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Molecular biology is a highly complicated subject due to the complexity of cells and
organisms as systems. To decode them, recent efforts are dedicated to generating data at an
increasingly large scale. Luckily, the emergence of two major methods in bioinformatics,
network analysis and machine learning, have provided us with tools to digest these data into
biological insights. During my PhD, I have improved and developed methods in network
analysis and machine learning to make them more efficient and generate human understandable
insights. In chapter I, colleague and I developed a new version of information flow analysis
algorithm with time complexity of O(n’m) instead of O(n*). We also developed a GPU version of
this algorithm that can achieve a 17.4x speed up over the original implementation on a Hi-C
network of a relatively small chromosome. This would allow us to apply information flow
analysis on much larger biological networks. In chapter II, I developed contextual regression, a
deep neural network framework that can achieve state of the art prediction accuracy while
generating human interpretable outputs. We tested this method on a simulated biological signal
dataset and found our method not only has good prediction performance, but also is able to
uncover the ground truth model even under a noise level of 80%. To test this method on real
world data, we also applied this method to analyze the effect of histone marks on open
chromatin. The model not only outperforms previous models in terms of prediction, but also
uncover histone mark patterns that are associated with open chromatin formation. In chapter III,
colleague and I applied the contextual regression framework on circular RNA data. Combining
this new method and the circNet database, we uncovered 7 types of circular RNA genesis
mechanisms. This discovery supports the hypothesis that multiple biogenesis mechanisms

co-exist for different subsets of human circRNAs. In chapter IV, I developed a new contextual

XV



regression architecture and applied it to the task of predicting RNA expression level from gene
sequences. The new architecture not only achieved state of the art accuracy, but also learned
important motifs that can affect gene expression. I then developed a selection process and
generated a linear formula of 300 sequence motifs that can predict expression level as accurately
as deep neural network models. The most influential motifs among these motifs are deeply
involved in development, regulation and stimulus response. When we applied this linear formula
to different cell lines, we found the parameters of this formula are associated with biological
properties such as epigenetic influence through development, cell lineages and difference of
expression patterns among cell lines. We anticipate that these studies have created tools towards

the challenge of mining biological insights from increasing amounts of biological data.
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INTRODUCTION

Decades have passed since the human genome has been sequenced'” and most of the
proteins in human cells are discovered®*, however, many mysteries of how human body
functions are still present. In an attempt to uncover them, large biological datasets are proposed
and generated. The Encyclopedia of DNA Elements (ENCODE) project’ has produced 5992
experimental datasets, covering RNA transcription, chromatin structure and modification, DNA
methylation, chromatin looping, and occupancy by transcription factors and RNA-binding
proteins of various cells in both human and mice. The Roadmap project® has generated
epigenomic data of 111 human cell lines. Other databases for circular RNA’, DNA motifs*’ and

10,11

protein interactions ™ are also generated.

With the growing number of databases comes a growing need for analysis methods and

1213 and deep learning'*'® have emerged as effective tools to

tools. Recently, network analysis
digest these datasets. Network analysis can be applied to study biological networks such as
transcription factor networks'’ and protein-protein interactions'®. Deep learning can be used to
predict various biological properties such as open chromatin'’, histone marks'®, protein binding'*
and gene expression levels'®. However, some of the major methods in these two domains have
room for improvement. In network analysis, information flow analysis'* has shown its potential
to find globally important nodes in the network. But due to its heavy computing cost, it is limited

1416 can achieve

to be used on small networks of a few thousand nodes. Deep learning models
state of the art prediction accuracy on biological datasets. However, unlike simple models such

as linear regression®’, they are highly uninterpretable due to their complexity. This attribute
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makes it very hard to derive biological insights from trained deep learning models. Thus we have
devoted our efforts to improve the computing speed of information flow analysis and the

interpretability of deep neural networks.

In Chapter 1, colleague and I show that an alternative version of information flow
analysis'? can reduce its time complexity from O(n*) to O(n’m) while generating the same
outputs. On top of that, we developed a GPU implementation of this algorithm to further speed

up the computing process.

Information flow analysis'? is an effective way for finding important nodes in a network.
Unlike degree, which only measures local centrality, information flow score can evaluate the
global importance of a node in the network. This algorithm can be applied not only to
protein-protein interaction networks, but also a promising method for analyzing Hi-C interaction
networks. However, this algorithm has an unaffordable computational cost. It has a time
complexity of O(n*) which limits its application to small size networks with less than a thousand
nodes. A Hi-C network with resolution at Skbp has tens of thousands of nodes. Thus speeding it

up is essential for this application.

In Chapter 2, I develop a novel neural network framework called contextual regression
that can make predictions as accurate as a deep neural network while generating interpretable
outputs for mining biological insights. I tested this framework on simulated biological signal data
and found that it can discover the ground truth model even under high noise levels. I also applied
it to find important histone marks for open chromatin formation. The model not only achieved

state of the art accuracy on the task of predicting open chromatin from histone marks, but also
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identified H3K4me3 and H3K18ac as open chromatin associated motifs which are not well

known previously.

Deep neural networks have emerged as the model with the highest accuracy in many
tasks'*'">, However, their black box nature has limited our ability to derive insight from their
parameters. Interpretation methods such as LIME?', DeepLift** and SHAP> have been developed
to identify important features that affect model decision, but all of them are limited to be applied
to existing models. They not only take extra time to generate interpretation, but also not allow
users to apply regularization on the model to enforce restraint on interpretation such as sparsity.
Thus a deep neural network framework that generates human interpretable results is a better

solution in this aspect.

In Chapter 3, colleague and I developed a contextual regression model"’

and applied it to
study the mechanism of circular RNA genesis. The model we developed achieved 72.6%
prediction accuracy and 0.8 AUC on the dataset. It also discovered that human circular RNAs
can be divided into 7 subgroups with main sequence features: RNA editing sites, simple repeat

sequences, self-chains, RNA binding protein binding sites and CpG islands. This supports the

hypothesis that multiple genesis mechanisms coexist in human circular RNA.

Circular RNAs play a very important role in the cell. They can function as miRNA
sponge** and regulate transcription of parental genes by interacting with Pol II1*°. They are found
to be important for various biological processes such as brain function® and fetal development?’.
Circular RNAs are generated through the process of exon circulation which is a process

hypothesized to compete with pre-mRNA splicing®. Previously, researchers have suggested that
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circular RNAs can be divided into multiple subsets with different mechanisms of genesis and
these mechanisms are associated with sequence features***>*. The CircNet™ database combined
with the data mining capability of contextual regression'® can help us shed light on the major

factors of circular RNA genesis.

In Chapter 4, I developed a motif finding contextual regression model and applied it to
find the important sequence motifs for gene expression. This model not only achieved the same
accuracy as state of the art models', but also allowed us to derive a linear formula of gene
expression level based on sequence motif counts. We then selected the top 300 motifs for
predicting gene expression level and trained linear formulas of gene expression on 154 cell
lines*. Among the high weight motifs, We found that their model parameters can accurately
characterize the similarity between cells and their parameter variance across cell lines are

correlated with the function of their associated genes.

Mathematical models are highly useful tools for understanding biological data. By
training a model to predict a biological phenomenon from biological properties, the model allows
us to identify the contribution of each property to the phenomenon. However, with the rise of
deep neural network®®, the human interpretability of the models is falling’” despite improving
prediction accuracy. This is especially a problem in scientific research since we need to
understand the underlying mechanism rather than only have a prediction model that works. But
not all deep neural networks are uninterpretable. Material science, for instance, uses neural
network potential (NNP) models*** to predict system energy. This model generates the energy of

each bond and atom in the system and then sums them up to get the result. In this way, the total
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energy can be expressed by a summation formula of energies outputted by the neural network
and the role of each atom and bond can be inferred from their individual energy value. Similarly,
a model that can express biological phenomena as a linear formula of sequence motifs will also

provide us with insights into the underlying biology.
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CHAPTER 1: ALOWER COMPLEXITY INFORMATION FLOW ANALYSIS

ALGORITHM FOR NETWORK CENTRALITY ANALYSIS

1.1 Abstract
Information flow analysis is an effective way to identify and characterize important nodes
in a network. This method can be applied not only to analyze interactions between genes and
proteins, but also interaction networks in general. However, the method used to solve the linear
system in the algorithm scales very fast (O(n*)) as the size of the system increases. In this paper,
we present an optimized algorithm that can solve this kind of system under O(n’m) time
complexity while having a reasonable time constant and using twice the amount of memory as

the input data.
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1.2 Introduction
Information flow analysis, developed by Dr. Missiuro and her colleagues!"! offers a better
way to extract information of gene interactions than betweenness and shortest path methods. The

most computationally intense problem involved in this analysis can be described as below:

“Given an n x n symmetric matrix A, for i = 1 to n, zero the row 1 and column i in A, except
A[1,1] = 1 (isolate the node from the circuit). Then, for j = i+1 to n, solve for X on the linear

system: AX=Y, in which Y has 1 for element j and 0 for all other elements.”

In the paper, Dr. Missiuro and her colleagues offer a solution as below (which I paraphrased to

make later explanations easier):

1. assemble matrix A based on the conductance matrix
2. fori=1..N:
a. remove the row and column i of A to get A~
b. decompose A™" into L and U matrices (O(n?))
c. forj=(i+1)...N:
i.  assemble vector Y to have all Os except 1 in the j™ entry
ii.  solve X: X=U"'(L'Y)

ili.  compute the absolute sum of currents for each node
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LU decomposition is an O(n’) operation. Running it for n times will result in an O(n*) runtime
that scales up very fast. Even though many of the genetic interactome network matrices can be
sparse, LU decomposition has a “fill-in” effect which causes the resulting L and U matrices to be
dense. Previous research has developed strategies such as using pivoting matrices or
hypergraph® to reduce this effect, which is not the focus here. Besides, making the algorithm

asymptotically faster is meaningful despite the density of the matrices.

Here, we have developed an algorithm that can solve the problem in O(n’m), where m is
the number of branches in the network. They are also more memory efficient than the original
algorithm (In dense circumstances, A, A, L and U can take as much as 3 times the memory of

the input) and have a reasonable time constant.
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1.3 Results
Basic Implementation: We first states two formula and two facts that we will use a lot in

constructing this algorithm:

1. If v is an 1xN vertical unit vector with 1 as its i" element, M is a NxN matrix, then M - v

is equivalent to extracting the i column of M and v - M is equivalent to extracting the

i™ row of M.

. . T . .
2. Sherman-Morrison formula®: If a matrix W = uv , where u or v is a unit vector and

) -1 -1 T, -1
both of them are vertical vectors. Then (A+W)' = A - %.
+v u

3. Since A is a symmetric matrix and A™ is equal to A with i" row and column removed,
A, A™ and thus A™"" are symmetric as well.
4. Row operations are generally preferred over column operations due to cache locality (for

instance, extracting rows is more efficient than extracting columns).

Given that A is a symmetric matrix, we use LDL" decomposition instead of LU which is faster
and more numerically stable. Then, we use backward elimination on L and L™ to compute A™".
For voltage X on each node, we solve A”X=Y, which is essentially X=A""'Y. Since Y is a unit

vector with 1 in position j and A™ is symmetric, X=A"""Y=j" column of A" = j" row of A™!

(A™'D.
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Thus, we only need to calculate A from A to get X. Suppose matrix € is all 0, except the i"
row is the minus of i" row of A and €[i,i] = % (1 — A[i, i]). This can be done by applying the
Sherman-Morrison formula to A twice (Figure. 1.1), once with € " and once with €.

Here, we will perturb A with € " first. Suppose A™' is the matrix after the first

) T T . .
perturbation, € =wuv , v is the unit vector, then we have:

*_ _ -1 -
A Tle(ate Tyl=a oA w4 ()
1+v A u
-1 N *—1 lou Ta !
A =(A"tey'=4 = — AL (9

Let u"A'v =2 and u"A'u = y, since A is symmetric and v is a unit vector, u'A'v = v' A™u. Put

formula (1) into formula (2) we have:

T *—1
u A v
T -1 u TA uv A 117
=u A v-— —
1+v A u
-1
. Hé i,i
-G
*—1 T *—1
A vu A
_ 1 A ww T 7! T A ww A !
_(A - T, -1 )Vu (A - T -1 )
1+v A u 14v A u
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a+n °
A "a Tlow T4 ! A v A T Ta !
1+A 1+A

Put (1), (3) and (4) into (2):

The constants are replaced by letters a, b, ¢ and d for simpler expression. This is an ugly

expression, but deceptively simple to be calculated by a computer. We will mention in the later

section that, if we remove more rows and columns from the original matrix, we can easily

construct a polynomial to represent its inverse matrix by putting formula (5) into itself

recursively. Thus far, we have come up with our basic algorithm implementation:

1. assemble matrix A based on the conductance matrix ~ O(n?)

2. decompose A into LDLT  O(n’)

3. calculate A" using backward elimination on L and L' (D is diagonal, so it’s simple)

O(n%)
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4. fori=1..N: O(n’m)

T . T.. .. T . .
a. € =-A[1] except € [l]% (1 — A[i, i])(e and € are matrices, we represent it

as array for simplicity)

b. u=¢€ Tand v =[0,0....1,...,0] all zero except 1 in the i™ position
c. Alv=A"[]

d. calculate A'u  O(n?)

e. calculate A=u"-A'v  O(n)

f. calculate y=u™ A'u  O(n)

g. forj=i+1.N:  O(nm)

i X=A4 "'[j]=A]+ aAV[j] -A'u + bAu[j] AV + cA u[j]-AMu +

dA'v[j] ‘A'v (only calculate the row we need on the fly, both save
memory and better for cache locality)  O(n)

ii.  compute the absolute sum of currents for each node ~ O(m)

Computing the absolute sum of current for each node requires O(m), in which, m is the number
of branches in the circuit. Since in most cases, m > n, this leads to a O(n’m) total time
complexity. The arrays only use memory of level O(n) which is negligible compared to the O(n?)
usage of the input. Also, the matrix L can be discarded after A is acquired. So the maximum
memory usage of the algorithm is about twice as the input.

However, since the elements in the A diagonal A[i,i] = - sum(A[i]), A is a singular matrix

1

and thus does not have an inverse matrix, we have to get A in a roundabout way: first we

calculate A*'. A" is the same as A except A’[1,1] = 1, which is still symmetric. Then, we perturb
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. . T . )
A*! first with matrix € = uv,", u, = [p,0,0....,1,...,0], in which p = %(A[l, 1] — 1) and the
second “1” lies at position 1, v; = [1,0,...,0] and then with € % After this step, we still have a
symmetric matrix and can use row operation instead of column operation. Then we can do the

two step perturbation as we did before (see Figure. 1.2).

Let’s call the matrix after first round of perturbation A®%"! we have:

A@@-

A T vwa Ty (4 T ) s e @ T )

+ea Tl e lu ) raa "y e U ) r

=4 T [@prep b pHd) A 1] + (€ pb ) AHTTIAM 1T

@+ PATI] + AT AT (6)
In this expression:

#—1[

A o=pd L1+ 4 L0

#—1[

po=p AL+ 2pA L+ A T ®)

A*ly, = A*[1](9)

A"uy = pATI[1]+ A™'i] (10)

Using formula (6), we can get the second round of perturbation, for example:
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A 2

=u, A%@ly,
=w,' A" i+, (@’ ptc’p* b p+d ) AT [1] + (c’pt+b ) A" [i]]A* [ 1,i]

M@ e p) AR [1] + A IJAM L] (1)

The other formula can be acquired in the same way. Since the extra calculations related to (6) are
in the O(n) level (inside the i loop). All these operations do not increase the constant of the

highest order term in time complexity.

