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in genetic testing, to identify drug targets, to identify patients that respond similarly to a drug, to ascertain health risks, or to connect
patients that have similar molecular phenotypes.
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(57) Abstract: We describe systems and methods for generating and training con-
——————————————————————————————— : volutional neural networks using biological sequences and relevance scores de-
rived from structural, biochemical, population and evolutionary data. The convo-
lutional neural networks take as input biological sequences and additional infor-
mation and output molecular phenotypes. Biological sequences may include DNA,
RNA and protein sequences. Molecular phenotypes may include protein-DNA in-
teractions, protein-RNA interactions, protein-protein interactions, splicing patterns,
polyadenylation patterns, and mictoRNA-RNA interactions, which may be de-
scribed using numerical, categorical or ordinal attributes. Intermediate layers of
the convolutional neural networks are weighted using relevance score sequences,
for example, conservation tracks. The resulting molecular phenotype convolutional
neural networks may be used in genetic testing, to identity drug targets, to identity
patients that respond similarly to a drug, to ascertain health risks, or to connect pa-
tients that have similar molecular phenotypes.
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SYSTEMS AND METHODS FOR GENERATING AND TRAINING CONVOLUTIONAL NEURAL
NETWORKS USING BIOLOGICAL SEQUENCES AND RELEVANCE SCORES DERIVED
FROM STRUCTURAL, BIOCHEMICAL, POPULATION AND EVOLUTIONARY DATA

TECHNICAL FIELD

[0001] The following relates generally to generating and training a convolutional neural
network for predicting molecular phenotypes from biological sequences.

BACKGROUND

[0002] Precision medicine, genetic testing, therapeutic development and whole genome,
exome, gene panel and mini-gene reporter analysis require the ability to accurately interpret
how mutations in a biological sequence, such as a DNA, RNA or protein sequence may impact
processes within cells. Molecular phenotypes, also know as cell variables, are measurable
outcomes of processes that are carried out within the cell. Examples of molecular phenotypes
include protein-DNA and protein-RNA binding, chromatin state, transcription, RNA splicing,
polyadenylation, RNA editing, translation, protein-protein interaction, and postranscriptional

modification.

[0003] Molecular phenotypes are often causally determined by biological sequences that
are close to where they occur. For example, the existence or absence of a particular motif on a
DNA sequence may determine if a palrticular DNA binding protein will bind. An exon on a
precursor mMRNA may be spliced out during RNA splicing depending on the combined effects of
a set of intronic and exonic motifs of RNA-binding proteins within and around that exon.
Understanding and modelling how biological sequences determine molecular phenotypes is
viewed as a major set of goals in biological and medical research.

SUMMARY

[0004] In one aspect, a system for weighting convolutional layers in molecular phenotype
convolutional neural networks (MPCNNs) is provided, the system comprising: at least three
layers, each layer configured to receive inputs and produce outputs, a first layer comprising a
plurality of positions configured to obtain a biological sequence, a last layer representing a
molecular phenotype, each layer other than the first layer configured to receive inputs from the
produced outputs of one or more prior layers; one or more of the at least three layers configured
as convolutional layers, each convolutional layer comprising one or more convolutional filters
linking received inputs in the convolutional layer to produced outputs in the convolutional layer,

the received inputs in the convolutional layer comprising a plurality of convolutional layer input

1
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positions, the produced outputs in the convolutional layer comprising a plurality of convolutional
layer output positions; and one or more weighting units, each weighting unit linked to at least
one of the one or more convolutional filters in a convolutional layer, each weighting unit
associated with a relevance score sequence, each relevance score sequence comprising a
plurality of relevance score sequence positions, each relevance score sequence position
associated with a numerical value, the weighting unit configured to use the respective relevance

score sequence to weight the operations in the respective convolutional filter.

[0005] In at least one of the one or more weighting units, the respective relevance score
sequence may be used to weight the produced outputs in the respective convolutional layer.

[0006] In at least one of the one or more weighting units, the respective relevance score

sequence may be used to weight the received inputs in the respective convolutional layer.

[G007] One or more of the at least three iayers may be configured as pooling layers, each
pooling layer comprising a pooling unit linking received inputs in the pooling layer to produced
outputs in the pooling layer, the received inputs in the pooling layer comprising a plurality of
pooling layer input positions, the produced outputs in the pooling layer comprising a plurality of
pooling layer output positions, the number of pooling layer output positions no greater than three
quarters of the number of pooling layer input positions, the received inputs in the pooling layer

linked to the produced outputs of at least one of the one or more convolutional layers.

[0008] At least one of the at least three layers other than the first layer may be configured
as a fully connected layer, the produced outputs in each fully connected layer obtained by
multiplying the received inputs in the fully connected layer by corresponding parameters,

summing the resulting terms, and applying a linear or a nonlinear function.

[0009] The relevance score sequences may be obtained from evolutionary conservation
sequences, population allele frequency sequences, nucleosome positioning sequences, RNA-
secondary structure sequences, protein secondary structure sequences, and retroviral insertion

sequences.

[0010] The system may further comprise an encoder configured to encode the biological
sequence as a vector sequence, wherein the biological sequence with a piurality of positions in

the first layer comprises the vector sequence.

[0011] The system may further comprise a MPCNN training unit and a plurality of training
cases, each training case comprising a biological sequence and a molecular phenotype, the
MPCNN training unit configured to adjust the filters and the other parameters in the MPCNN

2
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using one or more of. batch gradient descent, stochastic gradient descent, dropout, the
conjugate gradient method.

[0012] The relevance score sequences may be the outputs of a relevance neural network
comprising relevance neural network parameters, the relevance score neural network
configurable as a fully connected neural network, a convolutional neural network, a multi-task
neural network, a recurrent neural network, a long short-term memory neural network, an

autoencoder, or a combination thereof.

[0013] The system may further comprise a relevance neural network training unit and a
plurality of training cases, each training case comprising a biological sequence and a molecular
phenotype, the relevance neural network training unit configured to adjust the relevance neural
network parameters using the gradients for the relevance neural network parameters, the
gradients for the relevance neural network parameters determined by operating the MPCNN in
the forward-propagation mode to determine the error and operating the MPCNN in back-
propagation mode to ascertain the gradients for the outputs of the relevance neural network and
operating the relevance neural network in back-propagation mode to ascertain the gradients for
the relevance neural network parameters, the relevance neural network training unit configured
to adjust the parameters of the relevance neural network using one or more of: batch gradient

descent, stochastic gradient descent, dropout, the conjugate gradient method.

