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Abstract

With the continuous improvements in biological data collection, new techniques are needed
to better understand the complex relationships in genomic and other biological data sets.
Explainable Artificial Intelligence (X-AI) techniques like Iterative Random Forest (iRF)
excel at finding interactions within data, such as genomic epistasis. Here, the introduction
of new methods to mine for these complex interactions is shown in a variety of scenarios.
The application of iRF as a method for Genomic Wide Epistasis Studies shows that the
method is robust in finding interacting sets of features in synthetic data, without requiring
the exponentially increasing computation time of many classic association study methods.
Leveraging the non-parametric prediction capabilities of iRF, new genomic insights are used
to improve Genomic Selection and Progeny Prediction. This capability enables breeders
to make informed selections for crosses without first requiring a full progeny trial. A new
algorithm, Tensor Iterative Random Forest (TiRF), expands upon the foundation of iRF, to
provide information on relationships not only between the features and targets of the model,
but also the between the targets themselves. This algorithm is validated with the capture of
information from gene regulatory networks from the DREAM competition. The impact of
the SARS-CoV-2 virus has necessitated a method that can capture the changing nature of
the genetic architecture of the virus and incorporate potential recombination events, paving
the way for a better understanding of how the virus has changed and will change. A new
method is introduced that identifies likely parents of haplotypes designated to be the result
of recombination. Together, these new methods aim to provide a stronger insight into genetic

architecture complexities.
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List of Tables

2.1

3.1

An exhaustive combination of each parameter listed was used to to generate

synthetic data trials. . . . . . . . . ... o

This table shows the correlation between the predicted genetic components
of the progeny trial from iRF and a simple parental trial to the True Full
Cross Progeny Trial. The first column indicates which aspect of the genetic
component is being compared, either the GCA from one of the sets of parents,
the SCA from the crosses, or the combined prediction of GCA and SCA
for the full genetic component prediction. The iRF Progeny Trial is the
result of dividing the predicted iRF progeny into its genetic components and
comparing it to the actual progeny trial. The Traditional Estimation is taken
by defining the genetic component of the phenotype of each individual parent
grown in clonal replicates at the progeny trial site. The Pearson Correlation
is used to compare the effective magnitude similarity between the the Genetic
Components and the Spearman Correlation is used to compare the rank order

of the Genetic Components. . . . . . . . . . . ... ... ... ... ...
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List of Figures

1.1

1.2

1.3

1.4

This figure shows the general layout of data for machine learning algorithms.
Separate samples have measurements for multiple features that can be used
to predict a target. . . . . ... Lo
In a decision tree the most basic unit of model creation is a single decision
that splits a single node. A) The parent node of the split contains all of the
samples (and each of there features and targets) available to the split. B) The
feature for the split is chosen to be the first column, and the split value is
chosen to be 3. C) The Samples that have a value less than the split value for
the feature move to the left child. Since the two middle samples have values
for the feature greater than the split value they are not present on the left.
D) The samples not present in the left child node are present in the right node.
An example decision tree that starts with 6 samples at the root node and
splits them into 4 leaf nodes with 3 total splits. . . . . .. .. ... ... ..
An example of grouped decision trees that, when taken in aggregate, form
a forest. To be a Random Forest, each tree needs a random subset of the
samples, and each split needs to look at a random subset of features to split
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2.1

2.2

By training an iRF model with synthetic data that includes causative and
non-causative features with included noise we can see how the split’s across
the entire forest for a feature behave. The left graph shows splits from a non-
causative feature, with no coherent or consistent effect measured. The right
graph shows splits from a causative feature with a consistent effect that shows
a positive relationship between the feature and the dependent variable.

This heat map shows the average AUROC of subsets of the iRF models trained
on the synthetic data sets in determining the effect direction of causative
features. The the columns represent models trained on data sets with an
amount of noise, either 25%, 50%, or 75% noise. The first three columns
represent the models trained on data sets with no correlated features and last
three columns represent the presence of correlated features. The heat map
rows represent the size and structure of the data sets with the top two rows
containing 500 samples each and the bottom 2 having 1000 samples each. The
rows alternate from representing 100 features to 10000. The scale of the heat
map begins at .5, which is the AUROC of a random model and tops out at 1
which would be a perfect model. This shows how every axis of change of the
data set has some effect on the models. More samples generally mean better
AUROC, more total features generally correlate to lower AUROC, more noise
in the model leads to lower AUROC, and correlated features generally leads

to lower AUROC. . . . . . . .
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2.3

24

This heat map shows the average balanced accuracy of subsets of the iRF
models trained on the synthetic data sets in prediction of causative features
with the importance threshold of % where N is the number of samples used
in the model. The the columns represent models trained on data sets with
an amount of noise, either 25%, 50%, or 75% noise. The first three columns
represent the models trained on data sets with no correlated features and the
last three columns represent the presence of correlated features. The heat
map rows represent the size and structure of the data sets with the top two
rows having 500 samples and the bottom 2 having 1000 samples, and the rows
alternate from representing 100 features to 10,000. The scale of the heat map
begins at .5, which is the balanced accuracy of a random model and tops out
at 1 which would be a perfect model. . . . . .. .. ... ...
This heat map shows the average post test probability of subsets of the iRF
models trained on the synthetic data sets in prediction of causative features
with the importance threshold of %, where N is the number of samples used
in the model. These values directly correspond to the chance that a feature
that meets the importance threshold from that data set is a True causative
feature for the phenotype of that model. The the columns have represent
models trained on data sets with an amount of noise, either 25%, 50%, or
75% mnoise. The first three columns represent the models trained on data sets
with no correlated features and last three columns represent the presence of
correlated features. The heat map rows represent the size and structure of
the data sets with the top two rows having 500 samples and the bottom 2
having 1000 samples, and the rows alternate from representing 100 features
to 10000. The scale of the heat map begins at 0 which is the probability of
never correctly predicting a causative feature and tops out at 1 which would

be a every predicted feature being a true causative feature. . . . . . . . ..
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2.5

This heat map shows the average balanced accuracy of subsets of the iRF
models trained on the synthetic data sets in prediction of causative sets of
features with the four separate detection methods: RIT, RIT adjusted, set
importance (setimp), and conditional importance (conimp). The columns
represent models trained on data sets with an amount of noise, either 25%,
50%, or 75% mnoise. The first three columns represent the models trained
on data sets with no correlated features and last three columns represent
the presence of correlated features. The heat map’s rows indicate the four
metrics being evaluated - RIT, RIT adjusted, set importance, and conditional
importance. The scale of the heat map begins at .5 which is the balanced
accuracy of a random model and tops out at 1 which would be a perfect model.
Because the sets examined by the other methods are determined by RIT, it
makes some sense that it has the highest balanced accuracy in prediction of
causative sets. While RIT and conditional importance look identical when
comparing out to 3 decimal places, they do diverge slightly after considering

more places. . ... L.
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2.6

3.1

This heat map shows the average post test probability of subsets of the iRF
models trained on the synthetic data sets in prediction of causative sets of
features with the four separate detection methods: RIT, RIT adjusted, set
importance (setimp), and conditional importance (conimp). The color scale
has been set to show the range between the best performing metrics and
the worst. The columns have represent models trained on data sets with
an amount of noise, either 25%, 50%, or 75% noise, also first three columns
represent the models trained on data sets with no correlated features and
last three columns represent the presence of correlated features. The heat
map’s rows indicate the four metrics being evaluated - RIT, RIT adjusted, set
importance, and conditional importance. The scale of the heat map begins at
0 which is the probability of never correctly predicting a causative sets and
tops out at 1 which would be a every predicted feature being a true causative
sets. We can see here that the likelihood of a predicted set being a causative
set, is significantly lower than identifying the individual features. However
part of this is likely because of the imbalanced nature of true to false sets
playing a more significant roll. Despite this, set importance does perform the
best by having a predicted set being truly causative nearly 20% of the time

for the lowest noise subsets. . . . . . . . . ...

This image shows the simple pipeline for Progeny prediction. Step 1 — gather
genetically distinct individuals of a species from the general population. Step
2 - grow the collected individuals in a common environment and measure a
selection of desired phenotypes. Step 3 - Genotype the collected population.
Step 4 - Train a machine learning model to predict the collected phenotype(s)
based on their unique genotypes. Step 5 - Computationally produce in silico
progeny by crossing the genotype of two potential parents in order to create
the genotype of a potential offspring. Step 6 -Use the model trained in step 4
to predict the desired phenotype for the in silico genotype from step 5.

Xiv
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3.2

3.3

3.4

A comparison of the normalized values of the coefficients of variance at-
tributable to the mothers from the in silico progeny height phenotype (green)
to the coefficients of the real progeny trial(blue), and to the traditional
calculation requiring the clonal replication of the parents(red). By sorting the
Mothers by the Real values we can compare the trend line of the normalized
values to the order from the order of the Real values. This graph illustrates
how close the traditional method gets to capturing the value of GCA of the
mothers but that there is still a decently strong correlation between the trend
line of the Real GCA values and the iRF progeny derived Values. . . . . ..
A comparison of the normalized values of the coefficients of variance at-
tributable to the fathers from the in silico progeny height phenotype (green)
to the coefficients of the real progeny trial(blue), and to the traditional
calculation requiring the clonal replication of the parents(red). By sorting the
Fathers by the Real values we can compare the trend line of the normalized
values to the order from the order of the Real values. This graph illustrates
how close the traditional method gets to capturing the value of GCA of the
mothers but that there is still a reasonably strong correlation between the
trend lines of the Real GCA values and the iRF progeny derived Values. By
comparing the closeness of the trend lines to figure 3.2 we can see that the
fathers from the iRF-based method don’t match the real values as well as with
the mothers, especially with the value of father 2572. . . . . . . .. ... ..
A comparison of the normalized values of the coefficients of variance at-
tributable to the Combinations of the parents, or the SCA, from the in
silico progeny height phenotype (green) to the coefficients of the real progeny
trial(blue). Because it is impossible to caluclate the SCA of crosses with a
traditional model without including progeny from the population, those values
do not exist and are not shown in this graph. By sorting the Pairs by the Real
values we can compare the trend line of the normalized values to the order
from the order of the Real values. This graph there is a correlation between

the trend line of the Real SCA values and the iRF progeny derived Values.
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3.5

4.1

4.2

By ordering the families by their value in from the real progeny trial we can
build trend lines for each of the predictions to illustrate the difference in each
prediction. This plot illustrates the comparison of the normalized full genetic
components from the Real Progeny trial shown as the blue dots and its trend
line as the blue line, the iRF progeny trial shown as the green x’s and green
line for its trend line, and the Traditional Estimate in red circles and red line
for its trend line. With the trend line we can see that the iRF Progeny trial
is capturing more information than the traditional estimate when trying to

predict the full Genetic component of the phenotype. . . . . . . .. ... ..

The top left corner shows the four columns of features and four columns of
targets for an example data set with five samples. The right side of the figure
shows a TiRF decision tree, where one feature is chosen at each split based on
its ability to best split one or more chosen targets. The bottom left shows the
different types of associations that are gathered from the tree, namely feature
to feature, target to target, and feature to target. The leaf nodes at the base
of each tree path denote the samples that reached that node, defining the
sample sets with similar target values. . . . . . .. .. ... ... ... ...
The process of creating non-transcription factor to non-transcription factor
gold standard networks from corresponding transcription factor to non-
transcription factor associations. For each non-transcription factor gene, if
it is regulated by the same transcription factor as another non-TF gene, then

the two no-TF genes contain an edge associating them in the new network. .
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4.3

4.4

The gold standard and TiRF overlap from the from the Dream 5 Network 1.
The blue nodes represent the transcription factors, and the orange nodes are
the non-transcription factor genes. The pink edges indicate the overlap of TF
to non-TF from TiRF to the gold standard, while the green indicate the TF
to TF overlap. The gold standard edges not captured by TiRF are indicated
in light grey. It can be seen in this image that there are regions of the network
that are being better identified by TiRF, specifically some of the transcription
factors are much better captured by the model than others. . . . ... ...
The receiver operating curve (ROC) for the first five iterations of TiRF on
the Dream 5 Networks 1, 3, and 4, measuring the accuracy of the model at
capturing transcription factor genes to non-transcription factor genes as set
by the "gold” standard from the Dream competition. It should be noted
that the according to the original competition and construction of the ”gold”
standard the True Positive rate is much more important than the False
Positive rate. a) The ROC for DREAM 5 Network 1 shows TiRF is able to
capture the Transcription Factor to gene relationship from this synthetic data.
However, while the iterative process reduces the total number of edges through
refinement the overall AUROC of the model is slightly effected negatively. b)
The ROC for Dream 5 Network 3 shows a slightly worse performance than the
synthetic data, with the iterative process having a slightly chaotic effect on the
over all AUROC, potentially indicating more noise in the data. ¢)The ROC
for Dream 5 Network 4 has a slightly worse result than either of the other two
networks, but is still above the baseline shown by the diagonal dashed line.
For this network a general improvement can be seen in the AUROC with the

iteration process. . . . . . . . . . e e e
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4.5 The receiver operating curve (ROC) for the first five iterations of TiRF on

the Dream 5 Network 1, 3, and 4 measuring the accuracy of the model at
capturing Transcription Factor genes to other Transcription Factor genes as
set by the "gold” standard from the Dream competition. These results are
limited by the co-occurrence of features in the models and by the presence
in the ”gold” standard of Transcription Factors predicting each other. a)
The ROC for Dream 5 Network 1 shows that the First iteration (Iteration 0)
captures the feature to feature interaction in this data the best by far. As
the iterations continue and the selection of the features becomes more heavily
determined by feature weight we can see the AUROC drop off to the point
where the final iteration is below the baseline. b) The ROC for Dream 5 Net
3 shows a slightly worse picture for the first iteration than Network 1’s first
iteration but the subsequent iterations all have much higher AUROCs. c¢)
The ROC for Dream 5 Net 4 has by far the worst overall accuracy, with every

iteration being below the baseline. . . . . .. .. ... ... ... ......
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4.6  The receiver operating curve (ROC) for the first five iterations of TiRF on

5.1

the Dream 5 Network 1, 3, and 4 measuring the accuracy of the model at
capturing non-Transcription Factor genes to other non-Transcription Factor
genes as set by the new ”gold” standard, derived from the Dream competition.
The derivation is performed by connecting all genes that are predicted by at
least one common transcription factor. Because of the number of overall
connections in the network reaching into the millions, these ROC graphs
represent only the top 25,000 most commonly co-occurring target sets from
each model. a) The ROC for Dream 5 Network 1 shows that TiRF is able to
capture the target to target relationships within the synthetic data set with
a small amount of variation over the course of the iterations b) The ROC for
Dream 5 Network 3 shows a slightly better capture of the "gold” standard
edges than the synthetic data in Network 1, but does show a slight decrease
in AUROC with each iteration. ¢) The ROC for Dream 5 Network 4 has the
overall worst results in capturing the target to target relationships, however
each iteration is better than the baseline. This network also has the largest
fluctuation in AUROC from iteration to iteration, with the first iteration

capturing the most information. . . . . . .. ... ...

The visual difference of Convergent Evolution vs Recombination. For the set
of sequences: GTC, GTT, ATT, and ATC, in order to create a phylogenetic
tree with purely divergent branches you create a scenario of Convergent
Evolution were the first mutation of A to G (black circle) occurs and then
the C to T mutation (white circle) occurs twice in the tree in separate
locations. However, if recombination is allowed to occur, the same tree can
be constructed with each mutation only being required to occur once. It can
be seen that, by connecting GTC and ATT with recombination, it is possible
to attain the sequence GTT. . . . . . . .. ... .. ... ... .......
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5.2

5.3

A potential process for recombination within SARs-CoV-2. 1) In order for
unique haplotype A and B to recombine they would need to be present in
the same cell. 2) The replication process starts for haplotype A, and after
some section of the sequence is duplicated the process is paused. In this case
haplotype A’s replication is paused after the AUGC sequence. 3) Replication
then restarts using haplotype B as the template. This completes the overall

construction of the new haplotype, successfully recombining haplotypes A and

Haplotype Network. Haplotypes with the sequences ATC, ATT, GTC and
GTT, are all connected with number of SNP differences shown by the edge
weight. The distance from ATC to GTT and from ATT to GTC is 2, the
distance from ATC to ATT, ATT to GTT, GTT to GTC, and GTC to ATC
is 1. Because the edges around the outside are all one and the internal edges
are two we can represent the same information in the network by removing
the internal edges denoted by the red dotted lines. The remaining edges form
a homoplasic loop indicating that there are at least two separate feasible step-

wise paths for evolution to take. . . . . . ... ... .