Algorithm Speed Testing: A speed performance test was applied to the Hi-C network
data' on the smallest chromosome, chromosome 22 at 10Kbp resolution for GM12878 10Kbp
(10Kbp Hi-C resolution in GM 12878, number of nodes = 3,447 and number of edges = 92,026).
The CPU implementation of our algorithm shows a speed up of 2.22 fold (see Figure. 1.3). The
GPU implementation shows a 17.40 fold speed up compared to the original algorithm and makes
the application of the algorithm to large chromosomes such as chromosome 2 for a 5Kbp
resolution (GM12878 5Kbp, number of nodes = 47,103 and number of edges = 1,414,675)
affordable. Indeed, the computation on chromosome 2 for GM12878 5Kbp that contains the
most Hi-C interactions among all the chromosomes takes ~20 days to finish with our GPU
implementation which would be impossible to be calculated using the original algorithm. Our
new algorithm and the GPU implementation allow us to apply the information flow analysis to

all the chromosomes in all of our cell-lines of analysis.
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1.4 Discussion
We derived an algorithm that can solve the information flow analysis problem under
O(n’m) time. In this algorithm, computing the currents between nodes dominates the time
complexity. m can be in the order O(n?) for dense matrices. If we can find another property that
describes the information flow without calculating absolute current flow between nodes, this

analysis can be even more efficient.
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Figure. 1.1. obtaining the desired inverted matrix by perturbing the original inverted matrix
twice using the Sherman-Morrison formula
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Figure. 1.2. since A is not invertible, we use a roundabout approach to acquire the matrix we
need
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Algorithm Runtime (s) Speed Compared to Original

Original Algorithm (CPU, 4 cores)  20976.2 1.00x
New Algorithm (CPU, 4 cores) 0433.4 2.22%
New Algorithm (GPU, GTX580x1) 1205.8 17.40x

Figure. 1.3. speed comparison of three information flow implementations on GM12878 10Kbp
Chromosome 22 Hi-C network data
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1.8 Supplementary Methods
Speed Benchmarking. The matlab version of the information flow algorithms are tested
on intel 1-5 quad core. The CUDA version of the algorithm is tested on a GTX-580 GPU. Each

algorithm is run 5 times and the average run time is recorded.

Hi-C Testing Data. The Hi-C network data for testing are obtained from [4]. Only edges

with log, (p-value) < -15 are kept.
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CHAPTER 2: CONTEXTUAL REGRESSION: AN ACCURATE AND CONVENIENTLY
INTERPRETABLE NONLINEAR MODEL FOR MINING DISCOVERY FROM

SCIENTIFIC DATA

2.1 Abstract

Machine learning algorithms such as linear regression, SVM and neural network have
played an increasingly important role in the process of scientific discovery. However, none of
them is both interpretable and accurate on nonlinear datasets. Here we present contextual
regression, a method that combines these two desirable properties together using a hybrid
architecture of neural network embedding and dot product layer. We have demonstrated its high
prediction accuracy and sensitivity through the task of predictive feature selection on a simulated
dataset and the application of predicting open chromatin sites in the human genome. On the
simulated data, our method achieved high fidelity recovery of feature contributions under
random noise levels up to £200%. On the open chromatin dataset, the application of our method
not only outperformed the state-of-the-art method in terms of accuracy, but also unveiled two
previously unfound open chromatin related histone marks. Our method fills in the gap of

accurate and interpretable nonlinear modelling in scientific data mining tasks.
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2.2 Introduction

Predictive models are important tools for data analysis. Linear models, such as linear' and
logistic regression’, can provide adequate prediction accuracy while their linear formulation
makes them suitable for inferring relationship between prediction target and features. Recently,
complex nonlinear models have gained increasing popularity as an alternative to linear models.
Methods such as kernel SVM?, neural network* and decision trees’ can achieve better prediction
performance than the linear models especially on nonlinear datasets. In biology, for instance,
deep convolutional neural network (DCNN) methods such as DeepBind® and DeepSea’ have
been developed for scanning the genome for regions of interest with state-of-the-art accuracy.

This accuracy improvement, however, also comes with a cost: the parameters of a
nonlinear model are hardly human interpretable. This not only makes model improvement and
debugging difficult but also halts extracting knowledge from these models and validating their
findings, which is particularly important when controversial conclusions can be reached from the
prediction results®’. While examining the filters in a DCNN'""" can offer some insight of the
important feature combinations, it cannot provide quantification of the feature contributions: in
the later layers, the features are processed through multiple rounds of matrix multiplication,
addition and neuron activation which makes their contributions to the output intractable. Besides,
this approach cannot be applied to other neural networks or machine learning methods such as
feedforward neural network (FNN)'? or Long Short Term Memory (LSTM)"® neural network. To
fill this gap, methods such as DeepLift', LIME"” and SHAP' have been developed for
quantifying feature contributions in general machine learning models. All of them are based on a

similar overall strategy. When using these methods, the user first needs to choose a reference
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instance from the dataset with the target value of interest, e.g. a genomic region with enhancer
label of value 1 when predicting enhancers. Then the program will generate permuted data points
by making small changes to the input features and from the magnitude of the output change
caused by the input change, an interpreting model that describes the feature contribution to the
prediction result can be generated for that data point. This approach, however, has several
practical problems. All of them are based on finding the contribution of features near selected
data samples that the users are interested in. This approach, however, has several practical
problems. First, since interpretation is based on each user’s selected reference data point, it is
inherently a “local” model and thus can be overfitted to that point. Second, the training and
interpretation processes are decoupled, which does not allow users to apply regularization on the
interpretation to enforce restraints such as sparsity. Third, the user needs to be familiar with the
dataset in order to pick representative reference points, which is not an easy task particularly in
scientific data when (i) the prediction target value is a continuous value other than binary; (ii) the
dataset contains natural noise that causes the target value to deviate from its real value; (ii1) the
data are of large quantity and diversity.

We have developed a new method called contextual regression to address these
challenges. It can quantify feature contributions during training without user intervention while
preserving the accuracy achieved by a complex nonlinear model. The idea of this method is to
train a pseudo-linear model, which, instead of generating a single linear model for all the data
points, generates different linear models at different data points (see below for mathematical
details and intuitive explanation). In each of these linear models, the importance of each input

feature is represented by its weight in the model, called contextual weight. The contextual weight
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is derived from a linear transformation of the outputs from the non-linear model that can achieve
accurate prediction such as the bidirectional LSTM model in the first panel of Figure 2.1ST. The
non-linear model and the linear transformation are collectively called embedding function
through which each feature vector is mapped to a corresponding linear model that can predict the
target value most accurately (Figure 1). In principle, values of the elements in the input feature
vector describe its context and the embedding serves as a classifier of the context. It generates a
continuous value vector as the class of the context which is similar to the mechanism of
attention'” and word2vec'®. Therefore, we call this class of the context “context weight” and this
method “contextual regression.” In this way, the contribution of each feature can be inferred
from the statistics of the context weights on the dataset. This model allows us to not only fit an
interpretation that is generalized to the entire dataset but also classify data into subtypes based on
feature contributions to the prediction decision, both of which cannot be done with previous
methods and highly desirable for scientific data mining. We have demonstrated its accuracy and
high interpretability through quantifying feature contributions to prediction accuracy in a
simulated dataset with known “ground truth” and an application to the open chromatin

prediction.
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2.3 Results
The contextual regression method. As shown in Figure 1, our model aims to learn a

pseudo-linear model that approximates the function:

n
y = f(xl, X0 X gy xn) =~ glc(x) - x + b) = g( 3 ci(xl, X0 X gy xn) x + b) (1)
-

i
where y is the prediction target, X; are the features, b is a constant, g is the regression function
(for example, it is an identity function for linear regression and is a logistic function for logistic
regression), and c¢ is the embedding function, which calculates the context weight from the
feature vector x as the linear model for the prediction of y at that data point.

An intuitive understanding of the contextual regression can be described as follows: the
neural network learns to predict the target value from the features through adjusting its
parameters to approximate a function that gives the lowest overall difference between the real
and predicted values. Compared with linear regression, neural network can work for any smooth
and compact function according to the universal approximation theorem'?. Our interpretation
method utilizes this property and, instead of letting the neural network learn a function that maps
features to target values, our method let the neural network learn a function (c(x) in equation 1)
that maps features (x) to local linear models (output of the function c(x)) that best predict the
target value (y) from the features. The contribution of each feature at different data sub-classes
on the dataset can be found by clustering the linear models (Context Weights in figure 1 and c(x)
in the above equation, if one wants to find subclasses based on feature weight) or the features
weighted by the linear model (if one wants to find subclasses based on feature contribution).

Thus, rather than trying to fit all the data with a single linear model, our method learns many
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linear models and applies different ones at different data points according to their values. As
illustrated in Figure 2.1, the embedding model (whose parameters are obtained through training
to maximize the prediction of y) takes a data point as its input, and outputs a linear model (the
context weight). Then the data point is dot-producted with the linear model to output the
prediction. Since the linear models are generated by a non-linear embedding model, this method
can handle nonlinear relationship to make accurate predictions while still producing a
human-readable linear relationship between features and the prediction target.

The local linear interpreter approach is also adapted by other neural network
interpretation algorithms such as LIME, SHAP and in a similar form by DeepLift. However,
these algorithms can only generate interpretation for one instance at a time. This property causes
them to be inefficient time-wise for application on large datasets, unable to apply regularization
on interpretation and unable to separate data into subclasses. Contextual regression, on the other
hand, can generate interpretation for all data instances based on the statistics of the whole data
set on the fly and enable the division of data into subclasses for further analysis.

One potential caveat, a universal problem in predictive modelling, is the existence of
alternative models on the dataset, i.e., very different model parameters can yield similar
prediction accuracy. Since a descent direction for y is not necessarily a descent direction for each

individual c, (see Supplementary Materials for detail), this scenario can possibly happen. We

have developed the utopia penalty technique to address it. This technique reveals equivalent or
interchangeable features by adding a term to the cost function that penalizes unbalanced context
weights. The setup and an application example of it can be found in the Supplementary

Materials.
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We evaluated the performance of the proposed method using a simulated dataset and a
DNasel hypersensitivity (DHS) dataset'. In both cases, the features have distal relationship and
thus we used the bidirectional-Long Short Term Memory (LSTM) neural network, a specialized

neural network model for distally related data, in our embedding function.

Evaluating the Contextual Regression model on simulated data. The simulated
dataset includes an artificial “ground truth” in its feature-target relationship that we wish to find.
We sampled features x; from an exponential distribution to (1) reduce the possibility of
alternative models such that we can test the rule extraction ability of our method, and (2) imitate
the scenario that the feature values differ in order of magnitude such as the sequencing read
count in biological data. In the simulated data, we consider 50 features x; that are in sequential

order. Each element c. of the context weight vector C is determined by the value of x; and its
neighbours. The “ground truth” context weights ciand then the target value y are calculated from

x; using the formula below. The context weight formula is chosen such that it is composed of
common functions observed in natural data (linear, square and square root) and includes
relationship with the neighboring elements. More details about the setup can be found in the

Supplementary Materials.
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Our model was tested under 5 noise levels from +0% to +80%. When adding the noise, a
random number inside the noise range was sampled uniformly (for instance, between -80% to
+80% for noise level +80%) and this fraction was added or subtracted from the target value y.
The model was trained on 70% of the randomly selected data (training set) and then its fitness
was tested on the remaining 30% data (testing set). We used root mean square error (RMSE) as
the measure of prediction accuracy. Cosine distance measures the angle difference between two
vectors, and thus is a good measure of vector similarity. Therefore, for the measure of rule
extraction fidelity, we used root mean square cosine distance (RMSCD), the cosine distance
version of RMSE, between the “ground truth” weights and the weights produced by our
embedding network at their corresponding data points. Since the target values contain noise, it is
impossible for the model to achieve 100% accuracy. We thus compared RMSE with the expected
error under the corresponding noise level, which was calculated by integrating the percent error
in the error range. The details of this calculation can be found in the Supplementary Materials.

Under all noise levels, our model achieved high performance in both prediction accuracy
and rule extraction fidelity on the testing set (Figure 2.2 and 2.1S), with RMSE less than 1%
away from the expected error and RMSCD below 0.03 (Table 2.1S). We also visually inspected
(Figure 2.2) some randomly selected “ground truth” context weights (green) versus context
weights (blue) produced by the embedding network under noise level £0% and +80% (Figure
2.2). They are indeed visually similar which agrees with the overall low RMSCD values between

the “ground truth” and network output context weights.
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In certain scientific experiments, the signal to noise ratio can be extremely low. This is

20,21 22,23

especially the case in some experiments of physics™, social sciences and biological
sciences®?®. Thus we also tested our model under noise level of 200% (signal to noise ratio 1:2),
500% (signal to noise ratio 1:5) and 1000% (signal to noise ratio 1:10). We found that under all
three noise levels, the prediction errors still approached the expected error very fast (Figure 2.2S
and Table 2.2S). However, the RMSCD is only stably decreasing under noise level of 200% and
500%. Under 1000% noise, the RMSCD value starts to slightly increase and fluctuate when the
training time gets longer. This is confirmed in our visual inspection of the sample data points
(Figure 2.3S), where the sampled extracted weights still resemble the corresponding “ground
truth” weights under 200% and 500% noise but distorted under 1000% noise.

Overall, the high prediction accuracy (relative error < 0.9% in all noise levels) and high
rule extraction fidelity (RMSCD < 0.05 in all noise levels smaller than 1000%) on the simulated
dataset support that our algorithm is highly reliable even under high noise level. These results
also suggest that our method can be applied to datasets with missing information, as long as the

effect of missing information on the prediction target is similar to a random noise of uniform

distribution.

Evaluating the Contextual Regression model on DNasel hypersensitivity data. To
examine the method in real experimental data, we applied it to predict DNasel hypersensitivity
sites (DHSs) using histone modifications in the H1 and GM 12878 cell lines. We binned all the
histone modification ChIP-seq and DHS-seq data at 200bp. To consider distal relationship, we

included signals from 10kbp upstream to 10kbp downstream of the location to be predicted, i.e.
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one hundred 200bp bins in total. In the H1 cells, there were 27 histone marks and thus the
number of features reached 100 * 27 = 2700, which is too many for modelling. Hence, we
arranged the features into a 100 by 27 matrix and factorized it into the tensor products of two
vectors:
C=FQ®D

where C is the 100 * 27 combination feature matrix, F is the histone feature vector of length 27,
corresponding to the number of histone marks, and D is the distal feature vector of length 100,
corresponding to the number of bins. This approach greatly reduced the number of parameters in
the model. For fast evaluation of model performance, we further simplified and speeded up the
model by forcing the vector D to be the same for all the regions and applying a Lasso®’ penalty
on F.

We compared contextual regression with linear regression and Bidirectional-LSTM with
the same set up in the contextual regression embedding function (See Supplementary Materials
for details). The task for comparison is the prediction of DHS confidence values in cell line H1
using the 27 histone marks ChIP-seq data in the same cell line (Figure 2.3 and 2.4S). The models
were trained on 70% of the randomly selected genomic regions and tested on the rest 30%. The
contextual regression obviously outperformed linear regression, showing its better ability to
capture nonlinear relationship between histone marks and open chromatin. At the same time, its
performance is as good as the LSTM benchmark, showing that our interpretation method
preserves the accuracy of a complex nonlinear model in this task.

Since applying log to the histone mark data improves the result slightly, we used this

technique in all the studies in this section. We then assessed the performance of contextual
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regression on predicting RNA-seq and DHS data, which we selected because of their biological
relevance®™?, in cell lines H1 and GM 12878 by comparing to ChromImpute®, the state-of-the-art
imputation method based on random forest algorithm. We ran both methods in three rounds of
cross validations: (1) training on chromosome (chr) 1-6, test on chr 7-X, (2) training on chr 7-13,
testing on chr 1-6+14-X and (3) training on chr 14-X, testing on chr 1-13. The models were
trained using only the data from the same cell line. Contextual regression outperformed
ChromImpute on both DHS and RNA-seq predictions (Figure 2.3 and 2.5S). Note that all the
predictions were made using only the data from a single cell line rather than borrowing
information from many other cell lines that may be similar to the cell line of interest.

We also performed several other evaluations of contextual regression (See Supplementary
Materials for detail) on: high contribution feature validity, context weight assignment
consistency and whether the target can be predicted well using only the high contribution
features. As expected, the high contribution histone marks for both RNA-seq and DHS concord
with previous research. Our model also assigned consistent weights to the features and made
accurate predictions using only the high contribution features. These results have demonstrated
that our method is able to achieve better performance than the state-of-the-art models and also

robustly select important features.