[0014] In another aspect, a method for utilizing relevance score sequences to weight layers
in molecular phenotype convolutional neural networks (MPCNNs) is provided, the method
comprising: each of at least three layers receiving inputs and producing outputs, a first layer
comprising a biological sequence with a plurality of positions, a last layer representing a
molecular phenotype, each layer other than the first layer receiving inputs from the produced
outputs of one or more prior layers, one or more of the at least three layers acting as
convolutional layers, each convolutional layer comprising the application of one or more
convolutional filters to the received inputs in the convolutional layer to preduce outputs in the
convolutional layer, the received inputs in the convolutional layer comprising a plurality of
convolutional layer input positions, the produced outputs in the convolutional layer comprising a
plurality of convolutional layer output positions; obtaining one or more relevance score
sequences, each relevance score sequence comprising a plurality of relevance score sequence
positions, each relevance score sequence position associated with a numerical value; and
applying one or more weighting operations, each weighting operation using an associated

relevance score sequence in the one or more relevance score sequences to weight the
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application of an associated convolutional filter in the application of one or more convolutional
filters.

[0015] In at least one of the one or more weighting operations, the associated relevance
score sequence may be used to weight the produced outputs of the associated convolutional
filter.

[0018] In at least one of the one or more weighting operations, the associated relevance

score sequence may be used to weight the received inputs of the associated convolutional fiiter.

[0017] One or more of the at least three layers may be configured as pooling layers, each
pooling layer comprising a the application of a pooling operation to the received inputs in the
pooling layer to produce outputs in the pooling layer, the received inputs in the pooling layer
comprising a plurality of pooling layer input positions, the produced outputs in the pooling layer
comprising a plurality of pooling layer output positions, the number of pooling layer output
positions no greater than three quarters of the number of pooling layer input positions, the
received inputs in the pooling layer obtained from the produced outputs of at least one of the

one or more convolutional layers.

[0018] At least one of the at least three layers other than the first layer may be configured
as a fully connected layer, the produced outputs in each fully connected layer obtained by
multiplying the received inputs in the fully connected layer by corresponding parameters,

summing the resulting terms, and applying a linear or a nonlinear function.

[0019] The relevance score sequences may be obtained from evolutionary conservation
sequences, population allele frequency sequences, nucleosome positioning sequences, RNA-
secondary structure sequences, protein secondary structure sequences, and retroviral insertion

sequences.

[0020] The method may further comprise an encoding operation that encodes the biological
sequence as a vector sequence, wherein the biological sequence with a plurality of positions in

the first layer comprises the vector sequence.

[0021] The method may further comprise training the MPCNN using a plurality of training
cases, each fraining case comprising a biological sequence and a molecular phenotype, the
training of the MPCNN comprising adjusting the filters and the other parameters in the MPCNN
using one or more of: batch gradient descent, stochastic gradient descent, dropout, the

conjugate gradient method.
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[0022] The relevance score sequences may be generated by a relevance neural network
which may be configured as a fully connected neural network, a convolutional neural network, a
multi-task neural network, a recurrent neural network, a long short-term memory neural network,

an autoencoder, or a combination thereof.

[0023] The method may further comprise training the relevance neural network using a
plurality of training cases, each training case comprising a biological sequence and a molecular
phenotype, the training of the relevance neural network comprising: operating the MPCNN in
the forward-propagation mode to determine the error; operating the MPCNN in back-
propagation mode to ascertain the gradients for the outputs of the relevance neural network;
operating the relevance neural network in back-propagation mode to ascertain the gradients for
the relevance neural network parameters; using the gradients for the relevance neural network
parameters to adjust the relevance neural network parameters using one or more of batch
gradient descent, stochastic gradient descent, dropout, the conjugate gradient method.

[0024] These and other aspects are contemplated and described herein. it will be
appreciated that the foregoing summary sets out representative aspects of methods and
systems for producing an expanded training set for machine learning using biological

sequences to assist skilled readers in understanding the following detailed description.
DESCRIPTION OF THE DRAWINGS

[0025] The features of the invention will become more apparent in the following detailed

description in which reference is made to the appended drawings wherein:

[0026] Fig. 1 is a block diagram illustrating an embodiment of a system for training

convolutional neural networks using biological sequences and relevance scores;

[0027] Fig. 2 shows an example flowchart of how the relevance scores may be determined

using the methods and systems described herein;
[0028] Fig. 3 is a block diagram of a relevance score neural network; and

[0029] Fig. 4 illustrates an exemplary flowchart of a method for training CNNs using
biological sequences and relevance scores.

DETAILED DESCRIPTION

[0030] For simplicity and clarity of illustration, where considered appropriate, reference
numerals may be repeated among the Figures to indicate corresponding or analogous

elements. In addition, numerous specific details are set forth in order to provide a thorough
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understanding of the embodiments described herein. However, it will be understood by those of
ordinary skill in the art that the embodiments described herein may be practiced without these
specific details. In other instances, well-known methods, procedures and components have not
been described in detail so as not to obscure the embodiments described herein. Also, the
description is not to be considered as limiting the scope of the embodiments described herein.

[0031] Various terms used throughout the present description may be read and understood
as follows, unless the context indicates otherwise: “or” as used throughout is inclusive, as
though written “and/or”; singular articles and pronouns as used throughout include their plural
forms, and vice versa; similarly, gendered pronouns include their counterpart pronouns so that
pronouns should not be understood as limiting anything described herein to use,
implementation, performance, etc. by a single gender; “exemplary” should be understood as
“illustrative” or “exemplifying” and not necessarily as “preferred” over other embodiments.
Further definitions for terms may be set out herein; these may apply to prior and subsequent

instances of those terms, as will be understood from a reading of the present description.

[0032] Any module, unit, component, server, computer, terminal, engine or device
exemplified herein that executes instructions may include or otherwise have access to computer
readable media such as storage media, computer storage media, or data storage devices
(removable and/or non-removable) such as, for example, magnetic disks, optical disks, or tape.
Computer storage media may include volatile and non-volatile, removable and non-removable
media implemented in any method or technology for storage of information, such as computer
readable instructions, data structures, program modules, or other data. Examples of computer
storage media include RAM, ROM, EEPROM, flash memory or other memory technology, CD-
ROM, digital versatile disks (DVD) or other optical storage, magnetic cassettes, magnetic tape,
magnetic disk storage or other magnetic storage devices, or any other medium which may be
used to store the desired information and which may be accessed by an application, module, or
both. Any such computer storage media may be part of the device or accessible or connectable
thereto. Further, unless the context clearly indicates otherwise, any processor or controller set
out herein may be implemented as a singular processor or as a plurality of processors. The
plurality of processors may be arrayed or distributed, and any processing function referred to
herein may be carried out by one or by a plurality of processors, even though a single processor
may be exemplified. Any method, application or module herein described may be implemented
using computer readable/executable instructions that may be stored or otherwise held by such

computer readable media and executed by the one or more processors.
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[0033] A key unmet need is the ability to automatically or semi-automatically analyze

biological sequences by examining their impact on molecular phenotypes.