5.4

5.9

The process used to find a potential set of ”parents” or ancestors of a SARs-
CoV-2 haplotype. A) On selection of a haplotype of interest, all haplotypes
that were sampled before it are added to a list of potential parents. B) The
first parent is chosen as the haplotype that best covers the region in our
haplotype of interest with the least coverage by the potential parents. C) The
SNPs that overlap between the selected haplotype from B with the haplotype
of interest are then used to create a new partial haplotype. D) The same
list of haplotypes used in the search for B) is used to again search for the
closest match with the haplotype of interest, excluding the SNPs from partial
haplotype from C. E) The overlap from the second parent is added to the
partial haplotype. This process of step D and E continues to repeat until the
original haplotype is fully reconstructed, the addition of new parents no longer
increases the size of the partial haplotype, or a preset number of parents is
chosen. . . ..
Incompatibility Matrix of SARS-CoV-2 Haplotypes shown as a heat map.
Each axis is the SNP locations and each red pixel represents incompatibility
between the two locations. This represents a summarized view of the genome
by removing SNPs from both axes that have very little information (as defined
by a total incompatibility with the rest of the genome of less than 500). The
darker appearing regions indicate more incompatibility between the two sites
and the denser the local area of incompatibility. The lines of darker appearing
color highlight sites that have likely had mutations transferred to other parts
of the population through recombination resulting in incompatibility with

most of the genome. . . . . . ..o
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5.6

Incompatibility Matrix of SARS-CoV-2 Haplotypes shown as a heat map
zoomed in to specific regions of the genome. Each axis is the parsimonious
SNPs in the order they appear in the sequence. A) From SNP 18694 to 22000
on both axes shows a region along the diagonal that has two separate regions
of incompatibility mirrored across the diagonal. Both regions appeared to
be fully boxed in by at least one SNP on either side that is compatible with
the whole region, potentially representing a SNP at the border of a region of
recombination. This region lines up with the intersection between Beta-CoV-
Nspl4 and an Nspl5-like endoribonuclease. B) From SNP 27382 to 28882 on
both axes shows a region along the diagonal that has two separate regions of
incompatibility mirrored across the diagonal. This shows multiple different
shapes of incompatibility and aligns with the intersecting points of multiple
open reading frames, including ORF6, ORF7a, ORF7b, and ORF8. C) The
zoom in of the incompatibility matrix From SNP 19824 to 22800 on the Y axis
and SNP 27925 to 29,904 on the X axis. This region shows both a large block
of incompatibility from region of the nspl5 and 2’-O-ribose methyltransferase

genes to the region of the Corona Nucleoca and ORF10. . . . ... ... ..
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5.7

5.8

A Circos plot showing the location of the largest incompatibility blocks from
the heat map in the context of the SARs-CoV-2 genome and annotations. The
outer most band represents the 29,904 bases in the full sequence of SARs-CoV-
2, with each tick representing a distance of 1,000 bases. The next three tracks
are annotated sections of the SARs-CoV-2 reference sequence from NCBI,
broken down into three categories with each change in color on the track
representing a different structure within the sequence. The first of these tracks
is the "genes” , made up mostly of several Open Reading Frames (ORFs), the
first ORF making up most of the sequence. The second track shows the
peptides in each ORF and the last track showing different conserved protein
domains. The connections shown in the center of the circle illustrate the
largest 100 sections of the heat map of connected incompatibilities. Most
of the largest incompatibility regions are incompatible with multiple other
regions, and not just one singular other region. Hot spots for incompatibility
favor regions where proteins or genes intersect, but also occasionally appear in
the middle of large sequences from a single protein. The teal blue on the inner
most track represents the region coding for the SPIKE protein and includes
incompatibility hotspots both within the gene and along its intersection with
the proceeding gene. . . . . . .. L
The network is constructed by taking unique SARS-CoV-2 haplotypes (the
nodes) and connecting them if they are within 5 mutational steps away from
each other. The size of each node represents the number of times a sequence
was sampled that belonged to that haplotype and the color represents when
the haplotype was first sampled, with lighter, yellower colors being earlier and

darker, more purple colors being later in the pandemic. . . . . . ... ...

xx1il



5.9

5.10

The network is constructed by taking unique SARS-CoV-2 haplotypes (the
nodes) and connecting them if they are 1 point of mutation away from each
other. The size of each node represents the number of samples within that
haplotype and the color represents when the haplotype was first sampled, with
lighter, yellower colors being earlier and darker, more purple colors being later
in the pandemic. . . . . . . .. ..
The network shows how recombination can be missed by looking at haplotypes
connected by mutational distance. By searching through all haplotypes in our
data set that had a sample collected before the collection of the haplotype
labeled C, B.1.1.7 from the pango lineage, it was identified that the haplotype
A and the haplotype B in combination account for all but 5 SNPs that were
new mutations at the time, indicating that while their is significant overlap
between C and its potential parents it does still introduce new mutations to
the population at the same time. This network is constructed by taking
unique SARS-CoV-2 haplotypes (the nodes) and connecting them if they
are b or fewer points of mutation away from each other. The size of each
node represents the number of samples within that haplotype and the color
represents when the haplotype was first sampled, with lighter, yellower colors

being earlier and darker, more purple colors being later in the pandemic.
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5.11 The network shows the potential parents of the P.1 strain first detected in
Brazil. The P.1 label, as well as the others shown in the graph, are the pango
network designations, and allow for small variations in haplotype within a
single designation. Using the parental search method, it was identified that
haplotype B.1 and the haplotype B.1.1.7, in combination, account for 99.7% of
the P.1 sequence, with B.1 providing at least 30 unique mutations not found in
B.1.1.7. The other three parents shown in the image, B.1.1, B.1*, and B.1.279
each add only a single additional mutation. Both the color of the node and
the relative position left to right indicate date of first sampling of the specific
haplotype. Even though B.1.1.7 is a descendant of B.1 it appears before
it because the specific haplotype represented by B.1 in the graph was first
measured after the B.1.1.7 haplotype. This also accounts for the presence
of B.1 and B.1*, with the later being only a few mutations away from the

original B.1. . . . . . ..

1 Incompatibility Matrix of SARS-CoV-2 Haplotypes shown as a heat map.
Each axis is the parsimonious SNPs in the order they appear in the sequence
with the SNPs labeled to roughly what they would be in the full Genome. The
darker color means more incompatibility between the two sites. The lines of
darker color highlight sites that have likely had mutations transferred to other
parts of the population through recombination resulting in incompatibility

with most of the genome. . . . . . . . ... oL

XXV



This network is constructed by taking unique SARS-CoV-2 haplotypes (the
nodes) and connecting them with an edge whose value is the number of
mutational differences between the haplotypes. The size of each node
represents the number of samples collected with that haplotype and the color
represents when the haplotype was first sampled, with lighter colors being
earlier and darker colors being later in the pandemic. Each edge is then
pruned if there is an intermediary haplotype whose edge values to the original
two haplotypes sum to the same or less value than the distance of the original
edge. This is equivalent to saying that haplotype of the intermediary node
is also the intermediary evolution point between the two originally connected
haplotypes. This network contains 8742 unique haplotypes representing up to
2941 individual samples and 390307 edges connecting them which represent
mutational differences from 1 to 722 of 14793 SNPs. . . . . . ... ... ..
This network is constructed by taking unique SARS-CoV-2 haplotypes (the
nodes) and connecting them if they are 15 points of mutation (the value of
the edge) away from each other or less. The size of each node represents
the number of samples within that haplotype and the color represents when
the haplotype was first sampled, with lighter colors being earlier and darker,
bluer colors being later in the pandemic. Each edge is then pruned if there is
an intermediary haplotype whose edge values to the original two haplotypes
sum to the same or less value than the distance of the original edge. This

is equivalent to saying that haplotype of the intermediary node is also the

intermediary evolution point between the two originally connected haplotypes. 163
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Chapter 1

Introduction



1.1 Background

The amount of data collected in the field of biology is expanding exponentially[l] due to
advancements in technology and methodology. With this increase in analyzable data comes a
complication; due to the complex nature of biological systems, the various associations across
these data are almost guaranteed to be complex themselves. However, many traditional
methods of analysis for these data cannot handle the ever-increasing amounts of interaction
and complexity. To better understand these intricacies requires new insights and methods.

Some of the most common analysis methods in modern biology are correlation and
linear analysis. The results of these types of analyses are generally easy to understand
and can provide more evidence for relationships that should be further analyzed. The linear
relationship defined by these algorithms can be represented by y = Ax + B, where the value
A has an effect on x with an offset of B to produce some property y. For example, this could
represent the heart rate of a runner (y) being directly related to the speed of the runner(x)
or the weight of a amphipod crustacean female (y) being due to the number of eggs(z) she
is carrying[2]. While this type of relationship definition can be extremely useful, in biology
and other fields, there exist more complicated, non-linear and conditional relationships that
cannot be well defined with these simple methods.

To better help define these complex relationships are a variety of machine learning
algorithms. These algorithms come in many forms, with the non-linear methods generally
being better suited for determining non-linear relationships[3, 4]. Using machine learning
techniques to account for non-linear genomic effects not only has promise, but has already
seen application in several areas[5, 6, 7]. Iterative Random Forest[4] is an example of an
Explainable Artificial Intelligence (X-AI) method that provides both a predictive model as
well as a human understandable reason for those predictions. While many algorithms fit the
definition of X-Al, the intrinsic tree-based and non-parametric nature of iRF lends itself well
to understanding both non-linear and conditional effects.

The ability to analyze and identify non-linear and conditional effects is especially
important for aspects of biological data such as genetic data. Pleiotropy, a single change in

DNA causing a change in more than one measurable feature, and epistasis, multiple changes



in DNA working together to have a non-additive effect on a measurable feature[8], are both
known types of genetic interaction and both fall outside the traditional, linear methodology
used for many biological analyses. In the field of genomic selection, a deep understanding of
the potential parents for the breeding process is necessary to avoid wasting time and resources
on non-viable crosses. While there have been advances to domestication with the use of
traditional statistics, machine learning algorithms such as Iterative Random Forest(iRF)[4, 9]
could provide the ability to accurately prediction progeny traits, by including the non-linear
and conditional interactions often ignored by other methods.

While traditionally considered a separate area of research, viral recombination has some
similarities to traditional sexual reproduction in living organisms. Both are inherently
a conditional process, and thus non-linear, because they result in offspring that have
some amount of unique genetic material from each parent. The resulting traits of the
offspring are not only determined by which parents they have, but how much of the unique
genetic information (and its location on the genome) was inherited from each parent. This
understanding can be used when trying to determine the lineage of a specific viral sequence
to better understand its origin and potential strains. For SARS-Cov-2, the virus responsible
for the Covid-19 pandemic, a better understanding of how the virus has changed over time
may help understand severity of new strains and may prepare for future pandemics.

Many areas of biological research could benefit from new methods and tools that are
able to handle and interpret the non-linear and conditional complexities of biological data.
Methods such as Iterative Random Forest, that are inherently capable of working with
these types of relationships, provide a solid foundation to build upon. From here, a deeper
understanding of epistatic genetic relationships can be gleaned. Also possible are more
advanced progeny prediction methods that can better work with the complex parental crosses
while appropriately utilizing resources. And finally, these understandings can lend themselves

to better understanding the viral evolution of SARS-Cov-2.



1.2 Machine Learning/Artificial Intelligence

Machine Learning (ML) is the broad classification of algorithms and techniques that
allow a computer to learn information by training on a particular set of data. Artificial
Intelligence(Al) is an even broader category of algorithms that allow for a machine to make
decisions or display understanding in a way similar to a human. Both of these categories
have the ability to greatly influence and improve many areas of science, such as analysing and
imputing data, and life, with pattern recognition and self-driving cars[10]. While ML and
AT are technically different, the terms themselves are often used interchangeably or together
regardless of the context[11].

The field of machine learning contains many types of algorithms, ranging from neural
networks to decision trees[12]. One of the ways to categorize machine learning algorithms is
into supervised ML algorithms, where there is a specific value, such as height of a tree, or
classification, such as if a gene is causative for a specific phenotype or not, to predict[13],
or into unsupervised ML algorithms, where there is no true correct value to predict but the
model can find patterns in the data, such as genes having interacting expression profiles[14,
15]. Supervised algorithms focus on understanding how features, or independent variables,
change or effect a specific target, or dependent variable. If the target is a continuous variable,
the method is generally called regression, and when the target is differentiated into discrete
categories the method is called a classifier. Unsupervised algorithms focus on the structure
of the data through understanding the relationship between features or clustering samples
together based on the value of their various features.

Another useful paradigm in ML is transfer learning. A model is trained on a general
problem that has a large pool of available data, and then that trained model is used for a
more specific model that may not have had enough training data on its own. An example of
this is within Natural Language Processing or Image Analysis, where a large general data set
of millions of samples can train a model to understand the general concept of understanding
text or images. Then for individual problems such as identifying a specific type of emotion in
text or identifying a specific species of tree, a smaller data set can be used to refine the model

to the specific problem. By training a model on a general problem in the same context as



the specific problem, it can be possible to find significantly more initial training data. Once
the general model has been trained, the small amount of data for the specific problem can
fine tune for model with specific problem. [16]

These different categories and styles of algorithms allow machine learning to be applicable
to a broad range of fields. Applications for ML that have aided both scientists, and humans
in general, include but are not limited to: aid in autopsies[17], neural networks to classify
skin cancer[18], plant breeding for agricultural crops[19], mapping of soil properties[20],
epidemiology[21], as well as many others. The machine learning methods used in these
applications are not necessarily just for the predictions themselves but also in understanding

what the model itself has learned during the training process.

1.2.1 Explainable Artificial Intelligence

Explainable Artificial Intelligence (X-AI), or ML/AI algorithms that make predictions in
a way that can be understood by humans, has been around since the 1980s and have
applications in many fields. X-Al is particularly suited to scientific research and medicine,
where the logic and justification may be as important as the end prediction. Alternatively,
‘Black Box’ models provide results in such a way that the process used to arrive at the
predictions are not easily understood. This becomes a more significant problem when we start
asking why a specific scenario produced a false-positive or false-negative result, impacting
the users ability to understand the failings of the trained model and develop best practices
to prevent future failures[22].

In general, AT and ML algorithms can be put into three broad categories of explainability:
"black-box”, where prediction reasoning or justification is heavily obfuscated; "mathemat-
ically explainable”, where either statistics or some numerical reasoning is provided for
justification; and ”fully explainable”, where comprehensive systems provide the user with
a break down of how any given solution was reached[23]. The ”black-boxes” include any
algorithm where the user is prevented from seeing the underlying model for safety reasons
such as with self-driving cars[24], or any algorithm sufficiently complex in its nature that
it becomes impossible for a human to understand the exact relationship between any given

input and output based on the model, such as with extremely large Neural Networks used



in Deep Learning[25]. While some algorithms are inherently ”black boxes”, there do exist
techniques that can add explainability into these algorithms|[26]. Possible solutions include
adding in explanatory layers that are trained to produce a human understandable explanation
for a specific prediction or combinations of traditional statistical techniques that can allow
us to comprehend the complex mathematical network that a model might be using[22].

Mathematically explainable models are ones that have understandable reasoning for their
decision making, but that reasoning requires extra mathematical steps to parse. An example
of this is the process of correlation analysis of underlying data provided by the model, or
seeing how comparable different effects are. The "fully explainable” algorithms provide
specifics about what types of inputs lead to specific outputs and, in some scenarios, will
provide the specific reason for any given particular prediction.

Within those groups, how any given user "accepts”, or trusts, the given explanation can
depend on several factors, such as the users knowledge of the algorithm and the ability of
the algorithm to convey its information to the user[27]. While the mathematical models are
often sought by ML architects, the fully explainable models allow for the most widespread
use, by providing cognitive value that is can be understood by individuals outside of the
model developer and allows for human-in-the-loop decision making[28]. Some algorithms are
a natural fit into the definition of Explainable Al, such as the family of algorithms that use

decision trees and forests[29].

1.2.2 Random Forests

Leo Breiman published Classification and Regression Trees (CART) in 1984[30], a decision
tree based prediction method. However, the process was prone to over-fitting to a given
data set. In 2001, he expanded on his work with the publication of Random Forest[31], a
method that combines many decision trees into a forest with added random variation in the
tree creation. Within a given decision tree, a set of samples are divided at splits, based on a
chosen feature, an example data set for this can be seen in Figure 1.1. This feature is chosen
from a random subset, based on its ability to subdivide the target into pure groups. An
example of a split can be seen in Figure 1.2, where the features are the first four columns

and the target is the fifth, orange, column and the samples are the rows.
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Figure 1.1: This figure shows the general layout of data for machine learning algorithms.
Separate samples have measurements for multiple features that can be used to predict a
target.
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Figure 1.2: In a decision tree the most basic unit of model creation is a single decision that
splits a single node. A) The parent node of the split contains all of the samples (and each
of there features and targets) available to the split. B) The feature for the split is chosen to
be the first column, and the split value is chosen to be 3. C) The Samples that have a value
less than the split value for the feature move to the left child. Since the two middle samples
have values for the feature greater than the split value they are not present on the left. D)
The samples not present in the left child node are present in the right node.



The most basic unit of any decision tree based algorithm is a decision split (see Fig.
1.2). These splits make decisions based on the data to partition the samples from the source
node into children nodes. This process is repeated on the children nodes until a stopping
parameter is reached. The final resulting children nodes are considered the leaf nodes of the
decision tree (see Fig. 1.3).

To make an effective learner, the model looks at all possible features in a given node to
find the feature and split value that optimizes some cost function, whether that be GINI,
MSE, or something else. In this regard, a single decision tree is a deterministic algorithm;
repeatedly given the same data and parameters, it will produce the same result every time.
Unfortunately, this leads a single decision tree to overfit to the training data. This was
accounted for by Breiman with the introduction of bagging, the process of combining multiple
weaker models into a single stronger model[3], and altering each of the individual trees by
re-sampling the samples with replacement. This, combined with the addition of subsampling
the features to consider at each possible split, resulted in the creation of the Random Forest
algorithm[31]. As shown in Figure 1.4, a Random Forest is a collection of decision trees,
where each decision tree looks at a subset of the samples, chosen with replacement to allow

for duplicates, and each split considering a random subset of features.

Explainability of Random Forests

Random Forest provides a robust method for feature selection [32] by providing a feature
importance score for each independent variable used in the model. These feature importances
are calculated by summing the contribution of their splits. While there are several
cost functions used to determine the best splits, one of the more common methods for
classification trees is Gini[31, 33], which calculates the impurity improvement from parent
to child nodes. Gini Impurity for a single node is calculated from the proportion of a given
class within the total number of samples. If the proportion of category a (p,) is defined
as p, = na/n, where n is the total number of samples and n, is the number of samples in
category a, the Gini impurity G for two classes (a and b) at a given node (i) can then be

calculated by:

G(li)=1-p:—p;
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Figure 1.3: An example decision tree that starts with 6 samples at the root node and splits
them into 4 leaf nodes with 3 total splits.
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Figure 1.4: An example of grouped decision trees that, when taken in aggregate, form a
forest. To be a Random Forest, each tree needs a random subset of the samples, and each
split needs to look at a random subset of features to split upon.



where pj, is the proportion of samples within class b. To calculate the improvement to Gini

impurity (AG(7)) by a split:

AG(Z) = G(Z) —Di* G(Zl) —Dr ¥ G(Zr)

where i; and i, are the left and right children of node i and p; and p, are the proportion of
samples that go to the left or right children nodes from the original node.

For regression problems, one of the common cost functions/importance scores is variance
explained. The simple version of this score can be thought of as the difference between the
variance as defined by:

o*[X] = E[X?] - E[X]?

or

where X is a random variable and E is the expectation function. In the node i and the

variance in the two children nodes (7; and i,.) as defined by:

Ac?(i) = o?(i) — o*(i)) — o> (i)

where the feature for the split is chosen by maximizing Ac?(i). And, as with the
classification, the importance of any given feature is the sum of this variance explained

for all splits that use that feature.

Iterative Random Forest

Using feature importance, it is possible to address an issue that can occur in Random Forest,
namely the random selection of features at each node can cause a majority of the splits to
only consider non-causative features. A solution to this is to weight the random feature
selection to favour a subset of features that are more likely to be causative. One way to
determine which features are likely to be more causative is to use the feature importance

from a Random Forest model. By turning this into an iterative process, with each new
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iteration using the importance scores from the previous iteration as feature weights, a new
algorithm called iterative Random Forest (iRF)[4] was developed.

The iterative process results in more efficient decision trees and more organized decision
paths. These organized paths can be mined to find sets of features that co-occur often in the
same decision path with an algorithm called Random Intersection Trees (RIT)[34]. With a
version of iRF designed to run efficiently on high performance computing (HPC) machines,

or supercomputers, it is possible to run on larger and more complex data sets[9].

1.3 Genomics and Phenotypes

The central dogma of genetics states that genetic information is encoded as DNA, which
is expressed as RNA, which is then used to produce proteins. A single genotype is an
individual in a species with a unique DNA sequence. A phenotype is some measurable
quality (quantitative or qualitative) of the organism, such as height of a tree, eye color of a
person, number of toes on a cat, RNA expression profile of a fruit fly, etc. While a genotype
can be measured with as little as a single cell with some techniques[35], phenotypes have a
wide variety of ways they can or need to be measured, with some methods being passive (no
interference with organism) and some being destructive (completely destroying the organism
in order to measure a specific phenotype). Despite the fact that the central dogma does not
account for non-coding regions of the genome, as they do not eventually become proteins, it
is possible for genetic differences in those regions to effect a given phenotype[36].

To build an understanding of the relationship between genotype and phenotype,
the connection has to be isolated in some way. This usually takes the form of gene
knockout /knockdown [37], with a process like CRISPR[38], to isolate the phenotypic function
of a specific gene or gene-set, or Genome Wide Association Study (GWAS)[39], that tries to
determine which gene, or region, affects a particular phenotype. While linear models are the
traditional tool for GWAS, other algorithms, such as iRF and other ML models, can provide

improved results by considering non-linear effects.
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1.3.1 Genomic Data

One of the most important concepts regarding genomic data is its relationship to character-
istics of the individual. In the most simple of terms, this can be done by analyzing variance
in phenotypes and assigning that variance to different causes[40]. We know that in general,

the phenotype (P), or trait, being measured can be defined by the equation:

P=G+E+Gx+FE

where G is the genotypic effect, E' is the environmental effect, and G *x F is the effect of the
interaction between the genotypic effect and the environment[41]. The field of quantitative
genetics is focused on better understanding this relationship and its values for various species
and their phenotypes and how to use populations to better understand the effect of the
genetics[42].