Discovering Important Histone Mark Patterns in the Open Chromatin Regions of
H1. The above model considered the histone modification signals of neighbor loci of the DHSs
but did not quantify their contribution. To identify the significant contributions from loci other

than the DHS peak site (i.e. distal contribution), we further modified the model so that it can

42


https://paperpile.com/c/cIjKEP/2t9l+kEb3
https://paperpile.com/c/cIjKEP/qixTB

search for and reveal both distal and local histone mark patterns in the open chromatin regions in
the HI human embryonic stem cells. We made three changes to the model and training process:
1. we removed the restraint on distal feature vector D so that our model produces different D
from different input feature vectors, 2. we did not apply log to make the result closer to the

! constraint on D rather

representation of the original magnitude, and 3. we applied a softmax’
than the Lasso penalty on F to force the distal weights to be concentrated on a small number of
locations. To make sure the patterns extracted are valid, we checked the prediction accuracy on
the training and testing set and, indeed, the model performed equally well (Table 2.3S).

When analyzing the histone mark contribution patterns, we extracted the correctly
predicted peaks (logpval > 3 for both experimental and predicted) from both training and testing
set. We applied element-wise multiplication to the context weights (100 * 27) with the magnitude
of the corresponding input (also 100 * 27), normalized them into vectors (of dimension 100 * 27
= 2700) of length 1, applied PCA (of dimension 2700), picked the top 100 PCs (which captured
> 90% variance in all cell lines) and then clustered it with K-means clustering®*. With k = 20, the
clusters are well separated indicated by the great difference between in and across cluster
distance from the cluster center (Figure 2.6S).

In the cluster centers, we observed 4 types of major patterns: 1. the central dominant
histone marks (with small contribution from other marks), 2. the spread histone marks, 3. the
central dominant H2A.Z, and 4. the H3K27me3 pattern. Type 1 pattern (Figure 2.7S) has the
peak contribution exactly from the center with a radius of 300bp by H3K4mel/2/3 and
H3K27ac. This type is composed of majority of the clusters (0, 1, 2, 3, 5,6, 7, 8,9, 12, 13,17,

19). Type 2 patterns (Figure 2.8S) have long range contributions (> 300bp) besides the central
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dominant peaks by H3K4mel/2/3 and H3K27ac, including clusters (11, 14, 15, 16). Type 3
pattern (Figure 2.9S) has central dominant (< 300 bp) contribution from H2A.Z, including cluster
10 and 18. Type 4 pattern (Figure 2.10S, 2.12S) has the most significant contribution from
H3K27me3 and ancillary contribution from H2A.Z, H4K8ac, H3K18ac and the H3K4me1/2/3.
The effect of H3K27me3 is long range in this pattern and almost covers the whole 20kbp region.
This type compose of cluster 4, a total of 3959 (4.2%) DNH peaks (logpval > 3 for both
experimental and predicted). Many of the important distal locations found by our method are not
overlapped with the DHS peaks (for instance, the H3K18ac peaks in Figure 2.4 and 2.13S),
which cannot be found with previous methods.

Most of the open chromatin contributors found by our method, H3K27ac**~*, H2A.Z*°,
H3K4mel/2/3%", H4K20mel*® and H4K8ac®’, have been repeatedly reported by previous
research. However, H3K27me3 correlation with open chromatin is only mentioned in several
papers***!. To ensure this pattern is not caused by artifact, we visually inspected several regions
of type 4 pattern. All these regions have strong H3K27me3 signal that covers the whole region
(Figure 2.10S). This is consistent with the contribution pattern (Figure 2.12S) discovered by our
algorithm. We also found that the regions are enriched with transcription start sites (TSSs): about
64.4% of the regions in this cluster contain TSSs within 3kbp and 78.2% within Skbp (Table
2.4S). Although visual inspection shows overall high concordance between open chromatin
peaks with H3K4me2/3, there are regions that the DHS and H3K4me2/3 do not overlap well and
H3K27me3 shows strong signals in the broad neighbor region. The most significant contribution
from H3K27me3 to DHS peaks is surprising but consistent with the previous work* which

reports the bivalent domains that are stem cell specific: regions contain H3K4me3 and
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H3K27me3 sites of size 1kbp-18kbp and overlap with genes and TSSs. When applying our
method to the DHS data in other cell-lines (H9, IMR90, GM 12878, HUVEC) to search for cell
line specific patterns, we found that pattern type 1-3 appear in all 5 cell-lines, however, type 4,
the H3K27me3 pattern, is only found in HI and H9, both are embryonic stem cells. This
observation again coincides with the previous finding that the correlation between H3K27me3

and open chromatin is highly cell specific* and mostly found in embryo cells***.

DNA motifs associated with open chromatin regions predictive by different histone
marks in H1 and H9. We next investigated whether there are specific DNA sequence motifs
associated with each pattern. We compared the appearance frequency of motifs in each cluster
and in all the clusters. The p-value in the comparison was calculated using One-Proportion
Z-test. We limited our discussion only to cell-lines HI and H9, which has the most diverse
histone marks.

The cluster 4 and 16 of H1 and cluster 0, 4, 5, 8, 15, 16 and 19 of H9 contain motifs that
have frequency difference above 10%. H9-8 and H9-19 are classic H3K27ac patterns. Both
clusters have very similar motif enrichment in top 7 (Table 2.5S). Their enriched motifs agree
except for NKX21 and PO3F1 (the consensus motif sequence 5'-ATTTGCAT-3'). Among the
motifs enriched in both clusters, POUS5F1 (Oct4, the consensus motif sequence 5'-ATTTGCAT-3,
a different PWM from the PO3F1 motif') and SOX2 form a complex and regulate the expression
of embryonic genes*. POU2F1/2 (most preferable motif sequence 5'-ATTTGCAT-3") activate the
genes that codes for H2B proteins®. POU3F2 (binds to two half-sites, 5'-GCAT-3' and

5'-TAAT-3") is a protein involved in differentiation**. We also examined the H3K27ac dominant
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clusters in H1 (cluster 1 and 6) and found that many of the above motifs are also significantly
enriched (Figure 2.11S and Table 2.6S). Thus a consistent motif enrichment pattern is confirmed
for H3K27ac dominant open chromatin regions.

Hl-cluster 4 and H9-cluster 4 are both H3K27me3 patterns (Figure 2.12S). Their motif
enrichment profile are also very similar. Specifically, in H9-cluster 4, the frequency enrichment
that is highly significant are shown in Table 2.7S. In this cluster, MBD2 (binds to Methyl-CpG)
is the most enriched motif (62.9% overall -> 89.7% in cluster 4) and it plays the role of a
transcription repressor that can recruit deacetylase and methyltransferase*>". Another class of
motifs that are enriched are the E2 family factors (E2F1-4, most preferable motif sequence
5'-TTTC[CG]CGC-3") which are very important for the cell cycles’*.

More interestingly, in H9 we found two marks, H3K18ac and H3K23me3, strongly
associated with open chromatin that has not been reported. H9-cluster 15 and 16 are H3K18ac
dominant clusters (Figure 2.4). The major contribution of H3K18ac is around 200bp up or
downstream. The correlation of this mark with open chromatin is previously undiscovered and
our algorithm only detected it in H9 among the 5 cell lines we studied. They compose 9.7% of
the total predictable peak regions. To confirm the finding, we manually inspected some of the
regions and H3K18ac does show up strongly around peaks of its prediction, although in some
cases, the other marks also co-appear at the neighboring locations (Figure 2.4 and 2.13S). The
motifs in the regions of cluster 15 and 16 show a unique enrichment profile (Figure 2.4). Among
the enriched motifs, USF1,2 (binds to E-box, with most preferable motif sequence
5'-CACGTG-3") are associated with gene activation®™. MYC family (MYC, MYCN, MAX and

MLXPL) can form dimers and binds to E-box that regulates cell proliferation and
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differentiation® while PLALI also facilitates the same function®. ZIC3 (most preferable motif
sequence 5'-GGGTGGTC-3") works on early body axis formation®. All these factors fit the stem
cell nature of the H9 cell line.

HO9-cluster 5 is H3K23me2 dominant (Figure 2.5), which is another previously
undiscovered and H9 unique pattern. The major contribution of H3K23me2 is around 200bp
downstream (the LSTM considers orientation). It compose 5.6% of the total predictable peak
regions. However, the visual correlation of H3K23me2 with open chromatin is not as strong as
the dominant marks in aforementioned clusters and co-appears with other marks in the open
chromatin regions (Figure 2.5 and 2.14S). This lower correlation is also found statistically by our
model, which shows less percentage of contribution from H3K23me2 (max value 43.8%) than
the dominant marks in other clusters (for instance, max value of H3K18ac is 112%, > 100%
since there are negative contributions from some other marks). The signature motif profile of
H3K23me2 is very similar to the one of H3K27me3, with high MBD2 and E2 family
enrichment. The largest motif frequency difference (Figure 2.5) is that the H3K23me2 regions
has CEBPD motif frequency close to background level compared to the H3K27me3 cluster
(81.2% vs 65.0%). CEBPB and CEBPG motif frequencies also show large differences between
these two clusters. Function-wise, CEBPD is associated with immune response, immune cell
activation and differentiation®’. Other motifs that have significantly different profile among these
two clusters is the E2 family. One possibility is that H3K23me2 is important for the stem cell
development at a certain stage which is the reason why it is only enriched in certain open

chromatin regions in HO.
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Furthermore, H1-cluster 16 and H9-cluster 0 (Figure 2.15S) are the spread type which
include contributions from many histone marks while none of them are dominant (Figure 2.16S).
These two clusters show very similar motif enrichment patterns: strong contribution from MBD?2
(+18%) and E2 (+5%-10%) families and high CEBPD frequency (more than 80% in both
clusters). We hypothesize that this cluster is intermediate in its motif and histone mark patterns
between the H3K27me3 and H3K23me2 clusters, which suggests that these three clusters are
open chromatins in repressive states at different levels.

The above observations demonstrate that the open chromatin patterns captured by our
method not only accord with visual inspection but are enriched in unique motifs as well. This
shows the existence of diverse histone marks and motif patterns that can relate to open chromatin
via different mechanisms. Two of the patterns, H3K18ac dominant and H3K23me2 dominant
have not been found in previous literature, which shows the sensitivity of our method in the task

of important feature detection.
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2.4 Discussion

In this paper, we described contextual regression, a generalized nonlinear model that is
human interpretable. This method performs well in terms of prediction accuracy and important
feature extraction in both simulated and experimental datasets. It can be easily applied to
construct accurate, interpretable models for datasets in biology and other fields to discover
predictive patterns with high sensitivity. On epigenetic datasets, our method has greatly
outperformed the state-of-the-art algorithm in the task of predicting DHS and RNAseq using
only histone modification data from the same cell-line. Our method revealed new features,
including H3K27me3, H3K18ac and H3K23me2, associated with open chromatin that exhibit
signature patterns in both significant histone marks and DNA sequence motifs. Importantly, our
method also discovered important distal locations that are not overlapped with the prediction
target sites (DHS peaks), which are difficult to find using previous algorithms. All these results
prove the validity of our algorithm and the contextual regression provides a general framework
that is applicable to any task of data mining, such as classification of circular RNA and
identification of important contributing genomic features™.

Our work here shows how to construct a type of machine learning model that can achieve
the accuracy of a deep neural network while also providing interpretable results on very large
datasets. Recently, scientific data are generated at an increasing speed and we believe our method
will be highly valuable for the task of mining discoveries in various fields (especially biology).

The code and tutorial are available at http://wanglab.ucsd.edu/star/ContextualRegression.
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Figure 2.1. A graphic demonstration of the contextual regression model. The projection model
(neural network) produces a vector output from a vector input which is used to weight each
feature. The weighted features are then summed to generate prediction results. The neural
network is trained on these prediction results iteratively so that it can generate weights that make
better predictions. At the same time, the weighted features can be analyzed for importance.
Different colors of points in the linear model space is an illustration that they can be classified
into different subtypes.
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Figure 2.2. Performance assessment of contextual regression on simulated dataset- Top:
Contextual regression performance on the testing set under noise level 0% and 80%. Height of
the error bar is 1 standard deviation of RMSE or RMSCD among 20 runs. In each epoch
(training cycle), the model was trained on 10% of the randomly selected data from the training
set and tested on the whole testing set. We chose 10% of the data as one epoch, other than 100%
that is ordinarily used, to show the evolution of error. Middle: Sample plot of “ground truth”
context weight (green) vs context weight (blue) calculated by the embedding net in the
contextual regression model for £80% noise dataset. Bottom: Same comparison plots for =0%
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Figure 2.2. Performance assessment of contextual regression on simulated dataset- Top:
Contextual regression performance on the testing set under noise level 0% and 80%. Height of
the error bar is 1 standard deviation of RMSE or RMSCD among 20 runs. In each epoch
(training cycle), the model was trained on 10% of the randomly selected data from the training
set and tested on the whole testing set. We chose 10% of the data as one epoch, other than 100%
that is ordinarily used, to show the evolution of error. Middle: Sample plot of “ground truth”
context weight (green) vs context weight (blue) calculated by the embedding net in the
contextual regression model for +80% noise dataset. Bottom: Same comparison plots for +0%
noise dataset.
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DHS Prediction Task Pearson Matchl Catchlobs Catchlimp

Correlation

Linear Regression 0.586 44.9% 75.3% 79.1%
Lasso Regression 0.614 44.3% 76.0% 78.6%
Lasso Regression (with log input) 0.537 47.4% 78.3% 82.0%
Contextual Regression 0.800 60.5% 90.5% 92.2%
Contextual Regression (with log 0.825 61.1% 90.0% 89.8%
input)

LSTM Benchmark (with log input) 0.817 60.9% 89.2% 89.5%
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Figure 2.3. Prediction performance comparison of contextual regression with linear regression,
LSTM model and ChromImpute- Top: Performance comparison of contextual regression with
various linear regression and LSTM models on DHSs dataset in cell-line H1. We used four
imputation quality evaluation metrics®: pearson correlation, matchl score (percent of 99
percentile experimental values in 99 percentile predicted values), Catchlobs (percent of 99
percentile experimental values in 95 percentile predicted values) and Catchlimp (percent of 99
percentile predicted values in 95 percentile experimental values). Bottom: Comparison of
prediction accuracy (Pearson Correlation) between contextual regression (CR) and ChromImpute
(CD.
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Figure 2.4. Study of H3K18ac pattern- Top: Mark contribution patterns of cluster 15 and 16 in
H9 (H3K18ac pattern). Middle: Example genome browser view of the cluster 15 (H3K18ac
dominant cluster). Bottom: Motif enrichment profile of cluster 15 in H9 (H3K18ac pattern).
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HO9-Cluster 15 Frequency Diff  p-value Frequency in Background

Cluster Frequency
USF2 13.1% 2.03e-93 70.8% 57.7%
MYC 12.9% 4.28e-88 60.3% 47.4%
MAX 12.1% 1.71e-77 61.9% 49.9%
MLXPL 11.5% 1.34e-76 75.5% 64.1%
PLAL1 11.3% 2.70e-84 82.4% 71.1%
MYCN 11.1% 6.18e-70 48.6% 37.5%
ZIC3 10.4% 1.88e-65 77.1% 66.7%
USF1 9.9% 2.31e-53 53.2% 43.3%

Figure 2.4. Study of H3K18ac pattern- Top: Mark contribution patterns of cluster 15 and 16 in
H9 (H3K18ac pattern). Middle: Example genome browser view of the cluster 15 (H3K18ac
dominant cluster). Bottom: Motif enrichment profile of cluster 15 in H9 (H3K 18ac pattern).
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Figure 2.5. Study of H3K23me2 pattern- Top Left: Mark contribution pattern of cluster 5 H9
(H3K23me2 pattern), Top Right: Motif enrichment profile comparison between cluster 4
(H3K27me3 dominant) and 5 (H3K23me2 dominant) in H9. The 2nd and 3rd column are the
motif frequency difference from the background and the 4th column is the BG (background)
frequency, Bottom: Example Genome browser view of the cluster 5 (H3K23me2 pattern)

57



2.8 Supplementary Methods

Setup of the Neural Networks used in This Article. The network structure we used for
the three tasks are shown as followed:

In the graphs, features is the input vector and y is the prediction target, context is the
linear model produced by the embedding network from the input vector, LT represents linear
transformation which maps a vector x to Ax+b where A is an matrix and b is an vector, FNN
represents Feedforward neural network (here, a fully connected layer) which maps a vector x to
s(Cx+d) where C is an matrix, d is an vector and s is the activation function (we used tanh), DP
represents the dot product of the two input vectors. O is the output of the Bidirectional LSTM at
the distal location t, after processing X, , (forward) and X, ,, (backward) in sequence. In LT and
FNN, matrices A, C and vectors b, d are automatically learned by the model to maximize the
prediction accuracy.