[0034] The following provides systems and methods for determining molecular phenotypes
from biological sequences using convolutional neural networks, called molecular phenotype
convolutional neural networks (MPCNNSs). The biological sequence may be a DNA sequence,
an RNA sequence, or a protein sequence. The outputs of MPCNNs may be used in precision
medicine to ascertain pathogenicity in genetic testing, to identify drug targets, to identify patients
that respond similarly to a drug, to ascertain health risks, and to connect patients that have

similar molecular phenotypes.

[0035] Variations in biological sequences lead to changes in molecular phenotypes, which
may lead to gross phenotypes, such as disease, aging, and effective treatment. A biological
sequence variant, also called a variant, is a biological sequence, such as a DNA sequence, an
RNA sequence or a protein sequence, that may be derived from an existing biological sequence
through a combination of substitutions, insertions and deletions. For example, the gene BRCA1
is represented as a specific DNA sequence of length 81,189 in the reference genome. If the
samples from multiple patients are sequenced, then multiple different versions of the DNA
sequence for BRCA1 may be obtained. These sequences, together with the sequence from the

reference genome, form a set of variants.

[0036] To distinguish variants that are derived from the same biological sequence from
those that are derived from different biological sequences, the following will refer to variants that
are derived from the same biological sequence as “biologically related variants” and the term
“biologically related” is used as an adjective to imply that a variant is among a set of biologically
related variants. For example, the variants derived from the gene BRCA1 are biologically related
variants. The variants derived from another gene, SMN1, are also biologically related variants.
However, the variants derived from BRCA1 are not biologically related to the variants derived
from SMN1. The term “biologically related variants” is used to organize variants according to
their function, but it will be appreciated that this organization may be different according to
different functions. For example, when they are transcribed, two different but homologous genes
may generate the same RNA sequence. Variants in the RNA sequence may impact function in
the same way, such as by impacting RNA stability. This is the case even though they originated
from two different, albeit homologous, DNA sequences. The RNA sequence variants, regardless

of from which gene they came, may be considered to be biclogically related.

[0037] Biologically related variants may be derived naturally by DNA replication error; by

7
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spontaneous mutagenesis; by sexual reproduction; by evolution; by DNA, RNA and protein
editing/madification processes, by retroviral activity, and by other means. Biologically related
variants may be derived experimentally by plasmid construction, by gene editing systems such
as CRISPR/Cas9, by sequencing samples from patients and aligning them to a reference
sequence, and by other means. Biologically related variants may be derived computationally by
applying a series of random or preselected substitutions, insertions and deletions to a reference
sequence, by using a model of mutation to generate variants, and by other means. Biologically
related variants may be derived from a DNA or RNA sequence of a patient, a sequence that
would result when a DNA or RNA editing system is applied, a sequence where nucleotides
targeted by a therapy are set to fixed values, a sequence where nucleotides targeted by a
therapy are set to values other than existing values, or a sequence where nucleotides that
overlap, fully or partially, with nucleotides that are targeted by a therapy are deactivated. It will
be appreciated that there are other ways in which biologically related variants may be produced.

[0038] Depending on the function being studied, different sets of biologically related variants
may be obtained from the same biological sequences. In the above example, DNA sequences
for the BRCA1 gene of length 81,189 may be obtained from the reference genome and a group
of patients and form a set of biologically related variants. As an example, if we are interested in
how variants impact splicing of exon 6 in BRCA1, for each patient and the reference genome,
we may extract a subsequence of length 600 nucleotides centered at the 3 prime end of exon 6.
These splice site region sequences would form a different set of biologically related variants
than the set of whole-gene biologically related variants.

[0039] The above discussion underscores that the functional meaning of a variant is context
dependent, that is, dependent on the conditions. Consider the reference genome and an intronic
single nucleotide substitution located 100 nucleotides from the 3 prime splice site of exon 6 in
the BRCA1 gene. We can view this as two BRCA1 variants of length 81,189 nucleotides, or as
two exon 6 splice site region variants of length 600 nucleotides, or, in the extreme, as two
chromosome 17 variants of length 83 million nucleotides (BRCA1 is located on chromosome
17). Viewing the single nucleotide substitution in these three different situations would be
important for understanding its impact on BRCA1 gene expression, BRCA1 exon 6 splicing, and
chromatin interactions in chromosome 17. Furthermore, consider the same single nucleotide
substitution in two different patients. Because the neighbouring sequence may be different in

the two patients, the variants may be different.

[0040] A variant impacts function by altering one or more molecular phenotypes, which
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quantify aspects of biological molecules that participate in the biochemical processes that are
responsible for the development and maintenance of human cells, tissues, and organs. A
molecular phenotype may be a quantity, level, potential, process outcome, or qualitative
description. The term “molecular phenotype” may be used interchangeably with the term “cell
variable”. Examples of molecular phenotypes include the concentration of BRCA1 transcripts in
a population of cells; the percentage of BRCA1 transcripts that include exon 6; chromatin
contact points in chromosome 17; the strength of binding between a DNA sequence and a
protein; the strength of interaction between two proteins; DNA methylation patterns; RNA folding
interactions; and inter-cell signalling. A molecular phenotype can be quantified in a variety of
ways, such as by using a categorical variable, a single numerical value, a vector of real-valued

numbers, or a probability distribution.

[0041] A variant that alters a molecular phenotype is more likely to alter a gross phenotype,
such as disease or aging, than a variant that does not alter any molecular phenotype. This is
because variants generally impact gross phenotypes by altering the biochemical processes that

rely on DNA, RNA and protein sequences.

{0042} Since variants impact function by altering molecular phenotypes, a set of biologically
related variants can be associated with a set of molecular phenotypes. BRCA1 whole-gene
variants may be associated with the molecular phenotype measuring BRCA1 transcript
concentration. BRCA1 exon 6 splice site region variants may be associated with the molecular
phenotype measuring the percentage of BRCA1 transcripts that include exon 6. Chromosome
17 variants may be associated with the molecular phenotype measuring chromatin contact
points in chromosome 17. This association may be one to one, one to many, many to one, or
many to many. For instance, BRCA1 whole-gene variants, BRCA1 exon 6 splice region variants
and chromosome 17 variants may be associated with the molecular phenotype measuring
BRCA1 transcript concentration.