One population effect of genetics is any population under specific conditions, such as
no evolutionary pressure, will follow the Hardy-Weinberg Principle and will have allelic
distributions that are perfectly determined by their allelic frequencies[43]. An allele
is a specific DNA code at a specific location in the genome. These studies, such as
the development of Quantitative Trait Loci mapping (QTL-mapping)[44], next-generation
sequencing, single nucleotide polymorphism (SNP) chips, and genotyping by sequencing have
led to the identification of several genes of wheat (Triticum aestivum) that are related to
resisting spot blotch. Spot blotch is important for agriculture because it can lead to loss
of grain quantity and quality[45]. We can see the effects of long term phenotypic selection
by analyzing the genetics of the modern cultivars of wheat. The malting quality of grains
were selected to produce these cultivars, which was possible due to the relationship between
certain grain genes and certain malting traits[46].

Genome Wide Association Studies (GWAS) find statistical connections between genotype
variations and phenotypes[39]. A substantial amount of work has gone into optimizing
these calculations to keep up with the amount of data increase that comes with improved

technology[47, 48]. Most GWAS analyses scale in cubic time with the number of samples
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but linear in terms of the number of features, or SNPs, as seen in the big O notation:
O(n® + pn?)

where p is the number of single nucleotide polymorphisms(SNPs) and n is the number of
individuals who were sampled. According to the authors of GEMMA, the only step that is
cubic in nature is determining the relationship of individuals[48]. Unfortunately, when these
methods are used to try to detect epistasis, where multiple SNPs effect the same phenotype
in a non-additive fashion, the computational expense increases exponentially with each order

of interaction, and the above equation becomes:
O(n® + p™n?)

where k is the order of interaction. To feasibly detect high-order interactions, machine
learning techniques such as iterative Random Forest (iRF) [4, 9] and Random Intersection
Trees (RIT) [34] can be used at a reasonable computational scale because they do not have
an exponential term that scales with the size of the interaction to be detected. By using these
data-driven X-AI models, the mechanistic understanding of an organism can be accelerated
by providing high throughput hypothesis generation models. This human-in-the-loop process

can be used to design more efficient experiments to accelerate scientific findings[49].

1.3.2 Epistasis

Epistasis is defined to be any non-additive genetic component or non-multiplicative
component on the penetrance scale[50], but, in general, epistasis can be described as inter-

genetic interaction, or as defined by G.A. Churchill as a:

... genetic phenomenon that is defined by an interaction of genetic variation at
two or more loci to produce a phenotypic outcome that is not predicted by the

additive combination of effects attributable to the individual loci.

These effects can be qualitative or quantitative, discrete or continuous, and can proved

insight into how a given species evolved in relation to the particular phenotype[51].
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Another way to look at epistasis is that genes rarely work in isolation; most gene products
work with other gene products in biochemical pathways. These 'physiological genetic effects’
can be significant contributors to an individual but generally cause only small variations to
‘statistical genetic effects’, or to a population wide effect. These effects are often only
additive changes, on the whole, but gene products do interact in non additive ways. In
terms of evolutionary population differentiation, gene interactions can be significant[52].
These epistatic interactions may dictate the interaction of complex molecular pathways and
can be modeled onto protein structures to determine their specific molecular function[53].
These same interactions can be analyzed to understand their functional nature, and how
that interaction has come to be over time through evolution.

In fact, functional synthesis of molecular evolution can be used to track the evolution
and consequences of epistasis|[53]. Epistasis helps define and structure functional pathways of
gene products and is used by evolution to shape certain phenotypes[54]. Epistasis is shown
to have an effect on various human diseases[55] including hypertension[56], diabetes[57],
Alzheimers[58], coronary heart disease[59], colon cancer[60], and Crohn’s disease[61], as well
as plant phenotypes such as flowering timing of soybean[62]. Epistasis has also been shown
to have a positive effect in the overall growth of some plants|63].

The basic effect(y) on a phenotype from two loci (labeled 1 and 2), including additive

and dominance effects, can be defined with the equation:

Y= p+a1ry + dizy + asre + dozo

when including epistasis the equation becomes:

Y=+ a1xy + diz1 + asxs + dozo + tqq X102 + 10q®122 + 140212 + 1da21 22

where p is the population mean effect, a is the coefficient of the additive component of the
loci z, d is the coefficient of the dominance component of the loci z, and the four ¢ each
represent an epistatic interaction between the two loci[64, 50]. From this equation we can see

that epistasis can interfere with traditional QTL mapping by masking or overriding additive
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signal[54]. We can also see how complicated of a task it is to be able to detect one of these

many types of epistasis between all pairs of loci.

Classic Epistasis Detection

The most simplistic approach to detect epistasis is to evaluate the relationship of every set of
SNPs for a two-way relationship to the phenotype, independent from the individual effects
from each of the SNPs[65]. However, because of the size of genomes and the exponential
scaling of checking all possible sets, this quickly becomes an infeasible task[66]. The
potential solution space of all pair-wise relationships grows exponentially with the size of
the genome[54]. As more large genomes are sequenced with high quality tools, specialized
techniques are needed to effectively search for and evaluate them for epistatic effects. The
majority of additive genetic effects are small and require large sample sizes and robust
sequencing to appropriately identify the effects. The same is true for interactive effects, but
likely even more samples are needed than traditional techniques to accurately assign effects
to epistasis[67], further reinforcing the need for specialized methods. The most common
initial solution is to implement data reduction and pattern recognition[68].

A classic approach to epistasis is to do combinatorial partitioning, where subsections of
the genome are evaluated separately and then their results combined[59]. This is basically
the concept of limiting the search space to smaller chunks which are easier problems to
solve. However, in the reduction of search space the potential exists to remove correct
answers. Some methods look for SNPs that have conditional effects on a phenotype with
regard to another target SNP[69]. These function by effectively making a new phenotype
that is preconditioned on the given SNP and analysing the association of all other SNPs with
this new phenotype. This is feasible if you have prior knowledge of a causative SNP, but
would require an exhaustive search of all pairs to find both individuals of the epistatic pair.
Some methods reduce the processing required by organizing the problem into two separate
problems: with-in gene epistasis, where alleles in the same gene have a non-additive effect
on a phenotype, and cross-gene epistasis, where alleles in different genes display epistatic

interactions|70)].
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Some approaches simply focus on scaling the calculations and optimize the traditional
brute force approach[71]. These brute force approaches are often designed to be more
efficient when detecting multiple phenotypes|72] for the same genetic data set. Another more
analytical approach looks for statistical interactions between loci, as evolutionary pressure
on epistatic effects should affect the distribution of alleles[58]. An approach to high through-
put epistasis detection can be done by strictly filtering the SNPs and the search space prior
to analysis, but this can severely reduce the ability to detect small effects[73].

“BOolean Operation-based Screening and Testing” (BOOST) is an algorithm that
optimizes applied traditional epistasis detection specifically in case-control tests by op-
timizing the problem into Boolean operations that are highly optimized on modern
computers[57]. Backward genotype-trait association (BGTA) is another feature reduc-
tion algorithm designed for case-control studies that removes uninformative markers|[74].
Multifactor-dimensionality reduction (MDR) reduces the search space to only include loci
likely responsible for interacting with known alleles associated with disease, as it is designed
for identifying human susceptibility to disease, specifically interactions among estrogen-
metabolism genes in sporadic breast cancer[75]. SNP-SNP filtering algorithms, such as MDR,
reduce the space needed to search for epistatsis and can be ensembled together to create
an even more powerful filter[76]. Polymorphism Interaction Analysis (PIA) accounts for
imbalances in both SNP frequency and phenotypic balance (i.e. more controls than cases in
terms of clinical phenotypes) [60]. Restricted partition method (RPM) partitions the genome
to find interacting genes or gene-environment interaction[77]. By treating epistasis detection
as an optimization problem, efficient algorithms from other fields can be utilized[78]. These

methods are often evaluated and compared against each other[79].

Machine Learning for Epistasis Detection

In general, ML approaches can help reduce the search space for genetic interactions, such
as in human disease resistance and susceptibility, which can be due to epistasis[55]. One
such technique, MegaSNPHunter[80], focuses on feature space reduction by appling gradient
boosted[81] trees[30]. Some methods are built on top of traditional methods, such as a

synthetic approach for testing epistasis with MDR while incorporating various heritabilities
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and imbalanced data sets[82]. Another model built on top of MDR includes transforming the
data through techniques like principle component analysis (PCA), “MB-MDR for Structured
Populations” (Model-Based Multifactor Dimensionality Reduction-Principal Component
(MBMDR-PC))[83]. These techniques rely on the effectiveness of the principle components
in capturing the population structure in order to effectively isolate potential epistatic effect.

Linear models can be used to detect epistasis by applying a regularization penalty. One
machine learning approach to epistasis discovery relies on using a pairwise encoding of
SNPs and then using a linear model Ll-regularized (LASSO[84]) on the new encodings.
This allows for the complex interactions of epistasis to be simplified to an optimized linear
model[70]. A similar approach can be done with L2 penalized logistic regression to detect
gene interactions[85], with potentially different results.

Other machine learning methods like Random Forest can be used to detect important
SNPs in predicting phenotypes[86] and can also be used to detect genes interacting with other
genes or environmental factors when predicting a phenotype[87]. Work in this area has lead
to several optimized code bases, including scaling to High Performance Computers[9]. A fast
random forest focused on GWAS studies of complex genetic disease, called random jungle[61],
has also been developed. A genetic algorithm combined with an ensemble of various classifiers
iteratively produces subsets of SNPs to test for interactions and phenotype associations [88].
Neural Networks can be designed to identifying epistasis effects[89]. Other methods include
Bayesian inference to detect epistasis[90], Monte Carlo logistic regression to discover epistasis

[91], and network guided epistasis detection [92].

1.3.3 Populus trichocarpa data

Populus trichocarpa, colloquially known as black cottonwood, is a poplar tree indigenous
to the Pacific Northwest of North America. As a main biofuels research plant with a fast
growth rate and moderate lignin content, it has been studied for several decades, including
a full genomic analysis[93]. Funded by BESC[94] and its successor CBI, both BioEnergy
Research Centers, a diverse set of genotypes were collected from nearly the entire species’

geographic range and a wide variety of research has been done.
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Over 1300 genotypes have been propagated to multiple common gardens in different
climates within the natural range of the species and sequenced for association and population
studies[95, 96]. At these field sites, a randomized block design was used to spread three
replicates of each genotype throughout each of the common gardens. Over the course
of several years, these common gardens were monitored and several phenotypes were
measured. Externally measured phenotypes like height, diameter (measured as diameter
at breast height DBH], or as diameter at 20 cm(D20) for young trees), bud set, bud flush,
presence of diseases (like Melampsora[97] and Septoria[98]), and microbiome on and around
leaves, xylem, and roots(Plant-Microbe Interactions (PMI)). Other phenotypes that require
destructive sampling were also measured for a few of the common gardens including density;,
total biomass, gene expression profile of leaf, xylem, and root, metabolite profiles, and sugar
content. Many Genome Wide Association Studies (GWAS) have been completed with these
data. These include, but are not limited to, wood composition studies[99], other biomass

traits[100], and adaption to different climates[101].

1.4 Genomic Selection

Genomic selection (GS) is the process of selectively breeding a species to adjust one or
more phenotypes at the population level in a desired direction with the aid of genetic data.
The most basic form of trait performance improvement, having been used for hundreds if
not thousand of years, is phenotypic selection[102]. This process involves taking the best
performers; or individuals with the most desirable characteristics, and having them breed
with each other, sometimes called crossing. Over the course of generations, this has resulted
in the domestication of crops and livestock[103]. Gregory Mendel proved the process of
inheritance of physical traits and showed a way to predict a phenotype of offspring based on
the same phenotype in the parent. This included concepts such as dominance, where one gene
masks another recessive gene. However, more complex phenotypes, such as height, rely on
much more information than can be captured in a simple phenotypic model. Capturing more
information by incorporating relatedness, such as full-sibling vs. half-sibling relationships,

allows for a better understanding of the genotypic contribution to the phenotype[104].
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With the advent of cheaper sequencing technology, this relatedness, structured as a
relationship matrix, can be updated to use exact genetic distance. Heritability is the
proportion of phenotypic variance that can be described by genetic inheritance and variance,
usually measured by matching genetic relatedness to phenotypic relatedness. Heritability
only describes the specific population that it was measured in, but is generally very similar
across like populations[105]. The application of quantitative genetics relies on several
assumptions, including: the phenotype is responsive to genotypic variation, the phenotype
of continuous traits rely on a small effect from several Mendelian gene effects, the phenotype
data has had appropriate accounting for genetic by environment effect, and the phenotypes
of the progeny has been evaluated in the same way as the original population. Depending
on the interconnectedness of the genetic effects, the power to improve multiple traits at once
can be significantly hampered[106].

Plant breeders generally follow the process of: setting an objective for improvement,
assembling genetic variance for measuring and breading, selecting crosses, evaluating the
new generation, and, finally, releasing the cultivars or genotypes that improves the selected
objective. Specific methods and techniques to follow this process depend on the restraints of
the problem, such as specific parameters of mating, the genetic variability, and the available
breeding material[41, 107]. The combining ability of individuals within a species is critical
for improvement of plant breeding[108]. Some plant species that have have benefited from
genomic selection include oil palms[109], and pear]l millet[110], which where selected for yield
and heartiness. While different specific processes may be used for animal breeding, similar

technologies and evaluation techniques as plant breeding are applied[111].

1.4.1 Progeny Trials

The quality of genetic material a specific genotype would pass on to its progeny and
descendants is often the most important aspect to consider for genomic selection. A progeny
trial is designed to specifically measure the genetic contributions of the parent to its children.
These trials can be designed in several different ways, depending on the ability of the parent to
self-cross and the expected contribution of reciprocal crosses[112]. Different types of mating

trials optimize for different objectives including optimizing specific traits or identifying
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specific genotypic or familial qualities[113]. This contribution is generally defined in two
parts, specific combining ability (SCA) and general combining ability (GCA) [114].

GCA refers to the value of the specified parent’s contribution to the genetic effect
responsible for a phenotype in its progeny, given a random partner from the species. SCA is
the effect explicitly occurring because of the mating of two specific genotypes, isolated from
those parents’ individual GCAs[115]. Some species can have SCAs greater than GCAs,
especially if they have high Heterosis. Heterosis is the trait of certain cross-pollinated
crops that are highly heterozygous, that causes better phenotypic performance with greater
heterozygosity within the genotype. This leads to inbreeding depression, due to the creation
of homozygotes, within the population if trying to isolate specific genotypic effects with
self-crosses[116].

Better understanding of how heritable specific traits are and how much variance within
the trait is due to genetic variance can lead to improvements in predictions and biological
understanding[117]. By incorporating genetic variables with traditional variables, such as
environment and management, breeders were able to build a model that explained 88% of
the variability in time to first flower in a population of the common bean, Phaseolus vulgaris

[118].

1.4.2 Traditional Genomic Selection

Traditional genomic selection focuses on determining what parents will most effectively
improve a phenotype within the population for subsequent generations while maintaining
genetic diversity[119]. This results in focusing explicitly on determining the GCA, which is
composed mainly of the additive genetic effects contributing to a phenotype. A rank order
of genotypes that have a high genetic value is produced and the top genotypes on the list
are crossed together to produce a new generation. For practical purposes, this means that
the total number of crosses needed for a selection of parents increases quadratically with the
number of parents. However, by limiting the number of different parents, genetic diversity
falls off sharply.

Most common genomic selection techniques are methods that use linear algebra to

determine the breeding value of each separate genotype. One of the most commonly used
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methods that incorporates genetics is Genomic Best Linear Unbiased Prediction (gBLUP),
that uses the genetic relationship of individuals in the population to determine the value each
genotype provides to the phenotype in question[120]. A similar method that assigns value
to specific SNPs is Ridge Regression[121] Best Linear Unbiased Prediction (rrBLUP) [122].
Identifying specific regions of the genome, or quantitative trait loci (QTLs), that control
specific responses to stress, can be used in marker-assisted selection (MAS), improving the
speed at which breeding programs can improve stress tolerance or other phenotypes[123].

Application of population genetics, with understanding of quantitative genetics, has been
applied to hatcheries of pearl oysters, improving several important commercial traits across
the entire population. Molecular genetic techniques were used to target specific genes to
provide improvements faster than traditional selection with less risk of inbreeding[124]. MAS
has been used to improve barley breeding for several traits, specifically for brewing and
yield[125]. QTL mapping of rice stress response has lead to improved crop stability and
greater yield[126].

1.4.3 Machine Learning for Genomic Selection

Machine Learning and Artificial Intelligence have a wide variety of uses including the
identification of recent evolutionary changes[127] and have been applied to the process
of genomic selection[6]. A multilayer perceptron (MLP), a type of neural network, has
been shown to be more effective in the genomic selection of wheat and jersey cow over a
Pearson’s selection model, with each data set providing greater improvement for different
phenotypes[128]. Across multiple data sets in wheat, non-linear algorithms, such as various
AT models, generally performed better in prediction accuracy than comparable non-linear
algorithms[129]. However, a study in maize showed that some of the same AI models only

showed a slight improvement over a well-tuned linear model[130].
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1.5 SARS-CoV-2 Background

The Covid-19 pandemic has cost the lives of over one million people in the US alone (accord-
ing to the CDC Covid Data Tracker https://covid.cdc.gov/covid-data-tracker /#datatracker-
home), and will likely affect even more as long-term effects are evaluated [131, 132]. The
virus responsible, SARS-CoV-2, has been sequenced across the time-course of the pandemic,
providing valuable data that could be used to build a real-time mutational history. A
strong understanding of the mutational changes would help identify patterns between viral
characteristics and symptoms, as well as help predict vaccine escape and severity of new
strains. Ongoing research and observation is required as new lineages with variant-of-
concern-like mutations continue to be found[133].

Evolutionary time between sequences allows mutations to build up that can be used to
distinguish individuals from the same species or species from their ancestors and descendants.
However, in the case of SARS-CoV-2 sequences, the difference caused by individual mutations
can be tracked over the course of weeks, rather than years or decades. The level of fine
grained data can bring to light some of the assumptions that state-of-the-art algorithms
make when trying to elucidate the lineage of a virus and the mutations they may contain.
The modern calculation of phylogenetic trees can miss subtlety in the data without curation,
that becomes increasingly difficult as the size of data increases [134]. The tree structure forces
the assumption of purely divergent evolution where different evolutionary paths cannot cross
back to each other via convergent evolution or recombination. Network models are better able
to include evolution that may include homoplasic loops, an evolutionary pattern implying

convergent evolution or mutation transfer between diverged individuals[135].