The Bidirectional LSTM is implemented with the tensorflow static bidirectional rnn
function using layer size of 2. The batch size is set to 10. RMSD between the real and predicted
data is used as the cost function in training, alone with lasso or utopia penalty as mentioned in
the main text. The ADAM optimization algorithm® is used to train the model, learning rate is set
to le-4, maximum gradient norm to 5. Hidden size is set to 80 in the ground truth test, 30 in the
prediction accuracy comparison task and 40 in the discovering task, the hidden sizes are chosen
to be approximated to the number of features in each task.

In the task of DHS and RNAseq prediction, there are only a small number of high

confidence DHS and RNAseq regions. Thus from the training set, we randomly removed 70% of
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the data between 60 and 90 percentile, 80% if the data between 30 and 60 percentile and 90% of

the data below 30 percentile to balance the dataset.

Code Download and a Tutorial on Converting Your Own Predictive Model to
Contextual Regression. Most neural network models with a vector output can be converted into

contextual regression for feature analysis. For detail and sample code, please go to:

https://github.com/HomoSapienLCY/Contextual Regression

Setup of the Ground Truth Test (in section: Evaluating the Contextual Regression
model on simulated data). The input of the Neural Network is a sequence of features of length
50 and the output is a float value y. Each feature (X,...Xs,) are sampled from the set (1, 3, 9, 27,
81) with probability (70%, 20%, 7%, 2.5%, 0.5%) and a random fraction below 20% is added or

subtracted from the value to increase data diversity. The “Ground Truth weight” ciand the

expected output y are calculated using the function in the main text. After y is generated, a
random noise between #n% (n ranges from 0 to 1000 as mentioned in the main text) is added to
y to simulated a noisy data collection environment.

In each run a total of 100000 data points are created, 70% are used for training and 30%
are used for testing. A total of 20 simulations are run. The difference between learned weight and
expected weight are measured by root mean square cosine distance (RMSCD) with the formula

below:
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RMSCD = \/ + 32 CD(w, u)
i=1
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Calculation of the Expected Error in the Simulated Data (in section: Evaluating the
Contextual Regression model on simulated data): Under noise level of a, the error is
uniformly sampled from the interval (-a, a). At a certain data point, suppose the error rate
sampled is x% € (-a, a). Then the target value after the addition of noise will be (1+x%) of the
target value before the addition of noise, which is an x% different. Thus the expected error in

RMSD will be the following integral:

2a° 1

a
fx%zdx

—a

p 3 3
J (+x%)’dx 2a +6a 1+?

—a

Source of Data. Data of DHS, RNAseq and ChIP-seq are downloaded from the roadmap
website (http://www.roadmapepigenomics.org/). The ENCODE blacklis® is used to filter the
data. The motif scanning is made wusing the FIMO function of MEME with
HOCOMOCOVY9.meme database. The transcription site and coding sequence statistics is done

with  GENCODE Gene V27l1ift37 file downloaded from the Table Browser
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(http://genome.ucsc.edu/cgi-bin/hgTables). The motif appearance frequency (MAF) is defined as

shown below:

Number of 40kbp regions that contain the motif
Total number of regions

MAF =

Comparison of Contextual Regression with Linear Regression, Bidirectional-LSTM
and ChromImpute (in section: Evaluating the Contextual Regression model on DNasel
hypersensitivity data). The linear regression is trained with the same setting and input features
as contextual regression using tensorflow. The only difference is the replacement of contextual
regression model with a linear regression model.

The architecture of the bidirectional-LSTM network is as illustrated in the previous
section of the supplement material (Setup of the Neural Networks used in This Article). Its
parameter setting is the same as the setting of contextual regression.

The ChromImpute model is run using the same setup as shown in the ChromImpute
website (http://www.biolchem.ucla.edu/labs/ernst/ChromImpute/). The prediction is first done
with 25bp resolution as what ChromImpute is designed for, and then the blacklisted regions are
removed and the neighboring bins are averaged to yield data of 200bp resolution. The data used

for ChromImpute benchmarking are downloaded directly from the processed ChromImpute data

folder (https://personal.broadinstitute.org/jernst/roadmapconverted/ CONVERTEDDATA).
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K-mean Clustering (in section: Discovering Important Histone Mark Patterns in the
Open Chromatin Regions of H1). K-mean clustering is used to classify the pattern of histone
marks around open chromatin regions. This task is carried out using the KMeans function in the
python sklearn package with K = 20 and fixed random state = 0. Before clustering, we applied
PCA on the weighted contribution of histone marks at each data point and the top 100 principal

components are kept for the clustering step.

In and Across Cluster Distance Calculation (in section: Discovering Important
Histone Mark Patterns in the Open Chromatin Regions of H1). All the vectors are first
normalized to a length of 1. In cluster distance is the average squared RMSD between each
member in the cluster and the cluster center (mean of the member vectors). Across cluster
distance of cluster i and j is the average squared RMSD between each member in the cluster 1

and the cluster center of j.

Feature Contribution (in section: Supplementary Information - Model Performance

Check). Feature contribution € KI]/ is calculated using the formula below, this formula combines

the context weight assigned by the embedding function and the feature magnitude:

w

w C
cC =
N1,
" =coH
H=h-D

i
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In the formula, C is the context weight of each histone mark, h is the histone mark signal strength
vector with each element the signal strength at the corresponding location, D is the distal vector

and  represents element-wise multiplication.
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2.10 Supplementary Information

Model Performance Check (in section: Evaluating the Contextual Regression model
on DNasel hypersensitivity data). A good model for data interpretation needs to be accurate
but also stable in terms of the result it produces. We assessed the feature selection robustness of
contextual regression during 5 runs on the H1 DHS and RNA-seq dataset. In each run, the whole
dataset was divided randomly into training and testing sets of 7:3 ratio. During the similarity
measurement, we calculated the average feature contribution of each histone mark in 3 data
classes (detail of the calculation can be found in the previous section: Feature Contribution) : (1)
the whole dataset, (2) the peak regions, defined by p-value > 3, and (3) the flat regions, defined
by p-value < 1. We used cosine similarity, the cosine value of the angle between a pair of vectors,
as the measure of similarity between weight vectors.

The similarity of distal weight is above 0.9 for both DHS-seq and RNAseq. The
similarity of feature weights on the whole dataset and in the flat regions are relatively low, which
is not surprising since most of the regions have low value signals and thus there are diverse sets
of weight assignment that can predict them to be flat. In the regions of our interest, the peak
regions, we observed highly consistent feature weights. For DHS, the average cosine similarity
between feature weights is 0.991 and for RNAseq, the average cosine similarity between feature
weights is 0.960 (Table 2.1ST).

Among the top 10 features (Table 2.2ST) with the largest feature contribution in DHS
prediction, 5 of them (H3K27me3, H3K27ac, H3K9me3, H3K4mel H3K36me3) are core
marks®'. Besides, H2A.Z>, H4K20mel® and H4K8ac’® have been found to be highly

associated with open chromatin formation. In RNAseq, on the other hand, the transcription mark
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H3K36me3°* is ranked number 1 as expected. H2A.Z, H4K20mel, H3K4mel-3 and
H3K27ac®** are also selected in the top 10, which confirmed that marks highly ranked by our
model match the result of analysis in the aforementioned papers. In open chromatin, however,
H3K4me2-3 are not important contributors. We found that these two marks have relatively low
average signal strength in the DNase peak regions (contain location with logpval > 3) after we
applied log to the marks (Table 2.3ST). This may explain why they do not have a high
importance ranking in our model: the Lasso penalty will prefer features with higher magnitude to
reduce the weight penalty and thus give less emphasis to the features that have small magnitudes.

To check the predictivity of the marks selected by our model, we predict DNase and
RNAseq using only the top 10 and top 18 features and found that the prediction accuracy is

largely preserved (Table 2.4ST).
Possibility of Alternative Model (in section: The contextual regression method).

Consider the case where regression function g is the identity function. Then the formula for the

loss function of y and c, are:

o

‘Z (c, = /C\i) X,

2

L:

A
le. = <
C. i i
L

2

Where y and c; are the prediction target and the i™ element of the context weight vector,

and y and c.are their predicted counterparts generated by the contextual regression model. Their

65


https://paperpile.com/c/eA3TGp/vk5Im+jaGTT

derivative to a model parameter 0 are:
J

B -~ 00~ 2 X

oL oL oL oL
. : y : y G :
Thus —;—will have the same sign as only if —X—and —=<"has the same sign.
9, 9, dy dy

This is not true in general unless we optimize each c. separately, in which case Ly= LC |xi|. This

shows that when we move Ly in its descent direction, each individual LC may not be moved in its

L

descent direction as well. Therefore, when Lyis at its local minimum, it is not necessarily true

that LC is at its local minimum as well.

L

Utopia Penalty Technique (in section: The contextual regression method). We have
shown that contextual regression is highly effective in terms of extracting important features.
However, due to the high flexibility of neural network, it may only find one of the few
alternative models that can give similar prediction results. Sometimes the features are not
completely informationally independent, especially when people are putting in every features
that possibly have an effect. This problem is even more cumbersome to solve for other neural

network interpretation methods which have interpretation processes that are decoupled from the
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training processes.

To mitigate this problem, methods such as PCA®’, gaussian elimination® can be pre-apply
to simplify the data. Reducing the number of neurons or applying regularization on the weights
in the network to shrink the possible model space are also good options. Besides these traditional
approaches, we would like to introduce a more straight-forward way through the mean of
modifying the cost function which allows users to monitor the model lively during training.

In our previous section, we applied the Lasso penalty to make the weight sparse. This
approach will “deprive” weight from the “less effective” features, which also have predictive
power but can be replaced by the combination of other features that require smaller weight
assignment. We can counteract this effect by an opposite term that penalizes unbalance feature
weights.

One possible term of such is the cosine distance between the context weight vector and a
“utopia” vector u which has value 1 for all of its entries. This leads to a cost function as

followed:

cost = ||y - ;Hz + L + B
L = A|lwll,

B = ullcDw, wl,
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Where w is the context weight, A is the Lasso penalty parameter, and CD stands for
cosine distance. In practice, the user can set their minimum accuracy tolerance and gradually
tune up the utopia penalty parameter p until the accuracy is below the tolerance threshold.

As a demonstration, we performed this strategy on H1 DNase data. We started with A =
le-3 and p = 0, increment p from le-5 to le-1 in an exponential step size. Each run lasted for
150 epochs. The accuracy of the model with p = 0 is 60.4% Matchl at epoch 150, thus we set the
accuracy tolerance to be 59.4% Matchl. We found that a utopia penalty parameter between le-5
and le-3 gives us Matchl above the tolerance. Under these levels of utopia penalty, we can see
the contribution of the highest mark, H2A.Z decreases and the contribution of other marks
increases in tune with the increment of utopia penalty strength (Figure 2.2ST). This illustrates
that tuning up the utopia penalty is an effective and straightforward way to obtain a diverse set of

alternative models.
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2.11 Supplementary Figures And Tables
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Figure 2.1S. Contextual regression performance on the simulated datasets under noise level
10%, 20% and 40%. Height of the error bar is 1 standard deviation of RMSE or RMSCD among
20 runs. In each epoch (training cycle), the model is trained on 10% of the randomly selected
data from the training set and tested on the whole testing set.
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Training Epoch vs Percent Error for Noise Level 200.0%

Training Epoch vs Percent Error for Noise Level 500.0%
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Figure 2.2S. Prediction and rule extraction accuracy of contextual regression on the simulated
datasets under very high noise level.
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Figure 2.3S. Sample plot of “ground truth” context weight (green) vs context weight (blue)
calculated by the embedding net in the contextual regression model under very high noise level.
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Predicted vs Original DNase Signals (Lasso)
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Figure 2.4S. Plot of original signal vs predicted signal by Linear Regression (top left), Lasso
Regression (top right), Lasso Regression with log input (bottom left) and contextual regression
with log input (bottom right) on DHSs in cell-line H1.
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Figure 2.5S. Comparison of prediction accuracy (Matchl, CatchlObs, CatchlImp) between
contextual regression (CR) and ChromImpute (CI).
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Figure 2.6S. Average in (on the main diagonal) and across (off the main diagonal) cluster
distance from each cluster center
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Figure 2.7S. Examples of the Type 1 (central dominant histone marks) cluster mark contribution
patterns
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Figure 2.7S. Examples of the Type 1 (central dominant histone marks) cluster mark contribution
patterns
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Figure 2.8S. Type 2 (spread histone marks) cluster mark contribution patterns
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Example genome browser views of cluster 4 in H1 cell line (H3K27me3 cluster),
the blue square is the location of the peak in the cluster detected by our method. Most of these
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Figure 2.10S. Example genome browser views of cluster 4 in H1 cell line (H3K27me3 cluster),
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Figure 2.10S. Example genome browser views of cluster 4 in H1 cell line (H3K27me3 cluster),
the blue square is the location of the peak in the cluster detected by our method. Most of these
regions include a transcription start site (TSS) in their neighborhood.
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Figure 2.10S. Example genome browser views of cluster 4 in H1 cell line (H3K27me3 cluster),
the blue square is the location of the peak in the cluster detected by our method. Most of these

regions include a transcription start site (TSS) in their neighborhood.
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Figure 2.11S. Mark contribution patterns of cluster 1 and 6 in H1 cell line, H3K27ac dominant
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Contextual Regression network structure used in section: Evaluating the
Contextual Regression model on simulated data
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Contextual Regression network structure used in section: Evaluating the
Contextual Regression model on DNasel hypersensitivity data
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Figure 2.1ST. Architecture of the contextual regression models used in the main article, the
embedding network in each model is marked by red squares.
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Neural Network structure used in section as performance benchmark: Evaluating the
Contextual Regression model on DNasel hypersensitivity data
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Figure 2.1ST. Architecture of the contextual regression models used in the main article, the
embedding network in each model is marked by red squares.
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Figure 2.2ST. Average normalized contribution of histone marks to open chromatin in the peak
regions under 4 difference value of utopia penalty parameter (L)
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Table 2.1S. Prediction and rule extraction accuracy of contextual regression on a simulated
dataset under different levels of noises

Testing set

noise level

noise level

noise level

noise level

noise level

performance +0% +10% +20% +40% +80%
Average relative  0.9% (0.0%)  6.0% (5.7%) 11.7% (11.5%) 22.7% 42.0%
prediction error (22.5%) (41.9%)
(expected error)

Average RMSCD 0.024 0.022 0.022 0.026 0.026

96



Table 2.2S. Prediction and rule extraction accuracy of contextual regression on a simulated
dataset under very high noise levels

Testing set noise level £200%  noise level £500%  noise level £1000%
performance
Average relative 75.9% (75.6%) 94.7% (94.5%) 98.5% (98.5%)

prediction error
(expected error)

Average RMSCD 0.032 0.050 0.080
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Table 2.3S. Prediction accuracy of the model used for histone mark pattern discovery

Pearson Match 1 Catch 1 Obs Catch I Imp
Correlation
Training Set 0.883 68.3% 93.9% 97.0%
Testing Set 0.810 60.9% 89.3% 91.0%
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Table 2.4S. Percentage of neighborhoods of regions in Hl-cluster 4 (H3K27me3 pattern) that
contain TX (transcription) and CDS (coding sequence) start and end sites

H1-Cluster 4 TX start TX end CDS start CDS end
in 1 kbp 38.4% 16.0% 33.1% 21.7%
in 3 kbp 64.4% 44.0% 61.2% 47.5%
in 5 kbp 78.3% 60.3% 76.5% 64.2%
in 7 kbp 84.6% 69.4% 83.5% 70.7%
in 10 kbp 92.3% 77.8% 91.3% 77.9%
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Table 2.5S. Motif enrichment profile of the two H3K27ac dominant clusters in H9 (cluster 8 and

