convolution lavers use varying
wumber of strides and padding, for example, zero, one, two and three. The resulting feature vector is five hundred
and twelve {(512) dirnensions, according o one mmplernentation.

[B0150] In other implementations, the convolutional neural network uses different numbers of conveolution
layers, sub-sampling layers, non-linear layers and fully connected layers. In one implermentation, the convolutional
neural network is a shallow network with fewer layers and more neurons per layer, for example, ong, two or three
fully connected layers with hundred (160} to two hundred (200} neurons per layer. In another implementation, the
convolutional neural network is a deep network with more layers and fewer neurons per layer, for example, five (5},

six {6) or eight (8} fully connected layers with thirty (30) to fifty (30) nevrouns per layer.
Forward Pass

o - 1 h - 1 1 pth o o
{60151} The output of a neuron of row x, column y in the /* convolution layer and &% feature map for f number

of convelution cores in a feature map is deternxined by the following equation:

()\! &Y tdnh(z Z Z M/(f» f}()\/ -1L7} +Blil$l‘l’;\)}

(r,c) T xbrxbc)
=0 r=0 =0

{40152} The output of a pewron of row x, column v in the ™ sub-sample tayer and £ feature map is determined

by the following equation:

Sh S‘/
(LEy _+, (k) Z‘ Ut Lk e
Oy = tanh (¥ » () Sorpsyre) T Bias'™"")
=0 c=0
[B0153] The output of an ™ neuron of the M output Jayer is determined by the following equation:

O, —tanh{z Oy Wi )+ Bias'™)

Backpropagation

RS The output deviation of 2 ™ veuren in the output layer is determined by the following equation:
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KOy =y, ~1,

K
[#0155] The input deviation of 2 £ neuron in the output layer is determined by the following equation:
ay A o
AU =, ~ 19" (v) = @' (v )d(O))
{00156} The weight and bias variation of a £ neuron in the output layer is determined by the following
equation:

AWy =d( )y,
ABiasly= d(fz)

{80157} The output bias of a &" nevron in the hidden layer is determined by the following equation:
" i<84
Ty NI
IE 2 dUDW
[B0158] The input bias of a &" neuron in the hidden layer (s determined by the following equation:
FHY o ntis H
1) =9 (v)d(O")

. - . PR . . \ . th - . .. .
[B0159] The weight and bias vadation in row x, column y ina m" feature map of a prior layer receiving input

from & neurons in the hidden laver is determined by the following equation:

AW y=d{T7 )y
S " k o X,y

ABias! y=d{I'")

{60168} The output bias of row x, colum y i a m™ feature map of sub-sample laver S is determined by the
following equation:
S, & Hk
d(0.) di /4
) Z (mry> mx.y
{00161} The foput bias of row x, column y iu a m™ featore map of sub-sample layer § is determined by the

following equation:
dSTy =g )OS

{30162} The weight and bias variation in row x, coluran v in a m™ featiwe raap of sub-saraple laver § and

convolution layer C is determined by the following equation:

Av
NN )05

e Ml [/ 2} y/2]
7h W
\ 10 S
ABias®™y= d(ay
= :.
{60163} The output bias of row x, colummn v in a A" feature map of convolution layer C is determined by the

following eqguation:

X,V

Oy =dUEh oW
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{601 64] The input bias of row x, column v in a &% feature ruap of convelution layer € is determined by the

following equation:
Y =@ (v)d(OL)

[B0165] The weight and bias variation in row 7. columm ¢ in an m

b convolution core of a & feature map of /®

convolution layer C:

/‘ {/V
AW :Z S a(ss ok
=0 p=0 ‘
it fw

ABias®*y = 2_‘ Z a’(]“

Residual Connections

[00166] FIG. 9 depicts a residual connection that reinjects prior information downstream via feature-map
addition. A residoal counection comprises reinjecting previous representations into the downstrearn flow of data by
adding a past output tensor to a later output tensor, whuch helps prevent information loss along the data-processing
flow. Residual connections tackle two common problems that plagoe any large-scale deep-learmug model:
vanishing gradients and represeatational bottlenecks. In general, adding residual connections to any model that has
more than {0 layers is likely to be beveficial. As discussed above, a residual connection comprises making the
output of an carlier layer available as input to a later layer, effectively creating a shortcut in a sequential network.
Rather than being concatenated to the later activation, the earlier output is summed with the later activation, which

assumes 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.

Residual Learning and Skip-Connections

{60167} FEIG. 1§ depicis one iroplementation of residual blocks and skip-counections. The main idea of
residual learmning 1s that the residual reapping is much easter to be learned than the onginal mapping. Residual
network stacks a number of residual units to alleviate the degradation of training accuracy. Residual biocks make
use of special additive skip connections to combat vanishing gradients in deep neural networks. At the beginning of
a residual block, the data flow is separated into two streams: the first carries the unchanged input of the block, while
the second applies weights and non-linearities. At the end of the block, the two sireams 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.

{10168} Benefited from residual network, deep convolutional neural networks (CNNs) can be easily trained

and iraproved aceuracy has been achieved for image classification and object detection. Convolutional feed-forward
networks connect the cutput of the / g tayer as input to the {{ -+ ‘i)m fayer, which gives rise to the following layer
transition: x, =, (x,_, } . Residual blocks add a skip-connection that bypasses the non-linear transformations with
an identify function: x, =H, (x, ,}+Xx,_, . Anadvantage of residual blocks is that the gradient can flow directly

through the 1dentity function from later layers to the earher layers. However, the identity function and the cutput of

{7, are corabined by summation, which may impede the information flow in the network.
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WavelNet
[00169] 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 allows the WaveNet to be
used as a text to speech (TTS) engine with muitiple voices, is the TTS gives local conditioning and the particular
voice the global conditioning.

{80176 The matn bulding blocks of the WaveNet are the causal dilated convolutions. As an extension on the
causal dilated convolutions, theWaveNet also allows stacks of these convolutions, as shown in FEG. 11, To obtain
the same receptive field with dilated convolutions in this figure, another dilation layer is required. The stacks are a
repetinon of the dilated convolutions, conunecting the outputs of dilated convolution 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 512 inputs, a fully convolutional network (FCN} would require 511 layers. In the
case of a dilated convelutional 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 conyputational 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 a filter width of two. Furthermore, it is assumed that the network is

using binary encoding of the 8 bits.

Network type  No.stacks  No. weights per chianuel Total No. of weights
FCN 1 2.6.10° 2.6.10°
WN i 1622 8176
WN 2 1022 8176
WN 4 508 4064
{80171} The WaveNet adds a skip connection before the residual connection is made, which bypasses all the

following residual blocks. Each of these skip connections iz summed before passing them through a series of
activation functions and convolutions. Intuitively, this is the sum of the information extracted in each layer.

{80172}
Batch Normalization

{30173} Batch normalizanon is a method for accelerating deep network traming 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 can be seen as yet another layer that can be inserted into the model architecture,

Just like the fully conmected or convolutional layer. The BatchNormalization layer 1s typically used after a

convolutional or densely connected layer. It can also be used before a convohutional or densely connected layer.
Both iioplementations can be used by the technology disclosed and are shown 1o FEG. 15, The BatchNormalization
layer takes an axis argument, which specifies the feature axis that should be normabized. This arguroent defanlts 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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‘chanuels_last”. But in the niche use case of Conv2D layers with

and Conv2]) layers with data_format set to
data_format set to “chaonels_first”, the features axis 1s axis §; the axis argument in RatchNormahization 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
nornialized 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 arclutectures have been notoriously slow to
ratn. This stems from the fact that deep networks do not only have to learn a new representation at each layer, but
also have to account for the change in their distribution.

{40177} The covanate shift in general 13 a kaown problera 1u the deep leaming dorain and frequently occurs in
real-world problems. A common covariate shift problen: 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. ldeally, each layer should be transtormed into
a space where they have the same distribution but the functional relationship stays the same. In order to avoid costly
calculations of covariance matrices to decorrelate and whiten the data at every layer and step, we nonmalize the

er across each mini-batch to bave zero mean and a standard deviation of

distribution of each input feature in each lay

one.
Forward Pass
{30379} During the forward pass, the mini-batch mean and variance are calculated. With these mini-batch

statistics, the data is normalized by subtracting the mean and dividing by the standard deviation. Finally, the data is
scaled and shifted with the learmed scale and shaft parameters. The batch normalhzation forward pass fm, 18
depicted in FIG. 12,

{00180} In FIG. 12, 1 5 i3 the batch mean and o‘/é is the batch variance, respectively. The learned scale and

shift parameters axe denoted by v and B, respectively. For clarity, the batch normalization procedure s described
herein per activanon and omit the corresponding indices.

{60181} Since normalization (s a differeniiable transforr, the ercors are propagated into these learmned
parameters and are thus able to restore the representational power of the network by learning the identity transforn.
Conversely, by learning scale and shift parameters that are identical to the corresponding batch statistics, the batch
rormalization transform would have no effect on the network, if that was the optimal operation to perform. At test
time, the batch mean and variance are replaced by the respective population statistics since the input does not
depend on other samples from a mini-batch. Another method 1s to keep running averages of the batch statistics

during training and to use these to compute the network output at test time. At fest time, the batch normalization
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transform can be expressed as illustrated in FIG. 13. In FIG. 13, 4, and Cf; denote the population mean and

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

[060182] Since normalization is a differentiable operation, the backward pass can be computed as depicted in

FiIG. 14,
1D Conveolution

[60183] {13 convolutions extract local 1D patches or subsequences frora sequences, as shown in FIG. 16, i
convolution obtains each output timestep fron: a temporal patch 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 invariant for temporal translations. For instance, a 1D convolution layer processing
sequences of bases using convolution windows of size 5 should be able to leam bases or base sequences of length 5
or less, and it should be able to recognize the base motifs in any context in an input sequence. A base-level 1D

convolution 18 thus able to learn about base morphology.

Global Average Pooling

1

[60184] FIG. 17 illustrates how global average pooling (GAP) works. Global average pooling can be use use
to replace fully connected (FC) layers for classification, by taking the spatial average of features in the last laver for
scoring. The reduces the training load and bypasses overfitting issues. Global average pooling applies a structural
prior to the model and it is equivalent to linear transformation with predefined weights. Global average pooling
reduces the number of parameters and eliminates the fuily connected layer. Fully connected layers are typically the
most parameter and connection watensive layers, and global average pooling provides much lower-cost approach to
achieve stmlar results. The main idea of global average pooling is to generate the average value from each last layer
feature map as the confidence factor for scoring, feeding dicectly into the softynax layer.

{30185} (lobal average pooling have three benefits: (1) there are vo extea pararaeters 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 number of parameters in fully connected layers which usually take over 50% in all the
parameters of the whole network, replacing them by global average pooling layers can significantly reduce the size
of the model, and this makes global average pooling very useful in model compression.

{00186} Global average pooling makes sense, since stronger features in the last layer are expected to have a
higher average value. n some smplementations, global average pooling can be used as a proxy for the classification
score. The feature maps under global average pooling can be interpreted as confidence maps, and force
correspondence between the feature maps and the categones. Global average pooling can be particularly effective if
the last layer features are at a sufficient abstraction for direct classification; however, global average pooling aloue s
not enough 1f multievel features should be combined into groups like parts models, which is best perfogued by

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

{40187} All Hterature and simnlar matenal cited in this application, including, but not hmited to, patents, patent

applications, articles, books, treatises, and web pages, regardless 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
terms, term usage, described techniques, or the like, this application controls.

[60188] As used herein, the following terms have the meanings indicated.

{80189} A base refers to a nucleotide base or nucleotide, A {adenine), C {cytosme), T (thymine), or G

{guanme}

{60198}

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

{60192} This application uses the texms “amroe acid” and “translated unit” interchangeably.

{00193} 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
classification” interchangeably.

[00194] The term “chromosome” refers to the heredity-bearing gene carrier of a living cell, which is derived
from chromatin strands coniprising DNA and protein components (especially histones). The conventional
interpationally recognized individual human genome chromosome numbering system is employed herein.

{80195} The term “site” refers to a umque position (¢.g., chromosome ID, chromosome position and
onentation} on a reference genome. In some implementations, a site may be a residue, a sequence tag, ora
segraent’s position on a sequence. The term “locus” may be used to refer to the specific location of a nucleic acid
sequence or polymorphism on a reference chiroraosome.

{60196} The texm “sarople” herein refers to a sample, typically derived frora a biological fluid, cell, tissue,
organ, or organism containing a nucleic acid or a mixture of nucleic acids containing at least one nucleic acid
sequence that is to be sequenced and/or phased. Such samples include, but are not limited to sputur/oral fluid,
amiotic fluid, blood, a blood fraction, fine needie biopsy samples (e.g., surgical biopsy, fine needle biopsy, etc.),
urine, peritoneal fluid, pleural fluid, tissue explant, organ culture and any other tissue or cell preparation, or fraction
or derivative thereof or isolated therefront. Although the sample is often taken from a human subject (e.g., patient},
samples can be taken from any orgauism having chromosomes, 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
pretreatiaent to modify the character of the sample. For example, such preteeatment may include preparing plasrea
frova blood, diluting viscous fluids and so forth. Methods of pretreatroent yoay also involve, but are not timited to,
filtration, precipitaton, dihution, distillation, mixing, centafugation, freezing, lyophilization, concentration,
amplification, nucleic acid fragimentation, inactivation of interfering components, the addition of reagents, lysing,
ete.

{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 mulktiple sub-
sequences. For example, a single sequence (¢.g., of a PCR amplicon) may have 350 nucleotides. The sample read
may eclude muktiple sub-sequences within these 350 nucleotides. For instauce, the sarple read may nclude first

and second flanking subsequences having, for example, 20-5C nucleotides. The first and second flanking sub-

sequences may be located on either side of a repetitive segraent having a corresponding sub-sequence {e.g., 40-100
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mucleotides). Hach of the flanking sub-sequences may wctude (or inchude portions of) a primer sub-sequence {e.g.,

16-30 nucieondes). For ease of reading, the term “sub-sequence” will be referred to as “sequence,” but it (s

understood that two seguences are not vecessaaly separate from each other on a common 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 tenms, such as “alicle,” may be given different
labels to differentiate between like objects.

[00198] The term “paired-end sequencing” refers to sequencing methods that sequence both ends of a target
fragment. Paired-end sequencing may facilitate detection of genomic rearrangements and repetitive segments, as
well as gene fusions and novel trauseripts. Methodology for paired-end sequencing are deseribed in PCT publication

WO07010252, PC

application Serial No. PCTGB2007/003798 and US patent application publication US
2009/0088327, each of which is mcorporated by reference herein. In one example, a series of operations may be
performed as follows; (a) generate clusters of nucleic acids; (b) hrnearize the nucleic acids; {¢) hybridize a 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: ( o) linearize 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.
[00199] The term "reference genome” or “reference sequence” refers to any particular known genome
cquence, whether partial or complete, of any orgamsm which may be used to reference identified sequences froma
subject. Por exarople, a reference genome used for hurman subjects as well as many other organisms is found at the

National Center for Biotechnology Information at nebinlmunih.gov. A “genome” refers to the complete genetic

information of an organism or virus, expressed 1u nucieic acid sequences. A genome inchudes both the genes and the
noucoding sequences of the DNA.L The reference sequence may be larger than the reads that are aligned to it. For
example, 1t may be at least about 100 times larger, or at least about 1000 times larger, or at least about 18,000 times
larger, or at least about 105 tires larger, or at ieast 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 lintited to a spectfic human chromosoime such as chromosome 13, In some implementations, a
reference chromosome is a chromosome sequence from human genome version hgl9. Such sequences may be
referred to as chromosome reference sequences, although the temn reference genore 1§ intended to cover such
sequences. Other exarples of reference sequences include genores of other species, as well as chromosomes, sub-
chromosomal regions (such as strands), ete., of auy species. b various implementations, the reference genome is a
consensus sequence or other corabination derived from multiple ndividuals. However, in certain applications, the
reference sequence may be taken from a particular sadividual,

[60200] 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 sampie 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 concerning the sample. In some cases, a read is a DNA sequence of sufficient length (e.g., at least about

25 bp) that can be vsed to identify a larger sequence or region, e.g., that can be aligned and specifically assigned to a

chromosome or gem)mic regi()n or gene.
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{60201} Next-generation sequencing ruethods ractude, for example, sequencing by synthesis technology

(Ithzemna}, pyrosequenciag {454), ion sermiconductor technology (Jon Torrent sequenciog), single-molecule real-
tirne sequencing (Pacific Biosciences) and sequencing by ligation (SOL1D sequencing). Depending on the
sequencing methods, the length of each read may vary from about 30 bp to more than 16,000 bp. For cxample,
Tlumina sequencing method using SOLID sequencer generates nucleic acid reads of about 50 bp. For anothe
example, lon 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 50-400 bp.

{60202} The terms “sample read”,

“sample sequence” or “sample fragment” refer to sequence data for a
genomic sequence of interest from a sample. For example, the saruple 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 methodology. The sample read can be, for example, from a sequencrug-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 sampie read can be a consensus {e.g., averaged or weighted)
sequence derived from multiple sampie reads. In certain implementations, providing a reference sequence coniprises
identitying a locus-of-interest based upon the primer sequence 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 interest within a sample read or saxple
fragment. Non-limiting examples of raw fragments include a duplex stitched fragment, a simplex stitched fragment,
a duplex un-stitched fragment and & simplex vn-stitched fragment. The texm “raw” 1s used to indicate that the raw
fragment includes sequence data having some relation to the sequence data 1o a sample read, regardless of whether
the raw fragraent exbibits a supporting variant that corresponds to and authenticates or confivms a potential variant
in a sample read. The term “raw fragroent” does oot mdicate that the fragment necessagly includes a supporting
variant that validates a variant cail in a sample read. For example, when a sample read is determined by a variant
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 to oceur given the variant in the
sample read.

HEERT

{40204} The terms “mapping”, “aligned,” “alignment,” or “aligning” refer to the process of comparing a read or
tag to a reference sequence and thereby determining whether the reference sequence contains the read sequence. [
the reference sequence contains the read, the read may be mapped to the reference sequence or, in cextain
implementations, to a particular location 1a the reference sequence. [n some cases, alignment suaply tells whether or
not a read is a wewber of a particular reference sequence (i.e., whether the read 1s 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 refere

sequence where the read or tag maps to. For example, if the reference sequence 1s the whele human genome
sequence, an alignment 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.

{40205} The term “indel” refers to the insertion and/or the deletion of bases in the DNA of an organism. A
micro-indel represents an indel that results 1 3 net change of 1 1o 56 nucleotides. Iu coding regions of the genome,

ualess the fength of an wndel is a wultiple of 3, 1t will produce a frameshi ft oxutation. Indels can be contrasted with
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point putations. An indel inserts and deletes nucleotides fror a sequence, while 2 point mutanon is a foga of
substtution that replaces oue of the nucleotides without changiog the overall sumber in the DNA. Indels can also be
contrasted with a Tandem Base Mutation {TBM), which reay be defined as substitution at adjacent nucieotides
{primarily substitutions at two adjacent nucleotides, but substitutions at three adjacent nucleotides have been
observed).

{00206} The term “variant” refers to & nucleic acid sequence that is different from a nucleic acid reference.
Typical nucleic acid sequence variant includes without limitation single nucleotide polymorphism {SNF), short
deletion and insertion polymorphisms (Indel}, copy number variation {CNV), microsatellite markers or short tandem
ify variants present at low frequency o

repeats and structural variation. Somatic variant callic

the DNA sample. Somatic variant catbug is of interest 1 the context of cancer treatment. Cancer 18 caused by an
accumulation of motations i DNA. A DNA saraple from a turnor is generally heterogeneous, including sorme
norraal cells, some cells at an early stage of cancer progression {with fewer ruutations), and soroe late-stage cells
{with more mutasions). Because of this beterogeneity, when sequenciog a tumor {e.g., from an FEPH saraple),
somatic mutations will often appear at a low frequency. For example, a SNV might be seen in only 10% of the reads
covering a given base. A variant that is to be classified as somatic or germiine by the variant classificr is also
referred to herein as the “variant under test”.

{00207} 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.

{30208} The texm “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 exanmple, the fraction or percentage may

be the fraction of all chromosomes in the population that carry that allele. By way of example, sample variaut

frequency represents the relative frequency of an allele/vanant at a pacticular locus/position along a genomic
sequence of interest over a “population” corresponding to the number of reads and/or samples obtained for the
genonc sequence of interest from an individual. As another examyple, 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.

{80209} The term “variant allele frequency (VAFY’ refers to the percentage of sequenced reads observed
matching the variaut divided by the overall coverage at the target position. VAF 18 a measure of the proportion of
sequenced reads carrying the variant.
“de

more nucleonides withia a sequence of nucleotides. The terms “position”, “desi

ated position”, and “locus” refer to a location or coordinate of one or

{80216} The terms “positon”

nated position”, and “locus” also

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

{60211} The term “haplotype” refers to a combination of alieles at adjacent sites on a chromosome that are

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

{80212} The term “threshold” herein refers to a numeric or non-numeric value that is used as a cutoff to

characterize a sample, a nucleic 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 caleulated value to determine whether the

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

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

wishes to have o raake the classification. The threshold may be chosen for a particular puepose (e.z., to balance
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sensitivity and selectivity). As used herein, the term “threshold” wadicates a porat at which a course of avalysis may
be changed and/or a point at which an action may be triggered. A threshold is not required to be a predetermined

eshold

vumber. Justead, the threshold may be, for instance, & function that s based on a plurcality of factors. The th
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 implementations, a metric or score that is based on sequencing data may be compared to the
threshold. As used herein, the terms “metric” or “score” may include values or results that were determined from the
sequencing data or may include functions that are based on the values or resulis that were determined from the
sequencing data. Like a threshold, the metric or score may be adaptive to the circumstances. For instance, the metric
or score may be a normalized value. As an example of a score or metric, one or more implementations may use
count scores when anatyzing the data. A count score may be based on the nuraber of sample reads. The sample reads
may have undergone one or raore fliering stages such that the sample reads have at [east one common characteriste
ot quality. For exaraple, each of the sample 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 sampie reads having a common
characteristic may be counted to deternuine a read count. Count scores may be based on the read count. In some
implenentations, the count score may be a value that is equal to the read count. Inn other implementations, the count
score may be based on the read count and other information. For example, a count score may be based on the read
count for a particular allele of a genetic locus and a total number of reads for the genetic locus. In some

implementations, the count score may be based on the read count and previously-obtained data for the genetic locus.

In some implementations, the count scores may be normalized scores between predetermined values. The count
score may also be a function of read counts from other loci of a sample or a function of read counts from other
saraples that were concurrently xim 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 xead counts from other loct and/or the read counts frorn other samples may be used to
norrmalize the count score for the particular allele.

{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 ¢
corresponding fragment. Alternatively, the coverage may be determined by multiplying the read count by a
designated factor that 1s based on historical knowledge, knowledge of the saraple, knowledge of the locus, ete.
{60215} The texm “read depth” (conventionally a number followed by “x™) refers to the number of sequenced

reads with overlapping aligument at the target position. This is often expressed as an average or percentage

exceeding a cutoff over a set of watervals {such as exons, genes, ot panels). For example, a clinical report might say
that a paoel average coverage 1 1,105 with 98% of targeted bases covered >100x.

[00216] The terms “base call guality score” or (3 score” refer to a PHRED-scaled probability ranging fron: 0-
20 inversely proportional to the probability that a single sequenced base is correct. For example, a T base call with Q
of 20 is considered likely correct with a confidence P-value of 0.01. Any base call with Q<20 shouid be considered
low quality, and any variant identificd where a substantial proportion of sequenced reads supporting the variant are
of low guality 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
{30218} Iraplementations set forth herein may be applicable to avalyzug nucleie acid sequences to ideatify

sequence variations. Implementations may be used to analyze potential variants/alleles of a genetic position/locus
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.

{00219} In one implementation, & sequencing process includes recetving a sample that includes or 1s suspected
of including nucleic acids, such as DNA. The sample may be from a known or vnknown source, such as an animal

{e.g., buman), plant, bacteria, or fungus. The sample may be taken directly from the source. For rustance, bloed or

saliva may be taken divectly from an mdividual. 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 example, the biclogical sample may be prepared for
sequencing-by-synthesis {5B5). In certain implementations, 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 loci may be amplified using predetermined primer sequences.

{00226} Next, the one or more processors direct the system to sequence the sample. The sequencing may be
performed through a vanety of known sequencing protocols. In particular implerentations, the sequencing includes
SBS. In 8BS, a plurality of fluorescently-labeled nucleotides are used to sequence a phurality of clusters of amplified
DNA& {possibly mxillions of clusters) present on the surface of an optical substrate (.., a surface that at least
pactiaily defines a chanoel ina flow cell). The flow cells may contare rucleic acid samples for sequencing where the
flow cells are placed within the appropriate flow cell holders.