1.5.1 Structure and Variants

The SARS-CoV-2 virus falls within the viral classification of coronaviruses, which are single-
stranded RNA viruses with positive polarity[136]. The genome varies from 29.8kb to 29.9kb
across variants and contains the orflabpolyproteins and structural proteins characteristic of
coronaviruses. The virus also contains six accessory proteins encoded by ORF3a, ORFG6,

ORF7a, ORF7b, and ORF8 genes[137].
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RNA viruses mutate faster than DNA viruses and single stranded viruses mutate faster
than double-stranded[138], leading SARS-CoV-2 to be expected to have a relatively high
rate of mutation. At 1.1 —6.2 x 10~ 3 mutations per site per year, SARS-CoV-2 has a higher
mutation rate than the seasonal influenza at 0.6 — 2.0 x 1076[139]. With a higher mutation
rate comes a higher quantity of distinct variants with distinct characteristics. Many of the
early variants were noted to contain mutations specific to the spike protein, which is a 1,273
amino acid trimeric glycoprotein responsible for virus entry into host cells[140]. The specific
changes and mutations to the spike protean may be under different selective pressures[141].

After the early spike protein variants, other variants quickly arose, such as the B.1.351
variant in South Africa and the P.1 variant in Brazil. The pango network has been established
as one of the accepted naming schemes for distinct lineages of SARS-CoV-2 and provides

information about the distinction between lineages as well as specific variants of concern,

such as B.1.1.7 and P.1[142].

1.5.2 Template Switching and Recombination

A specific concern for SARS-CoV-2 is whether or not recombination is the cause for any new
variants, because it is known to generate diversity, and create new opportunities to overcome
selective pressure and adapt to new hosts and environments. Recombination happens when
multiple variants infect the same cell and exchange genetic information, with different types
of recombination based on the structure of the crossover site[143]. Copy-choice recombination
is caused by template switching, where the transcription complex leaves the donor template
and resumes synthesis on the acceptor template[144]. HIV has been shown to use template
switching to facilitate recombination across various strands, and if the possibility of multiple
template switching is ignored the estimated recombination rate undershoots the measured
rate[145]

While the standard phylogenetic techniques ignore recombination because it interferes
with divergent evolution and mapping lineages to a tree structure, there has been other
evidence reported pointing to the presence of recombination between lineages even from the
earliest stages of the pandemic [146]. There has also been evidence that some of the lineages

from that time are the result of recombination|[147] and that recombination likely caused
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some of the spreading of SARS-CoV-2 at the beginning of the pandemic[148]. This early and
persistent presence of recombination is potentially caused by strong evolutionary pressure
on different regions of the virus’s genome[149]. The high prevalence of multiple divergent
lineages leads to a more likely scenario of co-infection that can lead to template switching,
leading to the most virulent strains with the greatest likelihood of spreading[150]. There
has also been evidence to show that recombination has specifically transferred evolutionary
mutations within the spike gene region across different lineages[151]. A better understanding
of the causative process of recombination could help fight the pandemic[152]; by increasing
the rate of mutational accrual within SARS-CoV-2, the virus could face a rapid extinction,
by losing necessary components to function, due to the new mutations occurring too quickly

and interfering with the normal process of virus[153].

1.5.3 Evolutionary Incompatibility

Current lineage analysis relies on phylogenetic trees that expect divergent evolution away
from the original species/sequence. Recombination and convergent mutations are seen as
nuisances[154] in this type of model because they interfere with the assumed tree structure.
For short time scale evolution in organisms where recombination is possible, these methods
can ignore events that are potentially important for tracking evolutionary and functional
changes.

Evidence of non-divergent evolution can be found through evolutionary incompatibility
between SNPs. A refined incompatibility score is defined as a number of homoplasies in the
population between two sites[155], that can only be explained by recombinations, recurrent
mutations, or convergent mutations in the population. A quick equation for this can be

written as:

i(Xi, Xj) = U( X, Xj) — (1X| = 1) = (]X] = 1)

which effectively counts the number of total combinatoric states between the two sites (X;
and X;) not including the ancestral state(l(X;, X;)) minus the total number of individual

states at each site minus their ancestral state (—(|X;| — 1) — (|X;| — 1)) as defined by Bruen
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et. al. [156]. Modern phylogenetic tree construction assume perfect divergent evolution even

when trying to maximize parsimony|[157].

1.6 Conclusion

The sheer amount of possible solutions to many of the problems in genetics can not feasibly
be solved by purely linear algorithms. The size of data and the complexity of problems,
such as epistasis, suggest that ML models are likely well suited for this field. Many machine
learning algorithms are specifically designed to scale more rapidly to meet the needs of large
scale data, especially as the linear solutions require brute force techniques for calculating
combinatorics, like conditional relationships. These methods can be applied to a variety
of use cases for problems across biology. The application of the correct and most valuable

method for a problem is just as important as the creation of new methods for the field.
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Chapter 2

Genome Wide Epistasis Study with

Iterative Random Forest
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2.1 Abstract

The relationship between genome and phenotype can be very complex. Most algorithms
are designed to find the linear relation between individual SNPs and the phenotype, while
ignoring any epistatic effects because they are computationally expensive and are not
guaranteed to be present for every phenotype. Here I show that machine learning algorithm
Iterative Random Forest (iRF), with several new metrics, can efficiently find epistatic
relationships. These new metrics mine the model for information already contained within
the results, but which previously lacked transparency. The metrics are evaluated using a
synthetic data creation process that provides conditional relationships. The metrics are then
tested on the height phenotype for Populus trichocarpa, a complex phenotype of biological

and biofuel significance thought be partially caused by epistatic interactions.

2.2 Introduction

In the most simplistic view of biological association to a physical trait, the expression of
a single gene is directly responsible for changes in the trait. However, biology is not so
simple, and many different aspects may influence any given trait. Epistasis, one such aspect,
can complicate finding the associations between Single Nucleotide Polymorphisms (SNPs) in
DNA and the external traits (phenotypes) that they effect. Epistasis has been assumed to
be any non-additive genetic component or non-multiplicative component on the penetrance
scale[50], but, in general, epistasis can be described as inter-loci interaction or any effect
on a phenotype from multiple loci that is not attributable to their additive components.
These relationships can complicate the detection of causation with methods not designed
specifically to account for them. Conversely, the development and utilization of methods
that account for, and gain value from, epistatic interactions can improve the understanding
of gene to phenotype relationships.

Genome Wide Association Studies (GWAS) traditionally use linear models to find
statistical connections between genotype variations and phenotypes[39], however they tend

to lack the ability to find non-linear interactions, such as epistasis. Work has gone into
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optimizing these GWAS calculations to keep up with the amount of data increase that
comes with improved technology[47, 48]. Most GWAS analyses scale in cubic time with
the number of samples but linear in terms of the number of features, as seen in the big O
notation, O(n® + pn?), where p is the number of SNPs and n is the number of individuals
who were sampled. Unfortunately, when these same methods are used to try to explicitly
and exhaustively detect epistasis, where multiple SNPs effect the same phenotype in a
non-additive fashion, the computational expense increases exponentially with each order of
interaction, and the above equation becomes O(n®+p*n?), where k is the order of interaction,
or the number of SNPs working in relation with each other in a non-additive fashion.

To feasibly detect high-order interactions, machine learning techniques such as iterative
Random Forest (iRF) [4, 9] and Random Intersection Trees (RIT) [34] can be used at a
reasonable computational scale. As non-linear and non-exhaustive methods, they do not
have an exponential term that scales with the size of the interaction to be detected, but
instead scale only with data size and algorithm parameters. These algorithms fit into the
category of Explainable Artificial Intelligence (X-AI), where the internal decision making
mechanisms are human-understandable.

Here I show how iRF, already efficiently scaled[9], can be a useful tool when detecting
epistasis in genetic data. By understanding the underlying mechanisms of iRF [4], we
can both develop new ways to process the results to find more information from feature
importance and better select for interacting sets involved in epistasis. To show the robustness
of iRF’s ability to detect epistasis, a validation approach has been designed. The process uses
synthetic genetic data with generated phenotypes to ensure the effect detection of iRF has
an exact truth set to be compared against. Some of the information that will be gained from
these new techniques include conditional feature importance, sets of features that are more
important in conjunction than independently, and features that have overlapping importance
(such as the case with SNPs in linkage disequilibrium). Other provided information
surrounding the feature importance such as an effective cutoff for identifying causative
features and a method to determine the effect the feature has on the target. The GWES

methods are then used on genetic data with phenotypes determined to have epistasis, namely
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the height phenotype from Populus trichocarpa, to find potential epistatic interactions for a

phenotype of known biological interest.

2.3 Methods

2.3.1 Iterative Random Forest

The Iterative Random Forest method is based on Random Forest, as published by Leo
Breiman in 2001[31]. Breiman designed Random Forest to build on his earlier work with
decision trees, CART (Classification and Regression Trees)[30]. A single decision tree
subdivides a data set’s samples using discrete features, to best split the samples’ dependent
(target) values. A sample data set is shown in Figure 1.1 and an example decision split
is shown in Figure 1.2. The tree model looks at all possible features at each split point
(node) to find the feature and split value that optimizes some cost function, whether that
be GINI for classification, MSE for regression, or some other cost function for the purity of
the set of targets. Multiple trees when trained together form a forest, however the standard
decision tree is deterministic, so a forest of decision trees would contain only replicates.
Breiman developed Random Forests to solve the deterministic nature of an individual tree
and improve the overall value of the model by only allowing the splits for each node to
consider a random subset of the full features. Each tree is also provided with a distinct
subset of the original samples by re-sampling the data set with replacement. Figure 1.4
shows an example Random Forest.

From this method, not only is a trained learner developed, but the feature importance
scores for each feature are also provided. These importance scores are calculated based
on how often and how well each feature was used throughout the forest to subdivide the
samples. Using feature importance it is possible to address an issue that can occur in
Random Forests, where the random selection of features at each node can cause a majority
of the splits to only consider non-causative features if non-causative features significantly

out-weigh causative features.
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A solution is to weight the random feature selection to favour a subset of features that are
more likely to be causative, and one way to determine which features are likely to be more
causative is to use the feature importance from a Random Forest model. By turning the
method into an iterative process, with each new iteration using the importance scores from
the previous iteration as feature weights, a new algorithm called iterative Random Forest
(iRF) was produced[4]. This results in more efficient decision trees and more organized
decision paths. The decision paths contain embedded information on feature interaction
because, as each sequential decision is made, the selection process for the node is conditioned
on every decision before it in the decision path[4]. The conditionality implies that features
that occur within the same decision path have an interaction within the model. An algorithm
called Random Intersection Trees (RIT)[34], mines these organized paths to find sets of
features that co-occur often, offering insights into possible interactions between features.

While it is extremely useful to pull out these sets from iRF, as shown by Basu et. al.,
the trained model contains even more information about the relationships between features,
as well as between features and the target. It is possible to decompose every tree in the
forest into its component parts, the nodes and their splits, allowing the derivation of what
the model is considering at a more in-depth level than traditional summary statistics like

feature importance or co-occurring feature sets.

2.3.2 iRF Metrics

The main metric used to when discussing explainability in iRF models is the importance
score, calculated for each feature in the model. The importance score is most often presented
as either the sum of the splitting criteria used for that feature averaged across the trees in
the forest, or the normalized version of that value (i.e. the proportion of that value across all
features in the model attributable to that specific feature). For iRF models that use variance
explained as the splitting criteria, normalization provides the proportion of total variance

explained by a particular feature within the overall model.

30



Evaluating Feature Importance Scores

The most basic decision made by the model is the split within a node. At each split, the
model has chosen a feature and split value for that feature that breaks the samples in the

current node into two separate children nodes. The split can be defined as a step function:

L <S8
f(x) = (2.1)
R x2>S8S

where x is the value of the feature, S is the split value, L is the average phenotype value
of the samples from the parent node that had a value in x less than S, and R is the average
phenotype value of the samples from the parent node that had a value in x greater than S.
For each feature, all splits of that feature are in proportion to the number of samples
handled by that split and can be combined into a single function that contains the direct

relationship from the given feature to the target within the model:

F(z) =Xfi(x) * w; (2.2)

where F'(x) represents the feature’s full contribution to the model, f;(x) is a split from
eq. 2.1 with ¢ representing the specific split using the variable and w; is the weight based on
the number of samples effected by that split.

The resulting equation is a combined series of step functions which are sampled at equal
distances for the whole range that the feature has splits on within the model, being sampled a
number of times equal to the number of unique split values plus one. This sampling produces
a single line for the entire relationship and is used to build the linear fit, determining both a
slope (or relationship between feature and phenotype) and p-value for the linear fit (showing
how well the linear fit captures the information in F(z)). The linear fit is calculated using

the linear regression package scikit-learn[158] to produce the underlying linear equation[159].
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This package provides an R* and p-value that determine how well the linear function actually
represents the underlying data.

This information is used to define a new metric for iRF called feature effect. It provides
both the overall direction of effect that the feature has on the target within the model and
provides an appropriate magnitude relating the feature and target regardless of the number
of samples the feature splits within the model. A positive feature effect indicates that the
relationship of the feature and target values are in the same direction, i.e. as one increases so
does the other, whereas a negative feature effect indicates an inverse relationship where the
target values decrease as the feature values increase. The directionality relationship between
feature and target is an often desired model result that is traditionally lacking from decision
tree based methods.

Evaluating the efficacy of the importance scores produced by iRF can be done by looking
at the rank order of the feature importances. The feature with the highest importance
score is most likely to be truly causative. While rank ordering the important features is
useful, it does not provide a cutoff without previously knowing the appropriate amount of
causative features. However, by considering a purely random association between a feature
and a phenotype, an easy to use cutoff can determined. First, the total variance (T'V) of

the phenotype can be defined by multiplying the traditional variance o?(x):

of the data set by the total number of samples in the data set:

TV = o*(z) * N = X(z; — 7)*

where N is the total number of samples. Considering that any given phenotype can have
a random distribution of values (flat, Gaussian, bi-modal, etc.), then it can be determined
that on average any single sample in any given data set contributes about 1/N to the total
variance of the phenotype in the data set.

If a random variable with no relationship to the distribution of the phenotype is taken

and the split in the variable isolates a single sample from the full data set (not likely to
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be the best possible split), then the variance explained by this split is expected to be the
variance contribution of that single sample (%) If the split in the variable breaks the set
of samples into two sets with both containing at least 2 samples, then the contribution of
that split will be either higher or lower than that of the single sample split. The magnitude
of the difference between the single sample and multi-sample scenarios can be determined
by the difference in the average phenotype value of the samples from the parent node to the
children nodes (z).

Because of the assumption of random distribution of the phenotype, and the assumption
of no relationship from feature to phenotype, the average change in = is expected to be
0. This leads us to the conclusion that the expected total variance explained by a random
feature in a single split is the same as the case in which a single sample is being split (%)
When the feature importance is normalized by TV, the expected proportion of importance

1

of a random feature, for a single split, is -. An example model with 100,000 features and

TV

o5 or 1% of TV, .01 normalized importance. Effectively

100 samples would have a cutoff of
any feature with more than or equal to 1% of the total feature importance of the model
is identified as most likely being causative. The cutoff in this scenario defines that up 100
features would be able to be identified as important if they all shared the same importance
within the model, at 1% TV, and also means that if there are more true causative features
in the data set than samples, say 200, the cutoff prevents half of those features from being
identified in even a best case scenario. However, in the later scenario, even with 200 features
sharing importance, it is plausible that the model favors few enough to elevate them over the
threshold, thus providing accurate features, if not the full set of correct features. Thus, the
cutoff value of % normalized importance can be used as a threshold for separating probable

noise from probable signal. The model is going to assign features with true signal a larger

proportion of importance, and features with only noise less importance.

Evaluating Sets Reported from iRF

RIT[34] is used to determine the prevalence, or occurrence rate, of sets of features in the
feature paths, as well as the expected occurrence of that set based on the features that make

it up. Utilizing this method makes it possible to determine the difference from expected

33



co-occurrence, or overlap, to actual overlap. A higher actual overlap points to some of
the importance of the set being conditional as opposed to purely additive. Using the same
concept of mining the decision paths, it is possible to determine the portion of the importance
that is based on the conditionality of the set and not just of the importance addition of the
isolated features. This is possible by looking at the difference of importance from splits with
and without the conditionality from the forest.

With a decision tree of two levels, three total splits and four leaf nodes (this same

structure can be seen in Fig. 1.3), decision paths are defined as a step function:

(

Ly l’i<81;l‘j<52
Ly x; < Si;m5 > 5

Ry z; > Si;2, < S3

Ry x; > Si;xp, > Ss

\

where each of the final leaf values (L1, Lo, Ry, Ry) can be reached by one of the decision paths
represented by a multi-part conditional (such as z; < Syandz; < Sy) where each z;, x;, and
x, representing different features and Sy, S5, and S5 represent the different split values.

RIT, used as part of the previously established iRF method, provides the prevalence
of the most common sets of features within the paths. Because of the nature of decision
pathways, the maximum number of sets obtainable with RIT from the decision paths is (‘2),
where x is the number of features and d is the depth of the trees, assuming no repeat features
are used within the path. Beyond the limitations of the paths, RIT outputs are bounded by
the user in two main ways. The first is by limiting the minimum prevalence reported and
the second is by limiting the total number of sets reported.

Three additional measurements have been developed and calculated for the sets reported
by RIT. The first of these is RIT adjusted, which accounts for the individual prevalence of
the features that make up the set. The prevalence, how often a feature occurs throughout the
entire forest, indicates whether or not a feature is simply highly occurring versus occurring

conditionally with another feature or features. RIT_adjusted is calculated as:
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RIT adjusted = RIT — | [ w(x;)

where RIT is the reported RIT prevalence for a set and w(x;) is the frequency of the
feature x; within the pathways. The equation results in positive RIT_adjusted values for sets
that occur together more than expected from random overlaps due to just the prevalence
of the constituent features and negative values for the set that occur together less than
expected. When converting to a classification problem of identifying causative sets of features
within a model, a true positive for RIT adjusted is a true set that has a greater than zero
value, identifying the set as co-occurring more than a random distribution of the constituent
features throughout the forest.

The next value is set importance, which is calculated by determining the ’feature’
importance for each RIT set by evaluating it as though it were a single feature. For each
pathway containing the feature set, an imaginary node is created by treating the splits
between the features in the set as a single decision. The total variance leading into this new
imaginary node corresponds to the total variance of the from the samples included in the
first node split by the first occurrence of a feature in the set. The imaginary node then splits
the samples into two new nodes, one child node containing the samples from the earliest
node in the original pathway that had been split by all of the features within the set, the
second is all the other samples from the original imaginary node. The variance explained
from this imaginary node is summed with all other imaginary nodes from the forest that
can be constructed for the same set of features, providing the set importance of the set.
This importance can then be scaled by the T'V explained by the model and compared to the
expected noise level of a single feature. A true positive for set importance is a true set that

1

has a set importance greater than

The final measurement is conditional importance and it looks at each feature in the set
and compares the importance of its splits, when conditioned by the other features of the
set, with the rest of the occurrences of that feature throughout the model. To account for a
bias in TV from split to split, the TV from each split is divided by the number of samples

the given split is accounting for, to effectively normalize the importances. The conditioned
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splits and non-conditioned splits are then compared, with a higher unweighted condition split
resulting in a positive conditional importance for that variable in the set and the opposite
resulting in a negative conditional importance. Conditional importance details the impact
of being a part of the set for each feature within the set. A positive value indicates that the
feature is more important to the overall model when conditioned on other features within
the set as opposed to the rest of its occurrences within the model, and a negative value
indicates that the individual feature is less important to the overall model when conditioned
on the other features within the set as opposed to the rest. A true positive for conditional
importance is a true set that has at least one feature in the set with a positive conditional

importance.