[0043] The association of a variant with a molecular phenotype does not imply for certain
that the variant alters the molecular phenotype, it only implies that it may aiter the molecular
phenotype. An intronic single nucleotide substitution located 100 nucleotides from the 3 prime
splice site of exon 6 in the BRCA1 gene may alter the percentage of BRCA1 transcripts that
include exon 6, whereas a single nucleotide substitution located 99 nucleotides from the 3 prime
splice site of exon 6 in the BRCA1 gene may not. Also, for the former case, whereas a Gto T
substitution may alter the molecular phenotype, a G to A substitution may not. Furthermore, the

molecular phenotype may be altered in one cell type, but not in ancther, even if the variant is
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exactly the same. This is another example of context dependence.

[0044] There are different approaches to determining how variants alter the same molecular

phenotype, ranging from experimental, to computational, to hybrid approaches.

[0045] The present systems comprise structured computational architectures referred to
herein as molecular phenotype neural networks (MPNNs). MPNNs are artificial neural networks,
also called neural networks, which are a powerful class of architectures for applying a series of
computations to an input so as to determine an output. The input to the MPNN is used to
determine the outputs of a set of feature detectors, which are then used to determine the
outputs of other feature detectors, and so on, layer by layer, until the molecular phenotype
output is determined. An MPNN architecture can be thought of as a configurable set of
processors configured to perform a complex computation. The configuration is normally done in
a phase called training, wherein the parameters of the MPNN are configured so as to maximize
the computation’s performance on determining molecular phenotypes or, equivalently, to
minimize the errors made on that task. Because the MPNN gets better at a given task
throughout training, the MPNN is said to be learning the task as training proceeds. MPNNs can
be trained using machine learning methods. Once configured, an MPNN can be deployed for

use in the task for which it was trained and herein for linking variants as described below.

[0046] A neural network architecture can be thought of as a configurable computation. The
configuration is normally done in a phase called training, wherein the parameters of the neural
network are configured so as to maximize the computation’s performance on a particular task
or, equivalently, to minimize the errors made on that task. Because the neural network gets
better at a given task throughout training, the network is said to be learning the task as training
proceeds. Neural networks can be trained using machine learning techniques. Once configured,

a neural network can be deployed for use in the task for which it was trained.

[0047] Fully connected neural networks are comprised of layers of feature detectors. The
layers are ordered. The first layer is an input layer into which the inputs to the neural network
are loaded. For example, the input layer may obtain a biological sequence represented as a
vector sequence and additional information. The last layer is the output layer, for example, the
molecular phenotype. In a fully connected neural network, each feature detector in each layer of

feature detectors receives input from all of the feature detectors in the previous layer.
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[0048] The systems and methods described herein make use MPNNs that are configured
as a class of neural networks called convolutional neural networks. These are referred to as
molecular phenotype convolutional neural networks (MPCNNs).

[0049] MPCNNs may be constructed to account for the relationships between biological
sequences and molecular phenotypes that they may influence. Machine learning methods may
be used to construct these computational models by extracting information from a dataset

comprising measured molecular phenotypes, DNA, RNA or protein sequences.

[0050] MPCNNSs operate by: applying a set of convolutional filters (arranged as one or more
convolutional layers) to the input sequence; applying non-linear activation functions to the
outputs of the convolutional filters; and applying a pooling operation to the output of these
activation functions (also known as pooling layers) to obtain a feature map. These three steps
may be applied, recursively, to the feature map, by replacing the input sequence with the
feature map, to obtain deeper feature maps. This may be repeated to obtain even deeper
feature maps, and so on. At some point the output is obtained by applying a non-convolutional

neural network to the deepest feature map.

[0051] The convolutional filters in MPCNNSs are shared across sequence positions and act
as sequence feature detectors. The non-linear activation functions identify significant filter
responses while repressing spurious responses caused by insufficient and often idiosyncratic
matches between the filters and the input sequences. The pooling procedure detects the
occurrence of sequence features within a spatial window, providing a certain transiational
invariance to the MPCNN. The fully connected network combines information across different
feature detectors to make a prediction.

[0052] it will be appreciated that there are different variations of convolutional neural
networks, including extensions such as recursive neural networks, that the systems and

methods described herein may make use of.

[0053] While MPCNNs have been used {0 determine molecular phenotypes, such as
protein-DNA binding, an important weakness of those CNNs is the presence of activations
within feature maps in regions where activity should not be present. This leads to the inaccurate

ascertaining of molecular phenotypes.

[0054] This occurs because these MPCNNs assume that each filter should be applied
equally in all regions of the input, that is, everywhere in the biological sequence. However,

biological sequences often have complex structures that vary across the sequence and these
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structures impact the accuracy and utility of detected features. For instance, a nucleosome may
block certain DNA sequence elements from having function. As a result, treating all positions in

a biological sequence in the same way when applying convolutional filters can be suboptimal.

[0055] Applying convolutional filters to biological sequences, such as DNA, RNA, or protein
sequences, naively assumes that positions within the biological sequences respond in a uniform
way to the convolutional filters which may result in spurious firing of feature detectors and may
in turn result in suboptimal predictive performance of the MPCNN. Applicant has determined
that the main cause of this phenomenon is that particular positions within the biological
sequence may not be relevant for a particular convolutional filter or sequence feature detector.
For example, a position in an RNA molecule might be folded into a stem in a stem-and-loop
secondary structure. In the secondary structure, certain positions are paired with some other
RNA sequences, making them inaccessible to RNA-binding proteins that only bind to single-
stranded RNA. As a result, the motif detector of the forgoing RNA-binding proteins should
ideally be suppressed for those positions within a paired secondary structure. Instead of naively
scanning the RNA sequence with the motif, leveraging information of secondary structure may
improve the specificity of the activation of motif detectors and may improve overall predictive

performance of the system.

[0056]) Systems and methods are provided herein for training convolutional neural networks
using biological sequences along with relevance scores derived from structural, biochemical,
population and evolutionary data. The relevance scores are position- and filter- specific to
suppress undesirable detected features and make the MPCNN more effective. The relevance
scores can be provided to the MPCNN as a relevance score sequence. As will be described
herein, in various embodiments the relevance scores may be determined using a separate
neural network, referred to herein as a relevance neural network, which may be trained
concurrently with the training of the MPCNN, or separately.

[0057] It will be appreciated that the biological sequence may be a variant of another
biological sequence, and may be experimentally determined, derived from an experimentally
determined sequence, arise due to evolution, due to spontaneous mutations, due to gene
editing, or be determined in another way.