{80221} 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 cycle, 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 occur
simaultaneously in the presence of several types of labeled nucieotides (e.g., A, C, T, G). The nucleotides can inchude
detectable label moteties such as floorophores. Where the four nucleotides are mixed together, the polymerase is
able to select the correct base to incorporate and each sequence is extended by a single base. Non-wcorporated
vucleotides can be washed away by flowing a wash solution through the flow cell. One or more lasers may excite
the nncleic acids and woduce fluorescence. The fluorescence emitted frovo the nucleic acids 3s based vpon 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 termiinator 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 cyele of sequencing starting with introduction of a
labeled nucleotide as set forth above. The fluidic and detection operations can be repeated several times to complete
a sequencing ron. Example sequencing methods are described, for exaruple, in Bentley et al., Natore 456:53-59
{2008), International Publication No. WO 04/G18497; 1.8, Pat. No. 7,057,026; International Publication No. WO

S1/06678; nternational Publication No. WO 07/123744; 11.S. Pat. No. 7,329,492, U.S. Patent No. 7,211 ,414; U5
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Patent No. 7,315,019; 11.8. Patent No. 7,405,281, and U.S. Patent Applicaton Publication No. 2008/0108082, each
of which is meorporated herein by reference.
{60222} o some implementations, nucleic acids can be attached to a surface and amplified prior to or during
sequencing. For example, amplification can be carried out using bridge amplification to form nucleic acid clusters
on a surface. Useful bridge amplification methods are described, for example, in U.S. Patent No. 5,641,658; U.S.
Patent Application Publication No. 2002/6055100; 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 1.8, Patent Application Publication No. 2008/0009420, each of which is incorporated herein by
eference in its eutirety. Another useful method for amuplifying nueleic acids on a surface is rolling ciecle
amplification (RCA), for example, as described in Lizardi et al.,, Nat. Genet. 19:225-232 (1998} and U.S. Patent
Application Publication No. 2007/0099208 A1, each of which 1s incorporated berein by reference.
{60223} Que exaraple SBS protocol exploits modified nucleotides having rexnovable 3° blocks, for example, as
deseribed in {nternational Publication No. WO 04/618497, 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 protocel. The nucleic acid clusters can be converted to single
stranded form using a linearization 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 o restriction enzymes or nicking enzymes, inchuding 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 MS5058)}, by exposure to heat or alkali, cleavage of ribonucleotides

incorporated into araplification products otherwise comprised of deoxynbounucleotides, photocherical cleavage or
cleavage of a peptide linker. After the lineanization operation a sequencing pomer can be delvered to the flow cell
wader conditions for hyboadization of the sequencing pamer to the target nucleic acids that are to be sequenced.
[60224] A flow cell can then be contacted with ann SBS extension reagent having modified nucleotides with
removabie 37 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 cach primer because once the modified
nucleotide has been incorporated into the growing polynucleotide chain complementary to the region of the template
being sequenced there 1s no free 3°-OH group available to direct further sequence extension and therefore the
polymerase cannot add further nucleotides. The SRS extension reagent can be rernoved and replaced with scan
reagent contaimug components that protect the saruple under excitation with radiation. Example components for
scan reagent are described n U.5. Patent Application Publication No. 2008/0280773 A1 and U.5. Patent Application
No. 13/018,255, each of which is incorporated herein by reference. The extended nucleic acids can then be
fluorescently detected in the presence of scan reagent. Once the fluorescence has been detected, the 37 block may be
removed using a deblock reagent that is appropriate to the blocking group used. Exampie deblock reagents that are
usefil for respective biocking groups are described in WO004018497, US 20607/0166705A1 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 3°-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 2 desired sequence is obtained. The
above cyeles can be carried out using a siugle extension reagent delivery operation per cyeie when each of the

modified nucleotides has a different label attached thereto, known to correspond to the particular base. The different
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labels facilitate discounuation between the nucleotides added during each incorporation operation. Altermanvely,
each cycle can inchude separate operations of extension reagent dehvery followed by separate operations of scan
reagent delvery 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 particuiar SBS 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 subsequent analysis.
The sequencing data may be formatted in various manners, such as in a BAM file. The sequencing data may
include, for example, a number of sample reads. The sequencing data may inclode a phurality of sample reads that
have corresponding sample sequences of the nucleotides. Although ouly one sample read is discussed, it should be
understood that the sequenciag data may inchude, for exarople, hundreds, thousands, hundreds of thousands, or
miilions of sample reads. Different sample reads may have different numbers 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 example, the sampie reads are directed toward predetermined genetic loci, such as

=

&

those genetic loci having suspected STRs or suspected SNPs.

{00227} 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, and a target sequence. The number of nucleotides within the sample sequence may include 30,
44, 50, 60, 70, 80, 90, 100 or more. [n some inplemeuntations, one or more of the sample reads {or sample
sequences) ncludes at least 150 nucleotides, 200 nuclectides, 300 nucleotides, 400 nucleotides, 500 nuclectdes, or
more. In soroe tmplementations, the sample reads may raclude more than Y000 vucleotdes, 2000 nucleotides, or
more. The sample reads {(or the sample sequences) may 1oclude primer sequences at oue or both ends.

{60228} Mext, the one ot more processors analyze the sequencing data to obtain potential variant call(s) and a
sample variant frequency of the sample variant call(s). The operation may also be referred to as a variant cail
application or variant caller. Thus, the variant cailer identifies 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 performed, based on features of the sample that are of interest and the like. Oue non-iimiting example of 3
variant call application, such as the Pisces™ application by Hlumina Ine. {(San Dhego, CA) hosted at
https://github.cony/lumina/Pisces and described in the article Dunn, Tamsen & Berry, Gwenn & Emig-Agius,
Dorothea & Jlang, Yu & Iyver, Anita & Udar, Nitte & Strémberg, Michael. (2017}, Pisces: Ao Accurate and
Versatile Single Sample Somatic and Germline Vanant Caller. 595-595. 10.13145/3107411.3108203, the coraplete

P

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

[00229] Such a variant call application can comprise four sequentiaily executed modules:
[00230] (1) Pisces Read Stitcher: Reduces noise by stitching paired reads in 2 BAM (read one and read two of

the same mwolecule) into consensus reads. The output is a stitched BAM.
{00231} {(2) Pisces Variant Caller: Calls small SNV3, insertions and deletions. Pisces includes a variant-
collapsing algorithi to coalesce variants broken up by read boundaries, basic filtering algorithms, and a simple

Poisson-based variant confidence-scoring algorithm. The ovtputis a VCF.
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{60232} (3} Pisces Variant Quality Recalibrator (VQR): Tn the event that the vanant calls overwhelroiugly
follow a pattern associated with therral damage or FFPE deamination, the VOR step will downgrade the variant
score of the suspect variant calls. The output s an adjusted VCF.

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

[00234] Additionally or alternatively, the operation may utilize the variant call application Strelka™

application by lllumina Inc. hosted at hitps://github.com/Illumina/strelka and described in the article T Saunders,

Christopher & Woug, Wendy & Swamy, Sajani & Becq, Jennifer & J Murray, Lisa & Cheetham, Keira. (2012).
Strelka: Accurate soratic small-variant calling from sequenced turor-normal sample pairs. Bioinformatics {Oxford,
England). 28. 1811-7. 10.1093/bioinformatics/bis27 1, the complete subject matter of which s expressty
incorporated herein by reference i iis entirety. Furtherroore, additionally or alternatively, the operason may unlize
the variant call application Stretka2™ application by Ilumina Inc. hosted at https://github. cone/llurama/steetka and
described in the article Kim, S., Scheffler, K., Halpern, A.L., Bekritsky, M.A., Noh, E., Killberg, M., Chen, X,
Beyter, D., Krusche, P., and Saunders, C.T. (2017). Sirelka2: Fast and accurate variant calling for clinical
sequencing applications, the complete subject matter of which is expressly incorporated herein by reference in its
entirety. Moreover, additionally or alternatively, the operation may utilize a variant annotation/cail tool, such as the
Nirvana™ application by Illumina Ine. hosted at https:/github.convIlumina/Nirvana/wiki and described in the
article Stromberg, Michael & Roy, Rajat & Lajugie, Julien & Jiang, 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 vagant annotaton/call tool can apply different algorithmice technigues such as those disclosed
0 Nirvana:

{40236} a. Idenufying all overdapping transcapts with Interval Agay: For functional annotation, we can
identify ail transeripts 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(r,k Ig n)) time, where n is the number of intervals in the tree and k is the number of overlapping intervals. In
practice, since k is really small compared to n for most variants, the effective runtime on interval free would be Ok
lgn) . We iraproved to Odlg n + k ) by creating au 1nterval atray where all intervals are stored in a sorted array so
that we ounly need to find the first overlappmg interval and then enumerate through the remaining (k-13.

[$#0237} b, CNV/SVs (Yu): annotations for Copy Number Vartation and Structural Variauts can be provided.
Similar to the aonotation of small variants, transcripts overlapprag with the SV aud also previously reported
structiral variants can be annotated in online databases. Unlike the small vanants, not all overlapping teanscripts
need be annotated, since too many transcripts will be overlapped with a large SVs. Instead, ail overlapping
transcripts can be annotated that belong to a partial overlapping gene. Specifically, for these transcripts, the
impacted introns, exons and the consequences caused by the structural variants can be reported. An option to allow
output all overlapping transcripts i3 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 transcripts. For each SV/CNV, it is

o4 :

also of interest to know if these variants have been studied and their frequencies in different populations. Henee, we

eported overlapping SVs in external databases, such as 1060 genomes, DGV and ChinGen. To avord using an

i

arbitrary cutoff to determiine which SV is overlapped, instead all overlapping transcripts can be used and the
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reciprocal ovedap can be caleulated, Le. the overlapping length divided by the romiroum of the length of these two
5Vs.

[60238] <. Reporting supplernentary annotations : Supplementary anuotations are of two types: small and
structural variants {3Vs). SVs can be modeled as mtervals and use the interval array discussed above to identify
overlapping 5Vs. Small variants are modeled as points and matched by position and {optionaliy) allele. As such,
they are searched using a binary-search-iike algorithm. 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 chromosome position and file location) that
can be binary searched using position. To keep the index size small, multiple positions (up to a certain max covut}
are compressed 1o one object that stores the values for the first position and only deltas for suhsequent positions.
Since we use Binary search, the runtime is O(ig n) , where n 18 the number of items in the database.

[B4239] 4. VEP cache files

{40240} e. Transcapt Database : The Transcript Cache (cache) and Supplementary database (SAdb) files are
serialized dump of data objects such as transcripts and supplementary annotations. We use Ensembl VEP cache as
our data source for cache. To create the cache, all transcripts are inserted in an interval array and the final state of
the array is stored in the cache files. Thus, during annotation, we only need to load a pre-computed interval array
and perform searches on it. Since the cache is loaded up in memory and searching is very fast (described above),
finding overlapping transcripts is extremely quick in Nirvana (profiled to less than 196 of total nntime?).

{80241} f. Supplementary Database : The data sources for SAdb are listed under supplementary material. The
SAdb for smuall variants is produced by a k -way merge of all data sources such that each object in the database
(identified by reference name and position) bolds all relevant supplementary annotations. Issues encovntered during
parstag data source files bave been docurnented 1n detail in Nirvana’s home page. To Hmit memory usage, only the
SA mdex 1s loaded wp 1o yeeraoxy. This index allows a quick lookup of the file location for a supplementary
anootation. 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 (SO (http:/www.sequenceontology.org/ ) guidelines. On occasions, we had the opportunity to
identity issues in the current SO and collaborate with the SO team to improve the state of annotation

{40243} Such a vanant annotation tool can include pre-processing. For example, Nivvana included a large

number of anuotations from External data sources, like ExAC, BVS, 1060¢ Genomes project, dbSNP, ClinVar,
Cosmie, 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 exampie, 1
case of multiple dbSNP entries for the sarue posttion and alternate allele, we join all ids into a conna separated list
of ids; if there are multiple entries with different CAF values for the same allele, we use the first CAF value. For
onflicting ExAC and EVS entries, we consider the number of sample counts and the entry with higher sample
count is used. In 1000 Genome Projects, we removed the allele frequency of the conflicting ailele. Another issue is
inaccurate information. We mainly extracted the allele frequencies information from 1000 Genome Projects,
however, we noticed that for GRCh3§, the allele frequency reported in the info field did not exclude Samples with
genotype not available, leading to deflated frequencies for variants which are not available for all samples
guarantee the accuracy of our anvotation, we use all of the individual level genotype to compute the true allele
frequencies. As we koow, the same vanants can have different representations based on different alignmeunts. To

make sure we can accurately report the inforration for already identified variants, we have to preprocess the
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variants frora different resources to make them have consistent representation. For all external data sources, we
trimyoed alleles to remove duphcated nucleotides in both reference allele and alternative allele. For ClinVar, we
directly parsed the xmi fle we performed a five-priroe alignruent for all variants, which (s often used i 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 proj
since we already 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 exampie, the variant call application may run on

rmor-only samples and/or tumor-normal paiced samples. The vaniant call application may search for single

nucleotide variations (SNV), ruultple nuclectide variations (MNV), indels and the like. The variant call application

identifies variants, while filteting for mismatches due to sequencing or sample preparation ervors. For each variant,

the variagt caller tde s the reference sequence, a posiion of the vartant, and the potential variant sequence(s)
{e.g., A 10 C SNV, or AG to A deletion). The vanant call application identifies the sample sequence (or sample
fragment}, a reference sequence/fragment, and a variant call as an indication that a variant is present. The variant
call application may 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 cccurred 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.

{80245} The vanant call application may output the calls in vaaouvs formats, sach as in a .VCF or GVCF file.
By way of example only, the vanant call apphcation may be included in a MiSeqgReporter pipehne (e.g., when
implemented on the MiSeq® sequencer instrument). Optionally, the application may be imiplemented with various
workflows. The aualysis may include a single protocol or a combination of protocols that avalyze the sample reads
i1 a designated raanner to obtain desired information.

{00246} Then, the one or more processors pecform a validation operation in counection with the potental
variant call. The validation operation may be based on a quality score, and/or a hicrarchy of tiered tests, as explained
hereafter. When the validation operation authenticates or verifies that the potential variant call, the validation
operation passes the variant call information (from the variant call application} to the sample report generator.
Alternatively, when the validation operation invalidates or disqualifies the potential variant call, the validation
operation passes a corresponding indication (e.g., a negatve wdicator, a uo call indicator, an in-vaiid call indicator)
to the sample report generator. The validation operation also may pass a confidence score related to a degree of
counfidence that the variant call is correct or the in-valid call designation 1s correct.

{60247} Next, the one or more processors geoerate and store a sample report. The sample report may ioclude,
for example, information regarding a phurality of genetic loct with respect to the saraple. For exarople, for each
genetic locus of a predetermined set of genectic loci, the sample report may at least one of provide a genotype call;
indicate that a genotype cail cannot be made; provide a confidence score on a certainty of the genotype call; or
indicate potential problerns with an assay regarding one or more genetic loci. The sample report may also indicate a
gender of an individual that provided a sa mp'i“ and/or indicate that the sample include multiple sources. As used
herein, a “sample report” may include digital data (c.g., a data file) of a genetic locus or predetermined set of genetic
locus and/or a printed report of the genetic locus or the set of genetic loct. Thus, generating or providing may
inchide creating a data file and/or printing the sample report, or displaying the sample report.

{06248} The sample report may indicate that a variant call was determined, but was not validated. When a

varant cal 1s deternmoed mvalid, the saraple report may indicate additional information regarding the basis for the
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determination to not validate the variant call. For example, the additional information 1o the report way include a
description of the raw fragments and an extent (e.g., a count) to which the raw fragments support or contradict the
variant call. Additonally or alternatively, the addinonal ieformation in the report may 1octude the quality score

obtained in accordance with implementations described herein.

Yariant Call Application
{00249} Implementations disclosed herein include analyzing sequencing data to identify potential variant calls,
Variant calling may be performed upon stored data for 2 previously performed sequencing operation. Additionally

or alternatively, it may be performed in real time while a sequencing operation is being performed. Bach of the

saraple reads is assigned to corresponding genetic loci. The sample reads ruay be assigned to comresponding genetic
loct based on the sequence of the nucleotides of the sample read or, in other words, the order of nucleotdes within
the sample read {e.g., A, C, G, T). Based on this analysts, the sample read may be designated as including a possible
variant/allele of a particular genetic locus. The sample read may be coliected (or aggregated or binmed) with other

sampie 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 (¢.g.. primer sequences) of nucleotides that differentiate the sample read from other sample

reads. More specifically, the identifving sequence(s) may 1dentify the sample read from other sample reads as being
associated with 3 particolar genetic ocus.

[B0250] The as

igoing operation may include analyzing the series of n vucleotides of the identifving sequence

to determine if the seves of n nucleondes of the identifying sequence effectively matches with oue or more of the
select sequences. In particular implementations, the assigning operation mway 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
in{o 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 numiber n may be a predetermined number. The predetermined
number may be, for example, 10, 11, 12, 13, 14, 15,16, 17, 18, 19, 20, 21, 22, 23,24, 25, 26, 27, 28, 29, or 30

nucleotides. However, fewer or more nucleotides may be used in oth

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 number n may be defined as the number of nucleotides of the shortest primer sequence within the
iatabase or a designated number, whichever is the syoaller number. In some raplementations, a mintowum value for

1

n may be used, suchas 15,

uch that any prireer sequence that is less than 15 aucleotides 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. Nonctheless, the identifying sequence may effectively match the seiect sequence
if the identifying sequence is nearly identical to the select sequence. For example, the sample read may be called for
Y
s

a gencetic locus if the series of 1 nucleotides (e.g., the first n nucleotides) of the identifying sequence maich a select

sequence with no more than a desiguated nurnber of mismatches (e.g., 3) and/or 2 designated number of shifts (e.g.,
2). Rules may be established such that each mismateh or shift may count as a difference between the sample read
and the pumer sequence. 1f the number of differences is less than a designated number, then the sample read may be
called for the corresponding genetic focus (i.e., assigned to the corresponding geoetic locus). In some

implementations, a raatching score may be determined that (s based on the number of differences between the
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identifying sequence of the sample read and the select sequence associated with a genenc locus. If the matching
score passes a designated matching threshold, then the geuetic locus that corresponds to the select sequence raay be
designated as a potential locus for the sample read. In sorne 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, a
saruple read may be called for more thau one genetic locus. In soch implernentations, further analysis may be

performed to call or assign the sample read for only oue of the potential genetic loci. In some implementations, the

saruple read that is compared to the database of reference sequences is the first read from paired-end sequencing.

When performing patred-end sequencing, a second read (representing a raw fragiment} 1s obtained that correlates to

the sample read. After assignm ned reads may be based on

t=2l

g, the subsequent analysis that s performed with the a

the type of genetic locus that has been called for the assigned read.

{00253} Next, the sanyple 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
inchuding SNPs, then the assigned reads that have been called for the genetic locus may undergo analysis to identify
the SINPs of the assigned reads. {f the genetic locus is known for includmg polymorphic repetitive DNA elements,
then the assigned reads may be analyzed to identify or characterize the polymorplnc repetitive DNA elements within
the sample reads. In some implementations, if an assigned read effectively matches with a STR locus and a SNP
locus, a warning or flag may be assigned to the sample read. The sample read raay be designated as both a STR.
locus and 2o SNP locus. The analyzing may toclude aligning the assigned reads in accordance with an aligament
protocol to determine sequences and/or lengths of the assigned reads. The alignment protocol may include the
method described in International Patent Application No. PCT/US2013/030867 (Publication No. W0 2014/142831),
filed on March 15, 2013, which is herein incorporated by reference in its entirety.

{80254} Then, the one or more processors analyze raw fragments to determine whether supporting variants
¢xist at corresponding positions within the raw fragments. Various types of raw fragments may be identified. For
example, the variant caller yuay identify a type of raw fragruent that exhibits a vavant that validates the onginal
variant call. For example, the type of raw fragment may represent a duplex stitched fragment, a simplex stitched

fragment, a duplex un-stitched fragment or a simplex un-stitched fragment. Optionally other raw fragments may be
identified nstead of or 10 additon to the foregoing examples. Io conuection with identifying each type of raw
fragment, the variant caller also ideatifies 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 cafler 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.
25 Vext, a count is maintained of the raw ft: ents that i e supporting variants, as well as the
84255 N 1 count 1s maintatned of the raw fragments that inclode supporting variants, as we

position at which the supporting variant occurred. Additionally or alternatively, a count may be yeaintained of the
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raw fragments that did not include supporting variants at the position of interest {relative to the position of the
poteatial variant call in the sample read or samaple fragment}. Additionally or alternatively, a count may be
maintained of raw fragruents that correspond to a reference sequence and do not authenticate or confirm the
potential variant call. The information determined is output to the variant cali 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 potential variant call and the like.

{00256} When a potential variant call is identified, the process outputs an indicating of the potential variant
call, the variant sequence, the variant position and a reference sequence associated therewith. The variant cail is

tral” variant as errors roay cause the call process to identify

designated to represent a “potents a false vanant. In

aceordance with iraplementations herein, the potential vanant call is analyzed to reduce aud ehiminate false variauts
or false positives. Additionally or alternatively, the process analyzes one or more raw fragments assoctated with a

sample read aad outputs a corresponding vagant call assoctated with the raw fragments.

Deep Learning in Genomics

{80257} Genetic variations can help explain many diseases. Every human being has a unique genetic code and

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

depleted from genores by natural selection. It is important 1o 1dentify which genetics vanations are likely to be
pathogenic or deleteriouns. This will help researchers focus ou the likely pathogenic genetic vanants and accelerate

the pace of diagnosis and cure of many diseases.

[B0258] Modeling the propecties aud functional effects (e.g., pathogenicity) of vanants is an importaat but

challenging task 1o the field of genomics. De

&

te the rapid advancement of functional genomic sequencing

technologies, interpretation of the functional consequences of variants remains a great challenge due to the

complexity of cell type-~specific transcription regulation systems.

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

use multiple nonlinear and complex transforming layers to successively model high-level features. Deep neural

networks provide feedback via backpropagation which carries the difference between observed and predicted output
to adjust parameters. Deep neural networks have evoived with the availabslity of large training datasets, the power

of parailel and distnbuted computing, and sophisticated traimng algorithms. Deep neural networks have facilitated

major advances 1 nurnerous domains such as computer vision, speech recognition, and natural language processing.

{30260} Convolitional neural networks {CNNs}) and recurcent neural networks (RNNs) are components of deep

ueural networks. Convolutional neural networks have succeeded particularly in image recognifion with an

architecture that comprises convolution layers, nontinear layers, and pooling layers. Recwrent neural networks are
designed to utilize sequential information of input data with cyclic connections among building blocks like
perceptrons, long short-term memory units, and gated recurrent units. In addition, many other emergent deep neural
networks have been proposed for limited contexts, such as deep spatio-temporal neural networks, muiti-dimensional
recurrent neural networks, and convolutional auto-encoders.

[00261] The goal of training deep neuvral networks is optinization of the weight parameters in each layer,
which gradually corubines simpler features 1nto complex features so that the roost suitable hierarchical
representations can be leamed from data. A single cyele of the optimuzation process is orgamzed as follows. First,
given a traming dataset, the forward pass sequentially computes the output 10 each layer and propagates the function
signals forward through the network. In the final outpur layer, an objective loss function measures error between the

nferenced cutputs and the given labels. To minirgize the teatning ervor, the backward pass uses the chatn vule to
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backpropagate error signals and compute gradients with respect to ail weights throughout the neural network.
Finally, the weight parameters are updated usiog optinuzation algoritams based oo stochasnc gradient descent.
Whereas batch gradient descent performs pararaeter updates for each complete dataset, stochastic gradient descent
provides stochastic approximations by performing the updates for each small set of data examples. Several
optimization algorithns stem from stochastic gradient descent. For example, the Adagrad and Adam training
algorithms perform stochastic gradient descent while adaptively modifying learning rates based on update frequency
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 overfitting and thus achieve good generalization performance. For example, wei
decay adds a penalty term to the objective loss function so that weight parameters couverge to smaller absohute
values. Dropout randomly removes hidden units from neural networks during training and can be considered
ensernble of possible subnetworks. To enhiance the capabilines of dropout, a new activation function, maxout, and 2
varant of dropout for recurrent neural networks called ronBrop bave been proposed. Furthermore, 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.

[60263] Given that sequenced data are muiti- and high-dimensional, deep ncural 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 geune expression inference. Convolotional ueural networks use a weight-
sharing strategy that is espectally useful for studying DNA because 1t can capture sequence motifs, which are short,

recurring local patterns m DNA that are presumed to have significant biclogical functions. A halimark of

coavolutional neural networks is the use of convolution fikters. Unlike traditional classification approaches that are
based on elaborately-designed and manually-crafted features, convolution filters perform adaptive learning of
features, analogous 1o a process of mapping raw input data to the infoguative representation of keowledge. In this
sense, the convolution filters serve as a series of motif scanmers, since a set of such filters is capable of r cognizing
relevant patterns in the input and updating themselves during the training procedure. Recurrent neural networks can
capture long-range dependencies in sequential data of varying lengths, such as protein or DNA sequences.

{80264} Therefore, a powerful computational mode! for predicting the pathogenicity of variants can have
enormous benefits for both basic science and translational research.