2.3.3 Generating Synthetic Data with Epistatic-Like Properties

To determine if epistatic effects are being captured appropriately and the sensitivity at which
they are captured, a synthetic data set can be created with known epistatic effects. When
just looking to detect epistatic effects, the data set is comprised of features that have a flat
distribution and no shared information amongst features. From a generated set of features, a
synthetic phenotype is generated by choosing a random subset of the features to have random
parametric (linear) and non-parametric (non-linear and likely multiple features combined)

effects. The linear effects of a set of random features on a phenotype is then defined as:

f(x) = Ba;z; (2.4)

where a; equals 0 when the feature is not in the selected set and is the effect size and
direction (positive or negative) if the selected feature is in the causative set. The combined
effects are constructed as non-parametric step functions with multiple conditions that all
must be met before the random effect is added to the final target. The function of a single-
step effect that is determined by two features that both meet specific conditions (in this case

x; > Sp and z; < S) is:
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fla) = ’ (2.5)

0 otherwise

and this conditional, or epistatic, effect is added to the effects from other sources. The
samples that meet the conditions will be shifted from the rest of the population by the
magnitude of z. Once all of the effects, both linear and conditional, for a phenotype are
determined, an amount of random noise is added to each sample in proportion to the total
desired amount of noise for the data set. So if the proportion of noise is .25, or 25%, then
75% of the variance of the phenotype is attributable to its causative features, with the rest of
the variance only being attributable to randomness. These synthetic data sets are repeatedly
created with different parameters such as number of samples, number of features, number
of causative linear effect features and number of non-linear effects on the given phenotype.

This allows for the measurement of effectiveness of iRF in different scenarios.

2.3.4 Synthetic Trials

To begin validation of the ability to detect epistatic conditions in multiple scenarios, various
test conditions are needed. To accomplish this, multiple synthetic data sets were created
for testing the efficacy of the algorithm in different scenarios, including number of samples,
number of additive causative features, number of epistatic-like sets, and amount of noise
contributing to each phenotype. To thoroughly cover difference influences these parameters
could have on the results, an exhaustive combination of the parameters listed in Table 2.1

was produced and modeled with iRF.
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Table 2.1: An exhaustive combination of each parameter listed was used to to generate
synthetic data trials.

H Parameter Values H
Feature Count 100, 10000
Sample Count 500, 1000
Contains Correlated Features no, yes
Linear Causative Features 0,1,10,50
Epistatic Sets 0,1, 10
Proportion of Noise 25%,50%,75%
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The correlated feature data sets are constructed by determining the number of original
features that will be purely independent of each other and the distance, in number of features,
between those original features. The correlated features are then produced by averaging, in
incremental steps, the nearest two original features. These new features have diminishing
correlations the farther apart they are in the list of features. The original features are
also now partially correlated to the surrounding new features, resulting in every feature
in the data set having several partially correlated features. Each combination of the non-
phenotype parameters (Feature Count, Sample Count, and Contains Correlated Features)
is used to create 10 unique data sets with those parameters. This results in a total of 80
uniquely constructed data sets. For each of the data sets, 10 unique phenotypes are created
with each combination of the phenotype parameters (Linear Causative Features, Epistatic
Sets, and Proportion of Noise), creating 360 phenotypes for each synthetic data set. The
effect size and direction of the causative linear and epistatic sets are randomly determined
with an equal chance of being positive or negative. The combination of all parameters results
in a total of 28,800 total synthetic phenotypes with which to test the iRF GWES analysis

metrics.

2.3.5 Model Evaluation Methods

The effectiveness of the techniques for the three areas of focus are evaluated by treating each
model as a classification problem. The results of the classification problem are the ability to
correctly identify a causative feature or set, and identify the direction of the effect with the
feature effect value. For the goal of accurately determining the most causative features and
sets of features for a given phenotype, converting the correct identification of feature sets
into a binary classification allows numeric calculations of how well the model distinguishes

between causative and non-causative.

Feature Effect

Because all features in the model are assigned a feature effect value but only causative values

can be evaluated, the classification will have a balanced set of results when predicting the
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direction of the effect, with about half being positive feature effects and the other half being
negative. The balance is fully attributable to the random nature of the direction applied
during the data creation process, which used an even distribution between positive and
negative. While this may not be true for a real world data set, it allows for a full range of
possible feature effects to be evaluated. The most straightforward way to analyze how the
model predicts the feature effect then is to calculate the Area Under the Receiver Operator
Characteristic curve (AUROC). This value is the integration of the curve mapping the True
Positive Rate by the False Positive Rate of the classification. A model producing random

results will have an AUROC of 0.5 and a perfect model will have a value of 1.

Balanced Accuracy of Causation

For the process of calculating how accurately the models are able to identifying features and
their sets as causative or not, an issue with balance between cases occurs. Non-causative
features can outweigh the causative features in the data by up to a ratio of 9,999 to 1,
and non-causative sets can outweigh their causative counter parts by up to 49,994,999 to 1.
This means that traditional classification assessment techniques that assume balanced data
are likely to be either non-informative or misleading. The simplest way to account for the
imbalance while providing an informative measurement of accuracy of the classifications is
to calculate the balanced accuracy[160]. The balanced accuracy is calculated by averaging
the True Positive rate, or how likely a true prediction is actually true, and the False Positive
rate, or how likely a false prediction is actually false. This value is equivalent to accuracy if

the classes of the model are balanced.

Post Test Probability

The other important factor to identify is the likelihood that the features and sets that
the model predicts are actually causative. Traditionally, this is evaluated by looking at
the Precision, or True Positive Rate as mentioned previously, of the model. But again
the problem is that the non-causative features and sets significantly outweigh the causative
ones and outweigh them by different quantities based on the specific data set. This can be

accounted for by calculating the Post Test Probability, which is the expected likelihood of a
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predicted true value to be a true positive value, as opposed to precision which merely reports
the percentage of predicted true values that were True Positive. This calculation is common
in medical research when determining the efficacy of a test for diagnosis[161].

The Post Test Probability is calculated by first determining the positive likelihood ratio,
or how many times more likely a predicted positive value is to be a True Positive than a
negative predicted value is to be a False Negative. It can be calculated by dividing the
Sensitivity, or True Positive Rate, by 1 minus the Specificity, or False Positive Rate. To
get from this to the Post Test Probability, the probability is converted to odds, multiplied
by the odds of a randomly selected value being a True Positive, and then converted back
to a probability. While this new value is still partially affected by the balance of classes, it
does generalize better than specificity since the odds of randomly selecting a True Positive
can be changed based on the underlying model. This calculation also provides a directly
understandable value that can be applied to any result: ”This predicted value has this

percentage chance of being a True Positive as determined by Post Test Probability.”

2.3.6 Populus trichocarpa data

Populus trichocarpa, colloquially known as black cottonwood, is a poplar tree indigenous to
the Pacific Northwest of North America. It has been studied for several decades, including
a full genomic analysis[93, 94]. A diverse set of genotypes were collected from nearly the
entire species’ geographic range. These were then clonally propagated to multiple common
gardens in different climates within the natural range of the species. At these field sites, a
randomized block design was used to spread three replicates of each of the 848 genotypes
throughout each of the common gardens. Over the course of several years, these common
gardens were monitored and many phenotypes were measured, including height.

It is known that, in general, the phenotype (P), or trait, being measured can be defined
by the equation:

P=G+E+GxE

where G is the genotypic effect, F is the environmental effect, and G * E is the effect

of the interaction between the genotypic effect and the environment[41]. To determine
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potential epistatic effects within the overall genetic contribution, and isolate the genetic
effect from the environmental effect, the heights from a site with randomized block design
are evaluated through a genomic Best Linear Unbiased Prediction (gBLUP) model[120] to
assign the variance of height that is directly attributable to each genotype. With this variance
specifically attributable to the genotype, the iRF model is used to determine the SNPs that
interact with each other, in their prediction of height. Height was chosen as the phenotype for
selection both for its availability of data and for the complexities of the phenotype in general
because it is a continuous value that is effected by many proprieties[162] and specifically
within forest trees because of the different growth and regulation patterns the organisms go
through over their life span[163].

To validate the interactions from iRF have functional causation, the interactions are
measured in other types of data. This can be simplified by identifying the genes most likely
to be effected by the SNPs, where either the SNP falls within the coding region of the gene
or in a nearby non-coding region, and through the use of networks that connect genes based
on other data types. Also the SNP set used was pruned to remove highly correlated SNPs
that are near-by on the genome. This Linkage Disequilibrium pruning process makes SNPs
act as markers for changes that could occur in the region of the genome around it. These
networks can be built from expression data to produce potential regulation relationships, or
data classifications such as Gene Ontology (GO)[164] that describes different types of gene
functionality. The regulatory network is constructed from data mined from literature and
assembled into a network that connects genes who are involved in the regulatory pattern of
other genes [165, 166, 167]. The GO networks are created by connecting genes that share an
annotation from the GO label hierarchy.

Epistasis is the genetic effect of separate SNPs interacting to effect a phenotype, but for
the organism to express the epistatic interaction from multiple genes there must be some
functional relationship between the genetic loci. One way for the functional relationship
to change is through differential expression. Both the expression and GO-networks can
highlight the likely nature of a specific relationship. A two-step analysis can determine the
strength of the relationship within the network. The first step is to determine if there is a

path between the genes within the network via either direct connection or indirectly though
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connections to other genes. If there is a path between the genes, then the next step is to
determine the shortest path between the genes, with the shorter the path meaning a stronger

relationship.

2.4 Results and Discussion

2.4.1 Synthetic Data

The overall effectiveness of capturing the explanatory information with iRF can be seen by
the average results across the synthetic data and the variations in the conditions within the
data set and underlying model generation. The synthetic data generated as described in
section 2.3.3 and in the trial format as described in section 2.3.4 was used to train an iRF
model for each individual phenotype. These resulting iRF models where then mined with
RIT and evaluated by the thresholds and methods listed in section 2.3.2. The evaluations of
the models were broken into three main areas of focus: effectiveness of determining feature
effect, the ability and efficacy for the % variance threshold on feature importance to capture
true causative features, and the ability and efficacy of the four set evaluation techniques to
capture the true causative sets. The full descriptions for each of the evaluation methods are
available in the Methods section. For evaluation purposes, the prevalence requirement for
RIT is 0.1, meaning a set must appear in at least 10% of decision paths to be evaluated, and

the total number of sets is limited to twenty for each phenotype.

Detecting Feature Effect

By building synthetic data with a prescribed amount of epistasis and additive effects over
a known amount of noise, it is possible for iRF to identify the epistatic signal. Analyzing
synthetic data can show how effective iRF is at detecting epistatic signals at different strength
levels and with different amounts of background noise. An example of detecting causative
feature effects can be seen in Figure 2.1 where the y-axis is the phenotype values, the x-axis
the feature values, and the horizontal lines each representing the step function of a different

split.
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Example of Causative and Non-Causative Feature Effect Split Values from Synthetic Data

Dependent Variable
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Figure 2.1: By training an iRF model with synthetic data that includes causative and non-
causative features with included noise we can see how the split’s across the entire forest for
a feature behave. The left graph shows splits from a non-causative feature, with no coherent
or consistent effect measured. The right graph shows splits from a causative feature with a
consistent effect that shows a positive relationship between the feature and the dependent

variable.
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The left graph shows a plot of the splits for a non-causative feature, that appears to be
mainly noise, while the right graph shows how the splits for a causative feature look and
produce a linear fit that approximates a straight line. A causative feature clearly shows a
more consistent pattern, even if there is some variation, which itself is what provides the
indication that a feature is causative.

While this anecdotal example shows a visualization of a causative feature with positive
effect, we can examine the effectiveness across the synthetic data set of correctly identifying
the causative features and their effects. Because all features that have any amount of
importance will also have a feature effect assigned, we can begin by looking at true causative
features and evaluating if they appropriately determine the direction of the features effect.
The average AUROC of feature effect detection of different subsets of the synthetic data sets
can be seen in Figure 2.2. From the figure it can be seen that each type of delineation has
an effect on the AUROC of detecting feature effect. By increasing the number of samples
in the data set, the more information the model has to work with, the model is better
able to attribute the correct direction to the causative features. Increasing the number of
features has the opposite effect, where the model is required to sift through more potential
features with potentially small amounts of random overlap with the causative features, that
cause the model to make inaccurate predictions. Similarly, as the amount of noise in the
data increases, the model begins to struggle to appropriately assign the correct direction to
feature effect. Correlated features generally cause an overall negative effect on the model
but with some inconsistencies, while the correlated feature value is occasionally higher than
the no correlated feature comparison. Overall, the average AUROC for the different data
parameters were well above the 0.5 threshold, with stronger results for the smaller feature

sets and lower noise levels.
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Figure 2.2: This heat map shows the average AUROC of subsets of the iRF models
trained on the synthetic data sets in determining the effect direction of causative features.
The the columns represent models trained on data sets with an amount of noise, either 25%,
50%, or 75% noise. The first three columns represent the models trained on data sets with
no correlated features and last three columns represent the presence of correlated features.
The heat map rows represent the size and structure of the data sets with the top two rows
containing 500 samples each and the bottom 2 having 1000 samples each. The rows alternate
from representing 100 features to 10000. The scale of the heat map begins at .5, which is
the AUROC of a random model and tops out at 1 which would be a perfect model. This
shows how every axis of change of the data set has some effect on the models. More samples
generally mean better AUROC, more total features generally correlate to lower AUROC,

more noise in the model leads to lower AUROC, and correlated features generally leads to
lower AUROC.
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Detecting Individual Causative Features

The balanced accuracy of predicting the correct causative features with the importance
threshold of % where N is the number of samples used in the model can be see in Figure
2.3. The most accurate models in this heat map are the ones with the fewest features. The
relationship is due to the model being more easily able to sort features into the categories
of causative vs. non-causative when there are fewer features to consider. With the same
number of samples, iterations, and trees, in the data sets with fewer features, each feature
will be considered more often than in a data set with significantly more features. While
the number of features considered at each node scales with the total number of features,
the number of selected features for a node will always be one. This effectively causes data
sets with larger feature sets to split on each feature fewer times, preventing the model from
evaluating each feature’s importance as well as a similar model with fewer features would be
able to.

For this smaller feature set at the lowest noise values we see worse performance than the
next step in noise for sets with correlated features. This shows, in this specific circumstance,
that the model is aided by an amount of noise that helps distinguish between similar features
and determine the one that is most likely causative. The models with 10,000 features
perform significantly worse and show significantly more impact from increased levels of noise.
Interestingly, the number of samples seems to only have a small positive impact.

The other way to evaluate the effectiveness of the feature importance threshold is how
likely the features are that pass the threshold to be truly causative. The results of this can
be seen in Figure 2.4. Here we see that in every scenario except for large numbers of features
and high noise, the chance of an identified feature being causative is over 80%. However, in
each case with high noise there is a clear difference between 100 features and 10,000 features,
in the direction expected. For the lower noise levels, the larger number of features actually
shows the same or even better performance than the lower number of features. The incorrect
importance assigned to non-causative features is the result of those random features having

spurious correlations to the noise added to the phenotypes.
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Figure 2.3: This heat map shows the average balanced accuracy of subsets of the iRF
models trained on the synthetic data sets in prediction of causative features with the
importance threshold of % where N is the number of samples used in the model. The the
columns represent models trained on data sets with an amount of noise, either 25%, 50%,
or 75% mnoise. The first three columns represent the models trained on data sets with no
correlated features and the last three columns represent the presence of correlated features.
The heat map rows represent the size and structure of the data sets with the top two rows
having 500 samples and the bottom 2 having 1000 samples, and the rows alternate from
representing 100 features to 10,000. The scale of the heat map begins at .5, which is the
balanced accuracy of a random model and tops out at 1 which would be a perfect model.
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Figure 2.4: This heat map shows the average post test probability of subsets of the
iRF models trained on the synthetic data sets in prediction of causative features with the
importance threshold of %, where N is the number of samples used in the model. These
values directly correspond to the chance that a feature that meets the importance threshold
from that data set is a True causative feature for the phenotype of that model. The the
columns have represent models trained on data sets with an amount of noise, either 25%,
50%, or 75% noise. The first three columns represent the models trained on data sets with
no correlated features and last three columns represent the presence of correlated features.
The heat map rows represent the size and structure of the data sets with the top two rows
having 500 samples and the bottom 2 having 1000 samples, and the rows alternate from
representing 100 features to 10000. The scale of the heat map begins at 0 which is the
probability of never correctly predicting a causative feature and tops out at 1 which would
be a every predicted feature being a true causative feature.
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When there are more total features the spurious feature importance is spread over
more of the non-causative features, reducing the number of spurious correlations above the

normalized threshold. This effect disappears at the highest noise levels.

Detecting Synthetic Epistatic Effects

When using iRF to detect epistasis in the synthetic data sets, the overall accuracy is
effectively 100% regardless of the specific measurement type due to the sheer number of
true negatives. However, with balanced accuracy the True Positive Rate and the True
Negative Rate are equally as important, which can be seen in Figure 2.5. Of the four types
of measurements (RIT, RIT adjusted, set importance, conditional importance), all are either
RIT or reliant on RIT to produce a set of potential feature sets to evaluate. The two
metrics with the highest balanced accuracy are RIT and set importance (setimp), which
with rounding perform identically across the different data sets. Across all the data sets and
measurements, the amount of noise affects the balanced accuracy negatively but the change
from 50% noise to 75% noise has a more significant effect than the change from 25% noise
to 50% noise, with the RIT adjusted value seeing the smallest, almost negligible effect from
the noise. The worst measurement is conditional importance (conimp) when evaluating the
highest noise data sets. Overall, the best two methods according to balanced accuracy are
RIT and set importance with each having the same largest value. Because set importance is
a subset of the set from RIT we know that RIT will provide more overall correct sets but at
the same rate.

The upper limit of the other measurements (RIT_adjusted, set importance|setimp],
conditional importance[conimp|) are explicitly reliant on the available sets from RIT.
However, we can see in Figure 2.6, that while some of these measurements incorrectly prune
out true sets, lowering their post test probability (RIT_adjusted, conditional importance),
the set importance measure significantly improves the post test probability of RIT, or at
worst maintains the same level as with the higher noise data sets. This indicates that
set importance with the % threshold is appropriately identifying causative sets from the

ones provided by RIT. The overall worst performing measure is conditional importance and

RIT _adjusted falls short of base RIT.
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Figure 2.5: This heat map shows the average balanced accuracy of subsets of the iRF
models trained on the synthetic data sets in prediction of causative sets of features with
the four separate detection methods: RIT, RIT_ adjusted, set importance (setimp), and
conditional importance (conimp). The columns represent models trained on data sets with
an amount of noise, either 25%, 50%, or 75% noise. The first three columns represent the
models trained on data sets with no correlated features and last three columns represent
the presence of correlated features. The heat map’s rows indicate the four metrics being
evaluated - RIT, RIT_adjusted, set importance, and conditional importance. The scale of
the heat map begins at .5 which is the balanced accuracy of a random model and tops out
at 1 which would be a perfect model. Because the sets examined by the other methods
are determined by RIT, it makes some sense that it has the highest balanced accuracy in
prediction of causative sets. While RIT and conditional importance look identical when
comparing out to 3 decimal places, they do diverge slightly after considering more places.
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Figure 2.6: This heat map shows the average post test probability of subsets of the
iRF models trained on the synthetic data sets in prediction of causative sets of features
with the four separate detection methods: RIT, RIT adjusted, set importance (setimp), and
conditional importance (conimp). The color scale has been set to show the range between
the best performing metrics and the worst. The columns have represent models trained on
data sets with an amount of noise, either 25%, 50%, or 75% noise, also first three columns
represent the models trained on data sets with no correlated features and last three columns
represent the presence of correlated features. The heat map’s rows indicate the four metrics
being evaluated - RIT, RIT adjusted, set importance, and conditional importance. The scale
of the heat map begins at 0 which is the probability of never correctly predicting a causative
sets and tops out at 1 which would be a every predicted feature being a true causative sets.
We can see here that the likelihood of a predicted set being a causative set, is significantly
lower than identifying the individual features. However part of this is likely because of the
imbalanced nature of true to false sets playing a more significant roll. Despite this, set
importance does perform the best by having a predicted set being truly causative nearly
20% of the time for the lowest noise subsets.
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It should be noted that, while all of these probabilities are significantly lower than the post
test probability for the feature sets, this is significantly influenced by the pretest probability
of a set being causative, or the balance between causative sets and non-causative sets. The
average pretest probability of randomly selecting a causative set across all of the synthetic
data sets is .037% or 0.00037, which is determined by averaging the number of causative sets
over total possible sets of two features for each data set. This means that, on average, every
method here does better than random selection in every scenario with conditional importance
of the high noise set with correlated features only being slightly better than random. This
also shows that while a 19% chance that a selected set is causative for the best case scenario
for set importance seems low, it represents over a 500 fold increase chance of reporting a

causative value from random.