19)
HO9-Cluster 19 Frequency Diff  p-value Frequency in Background
Cluster Frequency
POS5F1 15.7% 2.17e-119 83.0% 67.3%
SOX2 14.9% 2.29e-103 79.4% 64.5%
PO2F1/2 14.3% 1.56e-86 63.2% 49.0%
NFAC2 14.1% 9.35e-85 66.9% 52.8%
PO3F2 13.3% 1.05e-76 67.6% 54.3%
NKX31 13.1% 5.92e-78 74.8% 61.6%
PIT1 12.6% 6.23e-72 73.4% 60.8%
HO9-Cluster 8 Frequency Diff  p-value Frequency in Background
Cluster Frequency
POSF1 15.7% 3.16e-119 83.0% 67.3%
SOX2 14.6% 3.21e-99 79.1% 64,5%
PO2F1/2 13.1% 2.51e-73 62.1% 49.0%
PIT1 13.0% 1.55e-76 73.8% 60.8%
PO3F1 12.4% 8.89e-66 63.0% 50.7%
PO3F2 12.1% 2.45e-63 66.4% 54.3%
NFAC2 12.0% 6.17e-62 64.8% 52.8%
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Table 2.6S. Motif enrichment profile of cluster 1 and 6 in HI, H3K27ac dominant clusters

H1-Cluster 1 Frequency Diff  p-value Frequency in Background
Cluster Frequency
SOX2 7.6% 1.94e-29 71.0% 63.4%
POSF1 7.0% 4.83e-26 72.9% 65.9%
PO2F1/2 6.0% 7.25e-18 53.8% 47.8%
SOX9 5.3% 1.08e-14 62.5% 57.2%
PO3F1 5.0% 4.53e-13 54.6% 49.6%
H1-Cluster 6 Frequency Diff  p-value Frequency in Background
Cluster Frequency
SOX2 7.8% 4.59¢-30 71.3% 63.4%
POSF1 7.5% 3.07e-28 73.4% 65.9%
PO2F1/2 5.1% 8.28e-13 52.9% 47.8%
SOX9 5.3% 4.05e-14 62.5% 57.2%
PO3F1 4.5% 1.66e-10 54.1% 49.6%
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Table 2.7S. Motif enrichment profile of cluster 4 in H9 (H3K27me3 pattern), pval of 0 values
are caused by number underflow since the pval is smaller than machine accuracy

HO9-Cluster 4 Frequency Diff  p-value Frequency in Background
Cluster Frequency
MBD?2 26.8% 0.0 89.7% 62.9%
E2F1 25.6% 0.0 83.2% 57.6%
E2F4 24.3% 0.0 63.5% 39.2%
NRF1 23.8% 0.0 75.9% 52.0%
E2F3 21.5% 0.0 37.1% 15.6%
E2F2 15.0% 1.75e-258 31.5% 16.5%
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Table 2.1ST. The average cosine similarity of feature contribution vectors among 5 runs

Weight similarity DHS RNAseq
Feature weight (whole 0.262 0.017
dataset)

Feature weight (flat regions)  0.310 0.025
Feature weight (peak regions) 0.991 0.960
Distal weight 0.963 0.918
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Table 2.2ST. Feature mark contribution for DNase and RNAseq prediction task, ranked from

high to low
Avg_ weight DMase Avg_ weight RMAseq
H28.2 0.874 H3K36me3d 0.732
HAKEac 0.1B6 HAKEac 0.387
HAKZ0mel 0.162 H28.2 0.218
H3K27me3d 0.075 HAKZ0mel 0.176
H3K36me3d 0.058 HiK4me3d 0.082
H3K27ac 0.043 HiK4me2 0.073
H3K9me3d 0.030 H3K9ac 0.059
H3K4mel 0.026 H3K27ac 0.055
H3K1Bac 0.024 H3K4mel 0,049
H4K91ac 0.024 H3K1Bac 0.033
H3K9ac 0.022 H2BK15ac 0.027
H3K79mel 0.020 H4K91ac 0.025
H3K4ac 0.019 H2BK12ac 0.023
H3K79me2 0.019 H3K23ac 0.023
H2AKSac 0.019 H2AKSac 0.021
H2BK12ac 0.018 HAKSac 0.021
H3K23ac 0.017 H2BK20ac 0.021
Hikidac 0.014 H2BKSac 0.021
HAKSac 0.014 H3K79me2 0.018
H2BK15ac 0.013 H3KZ23me2 0.017
H2BKSac 0.013 H3K79mel 0.017
H2BK20ac 0.011 H3K9me3d 0.013
H2BK120ac 0.010 H3K56ac 0.013
HiK4me2 0.008 H2BK120ac 0.012
H3K56ac 0.007 Hikidac 0.008
HiK4me3d 0.005 H3K4ac 0.007
H3KZ23me2 0.003 H3K27me3d 0.004
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Table 2.3ST. Average signal strength of histone marks in the DNase peak region (contain
location with logpval > 3)

Mark in Region Avg signal
H2A.Z 9.436
H4K8ac 0.431
H4K20mel 0.371
H3K27ac 0.363
H3K18ac 9.351
H3K36me3 0.342
H3K4mel 0.327
H3K9me3 0.321
H3K9ac 0.315
H3K4me2 9.31
H3K27me3 0.31
H4K91lac 0.292
H3K79me2 0.292
H2BK20ac 0.287
H2BK15ac 9.283
H3K79mel 0.282
H2BK5ac 0.28
H2BK12ac 9.278
H3K4ac 0.276
H2AK5ac 0.273
H3K1l4ac 0.273
H3K23ac 0.269
H4K5ac 0.267
H2BK120ac 0.254
H3K23me2 0.251
H3K56ac 9.238
H3K4me3 0.237
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Table 2.4ST. Prediction accuracy of contextual regression using selected histone marks

Correlation Match1l Catchlobs Catchlimp
Dnase_all 0.817 60.6% 89.9% 89.7%
Dnase_top_18 9.783 56.6% 86.2% 88.1%
Dnase_top_10 0.745 53.0% 81.8% 85.8%
RNAseq_all 0.622 38.4% 77.2% 76.8%
RNAseq_top_18 0.649 35.1% 75.1% 75.45%
RNAseq_top_10 0.587 34,1% 72.8% 73.1%
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CHAPTER 3: BIOGENESIS MECHANISMS OF CIRCULAR RNA CAN BE
CATEGORIZED THROUGH FEATURE EXTRACTION OF A MACHINE LEARNING

MODEL

3.1 Abstract

Motivation: In recent years, multiple circular RNAs biogenesis mechanisms have been
discovered. While each reported mechanism has been experimentally verified in different
circular RNAs, no single biogenesis mechanism has been proposed that can universally explain
the biogenesis of all tens of thousands of discovered circular RNAs. Under the hypothesis that
human circular RNAs can be categorized according to different biogenesis mechanisms, we
designed a contextual regression model trained to predict the formation of circular RNA from a
random genomic locus on human genome, with potential biogenesis factors of circular RNA as

the features of the training data.

Results: After achieving high prediction accuracy, we found through the feature
extraction technique that the examined human circular RNAs can be categorized into seven
subgroups, according to the presence of the following sequence features: RNA editing sites,
simple repeat sequences, self-chains, RNA binding protein binding sites and CpG islands within
the flanking regions of the circular RNA back-spliced junction sites. These results support all of
the previously reported biogenesis mechanisms of circRNA and solidify the idea that multiple
biogenesis mechanisms co-exist for different subset of human circRNAs. Furthermore, we

uncover a potential new links between circRNA biogenesis and flanking CpG island. We have
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also identified RNA binding proteins putatively correlated with circRNA biogenesis.
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3.2 Introduction

Circular RNAs (circRNAs) represent an emerging type of regulatory RNA with 3” and 5’
ends covalently join together as “back-spliced junctions”. Circular RNAs have been reported to
have multiple functions. Beside serving as miRNA sponges, many circRNAs are important for
brain function, synaptic plasticity' and fetal development®. Cell free circRNAs are found stable
in saliva’ as well as exosomes*, which makes circRNA a promising diagnostic biomarker. Most
circRNAs originated from circularization of coding gene exons, which leads to the hypothesis
that circRNA biogenesis competes with pre-mRNA splicing’. Literature evidence suggests that
the biogenesis of each circRNA subset may likely be regulated by different mechanisms®'?,

which supports the existence of multiple subclasses of circRNAs and each with specific roles.

In this study, we aim to decipher the relationship between the sequence features and
circRNA subclasses. To this end, we have developed a computational model to predict whether a
genomic locus would generate circRNA based on the presence of the following sequence
features within the flanking regions of the circular RNA back-spliced junction sites: CpG islands,
enhancers, RNA Binding Protein (RBP) binding sites, simple repeats, RNA editing sites and
DNA self-chains. These features were selected based on the hypothesized circRNA biogenesis

mechanisms®!?

as well as sequence features that can potentially participate in biogenesis of
non-coding RNAs including CpG islands” and enhancers regions'*"”. We have designed a
contextual regression model'® that successfully distinguishes the circRNA back-spliced junction

sites defined by transcriptome sequencing from randomly selected human genome loci in an

average 72.6 % accuracy. Using the feature extraction technique in the contextual regression
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model"’, we found that the examined 21,427 circRNAs can be categorized into seven groups
based on the biogenesis contributing factors. Our analysis supports that multiple biogenesis
mechanisms co-exist for different subset of human circRNAs. In particular, we found 79 RNA
binding proteins were identified to be significantly correlated to circRNA biogenesis.
Interestingly, we uncovered a potential new link between circRNA biogenesis and flanking CpG
islands, which suggests the potential correlation between DNA methylation and circRNA

biogenesis.
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3.3 Methods

The data analysis process of this research is summarized in Figure 3.1S. First, 55,689
human circRNAs back-spliced junction sites were collected from the database CircNet'® as
positive training data, and equal amount of randomly selected locus on HG19 human genome as
negative training data. These junction sites and randomly selected locus were then divided into
training and testing sets (in a ratio of 7:3) for the contextual regression network model designed
to predict whether a randomly selected locus from the human genome would generate circRNA.
The features of the training set include whether CpG islands, enhancer regions, RNA Binding
Protein (RBP) binding sites, simple repeats, A-to-I RNA editing sites (RNA editing sites for
short in the later text) and DNA self-chains present in the upstream and downstream region of
the selected locus. After reaching optimum average accuracy, through the application of feature
extraction techniques'’, we successfully found that the examined 21,427 circRNAs can be

categorized into seven groups based on the presumed biogenesis contributing factors.

The back-spliced junction sites in the positive training set were selected from the
database CircNet'®. The data includes reported human back-spliced junction sites were collected

from 22 recent studies>’51119-32

and 465 human transcriptome sequencing datasets were collected
from NCBI Sequence Read Archive®. The back-spliced junction sites in each RNA-seq sample
were identified using a circRNA discovery pipeline referred as find circ***?°. The criteria
defined in the pipeline hence the detected junction sites met the same standards as those in the

previous reports, as described in the Memczak et al. 2013 study** was applied. Adhering to the

suggestion of recent year comparison study®*, we selected the back-spliced junction sites based
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on the number of previous peer review reports in which the back-spliced junction sites were
reported and the number of samples among the 465 collected samples in which the back-spliced
junction sites were found meeting the criteria defined in find_circ®***3. Only the circRNAs with
the sum of these two numbers greater than 3 were considered as positive training data in this
study. Locus of the CpG islands, enhancer regions, simple repeats, RNA editing sites and DNA
self-chains on HG19 human genome was collected from UCSC Genome Browser’®. While the

locus of the RBP binding sites was collected from the Ray et al. 2013 study”’.
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3.4 Results

Using the feature extraction technique in the contextual regression model'®, we found that
the examined 21,427 circRNAs can be categorized into seven groups based on the biogenesis
contributing factors. Our analysis supports that multiple biogenesis mechanisms co-exist for
different subset of human circRNAs. In particular, we found 79 RNA binding proteins were
identified to be significantly correlated to circRNA biogenesis. Interestingly, we uncovered a
potential new link between circRNA biogenesis and flanking CpG islands, which suggests the

potential correlation between DNA methylation and circRNA biogenesis.

An interpretable neural network model to predict circRNAs. We implemented a
contextual regression model to predict circRNA using these features. Instead of letting the neural
network learn a function that maps features to target values, our method let the neural network
learn a function that maps features to local linear models that best predict the target value from
the features, thus generating a model that can both achieve state-of-the-art accuracy like a deep
neural network while giving human interpretable quantification of feature contribution (Figure
3.1 A). As summarized in Figure 3.1S C, in this contextual regression model, we used a residual
neural network®® that is composed of 3 layers of FNN (feed forward neural network, Figure 3.1
B) as the embedding function to generate the linear models. Batch normalization® is applied in
the input layer to reduce the variance between input batches and make the training process more
stable. The output of the embedding function is then dot-producted with the features and fed into
a logistic function to output the prediction result. The FNN model is implemented as an

operation that maps a vector x to s(Ax+b) where A is an matrix, b is an vector and s is the
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activation function. Both A and b are first initialized and then trained with tensorflow
AdamOptimizer®’. As for the parameter setting, all three layers of the FNN have 10 hidden units
and tanh as their activation function, batch size is set to 50, max gradient norm to 10, learning
rate to 0.0001. The weight matrix of each neural network is initialized with the tensorflow
tf.truncated normal function with standard deviation of 0.05 to prevent vanishing gradient
problem. The bias term in each layer is initialized all to value 0. We used cross-entropy as the
loss function during training. To make the feature contribution easily interpretable, we applied a
Lasso penalty in the form of L1 regularization on the context weight with penalty coefficient

0.0001.

Prediction and the feature selection results. As summarized in Table 3.1S, the designed
contextual regression model successfully distinguish circRNA back-spliced junction sites
defined by transcriptome sequencing data from randomly selected human genome loci, in an
average 72.6% accuracy and the area under curve of ROC curve 0.801 (Figure 3.25). To extract
the informative features, we selected the run with the highest accuracy (Run #5) from 10 runs.
The difference between the accuracy on the training and testing sets were negligible (72.5% vs
72.8%), which suggested no overfitting. Therefore, we pooled together the training and testing
sets in the feature analysis. We selected the most confidently predicted 21,427 circRNAs that
have confident scores > 0.7 to evaluate the contribution of each feature. The weighted feature
contribution (WFC) was then obtained from the model output. The features for each circRNA
genesis mechanism (except “flanking short ALU repeats” (both_have Alu) and “binding sites of
single RBP” (if same RBP) since they only have 1 value for the whole region) were pooled into

short (within 1,000bp radius from the circRNA) and long range (1,000bp to 2,000bp from the
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circRNA) by summing the weighted feature contribution in each category for better data
visualization. This resulted in 14 total feature contributions for each circular RNA data point
(CpG short range, CpG long range, enhancer short range, enhancer long range, RBP short range,
RBP long range, repeats short range, repeats long range, RNA editing short range, RNA editing
long range, self-chain short range, self-chain long range, if head and tail both have Alu, if head
and tail have the same RBP) that could be treated as a vector with 14 elements. Then, each of
these vectors was normalized to the unit length and PCA was applied to the whole data point
collection. The top 10 principal components were extracted which explained 98.9% of the total
variance. Then a K-mean clustering was applied to separate the processed data into subclasses.
Multiple values of k were experimented and k=7 was chosen for being the largest k that ensured
all cosine similarities between cluster centers are less than 0.5. The significantly contributing

features were plotted in the heat map format and confirmed in the original feature data.

As a result, we found that these circRNAs could be clustered into 7 different categories
according to their biogenesis factors (Figure 3.2A). To validate that the features with high
contribution scores are enriched in each cluster, we calculated the percent enrichment of each

feature in each cluster (Figure 3.2B). The enrichment plot supported our clustering result.