{30265} At preseut, only 25-30% of rare disease patients receive a molecular diaguosis from exarmuation of

sting that the remaining diagnostic yield may reside in the 99% of the genome that is

protein-coding sequence, SUZges

be a novel deep leaming network that accurately predicts splice junctions from arbitracy

s

woncoding. Here we deseri

pre-mRNA trauvscript sequence, enabling precise prediction of the splice-altedng eftects of noncoding vanants.
Synonymous and intronic mutations with predicted splice-aitering 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 RINA-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 rare genetic
disorders, and when employed as a first-line test, ssignificantly reduces the time and costs of the diaguostic odyssey
{Monroe et al., 2016; Stadk et al., 2016; Tan et al., 2617}, However, the diagnostic yield of exome sequencing is

~25-30% o rare genetic disease cohorts, leaviag the majority of patients without a diaguosis even after combroed
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exome and raicroarray testing {Lee etal,, 2014; Trupllanc et al,, 2017; Yaog et al., 2014). Noucoding regions play &
sigmificant role in geue regulation and account for 30% of causal disease loct discovered 1 unbiased genome-wide

&

associaton studies of buman complex diseases {Ernst et al., 201 1; Farh et al,, 2015, Maurauo et al., 2012),

suggesting that penetrant noncoding variants may also account for a significant burden of causal mutations in rare
genetic diseases. Indeed, penctrant noncoding variants that disrupt the normal pattern of mENA splicing despit
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

the resulting diffi

practice, due to our incomplete understanding of the splicing code and

ity 1 accurately
identifying splice-altering variants outside the essential GT and AG dinucleotides (Wang and Burge, 2008},
{66267} Recently, RNA-seq has emerged as a promuising assay for detecting splicing abnormalities in
Mendelian disorders {Cumraings et al, 2017; Kremer et al., 2017), but thus fax its utility in a clinical setting rernaras
limited to a oxnonty of cases where the relevant cell type is known and accessible to biopsy. High-throughput
screening assays of potential splice-altering variants {Soemedi et al., 2017} 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 splicing from

arbitrary pre-mBNA sequ

ence would potentially allow precise prediction of the splice-aitering consequences of
noncoding variants, substantially improving diagnosis in patients with genetic diseases. To date, a general predictive
model of splicing from raw sequence that approaches the specificity of the spliceosome remains elusive, despite
progress in specific applications, such as modeling the sequence charactenistics of the core splicing motifs (Yeo and
Burge, 2004}, characterizing exonic splice enhancers and silencers (Fairbrother et al., 2002; Wang et al., 2004}, and
predicting cassette exon toclusion {Barash et al., 2010; Jha et al., 2017; Xiong et al., 2015).

[60268] The spliciog of long pre-mRNAs mto mature transcripts is remarkable for its precision, and the clinical
severity of splice-altering yutations, yet the mechanisyas by which the cellular machinery deterraimes 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 95% 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 hunian population, with §80% of newly created cryptic splice
nvtations experiencing negative selection, siruilar to the rupact of other classes of protern truncating variation. De
nove cryptic splice mutations in patients with autism and wteilectual disability bit the same genes that are
recurrently mutated by protein truneating rvtations, enabling the discovery of additional candidate disease genes.
We estirate that up to 24% of penetrant causal youtations in patients with rare genetic disorders are due to this
previously underappreciated class of disease variation, highlighting the veed to 1mprove interpretation of the 99% of
the genome that 1s noncoding for clinical sequencing applications.

{00269} Clinical exome sequencing has revolutionized diagnosis for patients and families with rare genetic
disorders, and when emploved as a first line test, significantly reduces the time and costs of diagnostic odyssey.
However, the diagnostic vield for exome sequencing has been reported at 25-30% 1o multiple large cohorts of rare
disease patients and their parents, leaving the majority of patients without a diagunesis even after combined exome
and microarray testing. The noncoding genome is highly active in gene regulation, and noncoding variants account
for ~80% of GWAS hats for common diseases, suggesting that rare variants 1 the noneoding 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 large
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structural variants, the voncoding genome presently offers Ixttle additional diagnestic benefit with respect to the rare
penetrant variants that have the greatest impact on chuical management.

{60278} The role of splice-altering routations outside the canonical GT and AG splice dinucleotides has long
been appreciated in rare disease. Indeed, these cryptic splice variants are the most common nutations for some rare
genetic disorders, such as giveogen storage disease X1 (Pompe disease) and erythropoctic protoporphyria. The
extended splice motifs at the 57 and 3” ends of introns are highly degenerate and equally good motifs occur
frequently in the genome, making accurate prediction of which noncoding variants might cause cryptic splicing

impractical with existing methods.

{60271} To better understand how the spliceosome achieves its specificity, we trained a deep learning neural
unetwork to prediet for each nucleotide in a pre-mRNA transcript, whether it was a splice acceptor, splice douor, or
neither, using only the transcript sequence as its mput (FEIG. 374). Using canonical transcripts on the even
chroroosomes as a training set and teanseripts on the odd chromosomes for testing (with pacalogs excluded), the
deep learning network calls exon-tntron boundaries with 95% aceuracy, and even transcapts in excess of 100KB
such as CFTR are often reconstructed perfectly to mucleotide precision (FIG. 378).
{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-engineered features, deep learning directly learns features from sequence in a hierarchical manner, enabling
additional specificity to be imparted from long range sequence context. Indeed, we find that the accuracy of the
network is highly dependent on the length of the sequence context flanking the nucleotide under prediction that is
provided as input nto the network (Table 1), and when we train a deep learning model that only uses 40-nt of
sequence, performance only moderately exceeds existing statistical methods. This indicates that deep learning adds
little over existing statistical methods for xrecoguizing individual 9-23nt splictug motifs, but wider sequence context
(s the key to distinguishing functional splice sites from non-functional sites with equally strong reotifs. Asking the
network to predict on exons where the sequence is perturbed shows that disrupting the donor maotif typically also
causes the acceptor signal to disappe G. 37C), as is frequently observed with exon-skipping events in vivo,
indicating that a significant degree of speciﬁc ity is imparted simply by requiring pairing between strong acceptor
and donor motifs at an acceptable distance.
{80273} 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 aceuracy of the deep learmug
uetwork continues to increase beyond 1000-nt of context. To better differentiate between local spice motif-driven
specificity and long distance specificity determinants, we trained 2 local network that only takes as input 100-nt of
context. Using the local network to score koown juactions, we find that both exons and introns bave optimal lengths
{(~1150t for exons, ~H000nt for introns) at which mouf steength 1s minimal (FI1G. 3713). This relationship is not
present in the [0000-nt deep learning network (FIG. 37E), indicating that variability in infron and e¢xon length are
afready fuily factored into the wide-context deep learning network. Notably, the boundaries of introns and exons
were never given to the wide-context deep leaming model, indicating that it was abie to derive these distances by
inferring positions of exons and introns from the sequence alone.
{80274} A systematic 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 exouic splice enhancer GAAGAA near the ends of exons, and poly-U motifs winch are typically part

of the polypynmidine tract, but also appear to act as exonic splice silencers (Fi{s, 21, 22, 23, and 24).



WO 2019/079202 PCT/US2018/055923
36

{60275} We extend the deep learning network to the evaluation of genetic variants for splice-altering functior
by predicting exon-intron boundaries ou both the reference transcript sequence and ou the alternate transcript
sequence containag the vavaot, and looking for auy changes in exon-intron boundaries. The recent availability of
aggregated exome data from 60,706 humans enables us to evaluate the effects of negative selection on variants
predicted to alter splice function by examining their distribution in the allele frequency spectrum. We find that
predicted eryptic splice variants are strongly under negative selection {FIG. 38A), as evidenced by their relative
depletion at high allele frequencies compared to expected counts, and their magnitude of depletion is comparable
with AG or GT splice-dismpting variants and stop-gain variants. The impact of negative selection greater when
cousidering cryptic splice variants that would caose frameshifts over those that cause in-frame changes (FIG. 38B).
Based on the depletion of frameshifting cryptic splice vanants corupared to other classes of protein trancating
vanation, we estinate that 88% of confidently-predicted eryptic splice mutations are functional.

{60276} Although not as much aggregate whole genome data 1s available as exome data, hoxinag the power to
detect the mmpact of natieal selection in deep Intronic regions, we were also able to calculate the observed vs
expected counts of cryptic splice mutations far from exonic regions. Overall, we observe a 60% depletion in cryptic
splice muitations at a distance > 50nt from an exon-intron boundary (FEG. 38C). The attenuated signal is likely a
combination of the smaller sample size with whole genome 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 cryptic splice variants under selection, and bow this compares with other classes of protein truncating variation.
As cryptic splice variants may only partially abrogate splice function, we also evaluated the number of observed
versus expected cryptic splice variants at more relaxed thresholds, and estimate that there are approximately 3 times
as many deleterious rare crypuc splice variants compared to rate AG or GT splice-disrupting variants in the ExAC

dataset (FYG. 38D). Each individual carn

es approxiraately ~20 rare cryptic splice mutations, approximately equal to
the nirnber of protein runcating vacants (FiG. 388), 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-seq from multiple tissue sites, enables us to look for the effects of rare cryptic splice variants directly in the
BNA-seq data. To approximate the scenario encountered in rare disease sequencing, we only considered rare

vanants (singleton in the GTEX cobort, and < 1% allele frequency on 1000 Genomes), and patred these with sphici

events that were unigue to the ndividual with the variaut. Although differences in gene expression and tissue
expression and the complexity of splice abuormalities make it challenging to evalvate sensitivity and specifieity of
the deep learning predictions, we fiod that at stringeunt specificity thresholds, over 90% of rare cryptic splice
mutations validate on RNA-seq (FYIG. 38A). A large muraber of aberrant splicing eveats present in RNA-seq appear

e

to be associated with variants that are predicted to have modest effects according to the deep lear

iing classifier,

.-41

suggesting that they only partially affect splice function. At these more sensitive threshoids, approximately 75%

N
i

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 RN A-segq, suggests that the method could
be used to identity additional diagnoses in rare disease sequencing studies. To test this hypothesis, we examined de

novo vanants i exome sequencing studies for autism and ueurodevelopriental disorders, and demonstrate that

ryptic sphice mutations are siguificantly enriched in affected individuals versus their healthy sibhings (FiG. 484).

Moreover, the encichroent of cryptic sphice rautations is slightly lower than that for protein runcating vasaots,
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indicating that approximately 90% of our predicted cryptic splice variants are functional. Based oo these values,
approximately ~20% of disease-causing protein truncating vacants can be attributed to cryptic sphice mutatons in
exons and the pucleondes wunmediately adjacent to exons (FIG. 448). Extrapolating this figure out to whole 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 enrichment of cryptic splice mutations in candidate disease genes compared to chance.

Die novo cryptic splice mutations were strongly enriched within genes that were previously hit by protein-truncating

vanation but not missense variation (FIG. 48C), indicating that they mostly cause disease through
haploinsufficiency 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 m autism and 11 additional disease genes in

intellectual disability, compared to ustog only protein-teuncating variation alone (FiG. 438).

{30281} To evaluate the feasibility of validating cryptic sphice mutations in patients for whom the hkely 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 Simplex Collection, and locked 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 cohort. We find that NN out of 37 patients showed unique, aberrant splicing on ENA-seq (FIG. 40E)
explained by the predicted cryptic splice variant.

{60282} In summary, we demonstrate a deep leaming model that accurately predict cryptic splice vanants with
sufficient precision to be useful for identifying causal disease mutations n rare genetic disorders. We estimate that a
substantial fraction of rare disease diagnoses caused by cryptic splicing are cuxrently missed by considenng only the
proten coding regions, and stress the need to develop methods for wterpreting the effects of penetrant rare variation

0 the noncoding genore.

Resuits

Aceurate prediction of splicing from primary seqguence using deep learning

{60283} We constructed a deep residual neural network (He et al., 20164} that predicts whether each position
a pre-ruRNA ranscapt is a sphce donor, splice acceptor, or neither {FiG. 374 and FiGs. 23, 22, 23, and 24}, using
as input ouly the genomic sequence of the pre-mRNA trauscript. Because splice douors and splice acceptors may be
separated by tens of thousands of nucleotides, we employed a novel network architecture counsisting of 32 dilated
convolutional layers (Yu and Koltun, 2016) that can recognize sequence determinants spanning very large genomic
distances. In conirast to previous methods that have only considered short nucleotide windows adjoining exon-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 (Jha et al., 2617}, our neural network learns splicing determinants
directly from the primary sequence by evaluating 16,000 nucleotides of flanking context sequence to predict the
splice function of each position 1 the pre-mBNA transcopt.

[00284] We used GENCODE-annotated pre-mRNA transcript sequences (Harrow et al, 2012) on a subset of
the buman chromosomes to train the parameters of the neural network, and transcripts on the remaimung
chromosomes, with paralogs excluded, to test the network’s predictions. For pre-mRNA transcripts in the test
dataset, the network predicts splice junctions with 95% top-k accuracy, which s the fraction of comrectly 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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0 the test dataset (Boyd et al, 2012; Yeo and Burge, 2004). Even genes m excess of 100 kb such as CF{R are often
ecoustructed perfectly to nucleotide precision (FIG. 378). To counfirn: that the network is not simply relying on
exonic sequence biases, we also tested the network on long noncoding RNAs. Despite the incompleteness of
roncoding transcript annotations, which is expected to reduce our accuracy, the network predicts known splice
junctions in lincRNAs with 84% top-k accuracy (FEGs. 42A and 42B), indicating that it can approximate the
behavior of the spliceosome on arbitrary sequences that are free from protein-coding selective pressures.
{00285} For each GENCODE-annotated exon in the test dataset (excluding the first and last exons of cach
gene}, we also examined whether the networl’s prediction scores correlate with the fraction of reads supporting
exon inclusion versus exon skipping, based on RNA-seq data from the Gene and Tissue Expression atlas (GTEx)
{The GTEx Consortinm et al., 2015) (FIG. 37C). Exous that were constitutively spliced in or spliced out across
GTEx tissues had prediction scores that were close to 1 or §, respectively, whereas exons that underwent a
substantial degree of alternative splicing {betw £0-90% exon inclusion averaged across samples) tended towards
intermediate scores (Pearson correlation = 0.78, P = ().
{30286} We next sought to understand the sequence deterannants utilized by the vetwork to achieve its
remarkable accuracy. We performed systermatic in silico substitutions of each nucleotide near annotated exons,
measuring the effects on the network’s prediction scores at the adjoining splice sites (FIG. 37E}. We found that
disrupting the sequence of a splice donor motif frequently caused the network to predict that the upstream splice
aceceptor 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

motif set at an optimal distance (Berget, 1993). Additional motifs that contribute to the splicing sigual inchude the

well-charactenzed binding motifs of the SR-protein fammly and the branch point (FEGs. 434 and 43B) (Fairbrother

et al,, 2002; Reed and Maniatis, 1988). The ¢

cts of these motifs are nghly dependent on their position in the
exon, suggesting that their roles inchude specifying the precise positioniag of intron-exon boundades by
differentiating between competing aceeptor and donor sites.

{00287} Training the network with varying input sequence context markedly impacts the accuracy of the splice
predictions (FEG. 37E), indicating that long-range sequence determinants up to 10,000 nt away from the splice site

are essential for discerning functional splice junctions from the large number of nonfunctional sites with near-
optimal metifs. To examine long-range and short-range specificity determinants, we compared the scores assigned
to annotated junctions by a model trained on 80 nt of sequence context (SpliceNet-80nt) versus the full model that is
ramaed on HG,000 ut of context (SpliceNet-10k). The vetwork trained on 80 nt of sequence context assigns lower
scores to junctions adjoining exons or introns of typical length (150 nt for exons, ~1000 nt for introns) (FIG. 37F),
in agreement with earlier observations that such sites tend to bave weaker splice motifs compared to the splice sites

of exons and introns which are wausually long or shoxt (Amit et al., 2012; Gelfinan et al, 2012; Lietal, 2015). Jo

couteast, the network trained on 10,000 nt of sequence context shows preference for introns and exons of average
length, despite their weaker splice moifs, because Ut can account for long-range specificity conferred by exon or
intron length. The skipping of weaker motifs in long uninterrupted introns is consistent with the faster RNA
polvmerase [ 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 et al., 2014; Veloso et al., 2014). Our findings
suggest that the average splice junction possesses favorable long-range sequence determinants that confer
substantial specificity, explaiing the high degree of sequence degeneracy tolerated at most splice motifs.

{0288} Because splicing occurs eo-transcriptionally {Cramer et al., 1997; Tiguer et al., 2012}, interactions

between chromatu state and co-transcnptional sphicing muight alse guide exon debuition (Luco et al., 2011), and
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have the potential to be uiilized by the network to the extent that chromatin state is predictable from primary
sequence. [n particular, genome-wide studies of nucleosome positioning have shown that nucleosome occupancy is
tgher 1o exons {Andersson et al., 2009; Schwartz et al., 2009; Spies 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
(FIG. 37G). We find that positions predicted to be favorable for exon inclusion correlated with positions of high
nucleosome oceupancy, even in intergenic regions {Spearman correlation = 4.36, P ~ 0}, and this effect persists after
controlling for GC content (FEG. 44A). These results s t that the network has implicitly learned to predict
nucleosome positioning from privuary sequence and uvtilizes it as a specificity determinant 1u exon definition. Simidar
to exons and introns of average length, exons positioned over nucleosomes have weaker local splice motifs (FiG.
448}, consistent with greater tolerance for degenerate motifs 1 the presence of compensatory factors {Spies et al.,
2009).

{30289} Although rouliiple studies have reported a correlanon between exons and nucleosome occupancy, a
causal role for nucleosome positioning in exon definition has not been firmly established. Using data from 149
individuals with both RNA-seq and whole genome sequencing from the Genotype-Tissue Expression (GTEx) cohort
(The GTEx Consortium et al., 2015}, we identified novel exons that were private to a single individual, and
corresponded to a private splice site-creating genetic mutation. These private exon-creation events were significantly
associated with existing nucleosome positioning in K562 and GM12878 cells (P = 0.006 by permutation test, FIG.
JTH), even though these cell lines most tikely lack the corresponding private genetic mutations. Our results indicate
that genetic vanants are more likely to trigger creation of a 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

defintion.

Verification of predicted cryptic splice mutations in RNA-seq data

{80298} We extended the deep learning network to the evaluation of genetic 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 transcuipt sequences and splice junction apuotations,
and never saw variant data during traiuing, making prediction of vaniant effects a challenging test of the network’s
ability to accurately raodel the sequence determinants of spliciag.

{60291} We looked for the effects of cryptic splice vanants in RNA-seq data in the GTEx cobort (The GTEx
Consortium et al,, 2815}, comprising 149 radividuals with both whole genome sequencing and RNA-seq from
multiple 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.

{80292} To quantify the effects of splice-site creating vartants on the relative production of normal and aberrant

splice isoformus, we measured the number of reads supporting the novel splice event as a fraction of the total number

of reads covering the site {(FEG. 38C) (Cummings et al, 2017). For sphice-site disrupting variants, we observed that

many exons bad a low basehue rate of exon-skipping, and the effect of the variant was to increase the fraction of
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ced at the disrupted

exon-skipping reads. Hence, we calculated both the decrease in the fraction of reads that spli
junction and the increase 1o the fraction of reads that skipped the exon, taking the larger of the two effects (FEG. 45
and STAR Methods).

{00293} Confidently predicted cryptic splice variants (A Score 2 0.5} validate on RNA-seq at three-guarters 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 <
0.5), are often incompletely penetrant, and result in alternative splicing with production of a mixture of both aberrant
and normal transcripts in the BNA-seq data (FEG. 38E). Qur 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 transcripts because they frequently
introduce premature stop codons (FIG. 38C and FIG, 45). This 15 evidenced by the average effect sizes of variants
that discupt esseotial G7 aad AG splice dinucleotides being less thao the 50% expected for fally penetrant
heterozygous vanants.

{40294} For cryptic sphee vanants that produce aberraot 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 intronic sequence (A Score 2 0.5, FIG, 38¥). These findings indicate that deep intronic
variants are more challenging to predict, 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), MaxBntSean (Yeo and Burge, 2004), and NNSplice (Reese et al., 1997), and plotted the RNA-seq validation

rate and sensitivity at varying thresholds (FEG. 38¢). As has been the expenence of others 1 the field (Corumings

et al,, 2017}, we find that existing classifiers have usufficient specificity given the very large number of noncoding
varants genoroe-wide that can possibly affect splicing, presumably because they focus on local motifs and largely

1o pot account for long-range specificity deteronoants.

{30296} {(ven 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 more than one
individual in the GTEx cohort (FIGs, 464, 468, and 46C). Because neither the splicing machinery nor the deep
learning model have access to allele frequency infornmation, verifying that the network has similar performance
across the allele frequency spectrum is an important control. We find that at the same A Score thresholds, private
and commoun cryphic 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.

{00297} Second, to validate the model’s predictions across the different types of cryptic splice vaniants that can
create novel splice junctions, we separately evaluated variants that generate novel GT or AG dinucleotides, those
that affect the extended acceptor or donor motif, and variaats that occur 1o raore distal regions. We find that cryp‘tic
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 > 4.3 Mann Whitney U test respectively, FiGs. 47A and 478).
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{60298} Third, we perforrued the RNA-seq validanon and sensinvity avalyses separately for variants on the
chromosomes used for training and variants on the rest of the chiromosomes (FiGs. 484 and 488). Although the

vetwork was only trained on reference genomic sequence and splice annotations, 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

1!

he 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 networlk’s variant predictions are uniikely to be
explained by overfitting the training sequences.

{16259} Predicting cryptic splice variants 1s a more difficult problem than predictiug annotated splice junctions,
as reflected by the results of our model as well as other splice prediction algorithms {(compare ¥1G. 378 and FiG.
38G). An important reason is the difference 1o the underlying distribution of exon inclusion rates between the two
types of analyses. The vast majority of GENCQODE-annotated exons have strong specificity detexminants, resulting
int constitutive splicing and prediction scores near 1 (FiG. 37C). In contrast, most cryptic splice vanants are only
partially penetrant (FEGs. 38D and 38E), have low to intermediate prediction scores, and frequently lead to
aiternative 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. 48).

Tissue-specific alternative sphicing frequently arises firem weak crvptic splice variands

0300 Alternative splicing (s a major raode of gene regulation that serves 1o 1ncrease the diversity of
o t=2 “
transcripts in different tissues and developmental stages, and its dysregulation is associated with disease processes

{Blencowe, 2006; Irimia et al., 2014; Keren ot 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

-

eproducible across muitiple individuals (FEG. 39B), indicating that tissue-specific biology likely underlies these
differences, rather than stochastic effects. We find that 35% of eryptic splice variauts with weak and intermediate
predicted scores {A Score 0.35 - 0.8} exhibit significant differences o the fraction of normal and aberrant transcripts
produced across tissues (Bonferroni-corrected P < 0.01 for a y? test, FEG. 39C). This contrasted with variauts with
high predicted scores (A Score > 0.8}, which were significantly less likely to produce tissue-specific effects (P =
0.015). Our findings align with the earlier observation that alternatively spliced exons tend to have intermediate

prediction scores (FiG. 370)

), compared to exons that are constitutively spliced in or spliced out, which have scores
that are close to 1 or §, respectively.

{30301} These results support a model where tissue-specific factors, such as the chromatin context and binding
of RNA-bwnding protetas, may swing the contest between two splice junctions that are close 1w favorability
{Gelfman et al., 2613; Luco et al., 2010; Shukia et al,, 2011; Ule et al., 2003). Strong cryptic splice variants are
likely to fully shift splicing from the normal to the aberrant isoform irrespective 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 alternative splicing diversity, as natural selection would then have the opportunity to

preserve mutations that create useful tissue-specific alternative splicing.
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Predicted crvpiic splice variants are strongiy deleterions in human 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-altering 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
cxomes from the Exome Aggregation Consortium (EXAC) database (Lek et al., 2016}, and identified variants that
were predicted to alter exon-intron boundanes.

{00303} To measure the extent of negative selection acting on predicted splice-altering variants, we counted the
vumber of predicted sphee-altening vaxiants found at comumon allele frequencies (20.1% in the buman populanon)
and compared it to the nunber of predicted splice-altering variants at singleton allele frequencies in ExAC (ie.in l
out of 60,706 imdividuals). Because of the recent exponential expansion o hurnan population size, singleton variants
represent recently created nuutations that bave been mimmally filtered by pudfying selection {Tennessen et al.,

2012). In contr:

st, comyuon variants represent a subset of neuteal mutations that have passed through the sieve of
purifying selection. Henee, depletion of predicted splice-altering variants in the conumon aliele frequency spectrum
relative to singleton 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 resiricted our
analysis to synonymous variants and intromic variants lying outside the essential GT or AG dinucleotides, excluding
missense mutations that are also predicted to have splice-altering effects.

[00304] At common allele frequencies, confidently predicted cryptic splice vanants {4 Score = (.8) are under
strong negative selection, as evidenced by their relative depletion compared to expectation (FiG. 404). At this
thrashold, where most variants are expected to be close to fully penetrant in the RNA-seq data (FIG. 38D),
predicted synonymous and intronie cryptic splice nutations are depleted by 78% at common allele frequencies,
which is comparable with the 82% depletion of trameshift, stop-gain, and essential GT or AG sphee-disrupnng
vanants (FIG. 40B). The tmpact of vegative selection is larger when cousidering 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 majority of confidently-predicted cryptic splice mutations in the near-intronic region (<50 nt from known exon-
intron boundaries) are functional and have strongly deleterious effects in the human population.

[86305] 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 humans from the Genome Aggregation Database
{gnomAD) cohort {Lek et al., 2016} to calculate the observed and expected counts of cryptic splice mutations at
common allele frequencies. Overall, we observe a 56% depletion of common cryptic sphice mutations {A Score =
0.8) at a distance >50 nt from an exon-intron boundary (FIG. 441), consistent with greater difficoity in predicting
the impact of deep intronic vanants, as we had observed i the RNA-seq data.