2.4.2 Poplar Data

An iRF model was successfully trained to model the genetic component of height,
as determined by GBLUPs, for Populus trichocarpa from the most important Linkage
Disequilibrium (LD) pruned SNPs and sets of SNPs, as selected by the methods previously
discussed. The model identifies 113 SNPs that have an importance greater then the threshold
set based on the number of samples, which is to be expected from a complex phenotype like
height[163]. Unfortunately, many of the genes identified by this process do not necessarily
have annotations within Populus trichocarpa, but potentially have orthologs in other species
or produce a protein that may have been analyzed in another species. The most important
SNP in the model was on chromosome 8 at position 7,083,177. This SNP falls into an
intergenic region, not marking a change in a specific gene, however this specific SNP could
represent a change in surrounding genes either by being in a promoter region for a nearby
gene [168] or by being the marker SNP, due to the LD pruning process, for a change within
a gene or a series of changes in that region of the genome[169, 170].

The gene this SNP falls nearest to is Potri.008G111100, which is a gene that produces an
enzyme, specifically cytosine deaminase, and is responsible for zinc-ion binding in humans
as seen in drug therapy studies[171] and part of pyrimidine metabolism as determined by

a study into protein structures[172]. Because the metabolic process is central to growth, it
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appears that the iRF model has identified a SNP-level change that may affect the plant’s
metabolism and eventually the height of the tree[173]. This SNP also has a positive feature
effect value indicating that the change denoted by this feature leads to taller trees. The
gene corresponding to the SNP with the most importance, but negative feature effect, is
Potri.010G114000, which is a MYB transcription factor, whose main purpose in plants is to
respond to stimuli and stress[174]. This indicates that the model is potentially identifying
the SNP and region causing certain poplar trees to respond differently to a specific stress
and as a consequence end up with less height within the population.

The model also produced several sets of SNPs that work together to predict height,
suggesting that epistatic interactions might be occurring. Each of the top 50 sets of genes
(closest genes from the given SNP from RIT) from the Height BLUPs model all have a
connection within the regulation network, with all of those sets having a shortest path of no
greater than 5 genes. This indicates that the regulation of all of the sets of genes identified
have at least an indirectly related expression profile. Of those 50 sets of genes, 12 sets have a
connection in one of the three GO-networks. Of those 12 sets, 3 gene sets have connections
with 2 separate GO-networks. To fully verify the relationships identified by iRF, they have
been evaluated for closeness of relationship to each other via Random Walk with Restart
(RWR)[175] across multiple biological networks constructed for Populus trichocarpa [176].
From this process, the genes that most closely associated with each other from the RWR
models also matched to the sets with either the top RIT scores or top set importance scores
with very few exceptions. Effectively the highest performing sets according to RIT and to
set importance are also the sets that showed the closest biological relationship according to
RWR.

One of sets with the highest set importance that is verified by the RWR, process includes
Potri.008G111100, the important gene involved in metabolism, and Potri.015G132500, a
gene whose ortholog in Arabadopsis thaliana is involved in ionic binding and is specifically
an intracellular membrane-bounded organelle[177]. This relationship as identified by iRF
could potentially be an epistatic signaling process to trigger a metabolic process, likely
having a downstream effect on overall growth and height of the organism, as a part of a

stress response of a forest tree[178]. Potri.006G137600, which encodes a flavin-containing
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monooxygenase, a protein whose presence in yeast is often responsible for xenobiotics by
making suspected foreign objects more soluble[179], and Potri.007G102200, which encodes
a proprotein convertase subtilisin/kexin, or an enzyme that activates other proteins, as
seen in mice[180], have the highest RIT score among the other sets of genes. They are
connected through the regulation network and via the GO Molecular Function network, and
the GO Biological Process network via the gene. The relationship of these genes, while not
explicitly annotated within Populus trichocarpa to be involved in height or growth, may
have an epistatic interaction with each other based the iRF and RIT result as well as the

relationships they share across other organisms.

2.5 Conclusion

Here I have provided new metrics and methods to complete Genome Wide Epistasis Studies
with Iterative Random Forest. The new additions to analyzing the results from iRF have
been shown to have some uses in both synthetic and real biologic data sets. The most effective
new additions are the importance threshold of 1/N, the identification of feature effect
direction, and the set importance measurement being more valuable than RIT prevalence
alone. These methods have been shown to produce valid results regardless of conditions of
the data set, with regards to size of the data (both in samples and features) as well as noise
in the data. Generally the main limitations of the model can be addressed, more noise and
more features make it more difficult to produce accurate results, but the inclusion of more
samples can significantly improve the results. In the general case, adding more trees to the
forest construction process could increase the models overall ability to capture these different
effects, but would add to the computational expense. Other meta-parameter tuning could
also effect the model’s ability to capture information from data set to data set, but again
the tuning process would likely come at the cost of more computation time.

With the ability of the method to provide useful results shown, future work can be done
to validate the method across a variety of species and conditions. Given the complexities
in wet lab validation, further validation may work best if done with model organisms with

large amounts of publicly available data and known epistatic interactions. After validation,
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the next step would be to use the method as a hypothesis generation tool to identify cases
of epistasis that can be evaluated via in vivo or in vitro tests. As seen in the synthetic data,
the chance of a set identified by set importance being a true causative set of alleles can be
nearly 20%. As the tests to do full in vivo or in vitro studies are often costly procedures,
starting with a higher quality hypothesis from this method should increase the efficiency of
the success rate of those tests, saving both time to run the trials and money spent setting
them up.

Moving forward, some of the calculations to determine the metrics including feature
effect, set importance, and conditional importance, could be optimized to handle larger data
sets. The current implementation of these metrics requires searching through every split
in every forest to identify splits that meet the appropriate conditionals for each feature or
set of the metric. While individual feature metrics can all be calculated with one pass of
the forest, set importances would require an exponentially large amount of memory to store
all possible sets. The total number of the calculations for these metrics scales as the size
of the trees and forest grows, which itself scales with the amount of samples. As none of
the calculations for different conditionals rely on each other, a simple parallelization scheme

could be developed to distribute the analyses across multiple compute threads.
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Chapter 3

Progeny Prediction with iRF
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3.1 Abstract

Genomic selection, the process of making informed crosses between individual trees in order
to produce progeny with beneficial phenotypes, is of particular interest to the study and
development of biofuels. However, traditional processes of determining the best parents to
be used in crosses can be time and resource heavy. By developing methods to accurately
replicate progeny trials synthetically, genomic selection processes could be optimized. Here,
I introduce a machine learning-based method to predict quantitative phenotypes of progeny
which account for both the general combining ability (GCA) of each parent and the specific
combining ability (SCA) of each cross. The process is validated using the Populus trichocarpa

height phenotype, a feature of interest for biofuel production.

3.2 Introduction

Genomic Selection is the process of selectively breeding a species to adjust one or more
phenotypes, or traits, in a desired direction with the aid of genetic data. Some selection
processes have been important for crop and resource improvement across the broad scope
of the history of human civilization. The most basic form of selection being phenotypic
selection[102], which takes the best performers, or individuals with the most desirable
characteristics, and crosses them with each other. However, it can take multiple generations
over the course of several years for this process to produce a significant improvement in a
phenotype of interest. Gregory Mendel proved the process of inheritance of some simple
physical traits and presented a way of predicting the likelihood of a particular phenotype
of an offspring based on the same phenotype present in the parents. He also described
dominance, where a single dominant gene or double recessive gene controls the expression
of the trait, and additive effects, where multiple genes will have similar effects that are
combined into a single phenotype[181].

While Mendel’s work could describe inheritance of very simple traits, it was assumed
that more complex traits were the result of a large number of genes affecting some small

portion of the phenotype, or that there was some environmental effect that changed the

58



trait. However, a complex phenotype may have portions of the trait that is the result of a
non-additive interaction between two genes - a phenomenon called epistasis[8]. These more
complex phenotypes, such as height[182], rely on more information than can be captured in
a simple Mendelian phenotypic model because they combine the effect of several genes via
additive effect, dominance, or epistasis, into one phenotype.

When considering the value of genotypes within a population as potential parents in a
genomic selection process, the most valuable parents are generally those who have the highest
General Combining Ability (GCA) for the target phenotype. GCA is the genetic variance of
the phenotype expected to be transferred by that parent to all of its offspring[40], and is a
metric which effectively contains all of the additive genetic effects for the phenotype that the
parent will transfer to its offspring. Specific Combining Ability (SCA) is the genetic variance
of the phenotype of the offspring not directly attributable to either parent, but specifically
to the cross of those two parents[114]. The proportion of GCA to SCA is different for every
phenotype, with more complex phenotypes more likely to have more contributions from
SCA. Thus, building a model that relies on only GCA has the potential to miss a significant
amount of information important to the manifestation of the phenotype.

Traditional genomic selection focuses on determining what parents will most effectively
improve a phenotype within the population for subsequent generations while maintaining
genetic diversity. This process typically results in a ranked order of genotypes that have the
highest value for GCA, as this is guaranteed to be passed on to the offspring regardless of
choice for the other parent. The highest ranking genotypes are crossed together to produce
a new generation. In terms of complexity, this means that the total number of crosses
needed for a selection of parents increases quadratically with the number of parents to do
a full crossing process. Importantly, accounting for this increase in complexity by limiting
the number of parents will dramatically decrease genetic diversity of the progeny. If the
number of parents is not limited but the number of crosses is, GCA alone has no way to
influence which of the potential crosses are chosen, which can lead to missing high performing
crosses. Completing this process requires a large amount of time and resources where any

complications can set back the process by years.
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One possible improvement on the traditional genomic selection model is to incorporate
machine learning algorithms to better process the data that is already available. Many
machine learning methods are inherently capable of processing non-linear and conditional
relationships, providing avenues for research into the more complex genetic interactions.
Some machine models have already been applied to the problem of efficient and accurate
genomic selection, including some non-linear models with better predictive accuracy than
linear models[129] and a multi-layer-perceptron (MLP) neural network, which has been
shown to be better at predicting the best parents for wheat and jersey cows than a Pearson’s
selection model[128].

Rather than using the traditional prediction of breeding values, significant improvement
could come from predicting the full genetic component of the phenotype from a genotype, in
a way that allows for the determination of both GCA and SCA. Here I present a method for
progeny prediction using a model that predicts the full genetic component of the phenotype
for a given genotype, and combines it with a way to produce in silico genotypes for synthetic
progeny. The method allows for the prediction of the quality of progeny from a specific
set of parental genotypes. It also allows for the assessment of the quality of parents and
specific pairs of parents without the need to perform the physical crosses by replacing
that component with the computational in silico process. This has the potential benefit
of increasing efficiency of land use and research time and resources by removing the need
for physical test crosses. The method inherently accounts for both GCA and SCA and can
be used to predict the best parents for a synthetic cross without the need for extensive real

world trials.

3.3 Methods

3.3.1 Heritability

In general, the different effects contributing to a given phenotype (P) can be defined by the
equation:

P=G+E+Gx*E (3.1)
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where G is the genotypic effect, E is the environmental effect, and G % E is the effect of
the interaction between the genotypic effect and the environment[41]. The goal of genomic
selection is then to optimize either the G component, or occasionally both the G and the
G * E component for a particular environment. A method of isolating the genetic effect is
in section 3.3.6.

When trying to predict the value of a phenotype for offspring, one needs to know the
genetic variation of the phenotype within the species. This is considered the heritability of
the phenotype within a population. While only considering genetic factors, the heritability
sets the upper bound on the accuracy of the phenotypic prediction, as it only incorporates
a portion of the information from equation 3.1. H? is used to denote the broad sense
heritability, which is the variance of the phenotype explained by the entire genetic component

over the variance of the entire phenotype:

H? = 0% /0% (3.2)

where 0 is the variance of the phenotype attributable to all genetic effects, and o3 is
the total variance of the phenotype. The narrow sense heritability, h2, only accounts for the

additive genetic variance of the phenotype:

h? =ol/op (3.3)

2

, 1s the variance of the phenotype attributable to only the additive genetic

where o
effects[117]. The narrow sense heritability is generally seen as more important because
it allows for the simplest model to calculate the value of a parent for its potential crosses, as
the GCA of potential parents can be determined without having to do a full-progeny trial
to calculate SCA. In fact, the general predictive ratio (GPR) of a phenotype is defined by

the proportion of genetic variance that can be described by additive effects, which can be

defined by:

GPR =20./0¢ =20,/ (20, + 02) (3.4)
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where 02 is equivalent to (203 +0?2) where o2 is the variance of the phenotype caused by
non-additive genetic effects such as those responsible for SCA. The general predictive ratio
scales to one as the components of GCA make up the entirety of the genetic variance[183].
This means that traditional breeding techniques are more effective for traits that have a
higher narrow sense heritability and a lower influence from non-additive components.

Effects that require information from both parents or multiple interacting parts of the
genome are contained in the SCA. Epistatic effects are likely to be contained in the SCA
component because they require information of disparate parts of the genome. The more
base pairs between the segments of DNA involved in the epistatic effect (if they reside on
the same chromosome), the less likely they are to be contained in the same haploid during
recombination. If all the determining components of a trait are on different haploids then
information from both parents is required. Dominance effects can be found in the GCA
component if the parent is homozygous dominant for that gene, all of its children will have
the dominant trait regardless of the state of the other parent. All other states of the parent for
a dominant or recessive gene would be considered an SCA because of the need for information

about the state of both parents.

3.3.2 Progeny Trials

SCA and GCA are normally determined by progeny trials[112], where all potential parents
are crossed with each other to build a pedigree and evaluate the real breeding value of each
parent. However, this can take a significant amount of time, space, and money depending
on the species in question since genomic selection is often focused on overall population
improvement[119].

The most common genomic selection techniques utilize methods from linear algebra to
determine the breeding value of each separate genotype[l07]. A particular method that
incorporates genetics is Genomic Best Linear Unbiased Prediction (gBLUP), that uses the
genetic relationship of individuals in the population, in place of a pedigree, to determine
the value each genotype provides to the phenotype in question[120] or its general combing
ability (GCA). A similar method that assigns value to specific SNPs is Ridge Regression
Best Linear Unbiased Prediction (rrBLUP) [122, 121]. These methods determine the linear
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relationship between the genotypes and the genetic variance of the phenotype and assign a

breeding value to each genotype.

3.3.3 Progeny Prediction Pipeline

The pipeline for progeny prediction can be broken down into a six step process, as seen in
Figure 3.1. The first step for progeny prediction is to collect a diverse set of genotypes from
within the species of interest. The more diverse the individuals and the greater the number
of individuals, the better the representation of genetic and phenotypic variation of a trait
will be achieved. The second step is to grow these individuals together in a common garden,
ideally with clonal replicates of each for more robust data. Phenotypes of interest are then
measured for each individual. The third step involves sequencing each genotypes within the
population, with more accurate and reliable sequencing providing better results. The fourth
step is to build a model (such as iterative random forest section 3.3.4) that can use genotypes
as input and predict the phenotype of interest.

At this point the model has been trained to predict a phenotype value from any genotype
in the species. The more genetic components from the target genotype that exists within
the training population, the more accurate the model, however, the target genotype itself
need not be in the model to produce an accurate result. Next, in step five, a synthetic
progeny population is produced from a set of potential breeding parents using software such
as Sequence-Based Virtual Breeding (SBVB) [184]. These progeny are built by SBVB, by
taking each of the chromosomes from each parent and performing a synthetic meiosis process
where the chromosomes are internally shuffled and then randomly assigned to progeny. By
repeating this process for a number of progeny for each possible cross within the population,
what results is a full combinatorial cross of all parents. The crossing produces a number of
families equal to the number of mothers times the number of fathers. Each unique pairing
of parents produce a full-sibling family of unique genotypes of in silico progeny. Finally in
step six, the in silico progeny are used, as well as the model trained in step four, to produce
phenotypes for all of the new genotypes. This information can be used as a prediction itself
or it be used as a proxy for a progeny trial and used to calculate GCA and SCA within this

population.
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Created in BioRender.com bio

Figure 3.1: This image shows the simple pipeline for Progeny prediction. Step 1 —
gather genetically distinct individuals of a species from the general population. Step 2 -
grow the collected individuals in a common environment and measure a selection of desired
phenotypes. Step 3 - Genotype the collected population. Step 4 - Train a machine learning
model to predict the collected phenotype(s) based on their unique genotypes. Step 5 -
Computationally produce in silico progeny by crossing the genotype of two potential parents
in order to create the genotype of a potential offspring. Step 6 -Use the model trained in
step 4 to predict the desired phenotype for the in silico genotype from step 5.

64



3.3.4 Iterative Random Forest

Iterative Random Forest (iRF) [4] is an explainable machine learning model that is able to
incorporate non-linear and non-parametric effects. By using iRF as the model to predict
the genotypic component of the phenotype, the process incorporates an explainable Al
model that can include both the GCA and SCA components of the genetic heritability
in its prediction.

Random Forest provides a robust method for feature selection [32] by providing a feature
importance for each independent variable used in the model. These feature importances are
calculated by summing the contribution of their splits. While there are several cost functions
used to determine the best splits, one of the more common methods for classification trees is
Gini[31, 33|, which calculates the impurity improvement from parent to child nodes. Using
feature importance, it is possible to address an issue that can occur in Random Forest, the
random selection of features at each node can cause a majority of the splits to only consider
non-causative features.

One solution involves weighting the random feature selection to favour a subset of features
that are more likely to be causative, and one way to determine which features are likely to
be more causative is to use the feature importance from a Random Forest model. By turning
this into an iterative process, with each new iteration using the importance scores from the
previous iteration as feature weights, a new algorithm called iterative Random Forest (iRF) is
produced. This results in more efficient decision trees and more organized decision paths[4].
These organized paths can be mined to find sets of features that co-occur often in the same
decision path with an algorithm called Random Intersection Trees (RIT)[34]. With a version
of iRF designed to run efficiently on high performance computing (HPC) architectures, or

supercomputers, it is possible to run on larger and more complex data sets[9)].