[0058] Referring now to Fig. 1, a system (100) in accordance with the foregoing comprises a
MPCNN (101) that is a convolutional neural network comprising a layer of input values (103)
that represents a biological sequence (which may be referred to as an “input layer”), at least one

12
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alternating set of convolutional and pooling layers comprising one or more convolutional layers
(102,102’) each comprising one or more convolutional filters (104) and one or more pooling
layers (108, 108"), and a neural network (105), the output of which provides output values (110)
that represent the computed relevance scores {(which may be referred to as an “output layer”
(112)).

[0059] Each convolutional filter (104) implements a feature detector, wherein each feature
detector comprises or is implemented by a processor. The relevance score for each position of
a biological sequence are stored in a memory (106) and linked to a weighting unit (109).
Weights may be applied in each convolutional feature detector (104) in accordance with learned
weighting. Non-linear activation functions are applied to the convolutional filters, and the pooling
layers (108) apply a pooling operation to the output of these activation functions.

[00860] The particular MPCNN (101) shown in Fig. 1 is an example architecture; the
particular links between the convolutional feature detectors (104) and the pooling layers (108)
may differ in various embodiments, which are not all depicted in the figures. The neural network
(105) may be omitted and each pooling layer (108, 108’y may be omitted or configured to pool
differently. A person of skill in the art would appreciate that such embodiments are

contemplated herein.

[0061] As shown in the system depicted in Fig. 1, the input to the MPCNN comprises a
biological sequence encoded by an encoder (107) as a vector sequence. It will be appreciated
that the input may include additional information, which may comprise, for example,

environmental factors, cell labels, tissue labels, disease labels, and other relevant inputs.

[0062] One method that may be applied by the encoder (107) is to encode the sequence of
symbols in a sequence of numerical vectors, a vector sequence, using, for example, one-hot
encoding. The symbol s; is encoded in a numerical vector x; of length m: x; = (X1, ... » Xjm)
where x;; = [s; = o;] and [-] is defined such that [True] = 1 and [False] = 0 (so called lverson’s
notation). One-hot encoding of all of the biological sequence elements produces an m xn
matrix X. For example, a DNA sequence CAAGTTT of length n=7 and with an alphabet

A = (A G,G,T), such that m = 4, would produce the following vector sequence:

0110000
w_[1 000000
0001000
0000111

[0063] Such an encoding is useful for representing biological sequences as numeric inputs
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to the neural network. It will be appreciated that other encedings of X may be computed from
linear or non-linear transformations of a one-hot encoding, so long as the transformed values
are still distinct.

[0064] The MPCNN examples described above may all be implemented by the same or
possibly different MPCNN structures; that is, the number, composition and parameters of the
filters, layers and pooling may or may not differ. It will be appreciated that the biological
sequences need not be of the same length and that an MPCNN may be trained to account for
other molecular phenotypes, for other biologically related variants and for other specifications of

the additional information.

[0065] It will also be appreciated that many different machine learning architectures can be
represented as neural networks, including linear regression, logistic regression, softmax
regression, decision trees, random forests, support vector machines and ensemble models.
Differences between techniques and architectures often pertain to differences in the cost

functions and optimization procedures used to configure the architecture using a training set.

[0066] It will also be appreciated that the MPCNN may also take as input a vector of
features that are derived from the variant sequence. Examples of features include locations of
protein binding sites, RNA secondary structures, chromatin interactions, and protein structure

information.

[0067] In the MPCNN (101), the output of the convolutional layers are affected by relevance
scbre sequences which are implemented in a weighting unit (109). The relevance score
sequences are derived from structural, biochemical, population, or evolutionary data. The
relevance score sequences signify how relevant each position of a biological sequence is with
respect to each convolutional filter. In one aspect, each relevance score in a relevance score
sequence is used to scale the effect of the corresponding position within a biological sequence

with respect to a convolutional filter.

[0068] The relevance scores affect the output of the convolutional filters with the effect of a
soft mask on the activations of the convolutional feature detector in regions that are not capable
of interacting with the biological process. The relevance score may, for example, be a number
between zero and one, where zero indicates minimal relevance and one indicates maximal
relevance. In another embodiment, the relevance scores can have unbounded values and can
be interpreted as how the response of each position should be scaled for each convolutional

filter.
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[0069] The relevance score for each position of a biological sequence is stored in the
memory (106) and input to the weighting unit (109). In the embodiment shown in Fig. 1, the
weighting unit (108, 109") is applied at the output of each convolutional filter (104) that is
designed to be the result of a convolution weighted by the reIévance score. Denote the output of
one of the convolutional filters by y and denote the i th output of the filter by y[i]. It is set as

follows:

ylil e rli] ) sli= kllid,
Kk=-K
where ‘«’ is the operation of using a computational architecture implementing the formula to the
right of the arrow and storing it in a memory location represented by the symbol to the left of the
arrow. Here, h[k] represents the convolutional filter component at the k th position, s[i]
represents the symbol at position i in the biological sequence (103) or the output of the previous
pooling layer (108), and r[i] is the relevance score at position i. At other layers, the same or
different relevance score sequences may be used, such as r’ at (109’). It will be appreciated that
the convolution operation may be computed using multiple processors or threads in a muilti-
threaded machine and that there are other ways of implementing the convolution operation to

achieve a similar effect.

[0070] it will be appreciated that the sequence at the output of the convolutional filter (104)
may be shorter than the sequence that is input to the convolutional filter, because of the
application of the filter. it will be appreciated that the output sequence may be the same size as
the input sequence, which may be achieved using zero padding, if the input sequence is

analyzed with wrap-around.

[0071] Since the pooling operation results in shorter sequences, the relevance score
sequences that are applied after pooling may be shorter than those applied before pooling. For
example, in Fig. 1, if the pooling layer (108) reduces the length of the sequence by one half,
then the relevance score sequence r’ applied at (102’) would be half as long as the relevance

score sequence r applied at (102).