{80306} We next sought to estimate the potential for cryptic splice nutations to contabute to penetrant genetic
disease, relative to other types of protein-coding variation, by measuring the number of rare cryptic splice nutations
per individual in the gnomAD cohort. Based on the fraction of predicted eryptic splice mutations that are under
negative selection (FEG. 48A), the average human carries ~3 rare functional cryptic splice mutations {allele
frequency <0.1%}, compared to ~11 rare protein-truncating variants (FEG. 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, either because they produce in-frame alterations, or because

they do not compiletely shift splicing to the aberrant isoform

De nove cryptic splice mutations are a maior cause of rare 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, frameshift,
and essential splice dinucleotide) that disrupt genes in neurodeveloprental pathways {Fitzgerald et al., 2015;
Tossifov et al., 2014; McRae et al, 2037; Neale et al., 2012; De Rubets et al., 2014; Sanders ot al., 2012). To assess
the clintcal inpact of noncoding youtations that act through altered splicing, we applied the neural network o predict
the effects of de novo mutations 10 4,293 individuals with intellectual disability from the Deciphering
Developroental Disorders cobort (DRXD) (McRae et al., 2017), 3,953 individuals with autisre spectrum 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 Simpiex Coilection. To
control for differences in de nove variant ascertainment across studies, we normalized the expected number of de
nove variants such that the number of synonymous mutations per individual was the same across cohorts.
{80308} De novo mutations that are predicted to distupt splicing ave enriched 1.51-fold in intellectual disability
(P =0.000416) and 1.30-fold in autisrn spectaxm disorder (P = 0.0203) corupared to healthy controls (A Score 2 0.1,
FIG. 41A, FIG. 434, and FIG. 43B). Splice-distupting mutations are also siguificantly enriched in cases versus
controls when considering only synonymous and intronic mutations (FiG. 494, FIG. 498, and FIG. 48C),
exchuding the possibility that the enrichment could be explained solely by mutations with dual protein-coding and
splicing effects. Based ou the excess of de nove mutations 1u affected versus unaffected mdividuals, cryptic splice
mutations are estimated to comprise about 131% of pathogenic mutations i autisyn spectam disorder, and 9%
inteliectual disability (FEG. 41B), after adjusting for the expected fraction of mutations in regions that lacked
sequencing coverage or variant ascertainment inn each study. Most de novo predicted eryptic splice mutations in
affected individuals had A Scores < 0.5 (FI1G. 431C, FIG. S04, and FIG. 36B), 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.
{80309} 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
trinveleotide context to adyust for mutation rate (Samocha et al, 2014) (Table 54). Combining both cryptic splice
mutations and protein-coding mutations in novel gene discovery yields 5 additional candidate genes assoctated with

FG. 410 and FIG. 45) that

inteliectual disabibity and 2 additional genes associated with autisro spectoum disorder
would have been below the discovery threshold (FDR < §.01) when considering only protein-coding mutations

(Kosmicki et al., 2017; Sanders et al., 2015).
Experimental validation of de nove crvptic splice mutations in autism patients

[00319] We obtained peripheral blood-derived lymphoblastoid cell lines (LCLs} from 36 individuals from the
Simons Sinaplex Collection, which barbored predicted de novo cryptic splice mutations in genes with at least a
mimmal level of LCL expression (De Rubeis et al., 2014; Sanders et al., 2012); each individual represented the only
case of autisyn within their inmediate family. As 1s the case for wost rare geoetic diseases, the tissue and cell type of
relevance {presumably developing brain) was not accessible. Hence, we performed igh-depth mRNA sequencing
(~350 million x 150 by single reads per sample, roughly 18 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 eryptic splice variants, rather than simply the top predictions, we applied relatively permissive threstiolds
{A Score > 0.1 for splhice loss vanants and A Score > (1.5 for splice gain variants; STAR roethods) and pecformed
experimental validation oo all de novo variants meeting these coteria.

{00311} After excluding § individuals who had insufficient RNA-seq coverage at the gene of mterest, we
identified unique, aberrant splicing events associated with the predicted de novo cryptic splice mutation in 2§ 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 wntron retention, as well as rmore complex splicing aberrations (FIG. 41F, FIG. 464, FiG,
468, and FiG. 460). Seven cases did not show aberrant sphicing in LU Ls, despite adequate expression of the

ranscript. Although a subset of these may represent false positjve predictions, some cryptic splice mutatious may

resuit in ossue-specific alterpative splicimg that is vot observable in LULs wader these experumental conditions.
{40312} The high validation rate of predicted cryptic splice mutasons i patients with autisra spectrum disorder

{75%), despite the Hmitations of the RNA-seq assay, indicates that most predictions are functional. However, the
enrichment of de nove eryptic splice variants in cases compared to controls (1.5-fold in DDD and 1.3-fold in ASD,
FIG. 41A) 1s only 38% of the effect size observed for de novo protein-truncating variants (2.5-fold in DDD, and
1.7-fold in ASD) (losstfov et al., 2014; McRae et al., 2017; De Rubeis et al., 2014). This allows us to quantify that

functional eryptic splice mutations have roughly 50% of the clinical penetrance of classi

forms of protein-
truncating mation (stop-gain, frameshift, and essential splice dinucleotide), on account of many of them only

partially disrupting production of the normal transcript. Indeed, some of the most well-characterized cryptic splice

mutations 1 Mendehan diseases, such as ¢.315-481>C in FECH (Gouya et al, 2002} and ¢.-32-13T>G in GAA

(Boetkoel et al., 1995), are hypomorphic alleles associated with milder phenotype ox later age of onset. The estimate
of clinical penetrance is calculated for all de novo variants meeting a relatively permissive threshold (A Score = 0.1),

and vadanots with stronger prediction scores would be expected to have correspondingly higher penetrance.

[#0313] 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 (FIG. 41B). This is consistent with our earlier estimate of the average number of
rare cryptic splice mutations (~5) compared to rare protein-truncating variants (~11) per person in the general
population (FIG. 38A), 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 explamed by cryptic
splice mutations in neurodevelopmental disorders (9-11%, FIG. 418) is likely to generalize to other rare genetic
disorders where the primary disease mechanism 1s loss of the functional protein. To facilitate the interpretation of
sphice-altering mutations, we precomputed the A Score predictions for all possible single nucleotide subsututions

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

proyacte understanding of this previously under-appreciated source of genetie vagation.

Particular Inplementations

{30314} We deseribe systems, methods, and articles of manufacture for using a trained atrous convolutional
ueural network to detect splice sites in a genomic sequence {e.g., a nucleotide sequence or an amino acid sequence).
One or more features of an imaplementation can be combined with the base tnplementation. [ruplementations that
are not youtually exclustve are taught to be combinable. One or raore features of an implementation can be combiaed

with other implementations. This disclosure periodically reminds the user of these options. Omission from sorne
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implementations of recitations that repeat these options should not be taken as himinag the combinatons taught in
the preceding sections — these recitations are hereby wcorporated forward by reference into each of the following
implementations.

{00315} This section uses the terms module(s) and stage(s) interchangeably.

[00316] 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
genomic sequences (e.g., nucleotide sequences).

[00317] As shown in FIG. 36, the system trains an atrous convelutional neural network {abbreviated ACNN}
ou at least 50000 training examples of donor splice sites, at least SO000 traruing exarmples of acceptor sphee sites,
and at least 100000 training examples of non-splicing sites. Hach travming example 1s a target nucleotide sequence
having at {east one target nucleotide flanked by at least 20 nuclectides on each side.

{04318} An ACNN 18 a convolutional neural netwaork that uses atrous/dilated convolutions which allow for
large receptve 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 mput values with a certain step, also called atrous
convolution rate or dilation factor. Atrous/dilated convolutions add spacing between the elements of a convolution
filter/kernel so that neighboring input entries {¢.g., nucleotides, amino acids) at larger intervals are considered when
a convolution operation is performed. This enables incorporation of long-range contextual dependencies in the input.
The atrous convolutions conserve partial convolution calculations for reuse as adjacent nucleotides are processed.
{60319} As shown in FEG. 36, for evaluating a traimug example using the ACNN, the system provides, as input

to the ACNN, a target nucleotide sequence further flanked by at least 40 upstream context nuclectides and at least

44 downstream coutext uncleotides.
[B03246) As shown 1o FEG. 38, based oo the evaluation, the ACNN then produces, as output, triplet scores for
likehbood that each nucleotide in the target nucleotide sequence {8 a donor splice site, an acceptor splice site, or a

non-splicing site.

[00321] This system implementation and other systerns disclosed optionaily inchude 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 systemn features are not individually enumerated. Features applicable to
systems, methods, and articles of manufacture are not repeated for cach statutory class set of base features. The

ified in this section can readily be cornbined with base features in other

reader will understand how features iden
statutory classes,

{0322} As shown i FEGs, 258, 26, and 27, the input can comprise a target nucleotide sequence that bas 3 target
sucleotide flanked by 2500 nuclectides on each side. In such an iraplementation, the target nucleotide sequence (s

further flanked by 5000 upstream context nucleotides and 5000 downstream context nucieotides.

[00323] The input can comprise a target nucieotide sequence that has a target nucleotide flanked by 100

b )
nucleotides on each side. In such an implementation, 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 cach 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 FIG. 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-spliciug sites.
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{60326} As shown in FEG. 19, the ACNN can corapuse groups of residual blocks amranged in a sequence frora
lowest to highest. Each group of residual blocks (s parameterized by a vumber of couvolution filters 1o the resxdual

blocks, a convolution window size of the residual blocks, and an atrous convolution rate of the residual blocks.
{80327 As shown tn FiGs. 21, 22, 23, and 24, in the ACNN, the atrous convolution rate progresses non-
exponentially from a lower residual biock group to a higher residual block group.
{86328} As shown in FEGs, 21, 22, 23, and 24, in the ACKNN, the convolution window size varies between
groups of residual blocks.
[00329] The ACNN can be configured to evaluate an input that comprises a target nucleotide sequence further
flanked by 40 upstream context nucleotides and 40 dowustrear: context nucleotides. In soch an implementation, the
ACNN includes one group of four residual blocks and at least one skip connection. Each residual block has 32
convohution filters, 11 convolution window size, and 1 atrous convolvtion rate. This iraplementation of the ACNN g
referred to herein as “SpliceNet80” and 1s shown in FiG. 21,
{40338} The ACNN can be configured to evaluate an xuput that comprises the target nuclectide sequence
further flanked by 200 upstream context nucleotides and 260 downstream context nucleotides. In such an
implementation, the ACNN inchudes at least two groups of four residual blocks and at least two skip connections.
Each residual block in a first group has 32 convolution filters, {1 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
convolution rate. This implementation of the ACNN is referred to hercin as “SpliceNet400” and is shown in FIG.
22
[#0331] The ACNN can be configured to evaluate an mput that comprises a target nucleotide sequence further
flanked by 1000 upstream coutext nucleotides and 1000 downstream context nucleotides. In such an
implerentation, the ACNN inchudes at least three groups of four residual blocks and at least three skip counections.
Hach residual block 1o a first group bas 32 convolution filters, {1 convolution window size, and | atrous convolution
rate. Hach residual block in a second group has 32 convolution filters, {1 convolution window size, and 4 atrous
convolution rate. Each residual biock 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.
{86332} The ACNN can be configured o evaluate an input that comprises a target nucleotide sequence further
flanked by 5000 upstreamn context nucleotides and 5000 downstream coutext nucleotdes. [n such an
implementation, the ACNN includes at least four groups of four residual blocks and at least four skip connections.
FHach residual block in a first group has 32 convohution filters, 11 convolution window size, aud 1 atrous convolution
rate. Bach residual block 1o a2 second group has 32 convolution filters, 11 convolution window size, and 4 atrous
coavolution rate. Bach residual block 2 third group bas 32 convolution filters, 21 convelution 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 “SpliceNetE 00007
and is shown in FiIG, 24.
{00333} The triplet scores for each nucleotide in the target nucieotide sequence can be exponeuntially
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
iriplet seores,
[84334] As shown in FIG, 35, dimensionality of the ACNN’s input can be defiued as (C*+ L + CY x 4, where

C"is a number of upstream context nucleotides, C is a number of downstream contexi nucleotides, and L is 2
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wmber of nucleotides in the target nuclectide sequence. In one iroplementation, the direenstonality of the ioput 8
(5000 + 5000 + 3000) x 4.
[34335] As shown in FIG. 35, dimensionality of the ACNN’s output can be definedas L x 3. In one
implementation, the dimensionality of the output is 5000 x 3.
[00336] As shown in FEG. 35, each group of residual blocks can produce an intermediate output by processing
a preceding input. Dimensionality of the intermediate output can be defined as (I {{W-1} * D} * A]} x N, where I is
dimensionality of the preceding input, W is convolution window size of the residual blocks, D is atrous convelution
rate of the residual blocks, A is a number of atrous convolution layers in the group, and N is a number of
couvohution filters 1o the residual blocks.
{06337} As stown in FIG. 32, ACNN batch-wise evaluates the training examples during an epoch. The
rawning examples ace randomly sampled into batches. Each batch has a predetermined batch size. The ACNN
tterates evaluation of the trarning examples over a plurality of epochs {e.g., 1-10}.
{40338} The wput can comprise a target nucleotide 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
nucleotides can be guanine (abbreviated G) and uracil {abbreviated U}).
[68339] The systen: inchudes a one-hot encoder (shown in ¥1G. 29) that sparsely encodes the training examples
and provides one-hot encodings as input.
{80340} The ACNN can be parameterized by a number of residual blocks, a number of skip connections, and a

uumber of residual connections.

{00341} The ACNN can comprise dimensionality altering convolution layers that reshape spatial and feature
dimensious of a preceding uput.

[40342] As showa 1o FEG. 28, each residual block can comprise at least one baich normalization layer, at least
one reciified linear unit {abbreviated Rel1} layer, at least one atrous convolution layer, and at least oue residual
counnection. fo such an implementation, each residual block corapuses two batch normalizanon layers, two Rel.lJ
non-linearity layers, two atrous convolution layers, and one residual connection.

{00343} Other implementations may inciude 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.

{10344} Another system implementation of the of the technology disclosed juchides a trained splice site
predictor that runs on numerous processors operating in parallel and covpled to memory. The system trains an atrous
convolutional nevral network (abbreviated ACNNY, running on the nuimerous processors, on at least 50000 waining

examples of dotor splice 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 trainxag is 2 oucleotide sequence that

includes a target nucleotide flanked by at ieast 400 nucleotides on each side.

[#0345] The system includes an input stage of the ACNN which runs on at least one of the numerous
processors and feeds an tnput sequence of at least 801 nucleotides for evaluation of target nucleotides. Each target
nucleotide is 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 system wchudes an output stage of the ACNN which runs on at least one of the numerous

processors and transiates aualysis 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 irapleraentations, the systera
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includes an output module of the ACNN which runs on at least one of the numerous processors and transiates
analysis by the ACNN 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.

{00347} Each of the features discussed in this particular implementation section for the first system
implementation apply equally to this system implementation. As indicated above, all the system features are not
repeated here and should be considered repeated by reference.

[00348] The ACNN can be trained on 150000 training examples of donor splice sites, 150000 training
cxamples of acceptor splice sites, and 800000000 training exanples of non-splicing sites. In another implementation
of the system, the ACNN comprises groups of residual blocks artanged in a sequence from lowest to highest. In vet
another implementation of the system, each group of residual blocks is parameterized by a number of convolotion
filters in the residual blocks, a convolution window size of the residual blocks, and an atrous convolution rate of the
residual blocks.

{0349} The ACNN can coraprise groups of residual blocks awranged in a sequence from lowest to highest.

Each group of residual blocks i

7]

parameterized by a number of convolution filters in the residual blocks, a
convolution window size of the residual blocks, and an atrous convelution 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 ACNN, the convelution window size varies between groups of
residual blocks.

{80351} The ACNN can be trained on one or more training servers, as shown in FIG. 18.

{00352} The trained ACNN can be deployed on one or more production servers that receive input sequences
from requesting clients, as shown in FIG. 18, In 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 implementations, the production servers process the input sequences through the input
and output raoduies of the ACNN to produce outputs that are transmitted to the chents, as showo 1o 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 tmplementation of the technology disclosed includes training a splice site detector that

identifies sphice sites

renomic sequences (e.g., nucleotide sequences).

[30355] The method inchudes feeding, an atrous convolutional neural network {abbreviated ACNN), an input
sequence of at least 801 nucleotides for evaluvation of target nuclectides that are each flanked by at least 400
ucleotides on each side.

{30356} The ACNN is tratned on at least 56000 training examples of donor sphice sites, at least 50000 training
examples of acceptor splice sites, and at ieast 100000 training examples of non-splicing sites. Fach of the training
examples used in the training is a nucleotide sequence that includes a target nucleotide flanked by at least 400
nucleotides on cach side.

{86357} 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.

{00358} Each of the features discussed in this particular implementation section for the first system

implementation apply equally to this method noplernentation. As indicated above, all the system features are not

repeated here and should be considered repeated by reference.
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{60359} Other implementations may include a non-iransttory computer readable storage mediura storing
instructions executable by a processor to perform the reethod described above. Yet another implementation may
include 2 system ncluding raeraory and one or more processors operable to execute instructions, stored in the

memory, to perform the method deseribed above.

[30360] 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., micleotide sequences). One or more features
of an implementation can be combined with the base implementation. Implementations that are not mutually
exclusive are taught to be combinable. One or more features of an implementation can be combined with other
impleruentations. This disclosure periodically reminds the user of these options. Cummssion from some
implementations of recitations that repeat these options should not be taken as imitng the combinations tanght in
the preceding sections - these recitations are hereby corporated forward by reference into each of the following
implementations.
{40361} & systera mmplernentation of the technology disclosed 1ucludes one or yaore processors coupled fo the
memory. The memory is loaded with computer instructions to inyplement an aberrant splicing detector running on
IUIErOUS Processors operating in parallel and coupled to memory.
[68362] As shown in FIG. 34, the system inciudes a trained atrous convolutional neural network (abbreviated
ACNN) running on the numerous processors. An ACNN is a convolutional neural network that uses atrous/dilated
convolutions which allow for large receptive fields with few trainable parameters. An atrous/dilated convolutionis a
convolution where the kernel is applied over an area larger than s length by skipping 1oput values with a certain
step, also called atrous convolution rate or dilation factor. Atrous/dilated convolutions add spacing between the
clements of a convolution Bilter/kernel so that neighboring input entries {e.g., nuclectides, amino acids) at larger

intervals are considered when a convolution operation is pecformed. This enables incorporation of long-range

contextual dependeccies in the 1aput. The atrous convolutions conserve partial convolution calculations for reuse as
adjacent nucleotides are processed.

[60363] As shown in FEG. 34, the ACNN classifies target nucleotides in an input sequence and assigns splice
site scores for likelihood that each of the target nucieotides 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 nuclestide is flanked by at leas
400 nucieotides on each side.

[30364] As shown 1u FIG. 34, the system also includes a classifier, runuing on at least one of the nurerous
processors, that processes a reference sequence and a vanant sequence throvgh the ACKN to produoce splice site
scores for a hikelihood that each target nucleotide in the reference sequence and in the variant sequence 1s a donor
splice site, an acceptor splice site, or 2 non-splicing site. The reference sequence and the variant sequence each bave
at least 101 target nucleotides and each target nucleotide is flanked by at least 400 nucleotides on each side. FiG, 33

depicts a reference sequence and an alternative/variant sequence.

[#0365] As shown 1o 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
sequence causes aberrant splicing and is therefore pathogenic.

[00366] 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 combinations of system features are uot individually enumerated. Features applicable to

systems, methods, and articles of manutactore are not repeated for cach statutory class set of base features. The
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reader will understand how features identified in this section can readily be combined with base features 1o other
statutory classes.

{84367} 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 seque

[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.

{80369} As shown in FEG. 17, for at least one target nucleotide position, when a global maximum difference in
the splice site scores is below a predetermined threshold, the ACUNN classifies the variant as not causing aberrant
splicing aud therefore benign.

{60374} The threshold can be determmuned from for a plurality of candidate thresholds. This includes processing
a first set of reference and vagant sequence pairs generated by benign coramon vasants to produce a first set of

abereant splicing detections, processing

o a second set of reference and variant sequence paxrs 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 identifies variants that cause autism spectrum disorder (abbreviated
ASD). In another implementation, the ACNN identifies variants that cause developmental delay disorder
{abbreviated DDD}.

{80372} As shown 1n FEG. 36, the reference sequence and the variant sequence can each have at least 101

target nucleotides and each target nucleotide can be flanked by at least 5000 nucleotides on each side.

{40373} As shown tn FiG, 36, the splice site scores of the target nucleotides in the reference sequence can be
encaded 1o a fiest output of the ACNN and the splice site scores of the target oucleotides 1o the variant sequence can
be encoded o a second output of the ACNN. In one implersentation, the first cutput 18 encoded as a frst 10 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 uniqueiy
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.

[H0375]) As shown 1u FIG. 36, also in such an implementation, each row 1o the second 101 1 3 matnix umquely
represents splice site scores for a likelihood that 4 target nucleotide 1o the variant sequence is a donor splice site, an
acceptor splice site, or a non-sphicing site.

{84376} As shown in FIG. 36, 10 some iroplementations, splice site scores 1o each row of the first 101 x 3
matrix and the second 101 x 3 ynatrix can be exponenaally normalized to sum to unity.

[00377] As shown in FIG. 36, the classifier can perform a row-to-row comparison of the first 101 x 3 matrix
and the second 101 x 3 matrix and determing, 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.

{00378} The systen: includes a one-hot encoder (shown in FEG, 29) that sparsely encodes the reference
sequence and the variant sequence.

{0379} Bach of the features discussed in this particular implernentation section for other syster and method
implementations apply equally to this system implementation. As indicated above, all the system features are not

epeated bere and should be cousidered repeated by reference.
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{60388} Other implementations may include a non-iransttory computer readable storage mediura storing
instructions executable by a processor to perform actions of the systern described above. Yet another
implementation may rachude a roethod perforraing acnons of the system described above.

{00381} A method implementation of the technology disclosed includes detecting genomic variants that cause
aberrant aplicing.

[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.

{06383} The method includes, based on the processing, detecting a first differential sphicing pattern in a
eference target sub-sequence by classifying each nocleotide in the reference target sub-sequence as a donor splice

ite.

stie, an acceptor splice site, or a non-splicing
{40384} The method 1acludes 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 ditferential splicing pattern and the
second differential sphicing pattem by comparing, on 4 nucleotide-by-nucleotide basis, splice site classifications of
the reference target sub-sequence and the variant target sub-sequence.

{60387} When the difference 1s above a predetermained threshold, the method includes classifying the variant as
causing aberraat splicing and therefore pathogenic and storing the classification in memory.

{60388} Fach of the featuxes discussed 1o this particular implementation section for other system and method
implernentations apply equally to this method iplersentation. As indicated above, all the systern features axe 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, ¢xon skipping, mutually
exelusive exons, alternative donor site, alternative acceptor site, and intron retention.

{0356} The reference target sub-sequence and the variant target sub-sequence cau be aligned with respect o
unucleotide positions and can differ by the at least one variant nucleotide.

{40391} The reference target sub-sequence and the variant target sub-sequence can each have at least 40
sucleotides and can each be flanked by at least 40 oucleotides on each side.

{40392} The reference target sub-sequence and the variant target sub-sequence can each have at least 101
nucleotides and can each be flanked by at least 5000 nucleotides on each side.

{00393} The variant target sub-sequence can include two variants.

[60394] Other implementations may include a non-transitory computer readable storage medium storing
instructions c¢xecutable by a processor to perform the method described above. Yet another implementation may
include & system including memory and one or more processors operable 1o execute instructions, stored in the

memory, to perform the method described above.

[#0395] We describe systems, methods, and articies of manufacture for using a trarned convolutional neural
uetwork to detect splice sites and aberrant splicing in genomic sequences (e.g., nucleotide sequences). Une or more

features of an iraplernentation can be combined with the base implementation. Irapleraentations that are ot
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mutually exclusive are taught to be corabinable. One or more feanuees of an implementation can be cornbined with
other implemeniations. This discloswure periodically reminds the user of these options. Omission from some
implementations of recitations that repeat these options should not be taken as himinag the combinaons 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
genontc sequences (e.g., nucleotide sequences).

{60387} The systen trains 2 convolutional neural network (abbreviated CNN) on at least 30000 traiung
examples of donor splice sites, at least 50000 training examples of acceptor splice sites, and at [east 100000 traming
examples of non-splicing sites. Hach trarning exarople 1s a target nucleotide sequence having at least one target
aucleotide flanked by at least 20 nucleotides on each side.

{40398} For evaluating a training example usiag the CNN, the system provides, as wput to the CNN, a target
nucleotide sequence further flanked by at least 40 upsiream context nucleotides and at east 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 is a donor splice site, an acceptor splice site, or a non-splicing site.
[30404] 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 metheds disclosed. In the interest
of conciseness, alternative combinations of system features are uot individually enumerated. Features applicable to
systemns, methods, and articles of manuftacture are not repeated for each statutory class set of base features. The
reader will understand how features identified i this section can readily be corobined with base features in other
statutory classes.

{40401} The wput can comprise a target oucleotide sequence that has a target uucleotide fanked by 100
nucleotides on each side. In such an implementation, the target nucleotide sequence is further flanked by 200
upstream context nucleotides and 200 downstream context nucleotides.

{80402} As shown in FIG. 28, the system can train the CNN on 150000 training examples of donor splice sites,
150000 training examples of acceptor splice sites, and 1000000 training examples of non-splicing sites.

{30403} As shown 1u FEG. 3%, the CNN can be parameterized by a number of convolution layers, a number of
convolution filters, and a number of subsanpling layers (e.g., max pooling and average posling).

{0404} As shown 1u FIG. 3%, the CNN can incluade one or more folly-counected layers and a terminal

classificaon layer

{30405} The ONN can comprise dumensionality altedog convolution layers that reshape spatial and feature
dimensions of a preceding input.