3.3.5 Populus trichocarpa data

Populus trichocarpa, commonly known as black cottonwood, is a poplar tree indigenous to
the Pacific Northwest of North America. It has been studied for several decades as a model

tree organism and for its use as a biofuel, including a full genomic analysis[93]. A diverse
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set of genotypes were collected from nearly the entire species’ geographic range. These were
then clonally propagated in multiple common gardens in different climates within the natural
range of the species. At these field sites, a randomized block design was used to spread three
replicates of each genotype throughout each of the common gardens. Over the course of
several years, these common gardens were monitored and several phenotypes were measured.
Externally measured phenotypes included height, diameter (measured as diameter at breast
height (DBH), or as diameter at 20cm (D20) for young trees), bud set, bud flush, presence
of diseases (like Melampsora[97] and Septoria[98]), and microbiome profiles on and within
leaves, xylem, and roots. Other phenotypes that require destructive sampling, were also
measured for a few of the common gardens including density, total biomass, gene expression
profile of leaf, xylem, and root, metabolite profiles of leaves, and sugar content.

One of the most important phenotypes for biofuel production from poplar trees is the
height of the tree at year three, as this is a significant indicator of the overall biomass available
for conversion to fuel. To better understand differences in height at age three between the
different collected genotypes, the trees in a common garden with three randomized blocks
and clonal replicates of the collected genotypes were phenotyped after three years of growth.
The height of these trees represents the differences in nearly the exact same environment
because they are grown in close proximity to each other. This proximity still allows for
micro-environmental changes to have some effect on the phenotype.

To have an appropriate validation set for the model, the parental sets for this analysis
were chosen to match parents of those selected for a field trial, where 49 families were
produced - the 7x7 parental population. In the field trial, each cross (containing between 5
and 15 progeny per family) was clonally propagated across the three randomized blocks in
the common garden. These were then phenotyped over the course of several years. From
this ”real” population the GCA for the mothers and fathers and SCA for the pairs was
calculated, to compare against the progeny predictions. This common garden also included
the clonal replicates of the parents themselves which allowed us to build a genomic selection
model were we calculate the genetic component of each parent’s phenotype and use that
to determine a "traditional” ranking based only on GCA from the parents. This ranking

could potentially be considered ”cheating” when those same phenotype values are used for
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the calculation of the true GCA and SCA values. The data used to create the traditional
GCA values were the trees grown along side the full progeny trial and included in the full
"Real” calculation, meaning that it is contaminated and not independent of the real data

and is also likely to have overfit the GCA values by using the same parental phenotypes.

3.3.6 Data Processing and Environmental Effect Considerations

When discussing a specific phenotype and the overall variance within that phenotype it is
important to use equation 3.1 and attempt to assign variance to GG, E, or G * E. By using
a mixed linear model it is possible to assign phenotypic variance from the population mean
to each of those individual factors. This is accomplished by using equation 3.1 to define a

system of equations that look approximately like:

Pz‘,j = U -+ Gz + Ej + Hm' (35)

where the unique genotype from the data set is identified by ¢, the unique environment
is denoted by j, H represents the effect of G in the specific environment E, or G * E from
equation (3.1), and g is the population average of the phenotype. By having a wide range of
genotypes across a wide range of environments it would be possible to accurately determine
the amount of variance applicable to each parameter. With only a single environment, the
equation effectively becomes:

Pi,j =u+ Gl + Ej (36)

where the total effect from the environment will be based on the micro-environmental
differences that exist within the single plot. This can be measured by fitting the phenotype
with plot coordinates of the samples to a thin plate spline (TPS). This TPS represents the
variations in the phenotype caused by the local environmental variations. By removing the
variation due to environment from the phenotype with this TPS, we produce a genotype-
specific phenotype value. This value, when mean normalized, produces the genotypic

component of the phenotype.
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3.3.7 Calculating GCA and SCA

Within a progeny trial (real or predicted), it is known that the genetic component of the
phenotypes are set to be determined by three separate factors: the GCA of each parent, the
SCA of the specific combination of parents, and individual specific variation. By building a
model of linear equations where each individual phenotype is equal to its specific components,
we can solve for the value of each of these components. As long as there are more samples
collected than total number of components across all genotypes, the set of equations is
solvable, giving an exact report of GCA and SCA.

From the phenotypic predictions from iRF, we can then determine the predicted GCA of
each of the parents and the predicted SCA of each of the parental pairs. This is accomplished
by fitting a linear model to the full in silico progeny trial, incorporating features for each
parent and each parental pair. The model is able to determine the coefficients for each that
best explain the predicted phenotype for each individual progeny. The coefficients for the
parents are their GCAs while the coefficients for each pair is the SCA for that pair. This
is the same method used to determine the GCA and SCA of genotypes from a full progeny

trial. An equation from this set looks like:

G; = FGCA, + MGC A, + PSC Ay + g; (3.7)

where G; is the genomic component of the phenotype from either equation 3.5 or equation
3.6 for a specific genotype. FGC A, and MGC A, are the GCA values, with a and b denoting
which father and mother are the parents for this specific for this genotype. PSCA,; is the
SCA value for the specific pairing between Father a and mother b. The value of g; accounts for
the variation of the specific genotype in G; that is seen between full siblings within a family.
Due to the random nature of recombination, the PSCA value is effectively the average SCA
value across the entire full sibling family with each independent genotype seeing a potentially
different actual SCA value.

When the parental genotypes are included in a progeny trial their equation for G; can

be incorporated into that of the progeny. In the scenario of one of the fathers the equation
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would look like:
G, = FGCA, (3.8)

because the only genotypic contribution to the father’s phenotype from variables within
the model would be its own GCA value. The incorporation of parents in the progeny trial

equations can help separate GCA values from the SCA of the offspring.

3.4 Results and Discussion

3.4.1 Pipeline

Following the steps from Figure 3.1, a set of 848 Populus trichocarpa]93] distinct individuals
were grown in common gardens and measured for a variety of phenotypes, and subsequently
underwent whole genome sequencing to characterize their individual genotypes. An iRF
model was trained to predict the genotypic TPS adjusted height phenotype at age three
from the common garden genotypes. This model was then used as a predictive model where
new, outside Populus trichocarpa genotypes were fed into the model and predictions of their

TPS adjusted height were obtained.

3.4.2 Predictions

The 7x7 parental population, which share no overlapping genotypes with those in the
common garden, were synthetically crossed using SBVB,[184] to produce 49 in silico progeny
full-sibling families, each with 500 unique genotypes. The synthetic genotypes of each
progeny were used as inputs to the iRF model to predict the distribution of the phenotypes
expected from the progeny of each parental cross. These full sibling families were used to
determine genotypic variance broken down into GCA components by treating it like a true

progeny trial.
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A comparison between the predicted rank order for height of the full-sibling families
from the progeny trial, the predicted progeny from the iRF process, and the comparison
provided by the true progeny trial can be seen in Table 3.1). This table also includes the
comparisons to the traditional ranking that only calculates the genetic components of the
parents. The process only allows for the prediction of the GCA component and, thus, the
missing values in the table. The correlation between the GCA of the Traditional Estimation
and True Progeny trial is so high likely because the parental clonal replicates are used in
both calculations. Effectively, the Traditional Estimation uses the same parents but does not
include any of the crosses, which is why there can be no prediction for the SCA. Although
the iRF Progeny Trial GCA correlations are lower than the Traditional Estimations, it can
be seen that, because of the additional ability to calculate the SCA, the overall combined
prediction is dramatically closer to the True Progeny Trial than the Traditional Estimation.
The last row of the table shows the comparison to the true value of the total prediction of
the genetic value for each of the families, or the combination of SCA and GCA. As seen in
the table, the predicted in silico progeny captured significantly more information of the real
total genetic component of the phenotype than the traditional model. This comes even with
the traditional model almost perfectly predicting the GCA of the parents. This is likely due
to the importance of including SCA in complex phenotypes such as height.
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Table 3.1: This table shows the correlation between the predicted genetic components
of the progeny trial from iRF and a simple parental trial to the True Full Cross Progeny
Trial. The first column indicates which aspect of the genetic component is being compared,
either the GCA from one of the sets of parents, the SCA from the crosses, or the combined
prediction of GCA and SCA for the full genetic component prediction. The iRF Progeny
Trial is the result of dividing the predicted iRF progeny into its genetic components and
comparing it to the actual progeny trial. The Traditional Estimation is taken by defining
the genetic component of the phenotype of each individual parent grown in clonal replicates
at the progeny trial site. The Pearson Correlation is used to compare the effective magnitude
similarity between the the Genetic Components and the Spearman Correlation is used to
compare the rank order of the Genetic Components.

Genetic Component Prediction correlation to Real Progeny Trial
Genetic iRF Progeny Trial Traditional Estimation
Component Pearson Spearman || Pearson Spearman
Mother’s GCA 0.499 0.607 0.995 0.964
Father’s GCA 0.406 0.321 0.985 0.964
Parent’s SCA 0.430 0.492 - -
Combined Prediction || 0.400 0.440 0.078 0.0671
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As shown in equation 3.1, a portion of the genetic component is confounded with the
environment of the individual. This means that even when trying to isolate the genetic
component of the phenotype, it is possible that some of the variance will be due to the genetic
by environmental effect. This may explain why the iRF model loses accuracy compared to
the traditional model, as the parents were grown in the same environment as the full progeny
trial. The common garden data used to train iRF was from a different physical location and
grown over the course of a different set of years.

To further show that the iRF progeny prediction pipeline is capturing the SCA of the pairs
of parents as well as the GCA from the individual parents, we compare the predicted value
of the GCA from each of the mothers and fathers from iRF to the actual GCA determined
from the real progeny trial (Figure 3.2 and Figure 3.3, Table 3.1). For the mothers, we
can see the close correlation between the Real values and the Traditional values. Even
though the data points from the parental genotypes exist in both the real calculation and
the traditional calculation, the removal of the the progeny from the system of equations for
the traditional calculation hampers its predictive accuracy by removing the ability to discern
what portion of the variation to assign to SCA. Despite this, we can see that the trend line
for the traditional model is similar to that of the real progeny trial, while the only a few of
the normalized predictions from iRF are close to their real counterparts.

The comparison of the fathers from predicted in silico progeny GCA to the actual GCA
determined from the real progeny trial in Figure 3.2 shows a slightly worse story for the
iRF model. Again we can see close agreement between the Real GCA and the traditional
calculation. The trend line for the iRF model is slightly more separated.

By accounting for these GCA contributions to the iRF predicted phenotypes for in silico
progeny, the predicted SCA can be determined for each of the parental pairs. In Figure 3.4
we can see the comparison of the predicted and true SCA for each parental pair. As with
the GCA graphs, there is some agreement between the Real and Predicted models. We also
note again that there is no Traditional data on this graph because without the inclusion of
progeny in the model we cannot calculate the SCA values. This shows that the iRF model

is, with a few exceptions, matching the overall trend with of the true SCA values.
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Normalized GCA Effects from Mother
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Figure 3.2: A comparison of the normalized values of the coefficients of variance
attributable to the mothers from the in silico progeny height phenotype (green) to the
coefficients of the real progeny trial(blue), and to the traditional calculation requiring the
clonal replication of the parents(red). By sorting the Mothers by the Real values we can
compare the trend line of the normalized values to the order from the order of the Real
values. This graph illustrates how close the traditional method gets to capturing the value
of GCA of the mothers but that there is still a decently strong correlation between the trend
line of the Real GCA values and the iRF progeny derived Values.
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Normalized GCA Effects from Fathers
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Figure 3.3: A comparison of the normalized values of the coefficients of variance
attributable to the fathers from the in silico progeny height phenotype (green) to the
coefficients of the real progeny trial(blue), and to the traditional calculation requiring the
clonal replication of the parents(red). By sorting the Fathers by the Real values we can
compare the trend line of the normalized values to the order from the order of the Real
values. This graph illustrates how close the traditional method gets to capturing the value
of GCA of the mothers but that there is still a reasonably strong correlation between the
trend lines of the Real GCA values and the iRF progeny derived Values. By comparing
the closeness of the trend lines to figure 3.2 we can see that the fathers from the iRF-based
method don’t match the real values as well as with the mothers, especially with the value of
father 2572.
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Figure 3.4: A comparison of the normalized values of the coefficients of variance
attributable to the Combinations of the parents, or the SCA, from the in silico progeny
height phenotype (green) to the coefficients of the real progeny trial(blue). Because it
is impossible to caluclate the SCA of crosses with a traditional model without including
progeny from the population, those values do not exist and are not shown in this graph. By
sorting the Pairs by the Real values we can compare the trend line of the normalized values
to the order from the order of the Real values. This graph there is a correlation between the
trend line of the Real SCA values and the iRF progeny derived Values.
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To visualize the overall genetic component of the phenotype, the SCA for each pair is
combined with the GCA of each of its parents. Figure 3.5 shows the results of each parental
pair with the combination of SCA and GCA for both parents. It can be seen that while
the traditional calculation was able to accurately predict the GCAs, the lack of SCAs makes
the method look almost random compared to the real results. The iRF progeny trial, while
not perfect, is able to capture much more of the information from the real result, as shown
by its trend line being much closer to the true line than the traditional method. Because
the Traditional estimate only has GCA values, the final prediction of the crosses is just
the combination of the parents’ GCA values. By lacking the incorporation of SCA values,
traditional methods are significantly hampered from capturing the full genetic component

of the progeny families.

3.5 Conclusion

Here I have introduced a progeny prediction method that predicts the full genotypic
component of a phenotype, which can be used to determine both GCA and SCA. With the
availability of a sampling from the general population of the species, with both phenotypic
and genotypic values, it is possible to produce predictions for the genetic components of the
phenotype for crosses between individuals that did not exist in the original population. For
breeders, the method provides a process for generating a progeny trial with resources and
time necessary for a traditional trial.

The method and validations shown here indicate that the results of the iRF-based method
more closely resembles the genetic component of real progeny than a traditional method that
looks only at the potential parents. The acceptability of the accuracies presented must be
determined by the individual breeder, however, the availability of SCAs with a positive
correlation to true SCAs allows for better decision making. While the GCAs for the iRF-
based method are not as good as the traditional method, the iRF-based method has the
benefit of not requiring the measured phenotypes of the specific genotypes in the breeding

population.
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Figure 3.5: By ordering the families by their value in from the real progeny trial we can
build trend lines for each of the predictions to illustrate the difference in each prediction.
This plot illustrates the comparison of the normalized full genetic components from the Real
Progeny trial shown as the blue dots and its trend line as the blue line, the iRF progeny trial
shown as the green x’s and green line for its trend line, and the Traditional Estimate in red
circles and red line for its trend line. With the trend line we can see that the iRF Progeny
trial is capturing more information than the traditional estimate when trying to predict the
full Genetic component of the phenotype.
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The new method also provides an interesting case for acceleration of important projects.
With traditional cross testing, the only way to speed up the process is to increase the number
of crosses done at a time. The process still requires the full species development time in
order to determine the results, and the cumulative results will only be available at the end
of that growing cycle. With the introduced progeny prediction method, by increasing the
computational power available to the model, more in silico progeny can be produced at the
same time, speeding up analyses in a way not possible for physical trials. However, due to
the necessity of a general population to train the model, this method is limited to studies
that contain relatively large amounts of data already available. This limitation hinders
the method from being used for data sets with limited ability for population-scale genetic
sampling and phenotyping.

With the viability of this method shown, future work includes improvements to the
model that predicts the phenotype. The addition of the parents to the phenotype prediction
could provide better accuracy for GCA. Also, the iRF model could be replaced with a
deep learning model or another model that may have a higher overall predictive accuracy.
Another potential way to improve the model would be combining multiple methods that

excel at understanding different parts of the genetic components.
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Chapter 4

Tensor iterative Random Forest
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4.1 Abstract

Machine learning methods that can simultaneously evaluate feature to feature, feature to
target, and target to target relationships are few and far between. However, having these
types of relationships understood within a comprehensive model would be beneficial for fields
such as biology where entire layers of ’omic data are compared against each other. Here, I
introduce Tensor Iterative Random Forest (TiRF), a new Explainable Artificial Intelligence
(X-AI) method that associates multiple independent features with multiple dependent targets
within a single process and provides the information of what relates all combinations of
features and targets. I also include model quality evaluations using the DREAM 5 gold

standard networks, including two real biological data sets and one in silico data set.

4.2 Introduction

Applications for machine learning can be found in almost every scientific field, as seen by the
plethora of machine learning methods recently developed and varieties of research being done,
including health care[185, 186, 187], drug design[188, 189], agriculture improvements|[190],
software design[191] and many others[192, 193, 194, 195, 196]. Particularly within the field
of biology, with its large quantities of features, machine learning methods have been found to
provide novel and useful insights into complex problems[197, 198, 199, 200, 201]. One of the
main uses of machine learning within the field of biology is feature selection, or finding the
most likely features, or independent variables, responsible for the variation seen in a target,
or dependent variable. These algorithms are often able to find patterns and associations that
exist within the data much more efficiently than traditional analysis techniques, especially
as the size of the data sets grow.

For many feature relationship or feature selection methods, the process involves finding
associations between a set of features and a single target. However, biology often contains
data sets where there are multiple targets rather than one, such as multi-omic data, where
each 'omic layer, such as proteomic, transcriptomic, metabolmic, and genomic layers, each

of which contain multiple potential targets. For these targets, simple methods that analyze
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each target independently are possible and could provide the necessary insights into the
feature to target relationships, but would likely miss out on the ability to learn from
any inherent relationships from features to multiple interconnected targets. The types of
interconnectedness may vary, for example, two separate phenotypes that are correlated with
each other may be the result of pleiotropy, where multiple phenotypes are effected by the
same gene or locus[202]. Pleiotropy is just one of the many types of complex biological
associations that machine learning methods could provide knowledge about.

Machine learning techniques that predict a set of targets from a set of features exist mostly
within the domain of Neural Networks[203]. However, many of these methods only focus
on prediction and cannot provide easily interpretable justifications for decisions made and
associations reached. It is possible to include explanatory layers in neural network models
that are trained to produce human understandable explanations for specific predictions[22],
however, these methods require extra steps beyond the original design and creation of the
model. Explainable Artificial Intelligence (X-AI) methods inherently contain interpretability,
which is important when the model associations are designed to aid in decision making
processes, such as fields like medicine[204]. X-Al methods such as Random Forest (RF) and
iterative Random Forest (iRF) provide feature relationships with human-understandable
decision making[29], but are limited to a single target at a time.

Here, I introduce Tensor iterative Random Forest, a new feature selection method that
not only finds relationships between a set of features and a set of targets, but also provides
feature to feature interactions and multi-target relationships due to shared features. The
method leverages X-AI methods RF and iRF, which innately provide the connection between
features and target. RF-based methods also provide associations between features due to the
conditional decision making steps inherent to tree-based methods[4]. This new method also
relates targets to other targets by finding subsets of targets related by a causative feature.
A brief example of what one of the trees from the model would look like can be seen in
Figure 4.1. TiRF is evaluated using three DREAM 5 biological data sets, which contain

well-studied relationships between transcription factors and the genes that they regulate.
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Figure 4.1: The top left corner shows the four columns of features and four columns of
targets for an example data set with five samples. The right side of the figure shows a TiRF
decision tree, where one feature is chosen at each split based on its ability to best split one
or more chosen targets. The bottom left shows the different types of associations that are
gathered from the tree, namely feature to feature, target to target, and feature to target.
The leaf nodes at the base of each tree path denote the samples that reached that node,
defining the sample sets with similar target values.
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4.3 Methods

4.3.1 Random Forests

The Random Forest (RF) algorithm was published by Leo Breiman in 2001 [31] as a
method for prediction, where a set of independent variables can predict a dependent, and
feature selection, where independent variables (features) are evaluated for their effect on
the independent variables (targets) have the dependent variable. The method builds on his
earlier work of CART (Classification And Regression Trees) [30], which focuses on individual
decision tree construction and understanding. By combining the concepts of bagging[3] with
more random variation in the individual tree creation, Breiman produced Random Forests,
that solved some of the immediate issues with CART, such as over fitting.