[0072] Both s[i] and h[k] may be vectors that encode a symbol from a discrete alphabet.
For example, if the biological sequence is a DNA sequence, s[i] = (1,0,0,0) encodes the
nucleotide A, s[i] =(0,1,0,0) encodes the nuclectide C, s[i]=(0,0,1,0) encodes the
nucleotide G, and s[i] = (0,0, 0,1) encodes the nucleotide T. Similarly for this example, h[k] is a

vector with four dimensions. The operation s{i — k]h[k] is a dot product between the two vectors.
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[0073] In another embodiment, as shown in Fig. 2, the input sequences to the convolutional
filters (104) are weighted by the weighting unit (109) before the convolution occurs:
K
yli] 2 rli — k)s[i — k]h[K].
k=-K
[0074] The weighting unit (109) may alternatively implement a different weighting for the
output of the convolutional filters (104). For example, an alternative setting of the i th output of
the filter, y[{], sets input sequence elements that are less relevant to be closer to a reference
vector m that describes a reference encoding:
K
yli] < Z (rli — Klsli — k] + (1 — r[i — k])m)Alk].
k=-K
[0075] The reference vector corresponds to an average sequence. For example, for a DNA
sequence, the reference vector, m, is a four dimensional vector, m = (m,,m,, m3,m,), and a
particular choice would be m = (0.25,0.25,0.25,0.25).

[0076] It will be appreciated that the architectures implementing the above computations
can be structured in different ways to achieve the same or a similar effect. For instance the

computation:

K
yli] « Z (rli - Kls[i = k] + (1 — r[i — kDm)h[k]
k=—K

can be implemented as follows. Because different filters are applied to the same relevance-
weighted sequences, it can be efficient to first compute the following:
ali] « rlils[i,
bli] = (1 = r[iDm,
cli] « ali] + b[i].

[0077] Next, for a given convolution filter h[k], the filter output can be computed using the

architecture:

K
ylil < ) cli—klkli]
k=-K
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[0078] in another aspect, the relevance score is a scalar numerical value for each position

and for each filter. For J filters hy[k], hy[k], ... hj[k], there are ] relevance score sequences

il r2[i], ... 7y [i], and in one embodiment the J filter outputs are:

K
ylil e Yl - Klsli = klhy[k]
k=-K
[0079] It will be appreciated that the different embodiments described above can make use

of these filter-specific relevance scores.

[0080] In one embodiment, the MPCNN may be trained by operating the MPCNN in a
modified back-propagation mode using a dataset of examples, wherein each example
comprises a biological sequence; a relevance score sequence; and targets corresponding to the
outputs of the MPCNN. For each example, the MPCNN is operated in the forward-propagation
mode to ascertain the outputs of the MPCNN. Then, the MPCNN is operated in a modified back-
propagation mode to determine the gradients for the parameters. These gradients are collected
over examples, such as batches or minibatches, and are used to update the parameters. It will
be appreciated that for all of the embodiments described above, the filter output can be
differentiated with respect to the parameters of the filters. The resulting gradients can be viewed
as gradients determined using a standard MPCNN, but weighted using the relevance scores.

[0081] In the embodiment wherein the filter output is
K
yli] & r[i] 2 s[i — k]hlk],
k=—K

the gradient of the filter output y[i] with respect to the filter value h[k'] is given by

L\ i g
ah[k’]) e rlils[i - k£].

[0082] In the regular back-propagation procedure, wherein the relevance score is unity, the

gradient is

aylij \"¢9 ; /
(—_ah[k’]) ~sli—k'].

[0083] So, the modified backpropagation procedure computes gradients that are related to

the gradients computed in the regular back-propagation procedure as follows:

(Y™ g (2)™

dhlk’] 3hik']
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[0084] In the embodiment wherein the filter output is
K
ylil D sl = sl = Kliyli,
k==K

the gradient of the filter output y;[i] with respect to the filter value h;[k'] as determined by the

modified back-propagation procedure is given by

1 \mod
(%) e rili — K'lsli — k']

[0085] The regular back-propagation procedure results in the gradient,

gyl \Ted . ,
(alz][g}]) «s[i— k'],

so that the modified gradient is related to the regular gradient as follows:

oy \"™ o (ay,-[i] )”9
<6hj[k’]) enli—k] )

[0086] It will be appreciated that these derivatives may be computed by modifying the back-
propagation architecture used to train the MPCNN in different ways.

[0087] In another aspect, the relevance score sequences may be applied not only to the
lowest level convolutional filters that act on biological sequences, but also to intermediate-level
convolutional filters that act on feature maps generated by lower-level convolutional filters.
These implementations are shown in Fig. 1 and Fig. 2, wherein a plurality of weighting units
(109 and 109) are shown. These intermediate-level convolutional filters (102") may detect
intermediate-level biological sequence features and have a receptive field with a size that
depends on the size of the lower level convolutional filters and pooling layers. The derivatives
describe above can be used in intermediate layers to compute the derivatives for intermediate-
layer filters. Back-propagation will require the derivatives of the inputs to the convolutional
operation. It will be appreciated that these derivatives can be computed and incorporated into

the architecture used for back-propagation in the MPCNN.

[0088] Let y![i] be the filter activation at position i in layer [ of the MPCNN, that s'=[i] is
the pooled activity of the previous layer [ — 1 in the MPCNN, that h![k] is a filter applied at
layer I, and r'[i] is the relevance score at position i for the intermediate layer, so that during

forward-propagation,
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Yl vt ) st = kil
k=-K

[0089] Back-propagation makes use of the gradient of the filter output with respect to the
pooled activity from the previous layer:

aylli] \™o4 o it lre

(GHE) e st - i,
for |i — i'| £ K and zero otherwise. In this embodiment the modified gradients are related to the
regular gradients as follows:
mod

()™ i (221

[0090] It will be appreciated that the modified gradients can be determined from the formula

for the reguiar gradients for other architectures in a similar manner.

[0091] In another embodiment, the relevance scores may be determined using neural
networks whose inputs comprise position-dependent tracks obtained with structural,
biochemical, population and evolutionary data of biological sequences. The neural networks
have configurable parameters. These neural networks are referred to herein as relevance

neural networks.

[0092] An exemplary relevance neural network is shown in Fig. 3. A relevance neural
network (301) is a neural network comprising a layer of input values that represents the
position-dependent tracks (303) (which may be referred to as an “input layer”), one or more
layers of feature detectors (302, 302, 302”) and a layer of output values that represents the
relevance scores (305) (which may be referred to as an “output layer”). Each layer of feature
detectors (302, 302’, 302") comprises one or more feature detectors (304), wherein each
feature detector comprises or is implemented by a processor. Weights may be applied in each
feature detector (304) in accordance with learned weighting, which is generally learned in a
training stage of the neural network. The input values, the learned weights, the feature detector
outputs and the output values may be stored in a memory (306) linked to the relevance neural
network (301).

[0093] It will be appreciated that relevance neural networks can be configured to produce a
series of computations that implement other machine learning architectures, such as linear
regression, logistic regression, decision trees and random forests. The position-dependent

tracks may include DNA accessibility scores, nucleosome structure scores, RNA-secondary
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structure, protein secondary structure, tracks of common and rare mutations in human

populations, retrovirus-induced repeats and evolutionary conservation scores.