[00406] The triplet scores for each nucleotide in the target nucieotide sequence can be exponentiaily
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 sarupled into batches. Each batch has a predetermined batch size. The CNN iterates

evaluation of the training examples over a phiality of epochs (e.g., 1-10).
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{60408} The input can comprise & target nucieotide sequence that has two adjacent target nucleotides. The two
adjacent target nucleotides can be adenine (abbreviated A} and guanine (abbreviated (). The two adjacent target
vucleotides can be guanine (abbreviated (3} and weacd {(abbreviated U,

{00409} The system includes a one-hot encoder (shown in FIG. 32) that sparsely encodes the training exampies
and provides one-hot encodings as input.

[00419] 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

uuit (abbreviated Rel.U) layer, at least one dimensionality altering layer, and at least one residoal connection. Hach
residual biock can conprise two bateh normalization layers, two Rel.U non-linearity layers, two dimeunsionality
altering layers, and one residual connection.

{60412} Each of the featuxes discussed 1o this particular implementation section for other system and method
inplementations apply equally to this system iraplementation. As indicated above, all the systera 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] Another system implementation of the of the technology disclosed includes a trained splice site
predictor that runs on numerous processors operating in parallel and coupled to memoxy. The system trains a
convohitional nevral network (abbreviated CNIN), runming on the numerous processors, on at least 30000 trarmng
examples of donor splice 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 tratorag is 2 oucleotide sequence that
includes a target nucleotide flanked by at least 400 nucleotides on each side.

{00415} The systera rocludes an input stage of the CNN which ruos oo at least one of the numerous processors
and feeds an input sequence of at least 801 nucleotides for evaluation of target nucleotides. Each target nucleotide is
flanked by at least 400 nucleotides on each side. In other implementations, the systen: 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.

{10416} The systen inchudes an output stage of the CNN which runs on at least one of the numerous processors
and translates analysis by the CNN into classification scores for hkelihood that each of the target nucleotides is a

donor splice site, an acceptor splice site, or a non-splicing site. In other implementations, the system includes an

output yoodule of the UNN which ruas oo at least one of the numerous processors and transiates analysis by the
CNN into classification scores for hkelibood that each of the target nucleondes 1s a donor splice site, an acceptor
splice site, or a non-splicing site.

{00417} Each of the features discussed in this particular implementation section for other systern and method
impiementations apply equaily to this system implementation. As indicated above, all the system features are not
repeated here and should be considered repeated by reference.

[00418] The CNN can be trained on 150000 training examples of donor splice sites, 150000 training examples
of acceptor splice sites, and 800000000 training examples of non-splicing sites.

{80419} The CNN can be trained on one or more training servers.

{60428} The trained CNN can be deployed on one or more production servers that recetve input sequences from

requesting chents. o such an mnplementation, the production servers process the input sequences through the input
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and output stages of the CNN to produce outputs that are transmitted to the chients. {n other iraplementations, the
production servers process the input sequences through the input and output outputs of the CNN to produce outputs
that are trausmitted 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 perforniing actions of the system described above.

[00422] A method implementation of the technology disclosed includes training a splice site detector that
identifies splice sites in genomic sequences (¢.g., nucleotide sequences). The method includes feeding, a
couvohutional nevral network (abbreviated CNN), 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.

{10423} The CNN is trained ou at least 50000 training examples of donor splice sites, at least 50000 training

examples of acceptor splice sites, and at least 100000 traintog examples of non-splicing sites. Hach of the taatniog
examples used in the teatnrag 15 a nucleotide sequence that imcludes a targer nucleotide flanked by at least 400
nucleotides on each side.

{00424} The method further includes translating analysis by the CNN 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.

{00425} 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} Other implementations may include a non-transitory computer readable storage medium storing
instructions executable by a processor to perform the method described above. Y et another iruplementation may
include a system including memory and one or yaore processors operable to execute nstructions, stored 1a the
memory, to perform the method described above.

{60427} Yet another system implementation of the technology disclosed includes oue or more processors
coupled to the memory. The memory is loaded with computer instructions to imyplement an aberrant splicing
detector runming on nUMEroUs processors operating in parailel and coupled to memory.

{30428} The systen: includes a trained convolutional neural network (abbreviated CNN) running on the
TIUMEToUs Processors.

{0429} As shown i FEG. 34, the CNN classifies target nucleotides in an input sequence and assigns sphce site
scores for likelihood that each of the target nucleotides 18 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 least
400 nucleotides on each side.

{10434 As showa 1o FIG. 34, the system also includes a classifier, running on at least one of the nuroerous
processors, that processes a reference sequence and a varant sequence through the CNN to produce splice site
scores for a likelihood that each target mucieotide 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 is flanked by at least 400 nucleotides on each side.

{30431} As shown in FEG. 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

sequence causes aberrant sphoing and is therefore pathogenic,
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{60432} Hach of the features discussed xo this particular taplementanon secton for other systen: and method
implernentations apply equaily to this system iraplementation. As indicated above, all the systera 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 nucleotides
in the reference sequence and in the variant sequenc

[00434] For at least one target nucleotide position, when a global maximum difference in the splice site scores
is above a predetermined threshold, the CNN classifies the variant as causing aberrant splicing and therefore
pathogenic.

{10435} Por at least one target nucleotide position, when a global maximum difference in the splice site scores
is below a predetermined threshold, the CNN classifies the variant as not causing aberrant splicing and therefore
bemgn.

{60436} The threshold can be determined from for a plurality of candidate thresholds. This rochudes processing
a fixst set of reference and variant sequence pairs generated by benign common variants to produce a frest set of
aberrant 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.

[00437] In one implementation, the CNN identifies variants that cause autism spectrum disorder (abbreviated
ASD. In another implementation, the CNN tdentifies vartants that cause developmental delay disorder (abbreviated
BDD).

{30438} The reference sequence and the vaniant sequence can each have at least 101 target nucleotides and each
target nucleotide can be flanked by at least 1000 nucleotides on each side.

{60439} The splice site scores of the target nucleotides in the reference sequence can be encoded in a first
output of the CNN and the sphce site scores of the target vucleotides in the variant sequence can be encoded ina
second output of the CNN. It 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.

{30440} 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.

{80441} Also in such an implementation, each row in the second 101 x 3 matrix vniquely represents splice site
seores for a bkelthood thet a target nocleotide in the variant sequence 18 a 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 ¥ 3 roatox and the second 101
% 3 matrix can be exponentially normalized to sum to unity.

[00443] The classifier can perform a row-to-row comparison of the first 101 x 3 matrix and the nd 101 x 3
matrix and deterniine, 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 therefore pathogenic.

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

sequence and the variant sequence.
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[60445] Other implementations may include a non-iransttory computer readable storage mediura storing

instructions executable by a processor to perform actions of the systern described above. Yet another
implementation may rachude a roethod perforraing acnons of the system described above.

{00446} A method implementation of the technology disclosed includes detecting genomic variants that cause

aberrant aplicing.

{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.

{00448] The method includes, based on the processing, detecting a first differential sphicing pattern in a
eference target sub-sequence by classifying each nocleotide in the reference target sub-sequence as a donor splice

ite.

stie, an acceptor splice site, or a non-splicing
{0449} The method 1acludes processing a variant sequence through the CNN. The vaxiaot 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 ditferential splicing pattern and the
second differential sphicing pattem by comparing, on 4 nucleotide-by-nucleotide basis, splice site classifications of
the reference target sub-sequence and the variant target sub-sequence.

{80452} When the difference 1s above a predetermained threshold, the method includes classifying the variant as
causing aberraat splicing and therefore pathogenic and storing the classification in memory.

{60453} Each of the featuxes discussed 1o this particular implementation section for other system and method
implernentations apply equally to this method iplersentation. As indicated above, all the systern features axe not
repeated here and should be considered repeated by reference.

{00454} 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, ¢xon skipping, mutually
exelusive exons, alternative donor site, alternative acceptor site, and intron retention.

{10455} The reference target sub-sequence and the variant target sub-sequence cau be aligned with respect o
unucleotide positions and can differ by the at least one variant nucleotide.

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

{40457} The reference target sub-sequence and the variant target sub-sequence can each have at least 101
nucleotides and can each be flanked by at least 1000 nucleotides on each side.

{00458} The variant target sub-sequence can include two variants.

[0(459] Other implementations may include a non-transitory computer readable storage medium storing
instructions c¢xecutable by a processor to perform the method described above. Yet another implementation may
include & system including memory and one or more processors operable 1o execute instructions, stored in the
memory, to perform the method described above.

{0460} The preceding description is presented to enable the making and vse of the technology disclosed.

YVarious modifications to the disclosed implementations will be apparent, and the general principles defined herain

may be applied to other implementations aad applicatons without departing fror the spirit and scope of the
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technology disclosed. Thus, the techinology disclosed 1s not 1utended to be lmited to the implementations shown,
but is to be accorded the widest scope consistent with the principles and features disclosed berein. The scope of the

technology disclosed is defined by the appended claims.

Per-Gene Enrichiment Analysis

[00461] FIG. 57 shows one implementation of per-gene enrichment analysis. In one implementation, the
aberrant splicing detector 1s further configured to 1mplement a per-gene entichment analysis which determines
pathogenicity of variants that have been detenmined to cause aberrant splicing. For a particular gene sampled froma
cohort of individuals with a genetic disorder, the per-gene enrichment analysis includes applying the trained ACKNN
to wdentify candidate variants 1o the parscular gene that cause aberrant spliciong, determining a baseline vumber of

mutati

15 for the particular gene based on sunwming observed trinucleotide mutation rates of the candidate variants

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 conyparing the bascline 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).

{80462} T the example shown n Fi6G. 87, five candidate variauts in a pacticular geue have been classified as

causing aberrant spl

ing by the aberrant splicing detector. These five candidate variants have respective observed
trinucleotide mutation rates of (078, 107, 107, 10°, and 10°. The baseline ruraber of mutations for the particular gene

is determined to be 107 based on sunuing the respective observed trinucleotide mutation rates of the five candidate

variants aad oxltiplyrag the suro with a transraission/chromosome count (2) and a size of the cohort (1000). This is
then compared with the de novo variant count (3).

[00463] In some implementations, the aberrant splicing detector is further configured to perform the
comparison using a statistical 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 comparison determine
that the particular gene 1s not associated with the geuetic disorder and that the de novo variants are bemgn.

{30465} o one implementation, at least some of the candidate vanants are protein-truncating variants.

{30466} in ancther

wlementation, at feast sore of the candidate vanants are missense vagants,

Genome-Wide Enrichment Analysis

[30467] FIG. 58 shows one implementation of genome-wide enrichment 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 anialysis includes applying the trained ACNN tfo identify a first set of de novo variants that cause
aberrant splicing @ a plurality of genes sampled from & cobort of healthy individuals, applying the trained ACNN to
identify a second set of de nove 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 oo an
output of the comparison deteraining that the second set of de novo variaats are enviched in the cobort of

individuals with the genetic disorder aud therefore pathogenic. In sorae implementations, the genetic disorder i
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autism spectrum disorder (abbreviated ASD). Tu other implementations, the genetic disorder is developmental delay
disorder (abbreviated DDD).

[60468] o some implementations, the aberrant sphicing detector 18 further configured to perform the
onyparison using a stafistical test that produces a p-value as the output. In one implementation, the comparison can

be further parametrized by respective cohort sizes.

[00469] In some implementations, 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

novo variants are not enriched in the cohort of individuals with the genetic disorder and therefore benign.

{60470} In the example shown in FYIG. 58, mutation rate in the healthy cohort (8.001) and mutation rate 1

affected cohort (8.004) is illustrated, along with per-ndividual mutation ration (4).
Discugsion

[60471] Despite the limited diagnostic yield of exome sequencing in patients with severe genetic disorders,

clinical sequencing has focused on rare coding mutations, 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 RNA-seq, are strongly deleterious in the human population, and are 3 major
cause of tare genetic disease.

[60472] By using the deep learning network as aa /n silico raedel of the spliceosorne, we were able to

ecoustruct the specificity determinants that enable the spliceosome to achieve its remarkable precision in vive. We
reaffirm many of the discoveries that were made over the past four decades of research into splicing mechanisms
and show that the spliccosome 1ntegrates a large number of short- and long-range specificity determinants 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 nucleosome positioning, which more than compensate and

render additional specificity at the motif level unnecessary. Our findings demonstrate the promise of deep learning

models for providing biological insights, rather than merely serving as black box classifiers.
{0473} Deep learning 1s & re]ativeiy new techuique in biclogy, and is not without potential trade-offs. By

learning to automatically extract features from sequence, deep learning models can utilize novel sequence
determinants not well-described by hurnan experts, but there is also the risk that the raodel may 1ocorporate features
that do not refiect the true behavior of the sphiceosome. These irrelevant features could increase the apparent
accuracy of predicting annotated exon-intron boundaries, but would reduce the accuracy of predicting the splice-
altering effects of arbitrary sequence changes induced by genetic variation. Because accurate prediction of variants
provides the strongest evidence that the model can generalize to true biology, we provide validation of predicted
splice-aitering variants using three fully orthogonal methods: RNA-seq, natural selection in human populations, and
enrichment of de novo variants in case vs control cohorts. While this does not fully preciude the incorporation of

irrelevant features into the model, the resulting model appears faithful enough to the true biology of splicing to be of

significant value for practical applications such as identifying cryptic splice mutations in patients with genetic
diseases.
{00474} Compared to other classes of protern-trancating mutations, a particularly interesting aspect of cryptic

splice mutations 1s the widespread phenomeron of alternative splicing due to ncompletely penetrant splice-altering
b S £

varianus, which tend to weaken canonical splice sites relative to alternative splice sites, resulting 10 the production of
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a mixture of both aberrant and normal trauscripts in the RNA-seq data. The observation that these variants
frequently drive tissue-specific alternative spliciug highlights the unexpected role played by cryptic splice nutations
i generating novel alternative spheing diversity. A potential future direction would be to trara deep learning models
on splice junction annotations from: RNA-seq of the relevant tissue, thereby obtaining tissue-specific models of
alternative splicing. Training the network on annotations derived directly from RINA-seq data also helps to fill gaps
in the GENCODE annotations, which improves the performance of the model on variant prediction (FIGs. 52A and
S2B).

[00475] Our understanding of how mutations in the noncoding genome lead to human disease remains far from
complete. The discovery of penetrant de novo cryptic splice mutations in childhood neurcdevelopmental disorders
demonstrates that improved uterpretation of the noncoding genome can directly benefit patients with severe genetic
disorders. Cryptic sphee mutations also play major roles in cancer (Jung et al., 2015; Sanz et al., 2010; Supek et al,,
2014), and recurrent somatic reutations in splice factors have been shown to produce widespread alterations 1o
splictng specificity (Graubert et al., 2012; Shieat et al., 2015; Yoshida et al., 2011}, 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 oligonucleotide therapy that could
potentiaily target splicing defects in a sequence-specific manner (Finkel et al., 2017), greater understanding of the
regulatory mechanisms that govern this remarkable process could pave the way for novel candidates for therapeutic
intervention.

{80476} FiGs. 37A, 378, 37C, 37D, 37K, 37F, 37, and 37H illostrate oue implementation of predicting
splicing from primary sequence with deep leaming.

{80477} Regarding ¥RG. 37A, for cach posiiion in the pre-mRNA trauseript, SpliceNet-10k vses 10,000
nucleotides of flanking sequence as input aad predicts whether that position is a splice acceptor, doxor, or neither.
{60478} Regarding FIG. 378, the full pre-mRNA transcript for the CFTR gene scored using Max ExtScan (tog)
and SpliceNet-10k (bottom) 1s shown, along with predicted acceptor (red arrows) and donor (green agows) sites and
the actual positions of the exons (black boxes). For each method, we applied the threshold that made the mumber of
predicted sites equal to the total number of actual sites.

[00479] 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.

{8048} Regarding ¥, 370, timpact of in sifico wmutating each nucleotide around exon 9 1o the U2SURP gene.
The vertical size of each nuecleotide shows the decrease o the predicted strength of the acceptor site (hiack arrow)
when that nucleotide s mutated (A Score).

{40481} Regarding FEG. 37E, effect of the size of the 1oput sequence context on the accuracy of the netwaork.
Top-k accuracy is 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-recail curve. We also show the
top-k accuracy and PR-AUC for three other algorithms for splice-site detection.

{00482} Regarding FEG. 37F, 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 donor motifs, placed 15€ nt apart, are walked along
the HMGCR gene. Shown are, at each position, K562 nucleosome signal and the bkelibood of the pair forming an

exon at that position, as predicted by SplicelNet-10k.
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[60484] Regarding ¥F8G. 37H, average K562 and GM12878 ruucieosome signal near private routations that ace
predicted by the SpliceNet-10k model to create novel exons in the GTEx cobort. The p-value by pegautation test is
shown.

[00455] FiGs. 38A. 388, 38C, 38D, 38K, 38F, and 38G depict one implementation of validation of rare
cryptic splice mutations in RNA-seq data.

[00486] Regarding FEG. 384, to assess the splice-altering impact of a mutation, SpliceNet-10k predicts
acceptor and donor scores at each position in the pre-mRINA 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
cardiornyopathy. The A Score valve for the mutation is the largest change in splice prediction scores within 50 nt

from the variant.

{10487} Regarding FEG. 388, we scored private genetic variants (observed in only one out of 149 individuals
i the GTExX cobort) with the SpliceNet-10k model. Shown are the entichroent of private vartants predicted to alter
splicing (A Score > 0.2, blue} or to have no effect on sphicing (A Score < (.01, red} in the vicinity of private exon
skipping junctions (top} or private acceptor and donor sites {bottom). 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 FEG. 38C, exampile of a heterozygous synonymous variant in PYGE that creates a novel
donor site with incomplete penetrance. FINA-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 mdividual. The effect size is computed
as the difference in the usage of the novel junction (AC) between individuals with the variant and individuals
without the vanant. In the stacked bar graph below, we show the number of reads with the reference or alternate
allele that used the annotated or the novel junction {“no splicing” and “novel junction” respectively). The total
aumber of reference reads differed significantly fror the total number of alternate reads (P = 0.018, Binoraial test),
suggesting that 60% of trauseripts spliciog at the novel juoction are missing in the RNA-seq data, presumably due to
nonsense mediated decay ((NMD).
{00439} Regarding FIG. 38D, fraction of cryptic splice mutations predicted by the SpliceNet-10k model that
validated against the GTEx RNA-seq 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.
{04543 Regarding FEG. 38E, distribution of effect sizes for vabidated cryptic splice predictions. The dashed
line (50%} corresponds to the expected effect size of fully penetrant heterozygous variants. The measured effect size
of essential acceptor or donor dinucleotide distuptions is less than 50% due to nonsense-mediated decay or
unaccounted-for isoform changes.
{30491} Regarding FEG. 38F, sensitivity of SpliceMNet-10k at detecting splice-altering puvate vagants in the
GTEX cohort at different A Score cutoffs. Variants are split into deep intronic variants (>50 nt from exons) and
variants near exons {overlapping exons or <50 nt from exon-intron boundaries).
{40492} Regarding FIG. 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 cutoffs of 0.2, 0.5, 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 cutofis 0of 0.2, 0.5, and 0.8.
{10493} Fi{ss. 394, 398, and 38C show one Buplementation of cryptic splice variauts frequently create tissue~

specific alternative splicing,
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{60494} Regarding FEG. 384, example of a heterozygous exonme vagant in COC258 which creates a novel
donor site. The variant is private to a single ndividual in the GTEx cobort and extubits tissue-specific alternative
sphicing that favors a greater fraction of the novel splice 1soform in muscle compared to Bbroblasts (P = 0.006 by
Fisher’s exact test). RNA-seq coverage, junction read counts, and the positions of junctions (bluec and grey arrows)
are shown for the individual with the variant and a control individual, in both muscle and fibroblasts.

[00495] Regarding FEG. 39B, example of a heterozygous exeonic acceptor-creating variant in F4M2298 which
exhibits consistent tissue-specific effects across all three individuals in the GTEx cohort who harbor the variant.
RMNA-seq for artery and lung are shown for the three individuals with the variant and a control individual.

{10456} Regarding FEG. 38C, fraction of splice site-creating vanants in the GTEx cobort that are assoclated
with significantly non-umform usage of the novel junction across expressing tissues, evalvated by the chi-square test

for homogeneity. Validated cryptic splice variants with low to imtermediate A Score values were more likely to

result in ossue-specific alteroative splicing (P = 0.015, Fisher Exact test
{0497} FiGs. 404, 488, 40C, 46D, and 40K depict one implerentation of predicted cryptic sphee variants are
strongly deletertous in human populations.

{00498} Regarding FIG. 48A, synonymous and intronic variants (<50 nt from known exon-intron boundaries
and excluding the essential GT or AG dimucleotides) with confidently predicted splice-altering effects {A Score
0.8} are strongly depleted at common allele frequencies (0.1 /-)) in the human population relative to rare variants
observed only once in 60,706 individuals. The 4.5% odds ratio (P < 107" by chi-square test) indicates that 78% of
recently arising predicted cryptic aplice variants are sufficiently deleterious to be removed by natural selection.
[00459] Regarding FEG. 488, fraction of protein-truncating variants and predicted synonymous and intronic
cryptic sphice vanants in the BxAC dataset that are deleterious, calculated as in (A).

{0500} Regarding FEG. 48, fracuon of synonymous and wtrouic cryptic splice gain vaciants in the ExAC

dataset that are deleterions (A Score 2 0.8), split based on whether the variant is expected to cause a frameshift or

{30501} Regarding FEG. 488, fracuon of protein-truncating variants and predicted deep intronie (50 ot frora

knowua exon-ntron boundanesy cryptic sphice vanants in the guomAD dataset that are deleterious.

{30502} Regarding FEG. 488, average nuruber of rare (allele frequency < 0.1%) proteia-truncating variants agd

rare functional cryptic splice variants per individual inman 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 number of

predictions is higher.

[86503] FiGs. 41A, 418, 41C, 41D, 41¥, and 41F show one implementation of de novo cryptic splice

mutations in patl ents with rare gcnctu, disease.

{30504} Regarding FEG. 41 A, predicted cryptic splice de novo mutations per person for patients from the
Deciphering Developrental [isorders cohiort (DID), individuals with autism spectrom disorders (ASD) from the
Simons Simplex Collection and the Autism Sequencing Consortiurn, as well as bealthy controls. Enrichment in the
DD and ASD coborts above healthy controls s shown, adjusting for variant ascertainment between coborts. Error

bars show 95% confidence intervals.

[30505] Regarding FEG. 418, 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.

[305046] 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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{60547} Regarding FEG. 4113, list of novel candidate disease genes enriched for de nove mutations 1 the DDD
and ASE cohorts (FDR < (.01), when predicted cevptic splice mutations were racluded together with protein-coding
wmuations 1a the earichment analysis. Prenotypes that were present 1o multiple individuals are showa.

[00508] Regarding FEG. 41E, three examples of predicted de nove cryptic splice mutations in autism patients
that validate on RNA-seq, resulting in intron retention, exon skipping, and exon extension, respectively. For each
example, 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 arrows demarcate the positions of the junctions in the individual with the
variant and the contro individual respectively.

{00509} Regarding ¥R, 41F, vabidation status for 36 predicted cryptic splice sites selected for experimental

validation by RNA-seq.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

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

(Table 51}, and can be cross-referenced using the anonyniized identifiers in Column 1 of Table S4 in our paper.
METHODDETAILS

L. Deep learning for splice prediction

SpliceNet architecture

{00511} We trained several ultra-deep convolutional neural network-based models to computationally predict
splicing from pre-mBNA nucleotide sequence. We designed four architectures, namely, SpliceNet-80nt, SpliceNet-

400, Spli

celNet-2k and SpliceNet-10k, which use 40, 200, 1,000 and 5,000 nucleotides on each side of 2 position
of interest as wput respectively, and output the probability of the position being a splice acceptor and donor. More
precisely, the input to the models is a sequence of one-hot encoded nucleotides, where A, C, G aad T (or
equivalently U} are encoded as {1, 0, 6, 03, [6, 1, 0,01, [0, 0, £, 0} 2ad [0, 0, 0, 1] respecuvely and the output of the
models cousists of three scores which sum to one, corresponding to the probability of the position of interest being a
splice acceptor, splice donor and neither.

[60512] The basic unit of the SpliceNet architectures is a residual block (He et al., 2016b), which consists of
batch-normalization layers (loffe and Szegedy, 2015), rectified lincar units (ReLU), and convolutional units
organized in a specific manner (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
convohitional units stacked one after the other were very difficult to train due to the problem of exploding/vamshing
gradients (Gloret and Bengio, 2010}, and inereasing the depth of such neural networks often resulted 1o a higher
traring ervor (He et al., 20164}, Through a comprehensive set of computational expertiments, architectures

consisting of many residual blocks stacked one after the other wexe shown to overcome these tssues (He et al,,
2016a).

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

that the output of the i residual block is connected to the input of the [ + 1" residual block. Further, the output of
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every fourth residual block is added to the wput of the penultimate layer. Such “skip conuections™ are commonly
used 10 deep neural networks to increase convergence speed during traxaig {Oord et al, 2016}

[B4514] Hach residual block has three hyper-parameters N, W aad D, where N denotes the nuraber of
convolutional kernels, W denotes the window size and D denotes the dilation rate (Yo and Koltug, 2016) of each
convolutional kernel. Since a convolutional kernel 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 spanpning
2{W — 1)D neighboring positions. Hence, the total neighbor span of the SpliceNet architectures is given by

5= 3 2UW, — 0D, where N;, W, and D; are the hyper-parameters of the i*" 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 § {8 equal to 80, 400, 2,000 and 10,000 respectively.