In cluster 0, RNA editing sites occurrence within 1000 nucleotides upstream or
downstream of the circRNA locus was considered to be the most important factor for the
biogenesis of 4,576 circRNAs. For the other 4,585 circRNAs in cluster 1, the appearance of
RNA editing site within range of 1000 to 2000 nucleotides upstream or downstream of circRNA

was considered as the most important biogenesis factor. Similarly, in cluster 2, existence of RNA
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binding protein binding sites within short, which means within 1000 nucleotides upstream or
downstream of the circRNA locus, was considered as the most important biogenesis factor for
the 7,503 circRNAs. For the 2,342 circRNAs in the cluster 4, occurrence in the long range,
which means within range of 1000 to 2000 nucleotides upstream or downstream of the circRNA
locus, of RNA binding protein binding sites was suggested as the main biogenesis factor. Short
repeat sequence flanking circRNA locus was clustered as the main factor for the 1,344 circRNAs
in cluster 3. Biogenesis of 620 circRNAs was linked to flanking CpG islands, while 457
circRNAs’ biogenesis mechanism appeared to relate to the flanking DNA self-chains. The
amount of these seven clusters is summarized in Figure 3.3S. Through examining the input data
that forms cluster 2 and cluster 4, which were associated with RNA binding protein (RBP), we
identified 79 RBPs presumably participate in the biogenesis of these 9,845 circRNAs. These 79
RBPs (available in Additional file 4) appear both in the short range (within 1000 nucleotides) in
cluster 2 and long range (from 1000 nucleotides to 2000 nucleotides) in cluster 4 consistently.
Among these RBPs, binding motifs of SRSF1, PUMI1, SF3B4, ELAVLI1, HNRNPA1, CSDA,
SNRPA, RBFOX1 and PABPCI1 were found appear in upstream or downstream of thousands of

circRNAs in both clusters, as summarized in Table 3.2S.

Hence based on the result of this study, circRNAs can be categorized into multiple
different subclasses, each with specific different function and biogenesis mechanism. Results of
this research support all of previous discoveries and solidify the idea that multiple biogenesis
mechanisms co-exist for different subsets of human circRNAs. Results of this study can also
contribute to the advance of circRNA detection algorithms. Current mainstream research

methods adopted to discover circRNAs are based on detection of back-spliced junction sites
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spanning reads within transcriptome sequencing data. However, this kind of approach tends to
have a high false positive rate. Sensitivity of the junction site detection is also limited by
sequencing depth. Had a clear concept of circRNA biogenesis mechanism is available, an

improved algorithm ruling out sequence base false positive might be able to be developed.
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Figure 3.1. Illustration of Contextual Regression. A. graphic illustration of the mechanism of
contextual regression: the features are inputted into a neural network that generates a contextual
weight for each feature which represents the importance of the features. Then, the features are
then weighted by the corresponding weights to make an easier separation of samples. In
classification or regression tasks, the weighted features are then summed to yield the prediction.
B. A graphic demonstration of the FNN parts in the contextual regression model.
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Group contribution heatmap for circular RNA (weighted)
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Figure 3.2. Prediction and feature collection result. The result of the feature collection is
summarized in this figure. A Through the result we found that these circRNAs can be clustered
into 7 different categories according to their biogenesis factors. The long range features are
marked with “ 1” and the short range ones are marked with “ s”. B Percentage of members in
each cluster that contains each of the features.
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3.8 Supplementary Methods

Transcriptome sequencing evidence based circRNA and sequence features selection.
We first developed a computational method (scripts and tutorial are available at

https://github.com/chl556/Contextual Regression_for CircRNA) to predict circRNAs using

various sequence features (Figure 3.1S). We collected 55,689 transcriptome sequencing evidence
based circRNAs and the same number of randomly selected loci in the hg19 human genome. As
illustrated in Figure 3.1S B, the flanking regions of the selected sites were divided into
short-range (from 0 to 1000 nucleotide upstream and downstream of the site) and long-range
(from 1000 nucleotides to 2000 nucleotides upstream and downstream of the site) regions.
Appearance of a specific feature within these regions was represented through bins with value of
0 or 1. The short-range regions were divided into 8 bins for every 250 nucleotides, while the
long-range regions were divided into 4 bins for every 500 nucleotides. We considered 6 features
related to circRNA biogenesis, including RNA Binding Protein (RBP) binding sites, simple
repeats, RNA editing sites, DNA self-chains, CpG islands and enhancers. The first four features
were selected based on the hypothesized circular biogenesis mechanisms in the previous

1415 are related to non-coding RNAs in general

studies"?. CpG islands" and enhancers regions
and thus considered as potential regulators for circRNA biogenesis. DNA self-chains are
annotated regions where DNA is complementally aligned which are extracted from UCSC
genome browser. A-to-I RNA editing sites are extracted from public available annotation*’. Our
list of RNA binding protein binding sites are extracted from available data’’. The occurrence of

these 6 features in the flanking regions of a selected genomic locus was represented by 72 bins.

Furthermore, flanking short ALU repeats®* and binding sites of single RBP such as QKI'" are
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hypothesized to present in flanking regions of circRNA to facilitate the biogenesis. Hence, in
addition to the 72 bins, we added another 2 bins to represent whether both the upstream and
downstream regions contain ALU repeats and whether the upstream or downstream regions

contain binding sites of one particular RBP (QKI) binding sites.
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3.9 Supplementary Figures
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Figure 3.1S. Overview of the data analysis process. A. The general data analysis process is
illustrated in this picture. Human circRNAs were collected from the database CircNet as positive
training data, and equal amounts of random locus as negative training data. B. Flanking regions
of the selected sites were divided into long and short range. Appearance of certain motifs within
these regions was represented through bins with values of 0 or 1. C. With the selected features
added, the data was used to train the contextual regression Network.
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Contextual Regression network mode structure used in Circular RNA Prediction

Feat N = ,/'_'\'.;! e N | Predicti
ea(;;res]- BN [ FNN NN —(+) NN —( 0 0 0O Csum (1L v-[ recietion

_ _ i - v
CT |

Figure 3.1S. Overview of the data analysis process. A. The general data analysis process is
illustrated in this picture. Human circRNAs were collected from the database CircNet as positive
training data, and equal amounts of random locus as negative training data. B. Flanking regions
of the selected sites were divided into long and short range. Appearance of certain motifs within
these regions was represented through bins with values of 0 or 1. C. With the selected features
added, the data was used to train the contextual regression Network.
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ROC of CircRNA Prediction

True Positive Rate

” - ROC curve (area = 0.80)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 3.2S. ROC curve of circular RNA prediction. The area under curve of ROC curve is 0.81.
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Seven clusters of circular RNA categorized based on

biogenesis mechanism

Self Chain
CPG island 2%
3%

RBP Long RNA Editing Short
11% 21%

Repeats Short
6%

RNA Editing Long
22%

RBP Short

35% ® RNA Editing Short
m RNA Editing Long
m RBP Short
u Repeats Short
m RBP Long
mCPGisland
m Self Chain

Figure 3.3S. Human circRNAs categorized based on biogenesis mechanism. The distribution of
the seven clusters of circRNA is illustrated in this figure. Around 43% of the circRNA
biogenesis was contributed to RNA editing domain, while 46% of other circRNA was
contributed to flanking RBP binding sites.
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Table 3.1S. Summary of the accuracy. Our contextual regression model achieved an average
accuracy of 72.6% out of 10 runs, with an average AUC of ROC by 0.801.

Run Accuracy AUC
1 72.7% 0.801
2 72.6% 0.801
3 72.7% 0.800
4 72.6% 0.802
5 72.8% 0.802
6 72.5% 0.799
7 72.6% 0.801
8 72.7% 0.801
9 72.6% 0.803

10 72.6% 0.801

Avg 72.6% 0.801

136



Table 3.2S. Nine RBP found contribute to biogenesis of thousands of circRNAs. Binding motifs
of SRSF1, PUMI1, SF3B4, ELAVL1, HNRNPA1, CSDA, SNRPA, RBFOX1 and PABPCI1 were
found appear in upstream or downstream of thousands of circRNAs in both long and short range.
The number in this table represents the amount of circRNA where the RBP binding motif
appears in the flanking region.

RBP Short Upstream Short Long Upstream Long Downstream
Downstream

PUM1 1353 1227 561 492
RBFOX1 1260 862 421 446
SRSF1 1149 817 668 654
ELAVL1 1004 927 364 371
CSDA 975 796 355 328
SF3B4 795 577 274 278
HNRNPA1 784 604 285 272
SNRPA 763 537 269 269
PABPC1 704 487 289 244

RBP PUM1 | RBFOX | SRSF1 | ELAVL1 | CSDA SF3B4 | HNRNPA1 | SNRPA | PABPC1

1
Inside 3814 2831 3906 2507 2949 2031 1287 1699 2150
CircRN
A
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Table 3.3S. Computational Time of Contextual Regression on Data of Different Scale. The
computation is done on a machine with Intel Core m3 and 8G DDR3 memory. Results show that

the time it takes to run contextual regression scales linearly with data size.

Run

Time Taken (110K data)

Time Taken (220K data)

Time Taken 440K (data)

1

897 seconds

1797 seconds

3566 seconds

908 seconds

1789 seconds

3572 seconds

922 seconds

1784 seconds

3595 seconds

905 seconds

1745 seconds

3489 seconds

910 seconds

1700 seconds

3508 seconds

Avg

908 seconds

1763 seconds

3546 seconds

138




Table 3.4S. Enrichment of Features in the Negative Set

CPG s | CPG_1 | enhancer s | enhancer | | RBP s | RBP 1 | Both have Alu
Negative | 3.59% | 3.62% 0.27% 0.27% 2.44% | 2.42% 0.09%
Set
Repeats | Repeats | RNA editi [ RNA editi | self chain | self chain | If same
S 1 ng s ng | S 1 RBP
Negative | 72.13% | 72.54% 4.20% 4.25% 43.57% 43.57% 0.42%
Set
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CHAPTER 4: NEURAL NETWORK FACILITATED AB INITIO DERIVATION OF
LINEAR FORMULA: A CASE STUDY ON FORMULATING THE RELATIONSHIP

BETWEEN DNA MOTIFS AND GENE EXPRESSION

4.1 Abstract

Developing models with high interpretability and even deriving formulas to quantify
relationships between biological data is an emerging need. We proposed a framework for ab
initio derivation of sequence motifs and linear formula using a new approach based on the
interpretable neural network model called contextual regression model. We showed that this
linear model could predict gene expression levels using promoter sequences with a performance
comparable to deep neural network models. We uncovered a list of 300 motifs with important
regulatory roles on gene expression and showed that they also had significant contributions to
cell-type specific gene expression in 154 diverse cell types. This work illustrates the possibility

of deriving formulas to represent biology laws that may not be easily elucidated.

(https://github.com/Wang-lab-UCSD/Motif Finding Contextual Regression)
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4.2 Introduction

Deep neural networks have been widely adopted in modeling biological data and they can
achieve state-of-the-art prediction accuracy in different datasets such as gene expression, open
chromatin and histone marks'”’. For example, convolutional neural network (CNN)® is suitable
for processing sequence data as the filters in the CNN, which CNN uses to find sequence
patterns for prediction, can represent DNA motifs and other functional patterns. A limitation of
the highly complex and non-linear nature of neural network models is their low interpretability’.
For instance, as the data go through multiple layers of matrix multiplication and non-linear
activation functions in CNN, the contribution of each input feature to prediction result is hardly
tractable and the filters also unlikely have equal contribution to the predictions. To address this
challenge, methods such as LIME'®, SHAP", Contextual Regression (CR)® and DeepLift'? have
been developed to identify features important for the prediction performance. Such analyses are
powerful and they can provide informative insights, such as which base-pairs are important in a
sequence prediction task®,

Despite these progresses, a tempting goal not yet achieved for building interpretable
models is to derive formulas, which is intuitive for interpretation and human comprehension, for
analytical quantification of the relationship between biological data such as DNA sequence and
gene expression. A classic approach to derive formulas from data is symbolic regression' that
searches combinations of predefined operations and functions, such as addition, subtraction,
multiplication, division and exponent, on input variables to predict output variables. For
example, symbolic regression'® and, more recently, symbolic regression combined with neural

networks'* have been shown to successfully recover physics laws from data. These studies are
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inspiring to investigate the possibility of deriving biology laws. However, it is imaginable that
living systems are more complex than the physical subjects and in many cases defining
appropriate input variables predictive of a target observation is a great challenge; in fact the
complexity of the DNA sequence and the exponentially increasing searching space of operation
combinations have hindered broad application of similar approaches in interpreting biological
data.

In this study, we propose a framework to derive the simplest formulas, linear formulas, to
model biological relationships. As many physics laws, such as Newton’s second law F=ma and
mass-energy equivalence E=mC?, are in linear formulas, it is reasonable to argue some biology
laws may also be linear "“or can be well approximated by linear relationship'®'®. We conducted a
proof-of-concept study on predicting gene expression using promoter sequences. Promoters are
crucial for regulating gene transcription'’. DNA motifs, particularly those in the core promoter
regions™, that are important for transcriptional regulation have been investigated from molecular,
genetic and functional aspects® °. Many studies have shown that promoter sequences, genomic
or synthetic ones, are predictive of gene expression and linear regression models of using
sequence features in the promoters have reasonable performance while deep neural networks can
achieve better predictions’. Such a linear relationship allows testing of our approach on (1) ab
initio derivation of the input sequence features (i.e. DNA motifs) and (2) building a linear model

on these derived features to achieve prediction performance comparable to deep neural networks.
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4.3 Results

Ab initio derivation of linear model of sequence motifs to predict gene expression
levels. A roadblock towards deriving a linear model to predict gene expression from promoter
sequences is to uncover appropriate input features. DNA motifs represent genomic segments
recognized by TFs and specific TFs binding to a particular promoter is the key of regulating
transcription. Therefore, a linear model of DNA motifs to predict gene expression would
naturally quantify the contribution of motifs and reveal the important transcriptional regulators.
Our approach started with using a CNN model based on the contextual regression framework®
that can learn expression related motifs and predict expression level by generating local linear
models. The motifs and their occurrence counts were directly learned by this contextual
regression model, and then the motif occurrence counts were used to fit a global linear model to
predict RNA abundance achieving a performance comparable to pure neural network models.

The contextual regression model aims to simultaneously optimize prediction accuracy
and assess the contribution of each input feature to the prediction. It is based on the strength of
deep neural networks on end-to-end learning®’ process with automatic feature engineering
(Figure 4.1SA). The model consists of two modules: motif count generating module and local
linear model generating module. The architecture is demonstrated as shown below using motifs
of 3-mers for illustrative purpose (in actuality, we used motifs of 8-mers in the prediction): The
sequence is first input into a layer of CNN filters, each filter represents a motif of n-mers (8-mers
were used in our model). The activation of each filter in a genomic location represents that the
corresponding motif is found there. Then the output is fed into two branches: the first branch

applies a sigmoid function (to binarize the output) and sum across the sequence to generate the
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count of each motif, which we call motif finding branch. The second branch is input into a
convolutional neural network that generates the contextual weights (local linear model), which
we call contextual weight branch. The outputs from the two branches are then dot-producted
(equivalent to applying the local linear model) to yield the prediction of expression level.

This way the CNN was trained on the promoter sequences and gene expression data to
find local linear models for individual data points so that the two fitting problems were solved
simultaneously: accurate prediction of the output (i.e. gene expression) and assessing the
contribution of individual features represented by the contextual weights. We downloaded the
gene expression data, which is the median expression level of 56 cell types, from ref. °. To assess
the model performance, we randomly divided the data 10 times to generate 10 datasets for
accuracy evaluation.

Human promoters include sequences upstream and downstream of transcription start site
(TSS). Different lengths of sequences have been used in the literature, ranging widely from
(-1000bp, +500bp) to (-7000bp, +3000bp). We thus first aimed to identify a reasonably short
length of sequences around TSS that can predict gene expression with satisfactory performance,
because relative short sequences would reduce the possibility of overfitting and alternative
models, making it more straightforward to compare the contextual regression model with the
pure neural network models. We assessed the prediction accuracy of our model on three different
sizes around TSS: (-100bp, +100bp), (-200bp, +200bp) and (-1000bp, 1000bp). We found the
performance (Pearson correlation R between predicted and experimental values) of (-200bp,
+200bp) (0.675+0.018) was very similar to (-1000bp, 1000bp) (0.682+0.024) and yet sufficiently

higher than (-100bp, +100bp) (0.648+0.019) (Figure 4.1B). For a comparison, a slightly higher
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Pearson correlation could be achieved on a much longer region of (-7000bp, +3500bp) around
TSS either using a deep neural network model in ref. ° (Pearson R=0.71) or a contextual
regression model with the same model structure using (-1000bp, 1000bp) (Pearson R=0.68,
Figure 4.1A). It is obvious that the longer the promoter region, the more information obtained for
more accurate prediction of gene expression. For our purpose of demonstrating the feasibility of
deriving linear formulas, we chose (-200bp, +200bp) around TSS to train the model and the
follow up analyses in the rest of the paper.