[0094] In one embodiment, a relevance neural network that takes as its input a set of
position-dependent tracks obtained with structural, biochemical, population and evolutionary
data of biological sequences is used to determine the relevance scores. The relevance neural
network determines the relevance scores using the values of the tracks at the position whose

relevance score is being predicted:

r[i] « fulil; 9),

where u[i] is a vector containing the structural, biochemical, population and evolutionary track
values at position i in the sequence, and f is a neural network with parameters 6. There may be

different relevance neural networks for different filters.

[0095] In another embodiment, the relevance neural network takes as input the values of

the tracks within a window around the position whose relevance score is being predicted:
rli] « f(uli — N:i + NJ; 9),

where u[i — N:i + N] comprises the structural, biochemical, population and evolutionary track
values at positions i = N,i—N+1,i~-N+2,...,i+N—-2,i+N-1,i+ Nin the sequence. For
T tracks, ufi — N:i+ Nlis aT x (2N + 1) matrix. It will be appreciated that other definitions of

the window may be used.

[0096] In another aspect, the relevance neural network f(u[i]; 6) learns how a particular
convolutional filter should ignore genomic sequences dependent on structural, biochemical,
population and/or evolutionary information available to the predictor. Because the relevance
predictor is shared among positions across the genome, it may be a statistically parsimonious
model and information on how a convolutional filter should respond to biological sequences can

be combined to produce statistically useful predictors.

[0097] In another aspect, the relevance neural networks may be applied not only to the
lowest level convolutional filters that act on biological sequences, but also to intermediate-level
convolutional filters that act on feature maps generated by lower-level convolutional filters.
These intermediate-level convolutional filters may detect intermediate-level biological sequence
features and have a receptive field with a size that depends on the size of the lower level
convolutional filters and pooling layers. The relevance neural networks for intermediate-level

convolutional filters can take as input the structural, biochemical, population and evolutionary
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relevance tracks within a window in the biological sequence fully or partially covering the
receptive field of the convolutional filter.

[0098] In another embodiment, the MPCNN and the relevance neural network can be
trained using a dataset consisting of biclogical sequences; tracks for structural, biochemical,
population and evolutionary data; and MPCNN targets, such as molecular phenotypes. To
adjust the parameters of the MPCNN and the relevance neural network, the architecture is
operated in the back-propagation mode, which requires computing derivatives of the MPCNN
output with respect to the intermediate computations, including outputs of the filters and the
relevance scores, as well as the parameters of the MPCNN and the parameters of the
relevance neural networks. This combined MPCNN-relevance neural network is fully
differentiable and back-propagation may be used to compute the gradient of all parameters.
Therefore, the system may be trained jointly with standard deep learning methods such as

stochastic gradient descent so that the MPCNN and the relevance network work better together.

[0099] In this embodiment, the operation of the MPCNN in the back-propagation mode is
modified so as to provide gradients that are used by the relevance neural network operating in
the back-propagation mode. In particular, the gradient of the filter output with respect to the
output of the relevance neural network is needed. For the embodiment wherein

K

ylil e ) (rli—Klsli— ]+ (1 = rli = kDm)hlk],
k=-K

the gradient is

(ZY™ - s(qi') — myhli — 1]

[0100] In another embodiment, biological sequences containing mutations can be fed into
the MPCNN architecture and analyzed, using any of the following methods. 1) Re-determine the
relevance score sequence taking into account the mutation. For example, if the relevance
scores comprise secondary structure tracks determined using a secondary structure simulation
system, the system can be used to determine the secondary structure track for the mutated
sequence. 2) Set the relevance score in the location of the mutation to a value that is derived
using other relevance scores, such as the average of the relevance scores in a window
centered at the mutation. 3) Use the original relevance score sequence for the mutated

sequence.

[0101] Referring now to Fig. 4 an exemplary flowchart illustrates a method (400) for training
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MPCNNs using biological sequences and relevance scores. At block 402, a dataset of
examples is obtained, wherein each example comprises a biological sequence encoded as a
vector sequence, and one or more relevance score sequences derived from structural,
biochemical, population, or evolutionary data. At block 404, relevance scores are either
obtained or are computed using a relevance neural network for one or more positions in each
biological sequence using data derived from structural, biochemical, population or evolutionary
data. At block 406, one or more filter inputs are replaced with one or more modified filter inputs
or one or more filter outputs are replaced with one or more modified filter outputs. At block 408,
modified filter input(s) or output(s) are obtained. For each vector sequence and for one or more
filters in the convolutional neural network, modified filter inputs or outputs are produced for the
one or more positions by multiplying the respective filter inputs or outputs for the one or more
positions by the relevance scores for the one or more positions. Alternatively, modified filter
inputs are produced for the one or more positions by multiplying the filter inputs for the one or
more positions by the relevance scores for the one or more positions and adding one minus the

relevance scores for the one or more positions times a reference vector.

[0102] Although the invention has been described with reference to certain specific
embodiments, various modifications thereof will be apparent to those skilled in the art without

departing from the spirit and scope of the invention as outlined in the claims appended hereto.
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CLAIMS

1. A system for weighting convolutional layers in a molecular phenotype convolutional neural

network (MPCNN), the system comprising:

a. the MPCNN comprising at least three layers, each of the at least three layers
configured to receive inputs and produce outputs, a first layer of the at least three
layers configured to obtain a biological sequence comprising a plurality of positions,
a last layer of the at least three layers representing a molecular phenotype, each
layer of the at least three layers other than the first layer configured to receive inputs
from the produced outputs of one or more prior layers of the at least three layers;

b. one or more of the at least three layers configured as convolutional layers, each of
the convolutional layers comprising one or more convolutional filters linking the
received inputs of the convolutional layer to produced outputs of the convolutional
layer, the received inputs of the convolutional layer comprising a plurality of
convolutional layer input positions, the produced outputs of the convolutional layer

comprising a plurality of convolutional layer output positions; and

c. one or more weighting units, each of the one or more weighting units linked to at
least one of the one or more convolutional filters of a convolutional layer, each of the
one or more weighting units associated with a relevance score sequence, each of
the relevance score sequences comprising a plurality of relevance score sequence
positions, each of the plurality of relevance score sequence position associated with
a numerical value, each of the one or more weighting units configured to use the
associated relevance score sequence to weight operations of the associated
convolutional filter of the one or more convolutional filters.

2. The system of claim 1, wherein at least one of the one or more weighting units is configured
o use the associated relevance score sequence to weight the produced outputs of the

associated convolutional layer.