[64515] The SpliceNet architectures only have normalization and noo-lieear activation units i1 addition to
convolutional units. Consequently, the models can be used in a sequence-to-sequence mode with variabie sequence
length (Oord et al., 2016). For exanmple, the input to the SpliceNet-10k model (S = 10,0600} is a one-hot encoded
nucleotide sequence of length $/2 4+ I 4+ 5/2, and the output (s an { X 3 matrix, cortesponding to the three scores of
the { central positions 1u the input, i.e., the posttions rematning after excluding the fiest and last 5/2 nucleotides.
This feature can be leveraged to obiain a tremendous araount of computational saving during training as well as
testing. This is due to the fact that reost of the computations for positions which are close to each other axe common,
and the shared coraputations need o be doue only once by the raodels when they are used in a sequence-to-sequence
mode.

[#0516] Our models adopted the architecture of residual blocks, which has become widely adopted duc to its
success in image classification. The residual blocks comprise repeating units of convolution, interspersed with skip
connections that allow information from earlier layers to skip over residual blocks. In each residual biock, the input
layer is first batch normalized, followed by an activation layer using rectified linear units (ReLU). The activation is
then passed through a 11 convolution layer. This intermediate output from the 1D convolution layer is again batch

normalized aud RelLU 4

tivated, followed by another 1D eonvelution layer. At the end of the second 1D
convolution, we summed its output with the original input into the residual block, which acts as a skip counection by
allowing the original mput informanion to bypass the residual block. In such an architecture, termed a deep residual
learmng network by its authors, the 1oput is preserved 1o its ouginal state and the residual connections are kept free
of nonlinear activasons frox 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 accumulated categorical cross entropy loss function for the whole protein sequence using the ADAM
optimizer.

{00518} Atrous/dilated convolutions allow for large receptive ficids with few trainable parameters. An
atrous/dilated convolution is a convolution where the kemnel is applied over an area larger than its length by skipping
input values with a certain step, also called atrous convolution rate or dilation factor. Atrous/dilated convolutions
add spacing between the elements of a convolution filter/kernel so that neighboring wput entaes (e.g., nucleotides,
arnine acids) at larger intervals are considered when a convolution operation s performed. This enables

incorporation of long-range contextual dependencies 1o the tnput. The atrous convolunons conserve partial

convelution calculations for reuse as adjacent nucleotides are processed.
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{3451 9] The ilustrated example uses 1D convolutions. [n other iraplementations, the rmodel can use different
types of convolunons such as 20 convolutions, 3D convolutions, dilated or atrous convolunons, ransposed
convolutions, separable convolutions, and depthwise separable convolutons. Seme layers also use RellU activanon
function which greatly accelerates the convergence of stochastic gradient descent compared to saturating
nonlinearities such as sigmoid or hyperbolic tangent. Other examples of activation functions that can be used by the
technology disclosed include parametric ReLU, leaky ReLU, and exponential linear unit (ELU).

[005240] Some layers also use batch normalization (loffe and Szegedy 2015). Regarding batch normalization,
distribution of each layer in a convolution neural networlt (CINN) changes during training and it varies from one
layer to another. This reduces the convergence speed of the optimization algorithm. Batch normalization is a
techmque to overcome this problerm. Denoting the 1uput of a batch normalization layer with x and its output using z,

batch normalization applies the following transformation ou x;

{00521} Batch normalization applies mean-vanance normalization on the input x using w and o and hoearly
scales and shifts it using vy and p. The normalization parametexs 1 and o are commputed for the current layer over the
traioing set using a wethod called exponential moving average. In other words, they are not trainable parameters. In
contrast, y and f are tearnable parameters. The values for p and o calenlated during training are used 1o forward pass

during mference

Model training and testing

{86522 We dowanloaded the GENCODE (Harrow et al,, 2012) YV24hit37 gene annotation table from the UCSC

table browser and extracted 20,287 protein-coding gene annotations, selecting the principal transcript when multiple

isoforms were available. We removed genes which did not have any sphice junctions and sphit 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 raining 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-stoppiog during training, and the rest were used for trainrag
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 human gene paralog list from
http://greh37 ensembl.org/biomart/martview.
[00523] We used the following procedure to train and test the models in a sequence-to-sequence mode with
chunks of size { = 5,000. For each gene, the mRNA transcript sequence between the canonical transcription start
and end sites was extracted from the hgl19/GRCh37 assembly. The mput mBRNA transcript sequence was one-hot
encoded as follows: A, C, G, T/Umapped to [1, ¢, 0, 0], {6, 1, 0, 0], [0, , 0}, 10, 6, 0, 1] respectively. The one-hot
encoded nucleotide sequence was zero-padded until the length became a multiple of 5,000, and then further zero-
padded at the start and the end with a flanking segquence of length S/2, where § is equal to 80, 400, 2,000 and
16,000 for SpliceNet-80nt, SpliceNet-400nt, SpliceNet-2k and SpliceNet-10k models respectively. The padded
nucleotide sequenice was then split into blocks of length $/2 + 5,000 + $/2 in such a way that the i*? block
consisted of the nucleotide positions from 5,000( — 1) — $/2 + 1 t0 5,000{ + S/2. Similarly, the splice output
label sequence was one-hot encoded as follows: not a sphce site, sphee acceptor (Brst nucieotide of the
corresponding exon), and splice donor (last nocleotide of the corresponding exon} were mapped to {E, 0,01 {0, 1,04,

and {0, €, 1] respectively. The one-hot encoded splice output label sequence was zero-padded unil the length
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became a multiple 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.
[60524] The models were frained for 10 epochs with a batch size of 12 on two NVIDIA GeForce GTX 1080 Ti
GPUs. Categorical cross-entropy loss between the target and predicted outputs was minimized using Adam
optimizer {Kingma and Ba, 2015) during training. The leaming 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 5 tirnes and obtaiued 5 trained models (Fi1Gs. 334 and 838). Dunng testing, each tnput was evaluated
using all § trawed models aud the average of their outputs was used as the predicted output. We used these models
for the analyses in FEGs. 374 and other related figures.
[60525] For the analyses 10 FYGs. 38A-G, 394-C, 484-E, and 41 A-F involving identification of splice-altering
varants, we augraented the traiaing set of GENCODE annotations to also include novel splice juncions coramonly
abserved in the GTEx cohiort on chromosoraes 2, 4, 6, 8, 10-22, X, Y (67,012 splice donors and 62,911 splice
acceptors). 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 variants in the RNA-seq data
hompaled to the network trained on GENCODE annotations alone (FIGs. 52A and 528), particularly for predicting
cep intronic splice-altering variants, and we used this network for the analyses involving evaluation of variants
(FIGs. 38A-G, 39A-C, 40A-E, and 41A-F and related figures). To ensure that the GTEx RNA-seq dataset did not
coutain overlap between training and evaluation, we only included junctions that were present in 3 or more
individuals in the training dataset, and only evaluated the performance of the network on variants that were present
it 4 or fewer. Details of novel splice junction identification are descabed in “Detection of sphce junctions” under

the GTEX analysis section of the methods.

Top-k acenracy

{80526} An accuracy metric 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 1n such settings, namely, top-k accuracy and area under the precision-recall curve. The top-k accuracy for a

particular class 1s defined as follows: Suppose the test set has & positious 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 & predicted

positions that truly belong to the class s reported as the top-k accuracy. Indeed, this is equal to the precision when

the threshold is chosen so that precision aod recall have the same value,
Model evaluation on lincRMNAs

{86527} We obtained a list of all lincRNA transcripts based on the GENCODE V2411137 annotations. Unlike
protayn-coding genes, hueRNAs are not assigned a principal transeript 1 the GENCODE anootations. To mintmize

redundancy in the validation set, we identified the transcript with the longest total exonic sequence per hneRNA

geune, and called this the canomeal transeript for the gene. Since HncRNA annotations are expected to be less reltable
than annotations for proteiu-coding geunes, and such ruisannotations would affect our estimates of top-k accuracy, we
used the GTEX data to eliminate incRNAs with potential annotation issues (see section “Analyses oo the GTHx
dataset” below for details on these data). For each lincRNA, we counted all split reads that mapped across the length
of the lincRNA across all GTEx samples (see “Detection of splice junctions”™ below for details). This was an

estimate of the total junction-spamning reads of the lincRNA that used cither annotated or novel junctions. We also
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counted the number of reads that spanned junctions of the casonical transeript. We only considered lineRNAs for
which at least 95% of junction-spanuing reads across all GTExX samples corresponded to the canonical transcript.
We also required all junctions of the canonical transcript to be observed at least once in the GTEx cohort {(excluding
junctions that spanned introns of iength < 10 nt). For computing top-k accuracy, we only considered the junctions of

the canonical transcripts of the lincRNAs that passed the filters above {781 transcripts, 1047 junctions).

Identifving splice junctions from pre-mRBNA seguence

{00528} In F1G. 378, we compare the performance of MaxEntScan and SpliceNet-10k with respect to
dentifving the canonical exon boundanes of a gene from its sequence. We used the CFTR gene, which 1s in our test
set and has 26 canonical splice acceptors and dotors, as a case study and obtained an acceptor and donor score for
each of the 188,703 posttions frora the canomeal tragscription start site (ehy7:31 17,120,017} 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 sc ras greater than the threshold chosen while evaluating the top-4
accuracy. MaxEntScan predicted 49 splice acceptors and 22 splice donors, out of which @ 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 maximum of 2,500). SpliceNet-10k predicted 26 splice acceptors and 26 splice donors, all of which are

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

Estimation of exon inclesion 3 GENCODE-annotated splice functions

[00529] We computed the inclusion rate of all GENCODE-annotated exons from the GTEx RNA-seq data
(FEG. 37C). For cach exon, excluding the first and last exon of cach gene, we computed the inclusion rate as:
{(L+R)/2
S+ {L+R)/2Z

[005306] 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 s the total read count of the juaction from the exon under consideragon to
the next canonical exon, and 5 1s the total read count of the skipping junction from the previous to the next canonical

Cxon.

Sigaificance of various sucleotides towards splice site recognition

[00531] In FIG. 37D, we identify the nucleotides that are considered irnportant by SpliceNet-10k towards the
classification of a position as a splice acceptor. To this end, we considered the splice acceptor at ¢hr3:142,740,192 in

the U2SURP gene, which is in our test set. The “importance score” of a nucleotide with respect to a splice acceptor

i

is defined as follows: Let 5,5 denote the acceptor score of the splice acceptor under consideration. The acceptor
score is recaleulated by replacing the nuclectide under cousideration with A, C, G and 1. Let these scores be

denoted by S4, S.., 5¢ and s respectively. The oportance score of the nucleotide is estiraated a
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[B4532] This procedure is often referved to as in-silico mutagenesis {(Zhou and Troyaoskaya, 2015). We plot
127 nucleotides from che3: 142,746,137 to ¢hr3:142,740,263 in such a way that the height of each nucleotide 1s its
importance score with respect to the splice acceptor at che3: 142,746,192, The plotting function was adapted from

DeepLIFT {Shrikumar et al., 2017) software.

Effect of TACTAAC and GAAGAA motifs on splicing

{30533} In order to study the impact of the position of the branch point sequence on acceptor strength, we first

obtained the acceptor scores of the 14,289 test set splice acceptors using SpliceNet-10k. Let v, ¢ denote the vector
containing these scores. For each value of { ranging from 0 to 100, we did the foliowing: 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 Yau ;.

We plot the following gquantity as a function of { in FIG, 434
23 LY , mm AT ‘
m‘*an(./al{.vl Yref }

[B4534] For FIG. 438, we repeated the same procedui‘e asing the SR-protein mottf GAAGAA. In this case, we
also studied the irapact of the motif when present after the splice acceptor as well as the wnpact on donor strength.

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

comprehensive search in the k-mer apace.

Role of exon and intron lengths in splicing

[$0535] To study the effect of exon length on splicing, we filtered out the test set exons wiich were exther 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 them, we calculated a splicing score by averaging the acceptor score at
the splice acceptor site and the donor score at the splice donor site usiag SpheeNet-80nt. We plot the spliciog scores
as a function of exon length 1o FIG. 37F. Before plotting, we applied the following sreocthing 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 ¥ 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 counsidered for this analysis. We applied a sinlar 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.

Role of nucleosornes in splicing

[60537] We downloaded nucieosonme data for the K562 cell line from the UCSC genome browser. We used the
HMGR gene, which is in our test set, as an anecdotal 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 a donor motif AGGTAAGG.

e  The 4 nucieotides from positions p-78 to p-75 were replaced by an aceeptor motif TAGG.

e  The 20 nucleotides from positions p-98 to p-79 were replaced by a poly-pyrintidine tract

CCTC FYCCTCGCCUTC.

3

e The 7 nucieotides from positons p-105 to p-99 were replaced by a branch point sequence CACTAALC.
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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.

{00538} The K562 nucleosome signal as well as the planted splicing score for the 5,000 positions from
chr5:74,652,154 to chr3:74,657,153 is shown in FIG. 37G.
{00539} To calculate the genome-wide Spearman correlation between these two tracks, we randomly chose one
miilion wtergenic positions which were at least 108,000 nt away from all canonical genes. For each of these
posttions, we calculated its plauted splicing score as well as its average K362 nucleosome signal (window size of 530
was used for averaging). The correlation between these two values across the one million positions 1s shown in FIG.
376G, We further sub-classified these positions based ou their GC content {esumated using the oucleotides 1o
between the planted acceptor and donor motifs) with a bin size of 0.02. We show the genome-wide Spearman
correlation for each bin in FIG. 44A.
[30540] 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. 448. Before plotting, the smoothing procedure used in FYG. 37F was applied. We repeated this

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

Encickument of nucieosorne signal at novel exons

{00541} For FIG. 37H, we wanted to look at the nucieosome signal around predicted novel exons. To ensure
that we were looking at highly confident novel exons, we only selected singleton variants {varianis present in a
single GTEx individual) where the predicted gained junction was entirely private to the individual with the variant.
Additionally, to remove confounding effects from nearby exons, we only locked at intronic variants at least 750 nt
away from anuotated exons. We downloaded nucleosome sigunals for the GMI2878 and K562 cell lines from the

Ul

C browser and extracted the nuclecsome signal within 750 ut from each of the predicted novel acceptor or

donor sites. We averaged the nucleosome signal between the two cell bues and flipped the sigual vectors for vanants

that overlapped genes o the negative strand. We shifted the signal from acceptor sites by 70 nt to the right and the
signal froro donor sites by 70 nt to the left. After shafting, the vucleosome signal for both acceptor and donor sites
was centered af the middle of an idealized exon of length 140 nt, which is the median length of ¢xons in the
FENCODE v19 annotations. We finally averaged ali shifted signals and smoothed the resuiting signal by computing
the mean within an Il nt window centered at each position.
{30542} To test for an association, we selected random singleton SNV3, that were at least 7530 ut away from
anuotated exons and were predicted by the model to have no effect on splicing (A Score < 0.01). 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
for FIG. 37H (128 sites). For each random sample, we computed a smoothed average signal as deseribed above.
Siece the random SNVs were not predicted to create novel exons, we centered the nucleosome signal from each
SNV at the SNV itself and randomly shifted erther 70 ot to the left or 70 nt to the right. We then corupared the
ucleosome signal at the middle base of FEG. 37H to the signals obtained frora the 1000 simwlations at that base. An
eropirical p-value was coraputed as the fraction of simulated sets that had a unddle value greater or equal to that

observed for the splice-site gain variants.
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Robustuess of the seiwork fo differences in exon density

[30543] To investigate the generalizability of the network’s predictions, we evaluated SpliceNet-10k in regions
of varying exon density. We first separated the test set positions into 3 categories depending on the number of
canonical exons present in a 18,000 nucleotide window (5,000 nuclectides on each side) (FIG. 54). To ensure that
the exon count is an integral value for each position, we used the number of exon 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

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

Hxou count # Positions # Splice acceptors # Splice donors
1 exon 15,870,045 1,712 1,878
2 exons 16,030,710 2,294 2,200
3 exons 6,927,885 2,351 2,273
4 exons 4,621,341 2,095 2,042
> 5 exouns 7,247,582 5,679 5,582

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

{10544} Trmmug multiple models and using the average of their predictions as the output is a common strategy
1 machme learning to obtam better predictive performance, referred to as enserble learming, In FEG. 534, we show

the top-f accuracies and the area vuder the precisionrecall curves of the 5 SphceeNet-10k models we trained to

construct the ensemble. The results clearty demonstrate the stability of the training process.

[H0545] We also calculated the Pearson correlation between their predictions. Since rost positions in the
genore are 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 0.01 by at least one model. This criterion was satisfied
by 53,272 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 illustrate their
robustnesa.

{0546} We show the effect of the nurber of models used to construct the ensembie on the performance in
FRG. 53¢, The results show that the pexformance fraproves as the number of ruodels increases, with diministung

TeIms.

11, Analyses on the GTEx RNA-seq dataset

A Score of a single nucleotide variant

{00547} We quantified the splicing change due to a single nucleotide variant as follows: We first used the
reference nucleotide and calcuiated the acceptor and donor scores for 101 positions around the variant (50 positions
on each side). Suppose these scores are denoted by the vectors a,..p and d,,¢ respectively. We then used the
alternate cieotide and recalculated the accentor and d scores. Let these scores be denoted by the veciors
alternate nucleotide and recalculated the acceptor and donor scores. Let these scores be denoted by the vectors a4y,

and d gy, respectively.
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We evaluated the following four quantines:

A Score (acceptor gain) = max(uw - a,.e,f)

A Score (acceptor loss) = max(ayep ~ auy)

A Score (donor gain) = max(dai, s}

- 3 N g Y
A Score (donor loss) = max(d,.; — day )

[00548] The maxinmum of these four scores 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-seq data from dbGaP (study accession phsG00424.v6.p1;

Littps:/fwww.nebinlm nib. gov/ 1)

cgi-bin/study.cgi?study_id=phs000424 v,

{0549} We evaluated the pexformance of SpliceNet on autosomal SNV that appeared o at yost 4 individuals
i the GTEx cobort. Jo particular, 2 vagant was considered 1£1t satisfied the following criteria o at least one
individual A:

1. The variant was not fiitered (the FILTER field of the VCF was PASS).

2. The variant was not marked as MULTI_ALLELIC in the INFO field of individual A’s VCF and the VCF

contained a single allele in the ALT field.

(5

Individual A was heterozygous for the variant.
4. Theratio alt_depth/ (alt_depth + ref depth) was between 0.25 and 0.75, where alt_depth and ref depth are
the number of reads supporting the alternative and reference allele 1n individual A respectively.
5. The total depth, alt_depth +ref depth, was between 20 and 300 in individaal A’s VCFE.
6. The vanant overlapped & gene body region. Gene bodies were defined as the regions between the
transcxiption starts and ends of canonical taanseripts fromw GENCODE (V24H37).
[B0550] For vanants satisfying these cateria in 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 alionment

{80551} We used OLege (Wu et al., 2013) to map the reads of the GTEx samples against the hgl9 reference,
allowing an edit distance of at raost 4 between the query read and the reference (pararneter -M 4). Note that Olego
can operate completely de novo and does wot 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 reference
sequence for cach GTEx individual, by mserting into the hgl9 reference all the SNVs of the individual with a PASS
filter. We used OLego with the same parameters to map all samples from each individual against that individual’s
alternative reference sequence. For each sample, we then conibined the two sets of alignments {against the hgl9
reference and against the individual’s alternative reference), by picking the best alignment for eact read pair. To

choose the best alignmeunt for a read pair £, we used the following procedure
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1. Ifboth reads of P were unraapped in both sets of alignments, we chose either the kgl 9 or the alternative
ahgnmeunts of P at random.

2. If P bad more unrmapped ends m one set of alignraents than in the other (e.g. both ends of P were mapped
against the alternative reference but only one end was mapped against hgl9), we chose the alignment with
both ends of P mapped.

3. If'both 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 spk

{30552} We used leafeutter_cluster, 2 utility in the leafeutter package (Liet al., 2018}, to detect and count
splice juncuons in each sample. We required a single split read to support a junction and assumed 2 maximum intron
length of 500KDb (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 leafcutter 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
wgEncodeDacMapabilityConsensusExcludable in hgl9 from the UCSC genome browser) or a simple
repeat (Simple Repeats track 1o hgl9 from the UCSC genome browser),

2. Both ends of the junction were on non-canonical exons {based on the canonieal transcripts from

GENCODE version V241Ef37).

[95)

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

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

[00553] 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, 40A-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 1 the RNA-seq
data. This artificzally lowered our validation rates. Thus, for the GTEx RNA-seq validation analyses {FEGs. 38A-G
and 38A-C), we recomputed the set of junctions and junction counts directly from the RNA-seq read data. We
counted ali 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 wore than two exons, in which case the read was counted towards each

junction with at least 5 nt of mapped sequence on both sides.

Definition of private junctions

{BUS55] A junction was considered private i individual A if 1t satistied 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.

o)

There were at least two tissues that satisfied both of the following two cuteria:
a.  The average read count of the junction in samples from individual A 1o the tissue was at least 10.
b, Individual A bad 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 of
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reads of the junction normalized by the total oumber of reads across all junctions for the
correspondiag gene.

{0556} Tissues with fewer than 5 samples from other individuals (not A) were ignored for this test.

Enrichment of singleton SNVs around 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 1n a single
GTEx mdividual} that were private 1u the same individual within 150 nt from the unanootated end. 1f a private
junction bad both ends aunotated, we considered 1t a candidate for a private exon skipping event if it skipped at least
oue but no more than 3 exons of the same gene based on the GENCODE annotations. We then searched for

ngleton SNVs withio 150 nt from the ends of each of the skipped exons. Private junctions with both ends absent

£

from the GENCODE exon annotations were ignored, as a substantial fraction of these were alignment errors.
[60558] To compute the enrichment of singleton SNVs around novel private acceptors or donors (FIG. 388,
bottom), we aggregated the counts of singleton SNV at each position relative to the private junction. If the
overlapping gene was on the negative strand, relative positions were flipped. We split SNV 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 1n 3 7 nt window centered at each position. We then computed the
ratio of smoothed counts from the fixst grovp (private in the same ndividual) to the smoothed covuts of the second
group (private 1a a different individual), For novel private exon skips (FiG. 388, top), we followed a sumilar

rocedure, aggregating the counts of stngleton SNVs arcund the ends of skipped exous.
Ty i) fat) o

£

Validation of model predictions in GTHx BNA-seq data

$0559 For either private variants {appearing in one individual in the GTExX cohort) or common variants

f {ay 2
{appearing in two to four individuals in the GTEX cohort), we obtained the predictions of the deep learning modetl
for both the reference and the altemate alicles and computed the A Score. We also obtained the location where the

model predicted the aberrant (novel or disrupted) junction to be. We then sought to determine whether there was

evidence 1o the RNA-seq data supporting a splicing aberration 1 the wdividuals with the variant at the predicted

location. {n many cases, the model can predict multiple effects for the same variant, e.g. a vanant distupting an
annotated splice donor could also nerease usage of a suboptiraal dovor as in FIG. 45, 10 which case the model
might predict both a donor loss at the asnotated splice site and a donor gan 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-creating and splice site-disrupting effects separately. Note that
Jjunctions appearing in less than five individuals were excluded during model training, to avoid evaluating the model

on novel junctions it was trained on.

Validation of predicted crvptic splice mutations based on private splice junctions

{69564} For each private variant predicted to cause novel junction formation, we used the network to predict
the position of a newly created abercant splice junction, and looked 1o the RNA-seq data to validate if such a novel
Junction appeared 10 only the individual with the SNV and in no other GTEx individuals. Stmilarly, for a vanant
predicted to cause a splice-site loss affecting a sphee site of exon X, we looked for novel exon skipping 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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GTHX. We excluded predicted losses f the splice site predicted to be lost by the model was not annotated in

CODE or never observed in GTExX wdividuals withiout the variant. We also exchuded predicted gains if the
sphce site predicted to be garned was already annotated in GENCODE. To extend thns analysis to comynon variants
{present m 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 to the individuals with the
variant, we could validate 40% of predicted high-scoring {A Score 2 (.5) acceptor and douor 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 < 0.2% based
on permutations — see section “Estimating false validation rates”). The reason for the discrepancy in the validation
rates of gans and [osses is twofold. First, unlike gains, exon-skipping events are rarely entively private to the
individuals with the variaut, because exous are ofien skipped at a low baseling level, wlnch can be observed with
sufficiently deep RNA-seq. Second, splice-site losses can have other effects besides increasing exon skipping, such

as increasing wnfron reteation or increasing the usage of alternative subopiimal splice sites. For these reasons, we did

not rely entirely on private vovel junctions for validatng the model’s predictions, we also validated 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.

Vatidation of predicted crvptic splice mutations through guantitative criteria

{00562} For a junction § from sample s, we obtained a noxmahized junction count ¢

{60563} Here, 77, is the raw junction count for juaction  ia saraple s, and the sum in the denominator is taken
over all other junctions between annotated acceptors and donors of the same gene as § (using annotatons from
GENCODE v19). The asivh transformation is defined as asinh(x) = In{x + vx? + 1}, It is similar to the log
transformation often vsed to transforrn RNA-seq data (Lousdale et al., 2013), however, it s defined at 0, thus
eliminatiag the need for pseudocounts, which would have distorted values substantially, since roany junctions,
especially novel ones, have low or zero counts. The asiuh transformation behaves like 2 log teansfornmation for large
vahues but s close to linear for srnall 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; Herring ot al., 2018; Hoffman et al., 2012; Kasowski et al., 2013; SEQC/MAQC-III
Consortium, 2014). As described below, 1n the section “Consideration criteria for validation”, samples where the
denoninator in equation (1) was below 200 were excluded for all validation analyses, thus avoiding numerical
133UIES.