Then we performed the second step to generate the global linear model. A global linear
model was fit for each of the 10 runs on the 10 random partitions of the data (Figure 4.1C). The
global linear models show slightly worse but still highly compatible performance (R=0.65+0.02)
compared to the contextual regression model (R=0.68+0.02) and the Xpresso model structure
(R=0.67+0.02), suggesting that the RNA expression level can be predicted using linear models of
sequence motifs (Figure 4.1D).

To investigate whether the contextual regression model helped to uncover appropriate
features, we developed a benchmark neural network model which predicts gene expression
solely using motif counts (called motif finding NN): this model is the motif finding branch of the
contextual regression model connected to a 3-layer feed forward neural network model (Figure
4.1SB). This model achieved a PearsonR=0.52+0.02 which is not as good as contextual
regression. This is probably due to the fact that the contextual weight branch of the contextual
regression model takes in information from the whole sequence, which facilitates learning. We
also built a global linear model to predict gene expression based on the activation count of the

filters (i.e. equivalent to the motif counts) in the Xpresso model (i.e. the output of the first layer
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activated by ReLU summed over each (-200bp, +200bp) region) and the average Pearson R was
0.4140.03 on the test set. This result indicated that simply replacing neural network with linear
regression does not necessarily work and the contextual regression framework facilitates learning

input features that are able to fit a linear model for prediction.

Uncovering a list of promoter motifs important for regulating gene expression. DNA
motifs in the human promoters have been well analyzed but new motifs and new insights keep
emerging from recent studies’’*****® Leveraging the power of the highly interpretable linear
model, we set to define a list of promoter motifs that are most important for regulating gene
expression. A technical hurdle to overcome is that there exist alternative models to achieve the
same prediction accuracy. A common strategy is to combine those models, which can not only
unify the models but also increase model adaptivity to different datasets. Thus we created a
combined model from the models we generated in the 10 runs. Furthermore, some de novo
motifs may match with the known motifs. To reduce the effort of distinguishing known and de
novo motifs in the follow up analysis, we chose to include the known motifs in the core
vertebrate JASPAR database (a total of 831 motifs)*’ in addition to the 640 de novo motifs found
by the 10 contextual regression (CR) models (Figure 4.2A). Then we selected the top motifs
based on their predictive power on gene expression. We chose the regression tree* as our
selection model that uses entropy to represent feature significance. We recursively remove 100
motifs in each round until the number of motifs reach our target value.

We compared the prediction accuracy of linear models using the top selected motifs with

a baseline linear regression model directly trained on the JASPAR motifs and the neural network
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models to predict gene expression. We used the default division of train, validation and test set
from ref.’ for a fair comparison. Among all the models, the one using the top 300 motifs selected
from JASPAR+CR Found motifs achieved the best performance on the test set while being
linearly interpretable and simpler (Pearson R=0.70), same as the two neural network models and
much better than the baseline linear model (R=0.60). On the test set, the top 300 motifs showed
better performance than using all the motifs which is likely due to removing low information
motifs that can fit to noise on the training set. Note that the top-300-motif model had the same
performance on training, testing and whole dataset fitting, while the top-200-motif model,
despite achieving close accuracy on the test set, performed slightly worse on training and whole
dataset, suggesting some underfitting. Taken together, we chose the linear top-300-motif model
for the follow up analysis.

We noticed that the most high-weight motifs (194 out of 300, mean absolute weight 1.53)
came from contextual regression (in fact all top 20 positive and negative weighted motifs were
from contextual regression) rather than from the JASPAR database (106 out of 300, mean
absolute weight 0.012), suggesting that the de novo CR motifs are stronger features for
expression prediction than the known motifs. This is not surprising since the motifs from
contextual regression are directly trained to predict gene expression.

We next examined the spatial distribution of the motifs with the top 20 positive and
negative weights in the promoters. The distribution is calculated by averaging the output from
the motif exists module (Figure 4.1SA) of our model over all sequences in the training,
validation and testing set. These motifs exhibit a strong change of location preference near the

TSS: for instance, motif R1M4 has an increasing presence when approaching TSS. Near TSS it
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has a strong preference for specific positions (large fluctuation of distribution). Another example
is motif R2ZM6, which has an even distribution before and after TSS and has a strong preference
for specific positions near TSS (Figure 4.2B). This suggests certain binding spots near TSS are
preferred.

The de novo motifs discovered by contextual regression model are highly effective on
predicting transcription levels ande most of them do not match with the known motifs in the
JASPAR? or CIS-BP*! database. To infer their cellular function, for each of the top 20 positive
and top 20 negative weight motifs, we extracted the top 500 genes with the highest total motif

count and performed GO term enrichment analysis**

on their biological process and molecular
function. We found three main themes of GO terms associated with these motifs (Figure 4.2B):
(1) development (for instance, nervous system development (GO:0007399), multicellular
organism development (GO:0007275) and system development (GO:0048731)), (2) signaling
and regulation (for instance, regulation of signaling (GO:0023051), regulation of cellular process
(GO:0050794) and regulation of signal transduction (G0O:0009966)) and (3) stimulus-response
(for instance, detection of chemical stimulus (GO:0009593), detection of chemical stimulus
involved in sensory perception (GO:0050907) and G protein-coupled receptor signaling pathway

(GO:0007186)). The association of the high weighted motifs with these housekeeping functions

indicated their importance of regulating expression levels of the related genes.

Predicting gene expression in diverse cell types. We next examined whether the top

300 motifs define a parts list of TF binding motifs in the promoters and whether the linear

relationship remains valid on predicting cell-type specific gene expressions. We collected the
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RNA-seq data of 154 cell types/tissues* from Epigenomic Roadmap Project*® and ENCODE?.
We trained and tested the model using the same division of train, validate and test set as in the
previous section. Our model achieved an average Pearson Rof 0.61 on the test set for all cell
types/tissues. Among the 154 cell lines, 98% (151) of them had a Pearson R above 0.5.
Considering that no epigenetic state or enhancer regulation was included in the model, such a
performance indicates that the 300 motifs in the promoters play a major role of regulating
cell-type specific gene expression. The 3 cell lines that had Pearson R below 0.5 are all adult cell
lines (R.adt.sigmoid.colon, R.adt.small.intestine, E.adt.right.lobe.of.liver). Indeed, the average
Pearson correlation for the adult cell types/tissues was 0.59, which is significantly lower than
0.61 (p value=0.022) for children and 0.64 (p value=5.6e-7) for the embryonic cells/tissues
(Figure 4.3B). As gene expressions of the cell types/tissues in the later stages of development are
generally more affected by epigenetic modifications and enhancers, this observation highlights
the importance to consider information other than promoter sequences in the prediction model.

We next investigated how the top 20 positive and negative weighted motifs selected from
predicting the median gene expression values in the previous section are functioning in
regulating cell-type specific expressions. We performed hierarchical clustering on the
cells/tissues based on their linear model weights of the 40 motifs (Figure 4.3A). We observed
that the cell types/tissues with the same origin tend to be clustered together, such as embryo
muscular cells, immune cells and cells from the digestive tract.

Obviously, some motifs are universally important in the 154 cells/tissues while some are
more specific. We calculated the normalized standard deviation (NSD, standard deviation

divided by absolute mean value) of linear model weights for each motif. We classified NSD into
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3 levels of low (<0.5), medium (0.5, 1) and high (>1) (Figure 3.B). Among the 20 positive
weighted motifs, 60% had a low NSD, 30% a medium NSD and 10% a high NSD. Among the 20
negative weighted motifs, 65% had a low NSD, 15% a medium NSD and 20% a high NSD. For
both negative and positive weight motifs, most of them (25 out of 40) had a low NSD,
suggesting their broad importance in regulating gene expression across diverse cell/tissue types.
Interestingly, 13 out of the 15 medium and high NSD motifs had top GO-terms in regulation and
stimulus-response pathways. A possible explanation is that regulation and stimulus-response
genes have a high variability of expression level in different cell types and thus are regulated by

their associated motifs in very different ways.
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4.4 Discussion

Here we have conducted a proof-of-concept study to demonstrate a new strategy to derive
linear formulas to quantify the relationship between biological data. We showed that a linear
model of DNA motifs could predict the median gene expression levels with a performance
comparable to deep neural networks. Conventional approaches to interpret a neural network are
to identify the important features and the contribution of each feature to prediction is evaluated
by the reduction of prediction performance if a feature is removed. While these approaches are
powerful, they do not quantify the relationship between individual features and the predicted
variable(s) with an explicit linear regression model. Our study provides a possible solution by
combining neural networks with linear models to create an interpretable and high performance
model to quantitatively assess the individual DNA motifs’ regulation on gene expression.

Linear relationship is the simplest formula and likely easiest to achieve during evolution
of the biological systems. One key step of deriving the linear formula is to find appropriate
combinations of the input features, which has not been well explored by deep learning
approaches. A conventional neural network model using DNA motifs to predict gene expression
only achieved a Pearson R=0.52. In comparison, the contextual regression model uncovered
features capable of predicting outputs in a linear model with a Pearson R=0.65, comparable to
pure deep learning models directly trained from the promoter sequences (Pearson R=0.67). This
observation shows the unique advantage of contextual regression on simultaneously optimizing
prediction accuracy and assessing the feature contribution, which enforces direct learning of the

input features (motifs) fit to a linear formula for predicting outputs (gene expressions).
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The strategy we developed here can be readily applied to deriving formulas to quantify
the relationship between DNA sequences and different biological functions such as histone
modifications, TF binding and open chromatin. This study exemplifies a possible next step of
building interpretable models leading to derivation of analytical formulas to decipher the
information encoded in the human genome and explain biology that has not been achieved by
conventional deep learning models. Additional possible extension of this approach includes
conducting symbolic regression on the identified features (motifs) from the CR model to derive
non-linear formulas.

Using this approach, we have uncovered 300 motifs that are predictive of the median
gene expressions with a linear model achieving similar accuracy as a deep neural network model.
The weights of the motifs in the linear model naturally quantify their importance in regulating
gene expression. Such a parts list of regulatory motifs in the promoters include a majority of new
motifs that are more predictive of gene expression than the known motifs, suggesting unknown
regulatory mechanisms implemented in the promoters. Furthermore, we showed these 300 motifs
are predictive of cell-type specific gene expression particularly in the embryo cell types/tissues
while performing less well on adult cell types/tissues, indicating the increasing importance of

enhancers and epigenetic modification during development on controlling gene expressions.
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Figure 4.1. A. A new contextual regression model to predict expressions from promoter
sequences. B. Accuracy of the contextual regression model using sequences of different sizes
around TSS. C. Building a global linear model from a contextual regression output. D. Accuracy
of different models on using (-200, 200) sequence around TSS.
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Figure 4.2. A. Selection of 300 promoter motifs important for predicting gene expression. B.
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Figure 4.3. A. Hierarchical clustering of cell/tissue types by the linear model weights of the
selected 300 motifs. Noticeable clusters of similar cell/tissue types are shown in amplification. B.
Mean value of Pearson correlation, number of samples for the four different developmental
stages and their one-sided t test p value vs the adult cells/tissues. C. The linear model weights of
the 40 motifs in different cell/tissue types. The NSD level of each motif is marked below the
motif sequence: blue represents low NSD, orange represents medium NSD and red represents
high NSD.
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Mean Pearson R Number of Samples t-test p value vs adult
Adult 0.593 77 N/A
Child 0.620 18 0.02
New Born 0.648 -+ N/A
Embryo 0.636 54 5.6e-7

Figure 4.3. A. Hierarchical clustering of cell/tissue types by the linear model weights of the
selected 300 motifs. Noticeable clusters of similar cell/tissue types are shown in amplification. B.
Mean value of Pearson correlation, number of samples for the four different developmental
stages and their one-sided t test p value vs the adult cells/tissues. C. The linear model weights of
the 40 motifs in different cell/tissue types. The NSD level of each motif is marked below the
motif sequence: blue represents low NSD, orange represents medium NSD and red represents

high NSD.
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Figure 4.3. A. Hierarchical clustering of cell/tissue types by the linear model weights of the
selected 300 motifs. Noticeable clusters of similar cell/tissue types are shown in amplification. B.
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stages and their one-sided t test p value vs the adult cells/tissues. C. The linear model weights of
the 40 motifs in different cell/tissue types. The NSD level of each motif is marked below the
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4.8 Supplementary Figures And Table
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Dense_L: Dense
output: | (None, 64)

-

input: | (None, 64)

ReLU_L: ReLU
output: | (None, 64)

e—|

input: | (None, 64)
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Figure 4.1S. A. Structure of the contextual regression model, the left branch is the contextual

weight branch and the right branch is the motif finding branch. B. Structure of the motif finding
NN
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

Negative Weight | Motif PWM Distribution Biological Molecular
Motif Symbol Process (Top 5 Function (Top 5
FDR) FDR)

RI1IMO L‘[TICII w‘ nervous system | N/A

development
(GO:0007399),
negative
regulation of
cellular process
(GO:0048523),
regulation of cell
junction
assembly
(GO:1901888),
multicellular
organism
development
(GO:0007275),
carboxylic acid
metabolic
process
(GO:0019752)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

molecular
function
(GO:0065009),
regulation of
signaling
(GO:0023051)

R1M29 . - regulation of nucleoside-triph
C—CALIL 1 signaling osphatase
(GO:0023051), |regulator activity
regulation of cell | (GO:0060589),
communication | GTPase
(GO:0010646), [ regulator activity
regulation of (GO:0030695),
cellular process | protein
(GO:0050794), [ serine/threonine/
signaling tyrosine kinase
(GO:0023052), | activity
regulation of (GO:0004712),
signal protein
transduction serine/threonine/
(GO:0009966) tyrosine kinase
activity
(GO:0004712),
guanyl-nucleotid
e exchange
factor activity
(GO:0005085)
R1M40 C cc biological binding
S o regulation (GO:0005488),
(GO:0065007), | protein binding
regulation of (GO:0005515),
cellular process | nucleoside-triph
(GO:0050794), | osphatase
negative regulator activity
regulation of (GO:0060589),
cellular process | GTPase
(GO:0048523), | regulator activity
regulation of (GO:0030695),

molecular_functi
on
(GO:0003674)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R2M63 ' A Y W— nervous system | N/A
lll.r_ls;Q ‘=== | development

(GO:0007399),
synapse
organization
(GO:0050808),
system
development
(GO:0048731),
multicellular
organismal
process
(GO:0032501),
multicellular
organism
development
(GO:0007275)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R3M1

TIZARCAT

detection of
chemical
stimulus
(GO:0009593),
detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
detection of
chemical
stimulus
involved in
sensory
perception of
smell
(GO:0050911),
sensory
perception of
smell
(GO:0007608),
sensory
perception of
chemical
stimulus
(GO:0007606)

olfactory
receptor activity
(GO:0004984),
G
protein-coupled
receptor activity
(GO:0004930),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)

169




Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R4M9

TTAAAAZA

detection of
chemical
stimulus
(GO:0009593),
detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
G
protein-coupled
receptor
signaling
pathway
(GO:0007186),
sensory
perception of
chemical
stimulus
(GO:0007606),
detection of
chemical
stimulus
involved in
sensory
perception of
smell
(GO:0050911)

G
protein-coupled
receptor activity
(GO:0004930),
olfactory
receptor activity
(GO:0004984),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R4M61

' ALAATg_Q

regulation of
transcription
DNA-templated
(GO:0006355) ,
regulation of
developmental
process
(GO:0050793),
regulation of cell
communication
(GO:0010646),
biological
regulation
(GO:0065007),
regulation of
Wnt signaling
pathway
(GO:0030111)

binding
(GO:0005488),
molecular functi
on
(GO:0003674),
nucleoside-triph
osphatase
regulator activity
(GO:0060589),
GTPase
regulator activity
(GO:0030695),
enzyme activator
activity
(GO:0008047)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R5M2