3. The system of claim 1, wherein at least one of the one or more weighting units is configured
to use the associated relevance score sequence to weight the received inputs of the
associated convolutional layer.

4. The system of claim 1, wherein one or more of the at least three layers are configured as
pooling layers, each pooling layer comprising a pooling unit linking received inputs of the

pooling layer to produced outputs of the pooling layer, the received inputs of the pooling
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layer comprising a plurality of pooling layer input positions, the produced outputs in the
pooling layer comprising a plurality of pooling layer output positions, wherein the received
inputs in the pooling layer are linked to the produced outputs of at least one of the one or
more convolutional layers.

The system of claim 1, wherein at least one of the at least three layers other than the first
layer are configured as a fully connected layer, wherein the produced outputs of each fully
connected layer are obtained at least in part by multiplying the received inputs in the fully
connected layer by corresponding parameters to produce a plurality of products,
determining a sum of the plurality of products, and applying a linear or a nonlinear function
to the sum.

The system of claim 1, wherein the relevance score sequences are obtained from
evolutionary conservation sequences, population allele frequency sequences, nucleosome
positioning sequences, RNA-secondary structure sequences, protein secondary structure
sequences, and retroviral insertion sequences.

The system of claim 1 further comprising an encoder configured to encode the biological

sequence as a vector sequence.

The system of claim 1, further comprising a MPCNN training unit configured to train the
MPCNN using a plurality of training cases, each of the plurality of training cases comprising

a biological sequence and a molecular phenotype.

The system of claim 8, wherein training the MPCNN comprises adjusting parameters of the

MCPNN using gradients of the parameters.

The system of claim 9, wherein adjusting the parameters of the MPCNN comprises one or
more of a batch gradient descent, a stochastic gradient descent, a dropout, and a conjugate

gradient method.

The system of claim 1, further comprising a relevance score neural network configured to

generate the relevance score sequences.

The system of claim 11, wherein the relevance score neural network comprises a fully
connected neural network, a convolutional neural network, a multi-task neural network, a
recurrent neural network, a long short-term memory neural network, an autoencoder, or a
combination thereof.
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13. The system of claim 11, further comprising a relevance score neural network training unit
configured to train the relevance score neural network using a plurality of training cases,
each of the plurality of training cases comprising a biological sequence and a relevance

score sequence.

14. The system of claim 13, wherein training the relevance score neural network comprises
adjusting parameters of the relevance score neural network using gradients of the relevance
score neural network.

15. The system of claim 14, wherein adjusting the parameters of the relevance score neural
network comprises one or more of a batch gradient descent, a stochastic gradient descent,

a dropout, and a conjugate gradient method.

16. A method for weighting layers in a molecular phenotype convolutional neural network
(MPCNN), the method comprising:

a. obtaining the MPCNN comprising at least three layers, each of the at least three
layers receiving inputs and producing outputs, a first layer of the at least three layers
obtaining a biological sequence comprising a plurality of positions, a last layer of the
at least three layers representing a molecular phenotype, each layer of the at least
three layers other than the first layer receiving inputs from the produced outputs of
one or more prior layers of the at least three layers, wherein one or more of the at
least three layers are convolutional layers, each convolutional layer comprising one
or more convolutional filters linking the received inputs in the convolutional layer to
produced outputs in the convolutional layer, the received inputs of the convolutional
layer comprising a plurality of convolutional layer input positions, the produced
outputs of the convolutional layer comprising a plurality of convolutional layer output
positions;

b. obtaining one or more relevance score sequences, each of the one or more
relevance score sequences comprising a plurality of relevance score sequence
positions, each of the plurality of relevance score sequence positions associated with

a numerical value; and

c. applying one or more weighting operations, wherein each weighting operation of the
one or more weighting operations comprises using an associated relevance score
sequence in the one or more relevance score sequences to weight operations of an
associated convolutional filter of the one or more convolutional filters.
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The method of claim 16, wherein applying at least one of the one or more weighting
operations comprises using the associated relevance score sequence to weight the
produced outputs of the associated convolutional filter.

The method of claim 16, wherein applying at least one of the one or more weighting
operations comprises using the associated relevance score sequence to weight the received
inputs of the associated convolutional filter.

The method of claim 16, wherein one or more of the at least three layers are configured as
pooling layers, each pooling layer performing a pooling operation to link the received inputs
in the pooling layer to produced outputs in the pooling layer, the received inputs in the
pooling layer comprising a plurality of pooling layer input positions, the produced outputs in
the pooling layer comprising a plurality of pooling layer output positions, wherein the
received inputs in the pooling layer are linked to the produced outputs of at least one of the

one or more convolutional layers.

The method of claim 16, wherein at least one of the at least three layers other than the first
layer are configured as a fully connected layer, wherein the produced outputs of each of the
one or more fully connected layers are obtained at least in part by multiplying the received
inputs of the fully connected layer by corresponding parameters to produce a plurality of
products, determining a sum of the plurality of products, and applying a linear or a nonlinear
function to the sum.

The method of claim 16, wherein the relevance score sequences are obtained from
evolutionary conservation sequences, population allele frequency sequences, nucleosome
positioning sequences, RNA-secondary structure sequences, protein secondary structure
sequences, and retroviral insertion sequences.

The method of claim 16, further comprising an encoding operation that encodes the
biological sequence as a vector sequence.

The method of claim 186, further comprising training the MPCNN using a plurality of training
cases, each of the plurality of training cases comprising a biological sequence and a

molecular phenotype.

The method of claim 16, wherein training the MPCNN comprises adjusting parameters of the
MPCNN using gradients of the parameters.
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The method of claim 24, wherein adjusting parameters of the MPCNN comprises one or
more of: a batch gradient descent, a stochastic gradient descent, a dropout, and a conjugate
gradient method.
The method of claim 186, further comprising generating the one or more relevance score

sequences using a relevance score neural network.

The method of claim 26, wherein the relevance score neural network comprises a fully
connected neural network, a convolutional neural network, a multi-task neural network, a
recurrent neural network, a long short-term memory neural network, an autoencoder, or a
combination thereof.

The method of claim 26, further comprising training the relevance score neural network
using a plurality of training cases, each of the plurality of training cases comprising a
biological sequence and a relevance score sequence.

The method of claim 28, wherein training the relevance score neural network comprises
adjusting parameters of the relevance score neural network using gradients of the relevance
score neural network.

The method of claim 29, wherein adjusting the parameters of the relevance score neural
network comprises one or more of: a batch gradient descent, a stochastic gradient descent,

a dropout, and a conjugate gradient method.
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