{00564} For each gained or lost junction j predicted to be caused by an SNV appearing in a set of individuals 7,
we compuied the following z-score in each tissue t separately:

meansu._Ut(cj,,,. )

)c ~= (2

MeANgeu t(cj,

Zjy =
! Stds,'g,v,-.(l:;s,

=HENTT
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{0565} where 4; is the set of samples from ndividuals 1w [ in tissue £ and U} 18 the set of samples from all
other individuals in tissue t. 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 yunction & skippiog the putatively affected exon:

\ERSES x

Si’dsr €Uy (L,,S,)

meany ey, (Crsi) = Meanges, (oxs)

L = €)

[005606] 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 justifies the reversion of the difference in the numerators of z;, and 2,4, so both of
these scores would tend to be negative for a real splice site loss.
[60567] Finally, 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 from equation (2), quantifying the relative loss of the junction was less than the
5% 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 1f the skipping junction was not observed in any ndividual). In other words, there
was strong evidence for a redoction 1 the usage of the affected junction and no evidence suggesting a
decrease in skipping in the affected wedividual.
2. The median of z-scores from equation (3) was less than the 5% percentile of the corresponding 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 affected exon was observed in at least half of the individuals with the variant and

1w no other individuals (3s described in the section “Vabidation of predicted cryptic splice rautations based

on private splice junctions™ above}.
{30568} A description of the permutations used to get the above cutoffs 1s given in the section “Estiruating false
validation rates”
[00569] Hmpinically, we observed that we needed to apply stocter validation critenia for losses compared tc
gains, since, as explained in the section “Validation of predicted cryptic splice nmutations based on private splice

Jjunctions”, 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

7

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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75
facinsion criteria 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:

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

J

@ equation (1)).

2

A tissue was not considered for a loss or gain z-score calculation if the average count of the lost or

o

reference” junction respectively n individuals without the variant was less than 10. The “reference’

<. 3

junction 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
validate a splice-loss variant that affects a junction not expressed in control individuals. Similarly, we
should not try to vahdate a splice-gain vanant if control individuals did not sufficiently express transeripts
spanning the affected site.
3. Inthe case of 2 predicted splice-site loss, saruples from individoals without the variant were only

considered if they bad at least 10 counts of the lost junction. In the case of a predicted acceptor or donor

5

gaitn, samples from control individuals were only considered if 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
junction {i.c. passing criterion 2.}, different samples could have vastly different sequencing depths, so only
the control samples with sufficient expression should be included.

4. 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 distinct control

ndividualis.

{80571} Variants for which there were no tissues satisfying the above criteria for consideration were deemed
non-ascertainable and were excluded when calculating the validation rate. For splice-gain vanants, we filtered those
that occur at already exasting GENCODE-annotated splice sites. Sumilar, for splice-loss variants, we ooly considered

those that decrease the scores of existing GENCODE-anunotated splice sites. Ovexall, 55% and 44% of hi

-8Coring
{A Score 2 0.5) predicted gains and losses respectively were considered ascertainable and used for the validation
{ 4 Y

analysis.

Estimating false validation rates

{80572} To ensure that the above procedure had reasonable true validation rates, we first looked at SNVs that
appearin -4 GTEx wdividuals and discupt essential GT/AG dioucleotides. We argued that such mutations almost

certamly affect splicing so their validation rate should be close to 100%. Araong such disruptions, 39% were

ascertainable based oo the criteria descuibed above, and arnong the ascertainable ones, the validation rate was 81%4.
To estimate the false 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 randomized datasets and repeated the validation process on them. The validation rate in the

k1)

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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difficulty in validating splice-site Josses as highlighted in the section “Validation of predicted cryptic splice

mutations based ou private splice junctions”™.

Calculating the effect size of cryptic splice variants in RNA-seq data

{00573} We defined the “effect size” of a vanant as the fraction of transcripts of the affected gene that changed
splicing patterns due to the variant {e.g. the fraction that switched to a novel acceptor or donor). As a reference
example for a predicted splice-gain variant, consider the variant 1 FiG. 38C. For a predicted gained donor A, we
frest identified the junction (AC) to the closest annotated acceptor €. We then identified a “reference” junction (RC),
where B = A is the annotated donor closest to A. In each sample s, we then computed the relative usage of the novel

Junction (ALY corapared to the reference junction (BC):

T4c)s (4)

U ppgg T oo e
MEE T eys F o

{00574} Here, 7(aeys 18 the raw read count of junction (AC) m sample s. For each tissue, we conputed the

change 1 the usage of the junction {AC) between the individuals with the vanant and all other individuals:
TEATLseq, Yiacys — MeATgr ey, Uiacyse (5)

[BO575] where 4; is the set of samples from wodividuals with the variant 1o tissue £ and U, s the set of saraples
frora other individuals in tissue £. The fina] effect size was coraputed as the median of the above difference across
all consdered tissues. The computation was similar o the case of a gained acceptor or in the case where the splice-
site creating variant was wtrotic. A simplified version of the effect size computation (assuruing a single sample

from individuals with and without the variant} is shown o FiG. 38C.

{30576} For a predicted loss, we Best cornputed the fraction of transcripts that skipped the affected exon. The

computation is demonstrated on FIG. 45. For a predicted loss of a donor C, we identified the junction (CE) to the

]

next downstream annotated exon, as well as the junction (AB) from the upstream exon to the putatively affected

one. We quantified the fraction of transcripts that skipped the affected exon as follows:

k _ Y 4E)s )
‘(AE)s = - - £
@) Teag)s +mean(rpms + Tcrys)

)

[00577] As for gains, we then computed the change in the skipped fraction between samiplies from individuals

with the variant and samples from individuals without the variant:

MEWNges Kiagys — Mg oy, Kiamys: (7)
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[60578] The feaction of skipped transcripts as computed above does not fully capture the eftects of an acceptor
ot donor loss, as such a disruption could alse lead to increased levels of intron retention or usage of suboptimal
splice sites. To account for some of these effects, we also computed the usage of the lost junction (CE} relative to

the usage of other junctions with the same acceptor E:

- 7 {CE)s LS)

s

{00579} Here, ¥ 7(.g)s 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 weli 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:

meany ey, liceysr — MeQTse s licrys (9)
{30580} Note that, unlike (5} and (7), which measure the increase in usage of the garned or skipping junction in
individuals with the variant, 1o (%) we want to measuee the decrease in usage of the lost junction, hence the xeversion

{ze was computed as the maximurn of {7) and (9). As

of the two parts of the difference. For each tissue the effe

for gains, the final effect size for the variant was the median effect size across tissues.
Inclusion criteria for effect size analysis

{80581} A variant was considered for effect size computation only if it was deemed validated based on the
criteria described 1u the previous section. To avoid caleulating the fraction of aberrant transcripts on very small
numbers, we only considered saruples where the counts of the aberrant and reference junctions were both at least 1.
Because most cryptic splice variants were 1o the intron, the effect size could not be coraputed 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 1o the relative usage of the normal splice junction. For the effect size of novel junction
gains, the aberrant franscripts can be impacted by nonsense mediated decay, attenuating the observed effect sizes.
Despite the limitations of these measurements, we observe a consistent trend towards smaller effect sizes for lower-

scoring crypiic splice variants across both gain and loss events.

Expected effect sive of fully penetrant heterozvgous private SNVg

{00582} For a fully penetrant splice-site creating vavant that causes all transeripts from the variant haplotype of
the individuals with the vanant o switch to the novel junction, and assuming that the vovel funetion does not occur
in control 1ndividuals, the expected effect size would be 0.5 by equation (5).

[60583] Similarly, 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) is 0.5. If ali transcripts from
individuals with the variant switched to a different junction (either the skipping junction, or another compensating
one}), the ratio in equation (8) would be 0.5 in samples from individuals with the variant and I 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

junetions into acceptor B in individuals without the vartant. It also assumes that the splice site disruption does not
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trigger intron retention. In practice, at least low levels of intron 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 distupting 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 mumerator and the

denontnator of equations (4), (6), and {(8) would drop, thus diminishing the observed eifect size.

HIRERY] For FiG. 38C stoce the vagant was exonic, we could count the nunber of reads that spanned the
variant aad bad the reference or the alternate allele (“Ref (no spliciag)” and “Alt {(no splicing)” respectively). We
aiso counted the mumber 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 coming 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 (¢

i
J

‘Ref {no splicing)”"). Since we believe
that we have eliminated reference biases during read mapping, by mapping to both the reference and alternate
haplotypes, and assuming that the number of reads is proportional to the number of trauseripts with each allele, we
were expecting that the reference allele would account for half of the reads at the variant locus. We assuine that the
“ruissing” 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 binomial distribution with success probability 0.5 and a total number of trials of Alt (no splicing) + Alt

..47

{novel junction} + Ref (no splicing). This is a conservative p-value since we are underestimating the total number
“trials” by not counting the potentially degraded transeripts. The fraction of NMD transcripts in FIG. 38C was
computed as the number of “Alt (NMD)” reads over the total number of reads splicing at the novel junction (Al

{(NMD) + Alt (novel junction}).

Sensitivity of the network at detecting cryptic splice junctions

{60587} For evaluating the sensitivity of the SpliceNet model (FIG. 38F), we used SNVs that were within 20 nt
from the affected splice site {i.e. the novel or disrupted acceptor or donor) and not overlapping the essential GT/AG
dinucleotide of an annotated exon, and had an estimated effect size of at least 0.3 (sce section “Effect size
calculation™). In ail sensitivity plots, SNVs were defined as being “near exons” if they overlapped an annotated exon
or were within 50 nt of the boundaries of an annotated exon. All other SNVs were considered ““deep intromic”. Using
this truth dataset of strongly supported cryptic splice sites, we evaluated owr model at varymg A Score thresholds

and report the fraction of cryptic splice sites in the truth dataset that arve predicted by the model at that cutoff.

Comparison with exicting splicing prediction models

[60588] We performed a head-to-head comparison of SpliceNet- 10k, MaxEntScan {Yec 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 hittp://genes.mit.edwburgelab/maxent/download/ and

bttpy/fwww.csjhuedu/~genomics/GeneSplicer/ respectively. NNSplice is not available as a downloadable software,
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so we dowaloaded the training and testing sets from

http:/fwww. fruatfly.org/data/ seq__t(ae)ls/da’tasets/’Human/GENi E_9%6/splicesets/, and trained models with the best
performmog architectures deseribed m (Reese et al., 1997). As a samty check, we reproduced the test set metrics
reported in (Reese et al., 1997).

To evaluate the top-4 accuracies and the area under the precision-recall curves of these algorithms , we scored all the

positions in the test set genes and lineRNAs with each algorithm (FIG. 37D).

{0589} Max EntSean and GeneSplicer outputs correspond to log odds ratios, whereas NNSplice and SpliceNet-
10k outputs correspond to probabibities. To eusure that we gave MaxEntSecan and GeneSphicer the best chance of
success, we calculated A Scores using them with the default output as well as with a transformed output where we
first transform their outputs so that they correspond to probabilities. More precisely, the default output of

Max EntScan corresponds to

p{splice site)

x = 1o
2 p(not a splice site)
2X
G590 which, after the transformation Z , corresponds to the desired quantity. We compiled the
N 254 p q R p

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 against RNA-seq data (MaxEntScan: transformed
output, GeneSplicer: default output),

{30591} To compare the validation rate and sensitivity of the vacious algorithms (FEG. 38G), we found cutoffs
at which all algorithms predicted the same number of gains and losses genome-wide. That is, for each cutoff oo the
SpliceNet-10k A Score values, we found the cutoffs at which each competing algorithm would make the same
number of gato predictions and the same number of loss predictions as SpiceNet-10k. The chosen cutoffs are given

in Table 52.

Comparison of variant prediction for singleton versus common variants

{69592} We performed the validation and sensitivity analysis (as describad in sections “Sensitivity analysis”
and “Vabdation of model predictions”) separately for singleton SNVs and SNV appearing in 2-4 GTEx individuals
(FEGs. 464, 468, and 46C). To test whether the validation rate differed sigmificantly between singleton and
ommon variants we performed a Fisher Exact test, comparing the validation rates in each A Score group (0.2 —
0.35,0.35-0.5,0.5 - 0.8, 0.8 - 1} and for each predicted effect (acceptor or donor gain or Joss). After Bonferoni
corection 1o accouat for 16 tests, all P-values were greater than ¢.05. We similarly compared the sensitivity for
detecting singleton or common variants. We used a Fisher Exact test to test whether the validation rate differed
significantly between the two groups of variants. We considered deep-intronic variants and variants near exons
separately and performed Bonferroni correction for two tests. None of the P-values were significant using a .05
cutoft. We therefore combined singleton and common GTEX variants and considered them together for the analyses

presented in FIGs. 484, 488, 48C, 48D, 48K, 48F, and 48G and FIGs. 394, 398, and 39C.

Comparison of variant prediction on the fraining versus testing chromosomes

{40593} 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 chroraosomes, as described 1o the section “Fraction of deletegous variants”

below (FIGs. 48C). For cach A Score group and each type of variant, we used a Fisher Exact test to compare the

number of coramon and rare vanants between training and test chromosomes. After Bonferrond correction for 12

tests, all P-values were greater than 0.05. Finally, we coraputed the nuraber of cryptic splice de novo vadants on the
“p

training and test chromosomes (FIGs. 48D as described in the section “Enrichment of de nove mutations per

cohort”.

Comparison of variant prediction across different tvpes of cryptic splice variants

{16594} We split predicted splice site-creating variauts into three groups: variants creating a novel GT or AG
sphice dinucleotide, vanants 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 uniform across the three types of splice site-creating variants. All tests vielded 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 corvecnon for 12 tests, all P-values were > 0.3,

Detection of tissue-specific splive-gain variands

[80595] 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 t, the total counts of the junction across all

samples from individuals with the variant in the tissue: ¥5¢4

. s Here A, is the set of samples from individuals with
the variant in tissue £. Sumilarly, we computed the total counts of all aunotated junctions of the gene for the same
sanples Y. 4e ¥ g Tys» where g indexes the annotated junctions of the genc. The relative usage of the novel junction

i tissue t, novmalized against the gene’s background couuts, can then be yueasured as:
my =

{0596} We also coraputed the average usage of the junction across tissues:

Zt ZseAt T;;

E!, ESEAt(rjs + Eq 7;15\'

m

{60597} We wanted to test the bypothests that the relative usage of the junction is uniforrn across tissues and
equal to 7. We thus performed a ¥ ? test comparing the observed tssue counts e 4, 75 to the expected counts

¥ seas Fis
under the assumption of a uniform rate, m Fseq, {7js + 24 155 ). A splice-site creating variant was considered tissue-
specific if the Bonferroni-corrected ¥ ? p-value was less than 1072, The degrees of freedom for the testare T 1,
where T 1s the nuwuber 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 uniformity test was
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underpowered, we only tested for untformity variaats with at least three considered tissues, at least one aberrant read
er tissue on average {3.¢. m > 1), and at least 15 aberrant reads in total across -onsidered tissues (i.e.

per tissue on average {1.e. m > 1), and at feast 15 abereant veads in total across all considered tissues (Ge

P I Tjs > 15). We ignored 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

I

class, but we believe that this was due to power issues.

HI Analyses on the ExAC aond gnomAD dafasels

Yarviant filiering

{00598} 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 cuiteria 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 1o called genotypes) had a valoe at least 10,000.

# The variant was in between the transcription start and end site of a canonical GENCODE transcript.

[60599] Actotal of 7,615,051 and 73,099,995 variants passed these filters in the ExAC and gnomAD datasets

respectively.

Fraction of deleterions vagiants

[60600] For this analysis, we considered only those variants in the EXAC and gnomAD filtered lists which
were singleton or common (allele frequency (AF) = 0.1%) in the cohort. We sub-classified these variants based on
thelr genornie position according to the GENCODE canounical annotations:

e  Exonic: This group consists of synonymous ExAC variants (676,594 singleton and 66,524 common).
Missense variants were not considered here to ensure that most of the deleteriousness of the variants in this
group was due to splicing changes.

#  Near intronic: This group consists of watronic ExAC variants which are between 3 and 50 ot from a
canonical exon boundary. More precisely, for the analysis of acceptor gain/ioss 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 conmmon for aceeptor gain/loss, 567,774 singleton and 50,614

conmmon for donor gait/loss).

s Deep intronic: This group consists of intronic gnomAD variants which are more than 50 ut away from a

canonical exon boundary (34,150,431 singleton and 8,215,361 coramon).

{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 contingency table where the two rows correspouded 1o predicted
splice-altering variants {A Score in the appropriate range for the splice type) vs predicted not splice-altering variants

(A Score << (.1 for all splice types), and the s corresponde singleton vs conmon variants. For splice-
(A Score < 0.1 for all splice types), and the two columns corresponded to singleton vs conmmon variants. For splice
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gata variants, we filtered those that occur at already existing GENCODE-annotated splice sites. 5i

iilar, for splice-
loss vagaots, we only considered those that decrease the scores of existing GENCODE-annotated sphice sites. The

odds ratio was calculated, and the fraction of deleterious variants was estimated as

/ 1

( .

i \
e eresd Bt
\ Odds ratio) ~

The protein-truncating vanants in the ExAC and gnoreAD filtered lists were identified as follows:

«  MNonsense: VEP (McLaren et al., 2016) consequence was ‘stop_gained’ {44,046 singleton and 722 common
m BxAC, 20,660 singleton and 970 comuon in gunomAL).

e Frameshift: VEP consequence was “frameshift_vagant’. The siogle nucleotide vanant critegon duceg
variaat filtering was relaxed in order to create this group {48,265 singleton and 896 comroon 1o ExXAC,
30,342 singleton and 1,472 common in gnomAD).

+  Hssential acceptor/donor loss: The variant was in the first or the last two positions of a canonical intron

29,248 singleton and 481 common in ExAC, 12,387 siugleton and 746 corumon in gnomAD).

{80602} The 2 X 2 chi-square contingency table for protein-truncating variants was coustructed for the ExAC
and gnomAD filtered lists, and used to estimate the fraction of deleterious vartants. Here, the two rows corresponded
to profein-trugeating vs synonymous variaots, and the two coluxans corresponded to stagleton vs comupon variants
as before.

{88603} The results for the ExAC {exonic and near tntronic) and gnoraAD (deep ntronic) variants are shown in

FIGs. 408 and 48D respectively.
Frameshift vs in-frame splice gain

{00604} For this analysis, we focused our attention on the ExAC vanants which were exome (synonyimous
ouly} or near intronic, and were singleton or common (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 ctiecked whether it was a multiple of 3 or not. We classified donor gain variants
similarly by measuring the distance between the cavonical splice donor and the newly created splice donor.
{0605} The fraction of deleterious in-frame splice gam variants was estimated from a 2 X 2 chi-square
contingency 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 vanants (A Score < 0.1 for all splice types}, aud the two
columns corresponded to singleton vs commmon variants. This procedure was repeated for frameshift splice gain
vaniants by replacing the first row in the contingeney table with predicted frameshift sphice gain variants,
[80606] 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 va frameshift splice gain

J

¥

variants, and the two columns corresponded to singleton vs common variants as hefore.
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Number of cryptic sphice variants per lndividual
[30607] To estimate the number of rare functional cryptic splice variants per individual (FIG. 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, each 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
vanants per person which had a A Score greater than or equal to 0.2, 0.2, and 0.5 respectively. These are relatively
crrssive A Score thresholds which optinuize sensitivity while ensuniug that at least 40% of the predicted vartants
are deleterious. At these cutoffs, we obtained an average of 7.92 synonymous/near infronic and 3.03 deep intronic
rare cryptic splice variants per person. Because not all of these variants are functional, we multipiied the counts by

the fraction of variants that are deleterious at these cutoffs,

IV, Aualyses on the DD and ASD datasets

Cryptic splicing de nove muistions

[00608] We obtained published de novo mutations (DNMs). These included 3953 probands with autism
spectrum disorder {Dong et al., 2014; lossifov et al., 2014; De Rubeis et al., 2014), 4293 probands from the

Deciphering Developmental Disorders cohort ("\/ﬂc[{de etal., '/I(H’i) and 2073 healthy controls (lossifov et al., 2014).

PP{DONM)} < 0.00781, (McRae et al,, 201 ',7)} The DBNMs were evaluated with the network, and we used A scores
(see yuethods above) to classify eryptic splice routations depending on the context. We only considered routations
annotated with VEP consequences of synonymous_varant, splice_region_variant, intron_variant,

5 prime UTR variant, 3_prime UTR_variant or missense_variant. We used sites with A scores > 0.1 for FiGs.
414,418, 41C, 41D 41K, and 41F and FEGs. 50A and 50B, and sites with A scores > 0.2 for FIGs. 494, 498, and
49C.

{30609} FiGs. 20, 21, 22, 23, and 24 show detailed description of the SpliceNet-80nt, SpliceNet-400nt,
SpliceNet-2k and SpliceNet-10k architectiwes. The four architectures use flanking nucleotide sequence of lengths
44, 200, 1,000 and 5,000 respectively on each side of the position of taterest as aput, and output the probability of
the position being a splice acceptor, splice douor and neither. The architectures mainly consist of convolutional
layers CouviN, W, D}, where N, W and D are the nomber of convolutional kemels, window size and dilation rate of
cach convolutional kemel i the layer respectively.

{30610} Fi(ss. 424 and 428 depict evaluation of various splicing prediction algorithims on BucRNAs, FIG.
424 shows the top-k accuracies and the area under the precision-recali curves of various splicing prediction
algorithms when evaluated on fincRNAs. FIG. 428 shows the full pre-mRNA transcript for the LINC00467 gene
scored using MaxEntScan and SpliceMet-10k, along with predicted acceptor (red arrows) and donor (green arrows)
sites and the actual positions of the exons.

{00611} FiGs. 43A 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 vanious distances from each of the 14,789 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 fimction of the
distance from the splice acceptor. The predicted scores increase when the distance from the splice acceptor is in
between 20 and 45 ot; at less than 20 nt distacce, TACTAALC disrupts the polypyrimidine tract due to which the

predicted acceptor scores are very low,



WO 2019/079202 PCT/US2018/055923
&4

{60612} Regarding ¥FEG. 438, the SR-protewn hexamer motif GAAGAA was similarly wtroduced at various
distances from each of the 14,289 test set splice acceptors and donors. The average change in the predicted
SphiceNet-10k acceptor and donor scores ace plotted as a function of the distance frora the splice acceptor and donor
respectively. The predicted scores increase when the motif is on the exonic side and less than ~50 ot 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.

{60613} Fi(ss. 44 A and 448 depict effects of nucleosome positiomug on splicing. Regarding FiG. 444, at |
miilion randornaly chosen intergenic positions, strong acceptor and donor motifs spaced 150 nt apart were introduced
and the probability of exon tnclusion was caleulated using SpliceNet-10k. To show that the correlation between
SpheeNet-10k predictions and nucleosome positioning occurs xodependent of GC coposition, the posisons were
binned based on their GC content {calculated using the 150 nucleotides between the introduced splice sites} and the
Spearman correlation between SpliceNet-10k predictions and nucicosome signal is plotied for cach bin.

{00614} Regarding FIG. 448, splice acceptor and donor sites from the test set were scored using SpliceNet-
8Gnt {referred to as local motif score) and SpliceNet-10k, and the scores are plotied as a function of nuclcosome
carichment. Nucleosome enrichment is calculated as the nucleosome signal averaged across 50 nt on the exonic side
of the splice site divided by the nucleosome signal averaged across 50 nit on the intronic side of the splice site.
SpliceMet-80nt score, which 1s a surrogate for motif strength, is negatively correlated with nucleosome enrichment,

o

whereas SplicelNet-10k score s positively correlated with nucteosome envichment. This suggests that nucleosome

positiomng is 2 long range specificity deterruinant that can compeunsate for weak local splice motifs.
{00615} G, 45 illustrates example of calculating effect size for a splice-disrupting variant with complex
eftects. The inronic vartant chir9:386429 A>(G disrupts the normal donor site () and activates a previously
suppressed intronic dowastream donoy {3}, Showa are the RNA-seq coverage and junction read counts in whole
blood from the individual with the variant and a control 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) relagve to all other junctions with the same donor E. The final effect size 15 the
maximum of the two values (0.39). An increased amount of intron retention s also preseut 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. 464, 468, and 46C show evaluation of the SphiceNet-10k model on singleton and common
variants. 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 ail 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 inn 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 donor) in each A

Score group. The differences are not siguificant (£ > 0.05, Fisher Exact test with Bonferront correction for 16 tests).
{80617} Regarding ¥RG. 468, seusitivity of SpliceNet-10k at detecting sphice-altering variants in the GTEx

b

cohort at different A Score cutoffs. The model’s sensitivity is showa separately for ssugleton (left} and comraon



WO 2019/079202 PCT/US2018/055923
&5

{right) variants. The differences 1a sensitivity between sjrlg}etotl and coramon vagaots at 2 A Score cutoff of 0.2 are
not significant for either variaats vear exons or deep intronie variants (P > .05, Fisher Exact test with Bonferront
correction for two tests).