TCTE<AAA

detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
detection of
chemical
stimulus
(G0O:0009593),
detection of
chemical
stimulus
involved in
sensory
perception of
smell
(GO:0050911),
sensory
perception of
smell
(GO:0007608),
sensory
perception of
chemical
stimulus
(GO:0007606)

olfactory
receptor activity
(GO:0004984),
G
protein-coupled
receptor activity
(GO:0004930),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

(GO:0009966),
regulation of
response to
stimulus
(GO:0048583),
phosphorylation
(GO:0016310)

R5M6 3 c A A regulation of cell | transcription

“WCLUVARS communication | coregulator
(GO:0010646), | activity
regulation of (GO:0003712),
biological guanyl-nucleotid
process e exchange
(GO:0050789), | factor activity
regulation of (GO:0005085),
cellular process | nucleoside-triph
(GO:0050794), | osphatase
regulation of regulator activity
signaling (GO:0060589),
(GO:0023051), |GTPase
biological regulator activity
regulation (GO:0030695),
(GO:0065007) protein binding

(GO:0005515)
R6M20 i TCA regulation of protein

) Cccc c . signaling serine/threonine/
(GO:0023051), | tyrosine kinase
regulation of cell | activity
communication | (GO:0004712),
(GO:0010646), | protein kinase
regulation of activity
signal (GO:0004672),
transduction phosphotransfer

ase activity
alcohol group as
acceptor
(GO:0016773),
kinase activity
(GO:0016301),
transferase
activity
transferring
phosphorus-cont
aining groups
(GO:0016772)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

2COCCoAR

signaling
(GO:0023051),
regulation of cell
communication
(GO:0010646),
regulation of
signal
transduction
(GO:0009966),
regulation of
response to
stimulus
(GO:0048583),
multicellular
organism
development
(GO:0007275)

R6M47 .C ¥ system protein tyrosine
‘g—AALg — development kinase binding

(GO:0048731), |(GO:1990782),
developmental protein binding
process (GO:0005515),
(GO:0032502), | binding
multicellular (GO:0005488),
organism olfactory
development receptor activity
(GO:0007275), |(GO:0004984),
anatomical sequence-specifi
structure ¢ DNA binding
development (GO:0043565)
(GO:0048856),
regulation of
biological
process
(GO:0050789)

R7M34 ) regulation of protein binding

(GO:0005515),
signaling
receptor binding
(GO:0005102),
binding
(GO:0005488),
olfactory
receptor activity
(GO:0004984),
signaling
receptor
regulator activity
(GO:0030545)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R7M60

COCZATIT

detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
detection of
chemical
stimulus
involved in
sensory
perception of
smell
(GO:0050911),
sensory
perception of
smell
(GO:0007608),
detection of
chemical
stimulus
(GO:0009593),
sensory
perception of
chemical
stimulus
(GO:0007606)

olfactory
receptor activity
(GO:0004984),
G
protein-coupled
receptor activity
(GO:0004930),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

7LTC gET

(GO:0023052),
regulation of
signaling
(GO:0023051),
regulation of cell
communication
(GO:0010646),
regulation of
molecular
function
(GO:0065009),
system
development
(GO:0048731)

R8M3 ; system catalytic activity
S éccc development acting on a

(GO:0048731), |[protein
regulation of (GO:0140096),
molecular binding
function (GO:0005488),
(GO:0065009), | molecular functi
protein on
modification (GO:0003674),
process protein binding
(GO:0036211), | (GO:0005515),
biological ion binding
regulation (GO:0043167)
(GO:0065007),
cellular protein
modification
process
(GO:0006464)

R&M7 i signaling nucleoside-triph

osphatase
regulator activity
(GO:0060589),
GTPase
regulator activity
(GO:0030695),
protein kinase
activity
(GO:0004672),
GTPase
activator activity
(GO:0005096),
protein
serine/threonine/
tyrosine kinase
activity
(GO:0004712)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R8M12

‘CARETAA

G
protein-coupled
receptor
signaling
pathway
(GO:0007186),
detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
detection of
chemical
stimulus
(GO:0009593),
sensory
perception of
chemical
stimulus
(GO:0007606),
detection of
stimulus
involved in
sensory
perception
(GO:0050906)

G
protein-coupled
receptor activity
(GO:0004930),
olfactory
receptor activity
(GO:0004984),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R8M44

CEROTSOT

sensory
perception of
chemical
stimulus
(GO:0007606),
detection of
chemical
stimulus
involved in
sensory
perception of
smell
(GO:0050911),
detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
detection of
chemical
stimulus
(G0O:0009593),
sensory
perception of
smell
(GO:0007608)

olfactory
receptor activity
(GO:0004984),
G
protein-coupled
receptor activity
(GO:0004930),
signaling
receptor activity
(G0O:0038023),
molecular
transducer
activity
(GO:0060089),
transmembrane
signaling
receptor activity
(GO:0004888)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R8M47

CGGAACE

multicellular
organism
development
(GO:0007275),
regulation of cell
communication
(GO:0010646),
regulation of
cellular process
(GO:0050794),
regulation of
developmental
process
(GO:0050793),
regulation of
signaling
(GO:0023051)

transcription
regulator activity
(GO:0140110),
protein binding
(GO:0005515),
adenyl
nucleotide
binding
(GO:0030554),
binding
(GO:0005488),
olfactory
receptor activity
(GO:0004984)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R8M48

‘CACACACA

detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
detection of
chemical
stimulus
(G0O:0009593),
detection of
chemical
stimulus
involved in
sensory
perception of
smell
(GO:0050911),
sensory
perception of
smell
(GO:0007608),
sensory
perception of
chemical
stimulus
(GO:0007606)

olfactory
receptor activity
(GO:0004984),
G
protein-coupled
receptor activity
(GO:0004930),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R8M60

TCCCGART

negative
regulation of
cellular process
(GO:0048523),
regulation of
molecular
function
(GO:0065009),
regulation of
cellular process
(GO:0050794),
negative
regulation of
biological
process
(GO:0048519),
regulation of
signal
transduction
(GO:0009966)

protein binding
(GO:0005515),
binding
(GO:0005488),
molecular_functi
on
(GO:0003674),
regulation of
signaling
(GO:0023051),
protein
modification
process
(GO:0036211)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

(G0O:0007606),
detection of
stimulus
involved in
sensory
perception
(GO:0050906)

Positive Weight | Motif PWM Distribution Biological Molecular

Motif Symbol Process Function

ROM11 : G G

QIAAAiAC protein-coupled | protein-coupled

receptor receptor activity
signaling (GO:0004930),
pathway transmembrane
(GO:0007186), | signaling
detection of receptor activity
chemical (GO:0004888),
stimulus olfactory
involved in receptor activity
sensory (GO:0004984),
perception signaling
(GO:0050907), | receptor activity
detection of (GO:0038023),
chemical molecular
stimulus transducer
(GO:0009593), | activity
sensory (GO:0060089)
perception of
chemical
stimulus
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

ROM25 AC Y regulation of transcription
A*éAgg‘ ‘" cellular process | regulator activity
(GO:0050794), |(GO:0140110),
regulation of olfactory
developmental receptor activity
process (GO:0004984),
(GO:0050793), | nucleoside-triph
regulation of osphatase
biological regulator activity
process (GO:0060589),
(GO:0050789), | GTPase
regulation of regulator activity
signaling (GO:0030695),
(GO:0023051), [ guanyl-nucleotid
regulation of cell | e exchange
communication | factor activity
(GO:0010646) (GO:0005085)
R1IMS55 , C regulation of nucleoside-triph
c ’ ‘éATA; signaling osphatase
(GO:0023051), [ regulator activity
regulation of cell | (GO:0060589),
communication | GTPase
(GO:0010646), | regulator activity
regulation of (GO:0030695),
cellular process | ion binding
(GO:0050794), |(GO:0043167),
regulation of protein
signal serine/threonine/
transduction tyrosine kinase
(GO:0009966), | activity
regulation of (GO:0004712),
biological guanyl-nucleotid
process e exchange
(GO:0050789) factor activity
(GO:0005085)

183




Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R2M24

ITSCAATT

detection of
chemical
stimulus
(GO:0009593),
detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
detection of
chemical
stimulus
involved in
sensory
perception of
smell
(GO:0050911),
sensory
perception of
smell
(GO:0007608),
sensory
perception of
chemical
stimulus
(GO:0007606)

olfactory
receptor activity
(GO:0004984),
G
protein-coupled
receptor activity
(GO:0004930),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

regulation of
biological
process
(GO:0050789)

R3M2 ; g A é C L regulation of protein binding
R " developmental (GO:0005515),
process binding
(GO:0050793), | (GO:0005488),
regulation of cell | molecular functi
communication | on
(GO:0010646), |(GO:0003674),
regulation of transcription
signaling coregulator
(GO:0023051), |activity
system (GO:0003712),
development protein domain
(GO:0048731), | specific binding
regulation of (GO:0019904)
signal
transduction
(GO:0009966)
R3M5 , cc A A I ‘ biological binding
e ‘ regulation (GO:0005488),
(GO:0065007), [ nucleoside-triph
regulation of osphatase
signaling regulator activity
(GO:0023051), | (GO:0060589),
regulation of cell | protein
communication | serine/threonine/
(GO:0010646), | tyrosine kinase
regulation of activity
cellular process | (GO:0004712),
(GO:0050794), | phosphotransfer

ase activity
alcohol group as
acceptor
(GO:0016773),
protein binding
(GO:0005515)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R3M28

2TATSOCS

detection of
chemical
stimulus
(GO:0009593),
detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
sensory
perception of
chemical
stimulus
(G0O:0007606),
detection of
chemical
stimulus
involved in
sensory
perception of
smell
(GO:0050911),
detection of
stimulus
involved in
sensory
perception
(GO:0050906)

olfactory
receptor activity
(GO:0004984),
G
protein-coupled
receptor activity
(GO:0004930),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)




Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R3M29

TCCOECT

tube
development
(GO:0035295),
multicellular
organism
development
(GO:0007275),
system
development
(GO:0048731),
tube
morphogenesis
(GO:0035239),
regulation of
cellular process
(GO:0050794)

catalytic activity
acting on a
protein
(GO:0140096) ,
growth factor
binding
(GO:0019838),
binding
(GO:0005488),
metal ion
binding
(GO:0046872),
cation binding
(GO:0043169)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R3M41

TrCARAAZ

detection of
chemical
stimulus
(GO:0009593),
detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
sensory
perception of
chemical
stimulus
(G0O:0007606),
detection of
stimulus
(GO:0051606),
detection of
stimulus
involved in
sensory
perception
(GO:0050906)

G
protein-coupled
receptor activity
(GO:0004930),
olfactory
receptor activity
(GO:0004984),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

cellular process
(GO:0050794)

R4MO E biological binding
TO0GCCT regulation (GO:0005488),

(GO:0065007), | protein binding
regulation of (GO:0005515),
cellular process | molecular functi
(GO:0050794), |on
biological proce | (GO:0003674),
ss protein kinase
(GO:0008150), | activity
regulation of (GO:0004672),
molecular modification-de
function pendent protein
(GO:0065009), [ binding
regulation of (GO:0140030)
biological
process
(GO:0050789)

R4M11 ' T o system enzyme

‘éc ) lAAé L development regulator activity

(GO:0048731), |(G0O:0030234),
multicellular protein binding
organism (GO:0005515),
development GTPase
(GO:0007275), | activator activity
developmental (GO:0005096),
process nucleoside-triph
(GO:0032502), | osphatase
anatomical regulator activity
structure (GO:0060589),
development olfactory
(GO:0048856), | receptor activity
regulation of (GO:0004984)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

(GO:0008150),
regulation of
signaling
(GO:0023051),
regulation of cell
communication
(GO:0010646),
regulation of
cellular process
(GO:0050794)

R5M62 E i regulation of protein binding
(eCOGAAG ‘» molecular (GO:0005515),
function binding
(GO:0065009), [ (GO:0005488),
system molecular_functi
development on
(GO:0048731), [(GO:0003674),
regulation of nucleoside-triph
cellular process | osphatase
(GO:0050794), | regulator activity
biological (GO:0060589),
regulation protein
(GO:0065007), | phosphorylated
regulation of amino acid
developmental binding
process (G0O:0045309)
(GO:0050793)
R6MS , T 1GEGC TE | JL‘A biologif:al protein binding
o regulation (GO:0005515),
(GO:0065007), | binding
biological proce | (GO:0005488),
ss molecular_functi

on
(GO:0003674),
metal ion
binding
(GO:0046872),
catalytic activity
acting on a
protein
(GO:0140096)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R6M14

SAGCERTG

G
protein-coupled
receptor
signaling
pathway
(GO:0007186),
detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
detection of
chemical
stimulus
(GO:0009593),
sensory
perception of
chemical
stimulus
(GO:0007606),
detection of
stimulus
involved in
sensory
perception
(GO:0050906)

G
protein-coupled
receptor activity
(GO:0004930),
olfactory
receptor activity
(GO:0004984),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)

191




Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

(GO:0010646),
regulation of
cellular process
(GO:0050794),
signaling
(GO:0023052),
regulation of
signal
transduction
(GO:0009966)

R6M18 T regulation of nucleoside-triph
AAQKQ molecular osphatase

function regulator activity
(GO:0065009), |(GO:0060589),
system protein binding
development (GO:0005515),
(GO:0048731), | protein kinase
nervous system | activity
development (GO:0004672),
(GO:0007399), | binding
biological (GO:0005488),
regulation molecular functi
(GO:0065007), |[on
negative (GO:0003674)
regulation of
cellular process
(GO:0048523)

R6MS50 , e regulation of protein

c o gAgc ) L signaling serine/threonine/

(GO:0023051), | tyrosine kinase
regulation of cell | activity
communication | (GO:0004712),

protein serine
kinase activity
(GO:0106310),
protein kinase
activity
(GO:0004672),
phosphotransfer
ase activity
alcohol group as
acceptor
(GO:0016773) ,
molecular functi
on
(GO:0003674)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R7M6

CETECACT

sensory
perception of
chemical
stimulus
(GO:0007606),
detection of
chemical
stimulus
involved in
sensory
perception of
smell
(GO:0050911),
detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
detection of
chemical
stimulus
(G0O:0009593),
sensory
perception of
smell
(GO:0007608)

olfactory
receptor activity
(GO:0004984),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089),
transmembrane
signaling
receptor activity
(GO:0004888),
G
protein-coupled
receptor activity
(GO:0004930)
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Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution

(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

R8M4

ALGACSAA

detection of
chemical
stimulus
involved in
sensory
perception
(GO:0050907),
detection of
chemical
stimulus
(G0O:0009593),
G
protein-coupled
receptor
signaling
pathway
(GO:0007186),
sensory
perception of
chemical
stimulus
(GO:0007606),
detection of
stimulus
involved in
sensory
perception
(GO:0050906)

G
protein-coupled
receptor activity
(GO:0004930),
olfactory
receptor activity
(GO:0004984),
transmembrane
signaling
receptor activity
(GO:0004888),
signaling
receptor activity
(GO:0038023),
molecular
transducer
activity
(GO:0060089)




Table 4.1S. Top 20 negative and positive weighted motifs, with their PWM plot, distribution
(average by base pair) around TSS and the top 5 associated GO terms. (Continued)

nervous system
development
(GO:0007399),
anatomical
structure
development
(GO:0048856),
regulation of
signaling
(GO:0023051)

ROM34 ; e multicellular olfactory
‘ACISCTIA Slida organismal receptor activity
process (GO:0004984),
(GO:0032501), [ signaling
nervous system | receptor activity
development (GO:0038023),
(GO:0007399), | transmembrane
multicellular signaling
organism receptor activity
development (GO:0004888),
(GO:0007275), | molecular
developmental transducer
process activity
(GO:0032502), |(GO:0060089),
system process | DNA-binding
(GO:0003008) transcription
activator activity
(GO:0001216)
RIM39 : M E multicellular binding
: ' organism (GO:0005488),
development kinase activity
(GO:0007275), |(GO:0016301),
system transferase
development activity
(GO:0048731), | transferring

phosphorus-cont
aining groups
(GO:0016772),
protein kinase
activity
(GO:0004672),
phosphotransfer
ase activity
alcohol group as
acceptor
(GO:0016773)
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