{00618} Regarding FIG. 46C, distribution of A Score values for validated singleton and cornmon variants. P-
values are for Mann-Whitney U tests comparing the scores of singleton and conmmon variants. Common variants
have significantly weaker A Score values, due to natural selection filtering out splice-disrupting mutations with large
effects.

[00619] FiGs. 47A and 47B 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 vanant created a
new essential GT or AG splhice dinucleotide, whether it overlapped the rest of the splice wotif (all positions around
the exon~intron houndary up to 3 nt into the exon and & ot into the intron, excluding the essential dinucleotide), or
whether i was cutside the splice monf

{40620} Regarcding F¥GL 47 A, validation rate for each of the three categories of splice site-creating variants.
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).

{60621} Regarding ¥EG. 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, Mann-Whitney U test with Bonferroni correction).

{80622} FEGs. 484, 488, 49C, and 491 depict evaluation of the SpliceNet-10k miodel on train and test
chromosomes. Regarding FiG. 484, fraction of cxyptic splice mutations predicted by the SpliceNet-10k model that
validated against the GTEx BRNA-seq data. The validation rate is shown separately for variants ou chiromosomes
used during teatniog (all chroroosomes except chel, chu3, chr$, chr7, and che9; left) and the rest of the chromosoraes
{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 variants (gain or loss of acceptor or donor) in each A Score 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).

{80623} Regarding FIG. 488, seusitivity of SpliceNet-10k at detecting splice-altering variants in the GTExX
cobort at different A Score cutoffs. The model’s sensitivity is shown separately for variants on the chromosomes

used for training (left) and on the rest of the chromosomes (nght). We used a Fisher Exact test to compare the
model’s sensitivity at 3 A Score cutoff of 0.2 between train and test chromosomes. The differences are not
significant for either vanants uear exons or deep intronie vanants (P > 0.05 afier Bonferroni correction for two
tests).

[00624] Regarding FEG. 48C, fraction of predicted synonymous and intronic cryptic splice variants in the
ExAC dataset that are deleterious, calculated separately for variants on chromeosomes used for training (left) 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 Bonferroni correction for 12 tests).

{30625} Regarding FEG. 488, predicted cryptic splice de novo mutations (DNMs) per person for DERD, ASD,

and countrol cobiorts, shown separately for vanauts on the chromosores used
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{0626} for trazuing (left) and the rest of the chromosoraes (right). Brror bars show 95% confidence intervals

(C1). The vumber of crypuic splice de novo variants per person is sroaller for the test set because it (s roughly half
the size of the traxoiag set. Numbers are noisy due to small sample size.
{00627 FIG. 49A, 49B, and 49C illustrate de novo cryptic splice mutations in patients with rare genetic
disease, only from synonymous, intronic or untransiated region sites. Regarding FEG. 494, predicted cryptic splice
ie 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 Consortiumn, as well as healthy controls. Enrichment in the DDD
and ASE cohorts above healthy controls is shown, adjusting for variant ascertainment between cohorts. Error bars
how 95% confidence utervals.
{10628} Regarding FEG. 488, estimated proportion of pathogenc DNMs by functional ca .teg:)l"y for the DD
and ASE cobiorts, based ou the earichunent of each category compared to healthy controls. The cryptic splice
proportion 1s adjusted for the lack of missense and deeper lotrovic sites.
[60629] Regarding FEG. 48C, enrichment and excess of cryptic spiice DNMs in the DDD and ASD cohorts
conpared to healthy controls at different A score thresholds. The cryptic splice excess is adjusted for the lack of
nyissense and deeper intronic sites.
{00630} FIGs. 50A and 50B show cryptic splice de novo mutations in ASD and as a proportion of pathogenic
DKMs. Regarding FIG. 50A, enrichment and excess of cryptic splice DNMs within ASD probands at different A
score thresholds for predicting cryptic sphice sites.
{00631} Regarding FEG. 588, proportion of pathogenic DINMSs attributable to cryptic splice sites as a fracton
of all classes of pathogenic DNMs (ncluding proteinceding mutations), using different A score thresholds for
predicting cryptic splice sites. More permissive A score thresholds increase the number of cryptic splice sites
identified over background expectation, at the trade-off of having a lower odds ratio.
{00632} Fi(s. 51 depicts RNA-seq validation of predicted cryptic splice de vove mutations 1o ASD pagents.
Coverage and splice junction counts of RNA expression fron: 36 predicted cryptic splice sites selected for
experimentai validation by RNA-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. 52 A and 528 illustrate validation rate and sensitivity on RNA-seq of a model trained on
canonical transcripts only. Regarding FIG. 524, we trained the SpliceNet-10k model using only junctions from
canonical GENCODE wranscripts aud compared the performance of this moded to a model trained on both canonical
Junctions and splice juoctions appeaxing o at least five wndividuals 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 > 0.05, Fisher Exact test
with Bonferroni correction for 16 tests)
[00634] Regarding FEG. 528, sensitivity of the model that was trained on canonical junctions at detecting
splice-altering variants in the GTEx cohort at different A Score cutoffs. The sensitivity of this model in deep mtronic
regions is 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} Fi(ss. 534, 538, and 33C illustrate ensemble modeling iruproves SpliceNet-10k performance.
Regarding FYG. 334, the top-k accuracies and the area under the precision-recall curves of the 5 mdividual

SpliceNet- 10k models are shown. The raodels have the same architecture and were trared using the same dataset.
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However, they differ from each other due to the various random aspects involved 1a the traiming process, such as
parameter inittalization, data shuffling, etc.

{60636} Regarding ¥FEG. 538, 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 (4, j) is constructed by plotting the predictions of Model
#1 against the predictions of Model # (the corresponding Pearson correlation is displayed above the subplot).
{80637} Regarding FEG. 53C, the performance improves as the number of models used to construct the
SpliceNet-10k ensemble is increased from i to 5.

{10638} FiGs. 544 and 548 show evaluation of SpliceNet-10k in regions of varying exon deusity. Regarding
G, 544, the test set positions were categorized into 5 bins depending on the number of canouical exons present in
a 18,000 nucleotide window. For each bin, we calculated the top-k accuracy and the area under the precision-recall
curve for SpheeNet-10k.

{0639} Regarding FEG. 348, we repeated the analysis with MaxEntScan as a comparison. Note that the
performance of both models improves at higher exon density, as measured by top-k accuracy and Precision-Recall

AUC, beecause the number of positive test cases increases relative to the number of negative test cases.

Enrichment of de novo mutations per cohort

{8064} Candidate cryptic splice DNMs were counted in each of the three cohorts. The DDD eohort did not
report intronic DNMs > 8 ut away from exons and so regions > & nt from exons were excluded from all cotiorts for
the purposes of the enachraent analysis to enable equivalent comparison between the DDD and ASD coborts {FYG.
41A). We also performed a sepacate analysis which excluded rautations with dual ceyptic splicing and protein-
coding function consequences to demonstrate the enrichment is not due to the enrichment of mutations with protein-
coding effects within the affected cohorts (FEGs. 494, 49B, and 49C). Counts we aled for differing
ascertainment 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-test to compare two Poisson rates (Krishnameoorthy and Thomson, 2004).
{00641} The plotted rates for enrichment over expectation (FEG, 431C) were adjusted for the lack of DNMs > B
nt from exons by scaling upwards by the proportion of all cryptic splice DNMs expected to occur between 9-50 nt

wichiment of de nove mutations per

away from exons using 2 trinucieotide segquence context model (see belo

\

gene). The silent-only diagnostic proportion and excess of cryptic sites (F¥Gs. 498 and 49C) were also adyusted for
the lack of mussense sites by scaling the cryptic count by the proportion of cryptic splice sites expected to occur at
missense sites versus synonymous sites. The tmapact of A Score threshold on envichraent was assessed by calcuiating

the enrichment of cryptic splice DNMs within the DDI 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.

Proportion of pathogenic DNMs

{00642} The excess of DNMs compared to baseline mutation rates can be considered the pathogenic yield
within a cobort. We estirnated the excess of IDNMs by functional type within ASD and DI coborts, against the
background of the healthy conteol cobort (Fi(. 41B). The DNM counts were normalized to the rate of synonymous
DNMs per radividual as described above. The DD coyptic 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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ascertarament of deep intronic vartants > 50 nt away from exouns, using the ratio of near-intronic (< 50 nt) vs deep

intrenic {> 50 nt) cryptic splice variants from the negative selecnon anatysis (FiG. 38G).

Enrichment of de nove mutations per gene

{00643} We determined null mutation rates for every variant in the genome using a frinucleotide sequence
context model (Samocha et al., 2014). We vsed the network to predict the A Score for all possible single mucleotide
substitutions within exons and up to 8 nt 1uto the intron. Based on the null mutation rate model, we obtained the
expected number of de novo cryptic splice rautations per gene (using A Score > 8.2 as a cutoft).

{00644} As per the DDD study (McRage et al., 2017), genes were assessed for envichment of DNMs compared
to chance under two models, one considening ondy protein-truncating (PTV) DNMs, and one consideriag all protein-
altering DINMs (PTVs, uussense, and in-frame indels). For each gene, we selected the most significant model, and

adjusted the P-value for multipie hypothesis testing. These tests were run once where we didn't consider cryptic
splice DNMs or cryptic splice rates {the default 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 cryptic 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 predicted cryptic splice sifes

[00645] We selected high confidence de novos from affected probands in the Simons Simplex Collection, with
at least RPKM>1 RNA-seq expression in lymphobiastoid cell lines. We selected de novo cryptic splice variants for
validation based on a A Score threshold > 0.1 for splice loss variants 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 earlier 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 GTEx novel splice junctions for model training.

{00646} Lymphoblastoid cell lines were obtained from the SSC for these probands. Cells were cultured in
Culture Medium (RPM] 1649, 2mM L-ghutaroine, 15% fetal bovine serom) to a maximum cell deunsity of 1 » 10°
celis/mi. When cells reached maxumura deonsity, they were passaged by dissoctating the celis by pipetting wp and
dowa 4 or 5 nmes and seeding 1o a density of 200,000-500,000 viable cells/mi. Cells were grown under 37°C, 5%
CO, conditions for 10 days. Approximately 5 » 10° cells 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 quality was assessed using Agilent RNA 6000 Nano Kit (Agilent Technologies) and ran on Bioanalyzer 2100
{Agilent Techmologies). RNA-seq libraries were generated by TruSeq® Stranded Total BNA Library Prep Kit witl
Ribo-Zero Gold Set A (Illumina}. Libraries were sequenced on HiSeq 4000 instruments at Center for Advanced
Technology (UCSE) using 150-nt single-read sequencing at a coverage of 270-38% million reads (median 358
nillion reads).

{80647} Sequencing reads for each patient were aligned with OLlego (Wu et al,, 2013} against a reference
created frora hgt9 by substinuting de novo vanants of the panent (fossifov et al,, 2014} with the corcesponding
altermative allele. Sequencing coverage, splice junction usage and trauseript locations were plotted with sashiras plot
from MISO (Katz et al,, 2010). We evaluated the predicted cryptic splice sites as described above in the validagon
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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i the other 35 sequenced samples. For 4 additional exon skipping events, low levels of exon-skipping were often
observed m GTEx. In these cases, we computed the fraction of reads that used the skipping junction and verified
that this fraction was lnghest 1u the cryptic splice site containiog sample compared to other samples. 4 additional
cases were validated on the basis of prominent intron retention that was absent or much lower in other samples.
Modest intron retention in control samples prevented us from resolving events in DX ] and WDR4. Two events (in

CSAD, and GSAP) were classified as failing validation because the variant was not present in sequencing reads.

DATA AND SOFTWARE AVAILABILITY

Training and test data, prediction scores for all single nucleotide substitutions 1 the reference genome,

{00643}

RNA-seq validagon results, RNA-seq juactions, and source code are publicly hosted at:

tttps://basespace itlumina. cory/s/5ugThOblecrh

[08649]

RNA-seq data for the 36 lymphoblastoid cell lines are being deposited in the ArrayExpress database at

EMBL-EBI (www.cbi.ac.ult/arrayexpress) under accession number E-MTAB-xxxx.

[06650]

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 becone a concern for the field, the authors explicitly request that the prediction scores from the

method not be weorporated as a component of other classifiers, and instead ask that interested parties eniploy the

provided source code and data to directly train and tmprove upon their own deep leaming models,

KEY BESQURCES TABELY

REAGENT or RESOQURCE

Deposited Data

RNA-seq data and variant calls for the GTEx

cohort

De-novo mutations for autism patients and

healthy controls

De-novo mutations from the Deciphering

Developmental Disorders cohort

Sphee junctions from GENCODE principal
transcripts used to txarn the canounical

SpliceNet model

Splice junctions from GTEX used to augment

the training dataset

Sphice junetions from GENCODE principal
transeripts used to test the raodel, with

paralogs excluded

SOURCE

https:/www.nehinlmnt

b.gov/proiecis/gap

{Tossifov et al., 2014)

(McRae et al., 2017)

This study

This study
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N/A

N/A
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Sphice junctions of incRNAs used to test the  This study https://basespace.illomiva.cory/s/Su6Th
meodel Oblecth
Predictions of canonical model This study https://basespace.iilumina.com/s/5u6Th
Oblecrh
Predictions of GTEx-supplemented model Ths study https://basespace iihumina.com/s/5u6Th
Oblecrh
All GTEX junctions in all GTEx v6.pl This study https://basespace. xllumina.cony/s/5u6Th
samples Oblecrh
List of validated GTEX private variants with  This study https://basespace.illumina.comy/s/5u0Th
A Secore > 0.1 Oblecrh
Aligned BAM files for RNA-seq i 36 This study ArrayExpress accession: E-MTAB-
autism patients XXEX
Software and Algorithms
SpliceNet source code This study https://basespace.illumina.com/s/SuéTh
Oblecrh
SUPPLEMIENTAL TABLE TYTLES
{00651} Table 81 shows GTEx samples used for demonstrating effect size calculations and tissue-specific
splicing effects. Related to FIGs. 384, 388, 38C, 38D, 38E, 38F, and 384G, FIG. 394, FIG. 398, and FIG. 45
[80652] Table 82 shows matched confidence cutoffs for SpliceNet-10k, GeneSplicer, MaxEntScan, and

NNBSplice at which all algorithms predict the same number of gains and losses genome-wide. Related to FIG. 38G.
{30653} Table 83 shows counts of predicted cryptic splice DNMs 1n each cohort. Related to FIGs, 414, 418,
431C, 41D, 41E, aud 41¥ and 1s produced below:

exons + inrons up to 8 ot introns > & nit frora exons
synonyraous de normalized o normalized o
cohort Probands (n)  novos per proband unadjusted Synonymous unadjusted SYynonymous
DD 4283 6.28744 347 2987 14 £2.1
ASD 3053 $.24462 236 238.7 64 64.7
controls 2073 $.24747 98 98 20 20
[00654] Table 84 shows expected de novo mutation rates per genc for each mutational category. Related to

FIG. 414, 418, 41, 41D, 41E, and 41F.

{80655} Table 85 iHustrates p-values for gene eurichment in DDD and ASD. Related to ¥iGs. 414, 4118, 41,
410, 41E, and 41F.

{60656} Table 86 depicts validation results for 36 predicted cryptic splice DINMs {n autism patients. Related to

FEIG. 41A, 418, 41C, 41D, 41K, and 41F.
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Computer Systern
[30657] FIG. 59 is a simplified block diagram of a computer system that can be used to implement the

et

technology disclosed. Computer system typically includes at least one processor that communicates 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 devic

and a network interface subsystem. The input and output devices allow user interaction with computer system.

Network interface subsystem provides an interface to outside networks, including an interface to corresponding

interface devices in other computer systems.

{30658} In one 1mp

lerentation, the neural networks such as ACNN and CNN are communicably linked to the
storage subsystem and user wterface input devices.

{30659} ch as a mouse, trackbali,

ser intexface 1oput devices can include 2 keyboard; pointing devices
touchpad, or graphics tablet; a scanner: a touch screen incorporated into the display; audio input devices such as
voice recognition systems and microphones; and other types of input devices. In general, use of the term “input
levice” is intended to inciude all possible types of devices and ways to input 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
image. The display subsystern can also provide a non-visual display such as audio output devices. Iu general, use of
the term “output device” 18 intended to include all possible types of devices and ways to output information from
computer system to the user or to another wachine or cornputer systera.
{68661} Storage subsystem stores progeararsing and data constaucts that provide the fanctionality of sorae or all
of the modules and methods described herein. These software roodules are generally executed by processor alove or
in combination with other processors.
{00662} 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) m 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 implementing the functionality of certain
inplermentations can be stored by file storage subsystem in the storage subsysters, or in other machines accessible
by the processor.
{30663} Bus subsystem provides a mechanism for letiiog the vanious coraponents and subsystems of coraputer
syster communicate with each other as intended. Although bus subsystem {s shown schematically as 2 single bus,
aiternative implementations of the bus subsystem can use nultiple busses.
[00664] Computer system itself can be of varying types including a personal computer, a portable computer, a
workstation, a conmputer 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. 39 is 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 corponents than the computer system depicted in FEG, 59.
{10665} The deep learning processors can be GPUs or FPGAs and can be hosted by a deep learning cloud

s inclade

platforms such as Google Cloud Platforrn, Xilinx, and Cirrascale. Examples of deep learning process
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Google’s Tensor Processing Unit (TPU), rackmount solutious like GX4 Rackmount Series, GX8 Rackmount Series,
NVIEHA DGX-1, Microsoft” Swatix V FPGA, Grapbeore’s Intelligent Processor Unit (IPU), Qualcomm’s Zeroth
platform with Snapdragon processors, NVIDIA’s Volta, NVIDIA s DRIVE PX, NVIDIA s JETSON TX 1/ TX2
MODULE, Intel’s Nirvana, Movidius VPU, Fuiitsu DPI, ARM’s Dynamicl(y, 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 is 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

[Claim 1].A computer-implemented method to predict likelihood of splice sites in pre-mRNA

genomic sequences, the method including:

training a convolutional neural network, abbreviated CNN, on training examples of pre-mRNA
nucleotide sequences, including at least 50000 training examples of donor splice sites, at least
50000 training examples of acceptor splice sites, and at least 100000 training examples of non-

splicing sites, wherein the training includes:

inputting one-hot encoded training examples of the nucleotide sequences, wherein each
nucleotide sequence comprises at least 201 nucleotides, with at least one target nucleotide
flanked by at least 100 upstream context nucleotides and at least 100 downstream context

nucleotides; and

adjusting, by backward propagation, parameters of filters in the CNN to predict scores for
likelihood that each target nucleotide in the nucleotide sequence is a donor splice site, an

acceptor splice site, or a non-splicing site;

whereby the trained CNN is configured to accept as input a pre-mRNA nucleotide sequence of at
least 201 nucleotides that is one-hot encoded and that includes at least one target nucleotide and
to score the likelihood that the target nucleotide is a donor splice site, an acceptor splice site, or a

non-splicing site.

[Claim 2].The computer-implemented method of claim 1, wherein the target nucleotide is

flanked by 200 upstream context nucleotides and 200 downstream context nucleotides.

[Claim 3].The computer-implemented method of claim 1 or 2, further including training the
CNN on at least 150000 training examples of donor splice sites, 150000 training examples of
acceptor splice sites, and 1000000 training examples of non-splicing sites.

[Claim 4].The computer-implemented method of any of claims 1-3, wherein the CNN is
parameterized by a number of convolution layers, a number of convolution filters, and a number

of subsampling layers.

[Claim 5].The computer-implemented method of any of claims 1-4, wherein the CNN includes

one or more fully-connected layers and a terminal classification layer.
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[Claim 6].The computer-implemented method of any of claims 1-5, wherein the CNN comprises

dimensionality altering layers that reshape spatial and feature dimensions of a preceding input.

[Claim 7].The computer-implemented method of any of claims 1-6, wherein the CNN is
parameterized by a number of residual blocks, a number of skip connections, and a number of

residual connections.

[Claim 8].The computer-implemented method of claim 7, wherein each residual block comprises
at least one batch normalization layer, at least one rectified linear unit, ReLU, layer, at least one
dimensionality altering layer, and at least one residual connection.

[Claim 9].The computer-implemented method of claim 7, wherein each residual block comprises
two batch normalization layers, two rectified linear unit, ReLU, non-linearity layers, two

dimensionality altering layers, and one residual connection.

[Claim 10].  The computer-implemented method of any of claims 1-9, wherein the CNN

batch-wise evaluates the training examples during an epoch.

[Claim 11].  The computer-implemented method of any of claims 1-10, wherein the training

examples are randomly sampled into batches, wherein each batch has a predetermined batch size.

[Claim 12].  The computer-implemented method of claim 10, wherein the CNN iterates

evaluation of the training examples over at least 10 epochs.

[Claim 13].  The computer-implemented method of any of claims 1- 12, wherein the input

comprises a target nucleotide sequence having two adjacent target nucleotides.

[Claim 14].  The computer-implemented method of claim 13, wherein the two adjacent target
nucleotides are adenine, abbreviated A, and guanine abbreviated G.

[Claim 15].  The computer-implemented method of claim 13, wherein the two adjacent target

nucleotides are guanine abbreviated G, and uracil abbreviated D.

[Claim 16]. A system for predicting likelihood of splice sites in pre-mRNA genomic
sequences, including one or more processors coupled to memory, the memory loaded with

computer instructions that, when executed on the processors, implement actions comprising:

training a convolutional neural network, abbreviated CNN, on training examples of pre-mRNA

nucleotide sequences, including at least 50000 training examples of donor splice sites, at least
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50000 training examples of acceptor splice sites, and at least 100000 training examples of non-

splicing sites, wherein the training includes:

inputting one-hot encoded examples of the nucleotide sequences, wherein each nucleotide

sequence comprises at least 401 nucleotides, with at least one target nucleotide flanked by at

least 200 flanking nucleotides on each side, upstream and downstream; and

adjusting, by backward propagation, parameters of filters in the CNN to predict, as output,
triplet scores for likelihood that each target nucleotide in the nucleotide sequence is a donor

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

whereby the trained CNN is configured to accept as input a pre-mRNA nucleotide sequence of at
least 401 nucleotides that is one-hot encoded and that includes at least one target nucleotide, and
to score the likelihood that the target nucleotide is a donor splice site, an acceptor splice site, or a

non-splicing site.

[Claim 17].  The system of claim 16, wherein the CNN is trained on 150000 training examples
of donor splice sites, 150000 training examples of acceptor splice sites, and 1000000 training

examples of non-splicing sites.

[Claim 18]. 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 convolutional neural network, abbreviated CNN, 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 convolutions on and assign to the target nucleotides in the variant
sequence and the reference sequence, 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
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variant sequence causes aberrant splicing at any of the target nucleotides in the variant sequence

and is therefore pathogenic.

[Claim 19].  The system of claim 18, wherein the output module is configured to determine
that the variant in the variant sequence causes aberrant splicing when, for at least one target

nucleotide position, a difference in the splice site scores is above a predetermined threshold.

[Claim 20].  The system of any of claims 18-19, wherein a maximum difference in the splice
site scores at any 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.

[Claim 21].  The system of any of claims 18-20, wherein the predetermined threshold is

determined by:

for a plurality of candidate thresholds,

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, for use by the output module, that maximizes a count of aberrant
splicing detections in the second set and minimizes a count of aberrant splicing detections in the
first set.

[Claim 22].  The system of any of claims 18-21, further configured to identify variants that

cause autism spectrum disorder, abbreviated ASD.

[Claim 23].  The system of any of claims 18-21, further configured to identify variants that

cause developmental delay disorder, abbreviated DDD.

[Claim 24].  The system of any of claims 18-21, wherein each sequence of at least 101
successive target nucleotides is flanked by an expanded context at least 1000 nucleotides on each
side.

[Claim 25].  The system of any of claims 18-24, wherein the splice site scores of the target

nucleotides in the reference sequence are encoded in a first output of the CNN and the splice site
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scores of the target nucleotides in the variant sequence are encoded in a second output of the
CNN.

[Claim 26].  The system of claim 25, 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.

[Claim 27].  The system of claim 26, 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.

[Claim 28].  The system of claim 27, 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.

[Claim 29].  The system of any of claims 26-28, 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.

[Claim 30].  The system of any of claims 26-29, wherein the classifier 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.

[Claim 31].  The system of claim 30, 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.

[Claim 32].  The system of any of claims 18-31, wherein the reference sequence and the

variant sequence are one-hot encoded.
[Claim 33]. A method of detecting aberrant splicing, the method including:

using a trained convolutional neural network, CNN, accepting as input pre-mRNA nucleotide
sequences comprising at least 501 nucleotides, including at least 101 target nucleotides flanked

by at least 200 nucleotides on each side;

processing 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, wherein the
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reference sequence and the variant sequence each has at least 101 target nucleotides flanked by

at least 200 nucleotides on each side, upstream and downstream; and

determining, from differences in the splice site scores of the target nucleotides in the reference
sequence and in the variant sequence, whether a variant in the variant sequence causes aberrant

splicing and is therefore pathogenic.

[Claim 34]. 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:

using a trained convolutional neural network, CNN, accepting as input pre-mRNA nucleotides in
an input sequences comprising at least 501 nucleotides, including at least 101 target nucleotides

flanked by at least 200 nucleotides on each side;

processing 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, wherein the
reference sequence and the variant sequence each has at least 101 target nucleotides and each
target nucleotide is flanked by at least 200 nucleotides on each side; and

determining, from differences in the splice site scores of the target nucleotides in the reference
sequence and in the variant sequence, whether a variant in the variant sequence causes aberrant

splicing and is therefore pathogenic.