A Random Forest is a group of decision trees trained from the same data set. Each tree
is provided with all of the features, the target, and a random subset of the total samples,
selected with replacement up to the total number of samples in the data set. The most basic
unit of the decision tree is the decision split, which chooses features to partition the samples
from the parent node into children nodes with the intention of grouping samples with similar
target values. This process is repeated on the children nodes until a stopping parameter is
reached. To prevent over-fitting, a random subset of the features are looked at at each split.

Random Forest is a robust method for feature selection [32] by providing a feature
importance for each independent variable used in the model. These feature importances
are calculated by summing the contribution of the splits within the forest using each
feature. While there are several cost functions used to determine the best splits, one of the
more common methods for classification trees is Gini[31, 33], which calculates the impurity
improvement from parent to child nodes, but is limited to classification-based targets.

For regression problems, one of the common cost functions, and therefore also a common
importance score value, is variance explained. This score can be thought of as the difference

between the total variance of parent to children nodes, where variance is defined as:

o*[X] = E[X?] - E[X]?
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or

where X is a random variable, F is the expectation of the function, or mean of the variable,

and n is the number of samples. The total variance(T'V') of the node can then be defined as:

where the variance is multiplied by the total number of samples in the node i. The
variance explained is the difference in total variance(ATV) in the parent node (i) and the

two children nodes (i; and i,) as defined by:

ATV (i) =TV (i) — TV (i) — TV (i)

where the feature for the split is chosen by maximizing ATV (i). The importance of any
given feature is the sum of the variance explained for all splits that use that feature.

Using feature importance, it is possible to address an issue that can occur in Random
Forest; the random selection of features at each node can cause a majority of the splits
to only consider non-causative features. This happens when the number of non-causative
features far outweigh the causative features, resulting in the random sampling of features
at each node to rarely include a true causative feature. A solution to this problem is to
weight the random feature selection at each node to favour a subset of features that are
more likely to be causative. Because RF already produces feature importances, those values
can be used to determine which features are likely to be more causative. An algorithm called
[terative Random Forest (iRF) is produced by turning the model into an iterative process,
with each new iteration using the importance scores from the previous iteration as a weighted
distribution from which to sample the features viewed at each split[4]. This results in more
efficient decision trees and more organized decision paths[4]. These paths each represent a
route in a tree from root node to leaf node, and can be mined to find sets of features that
co-occur often in the same decision path with an algorithm called Random Intersection Trees

(RIT)[34], providing sets of potential interaction.
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4.3.2 Tensor Iterative Random Forest

As the name implies, Tensor Iterative Random Forest builds upon the base design of iRF,
and seeks to define a set of relationships between and within a set of features and a set of
targets. This relationship between features and targets is analogous to the way tensors can
define the relationship between two vectors. To connect multiple targets together without
disrupting the explainability of the model, multi-dimensionality, or the ability to split on
multiple targets at each node, is implemented in iRF. Using the framework of iRF, TiRF
can be constructed with a two step addition: first, implement a cost function that defines
the split value of multiple targets at once, and second, implement a process to limit each

feature to explain a specific subset of targets.

Cost Function

The first step is to define a process that can calculate the gain in purity of the node within the
tree for multiple targets, which requires adjusting the way an individual split works within a
node. To determine the best split for a node, a cost function defines how to compare different
splits with multiple variables. The most effective way to determine the optimal split with
multiple targets is to calculate a single score that aggregates the total amount of variance
explained for each of the targets of the split.

One such solution is to use the set of targets to define a multi-dimensional space, where
each target represents an orthogonal direction. The magnitude of each sample’s target
variables determines the location of the sample within the space. Comparable to the use of
variance within iRF, a value within TiRF is defined as the distance to the center of the group
of samples. The overall center of the node is a point within the space with target values

equal to the average value for that target within the current subset of samples, defined as:

N,
Zj:ﬂi Yijn

where 7;, is the average, and therefore center, of target variable y; for node n, that
contains N,, total samples, labeled from 7 =1 to j = N,,. The distance from each sample to

the center, D,,, can then be calculated as:
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which is the sum of the total distance for each target i of the square root of the sum of

the distances for each sample j to the center point 9;,. The summation is divided by the
total number of targets evaluated at the given node. The value is the average distance to
the center across different targets, normalizing the total distance to be the average distance
for each target. This normalization becomes important when comparing splits if they have
different numbers of targets.

The optimal split is the one that minimizes the sum of distances, the cost function, to
the center of the samples for the two children nodes. Each split in each potential feature is
used to create the potential children nodes containing the subset of samples from the current
node, and the feature and split that minimizes the cost function is chosen as the split for

the node.

Creating Target Subsets for Each Feature

As the model scales up to more targets, the computational cost of calculating the distance
increases and the effectiveness of any given split is determined by how it explains variance
of all dependent variables at the same time. A negative consequence of the second point
leads to the favoring of splits and features that explain, to at least some small extent, all of
the targets at once, regardless of overall effectiveness of the split on each target, rather than
features that explain a subset of the targets. To address this, a second step of the process is
required.

By restricting the targets to a subset that a given feature evaluates its splits against,
the feature is allowed to better explain those specific targets. This raises the question of
how to select the subset of dependent variables. In order to best accomplish this without
disrupting the decision tree structure, a different subset of targets can be selected for each
feature within the subset to be analyzed for the split.

To keep the variability high from node to node, as Breiman originally intended for RF,

the set of potential targets to address in a node is a random subset of the full set of targets,
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where the quantity is set by the square root of the total number of targets in the data set.
For each potential feature in a node, several methods can be used to determine the set of
targets from that random subset with the closest associations to that feature, such as any
algorithm that provides dimension reduction, such as LASSO[84] or even iRF itself. The
final number of targets for each feature is determined by either a quantity cut off or an
association score threshold.

For the current implementation of TiRF, the absolute value of Pearson’s correlation
from target to feature is used to determine the association value for each target within the
random subset for a given node. These values are sorted to take either the five targets
with the greatest association or every target that met the association value threshold of .1,
whichever has fewer targets. The set of targets is assigned to the feature for only a single
node, as every new node requires a new calculation, and each potential feature receives a
unique set of targets.

Using the different target subsets for each feature, an optimal split value can be
determined using the method described previously. Because the distance metric is normalized
for the number of targets in each subset, it allows for the selection of the feature that provides
the best split for the node, regardless of number of targets. Using the normalized distance
metric allows the splits that explain fewer variables well to be comparable to splits that
explain several variables less well, and insures that splits that explain multiple variables well

at the same time will always be favored.

Associations Derived from TiRF

As mentioned previously, TiRF retains the ability from RF and iRF to build associations from
feature to target and feature to feature. The feature to feature relationships are determined
in a similar way as those methods, by determining the features that co-occur in decision
paths most often. For every pair of features, co-occurrence is calculated as the count of the
number of pathways where both features of the pair-wise set occur. Due to this, the feature
that splits the first node in a decision tree will be counted as having an occurrence with each

other feature in all paths for the tree. These pair-wise sets of features can then be ordered by
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the number of times they co-occur, with the highest number of co-occurrence sets providing
the strongest feature to feature associations.

The feature to target relationship quantification differs slightly from the process used in
RF and iRF. Rather than summing the importance scores of each instance that a feature
occurs in the model, each feature has an importance score for each target. This importance
is the sum of the improvement to the cost function by the feature when the specific target is
included in the cost function for that feature at that node. Because the distance calculation
is able to determine the improvement for each target independently before normalization,
‘target-specific improvement to distance to center’ is assigned as the importance for the
feature to target relationship.

By tracking the targets selected for the chosen split feature of each node, relationships
can be built between targets in a similar, but distinct, way as is done for the feature to
feature associations. For every pair of targets, the co-occurrences are counted as the total
number of times both targets are in the set of targets chosen for the feature that split each
node. Because targets are calculated in this manner, rather than simply targets within the
same pathway, the association between targets is specifically dependent on their causative
features. The strongest relationships between targets are assigned to the target pairs that
co-occur in these subsets the most frequently.

Due to the nature of TiRF, not every target is guaranteed to be predicted by the model,
in the same way that RF, iRF and TiRF, do not guarantee that every feature will be used
in the model. For a target to be included in the final model, the target must be in the pool
of randomly selected targets for a node, the target must be one of the best predictors of at
least one feature from the set selected for the node, and that feature must be the chosen
feature to split the node. The possible sampling issue is counteracted by building multiple

trees, as is used by Random Forest models to balance the features.

Implementation

Tensor Iterative Random Forest was implemented in Python, with influence taken from
the implementation of Random Forest in scikit-learn[158], using a new implementation but

the same structure of tree information storage. The Numpy package[205] was included
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to assist with mathematical functions including the optimized calculation of mean and
correlation values, and the Pandas package[206] was included for dataframe management
when processing feature importance scores. While the program used to create the TiRF
models is relatively straightforward, the steps to process the resulting importance scores,
pathways, and relationships is more complex. These post-training processes require tree
traversal to construct each of the individual pathways to enable the construction of co-
occurrence matrices and calculation of importance scores.

One step that should be noted for the implementation of TiRF is the calculation for the
feature weights after the first iteration, as it differs slightly from iRF'. For the first iteration, or
iteration 0, the total importance for each feature is calculated as the sum of the importances
from that feature to all targets. The total importance value is then treated like the iRF
importance value: normalized and used as the feature weight for the subsequent iteration.
If a feature is never used for any targets, as determined by the model, then the resulting
sum of importances will be zero and subsequent iterations will not include it in the feature

selection.

4.3.3 DREAM Competition data

The Dialogue on Reverse Engineering Assessment and Methods (DREAM) project, held
a competition between multiple network inference methods with data sets derived from
Escherichia coli, Staphylococcus aureus, Saccharomyces cerevisiae and in silico microarray
data from the Gene Expression Omnibus (GEO) database[207, 208]. These data are sets of
samples with expression data from the given organism, normalized using Robust Multichip
Averaging (RMA)[209]. The expressed genes are divided into transcription factor (TF) and
non-transcription factor (non-TF) groups. Each data set is also accompanied by a ”Gold
Standard” network connecting gene nodes to associated transcription factor nodes based on
prior literature. It should be noted that, according to the original dream authors, by building
the ”Gold Standards” from prior tests and experiments, it is possible that some relationships
are missed, indicating that found relationships that do not correspond to associations within

the Gold Standard are not necessarily incorrect or false positives. However, they have a high
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degree of confidence in the edges present being true, so any evaluation should be viewed as
a lower bound of the efficacy.

To analyze the effectiveness of TiRF, data sets 1, 3, and 4, or the in silico, Escherichia
coli, and Saccharomyces cerevisiae respectively, of the Dream 5 challenge were used to create
models. The in silico data set is based on F. coli data and contains 195 TF's and 1,448 non-
TF's for 805 samples, with the gold network containing 4,012 edges. The prokaryotic model
organism F. coli data has 334 TFs and 4,177 non-TFs for 805 samples, with 2,066 edges
within its gold network. The eukaryotic model organism S. cerevisiae has 333 TFs and 5,617
non-TFs for 536 samples, with a total of 3,940 edges in its gold network.

For each model, the TFs were used as the feature matrix while the non-TF genes were
used as the target matrix. The resulting feature to target importances from the model define
the effect of each TF on every non-TF. With a value 0 from TF to non-TF the model predicts
no connection, and there is no guarantee every non-TF is predicted or every TF used for a
non-TF. The TF to TF effect is defined by the interacting features, feature to feature co-
occurrence, effectively one TF impacting the prediction of another TF. In the TiRF model
this is represented by a TF splitting the samples into children nodes and then another TF
being the best predictor among the selected set. If the pattern between two TFs occurs
often, it implies that there is a relationship between the samples selected by the first TF and
the second TF.

Within the scope of the DREAM networks there are TFs that regulate other TFs. The
third set of results from TiRF is the non-TF to non-TF relationships, which do not occur in
the DREAM Gold Standard networks. Due to the lack of non-TF to non-TF associations
within the Gold Standard networks, new gold networks were created from the existing data.
As shown in Figure 4.2, for each pair of non-transcription factor genes being regulated by
the same transcription factor, the new gold network contains an edge between the two non-
transcription factors. By repeating this process across all associations for each of the three
networks, three gold standard networks for the non-TF factor to non-TF associations were

developed.
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Figure 4.2: The process of creating non-transcription factor to non-transcription factor
gold standard networks from corresponding transcription factor to non-transcription factor
associations. For each non-transcription factor gene, if it is regulated by the same
transcription factor as another non-TF gene, then the two no-TF genes contain an edge
associating them in the new network.
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4.4 Results and Discussion

4.4.1 TiRF Model

For each of the DREAM 5 networks 1, 3 and 4, a TiRF model was trained to connect
the transcription factor (TF) genes as features and the non-transcription factor (non-TF)
genes as targets. Tensor Iterative Random Forest was able to successfully capture many of
the edges from each of the Gold standard networks. The models where constructed with 5
iterations, 500 trees per iteration, mtry (number of features sampled for each node) of the
square root of the number of total features, ytry (number of targets sampled for each node)
of 50, and a target leaf node size (the minimum number of samples a node must contain to

split) of 50.

4.4.2 DREAM Network Construction

Once the TiRF model for each of the DREAM networks is created, they were compared
to the gold networks provided. Using network visualization software Cytoscape[210], an
example visualization of the gold standard network can be created. The feature to target
associations found with TiRF are then overlaid. The Gold Standard and TiRF associations
from Network 1 (the in silico network), for the second iteration, are shown in Figure 4.3.
The pink edges show the TF to non-TF gold edges that were captured by TiRF, the green
edges show the TF to TF gold edges that were capture by TiRF, and the light grey edges
show the gold edges that are not captured with TiRF. The blue nodes show the transcription
factors and the orange show the non-transcription factors. Note that many of TF nodes are
surrounded by groupings of non-TF nodes, indicating a many-to-one relationship where a
TF may be responsible for the regulation of multiple non-TF genes. Also a single gene, TF
or non-TF, may be regulated by more than one TF.

The general overlap in the figure shows that TiRF is able to capture edges throughout the
network and not isolated to one specific region or transcription factor. The way the pink and
green edges seem to segregate into different regions of the network potentially indicates areas

where one type of relationship, TF to TF or TF to non-TF, is stronger than the other. The
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Figure 4.3: The gold standard and TiRF overlap from the from the Dream 5 Network
1. The blue nodes represent the transcription factors, and the orange nodes are the non-
transcription factor genes. The pink edges indicate the overlap of TF to non-TF from TiRF
to the gold standard, while the green indicate the TF to TF overlap. The gold standard
edges not captured by TiRF are indicated in light grey. It can be seen in this image that
there are regions of the network that are being better identified by TiRF, specifically some
of the transcription factors are much better captured by the model than others.
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figure also shows how, for some of the TFs, nearly, if not all, of its connections are captured
where other TFs will potentially have only a single edge captured by TiRF. Unfortunately,
due to the large size of the created non-TF to non-TF gold network, visualization of the
whole network is not feasible, as the network contains approximately 400,000 edges, and the

TiRF model provides 67,704 predicted edges.

4.4.3 Dream Network Accuracy

The created networks can be evaluated based on how effectively they capture the information
from the gold standard with the use of Receiver Operating Characteristic curves (ROC). For
ROC curves, the predicted edges are ordered by the models confidence in the edge, by
importance score for TF to non-TF and by co-occurrence count for both TF to TF and
non-TF to non-TF. ROC curves allow for quick examination of the model to see how quickly
the False Positives increase as predictions are added and the total capture of True Positives
increases. An important sign of a good model is an ROC that has a steep incline for small
false positive rates, indicating that the highest rated values of the model are more True than
False. These curves show how quickly the True Positive Rate rises as the allowance of False
Positive Rate increases, indicating how well the model captures the correct information. The
area under the ROC (AUROC) provides a numerical score of the quality of the model, where
a perfect model would have an AUROC of one. As noted in section 4.3.3, with the DREAM
data it is possible to incorrectly identify true positive results as false positive results due the
incomplete nature of the gold networks, indicating that the AUROC results represent the
lower bound of the model quality.

Figure 4.4 shows the ROC for TiRF on network 1, 3, and 4, measuring the ability to
capture TF (feature) to non-TF (target) gene relationships. In this figure, particularly a)
and b), it can be seen that the model is not only able to capture the information from the
gold standard network, but does so efficiently by having a steep beginning, where the rate of
increase in true positive outpaces that of the false positives. This indicates that the highest
importance connections between features and targets are more likely to be true positive than
false positive by a significant margin. The jaggedness seen in b) and ¢) is caused by having

roughly half the number of true edges in the gold networks as compared to in network 1.
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Figure 4.4: The receiver operating curve (ROC) for the first five iterations of TiRF
on the Dream 5 Networks 1, 3, and 4, measuring the accuracy of the model at capturing
transcription factor genes to non-transcription factor genes as set by the ”gold” standard from
the Dream competition. It should be noted that the according to the original competition
and construction of the ”gold” standard the True Positive rate is much more important than
the False Positive rate. a) The ROC for DREAM 5 Network 1 shows TiRF is able to capture
the Transcription Factor to gene relationship from this synthetic data. However, while the
iterative process reduces the total number of edges through refinement the overall AUROC
of the model is slightly effected negatively. b) The ROC for Dream 5 Network 3 shows
a slightly worse performance than the synthetic data, with the iterative process having a
slightly chaotic effect on the over all AUROC, potentially indicating more noise in the data.
¢)The ROC for Dream 5 Network 4 has a slightly worse result than either of the other two
networks, but is still above the baseline shown by the diagonal dashed line. For this network
a general improvement can be seen in the AUROC with the iteration process.
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Figure 4.4 also shows the slight differences that result from the different iterations across
the different data sets, with network 1 showing a steady decrease, network 3 showing variation
and network 4 showing a general increase. The effect this refinement has on the model
appears to be dependent on the underlying data. While network 1 (a), with in silico data,
has comparable AUROC values across all iterations, the relationship between iterations in
network 3 (b), which contains the original network used to develop network 1, fluctuates
more. This may indicate that the relationships developed for the in silico network contain
less noise than the real data. Network 4, which is also real data, is able to make improvements
as the iterations advance, although the total AUROC is lower than either of the other two.
It should be noted that the iterations beyond the first, because of the refining of feature
selection, contain fewer total connections and fewer unique transcription factors with non-
zero importances. As the model goes through its iterations it favors features that explain
the most variance across targets potentially losing TF to non-TF edges that aren’t as strong.
Overall, all three models, across all iterations, provide significant results.

Figure 4.5 shows the ROC graphs for the TF to TF relationships captured by TiRF in
networks 1, 3, and 4. When comparing the undirected connections of co-occurrence to the
directed edges from the gold network, if either direction of the TF to TF relation exists in the
Gold Network it is considered a True Positive prediction. Comparing across the three graphs,
it is clear that the model’s ability to capture the underlying feature to feature relationships
of the data varies for each data set and between each iteration. Network 1 appears to have
generally positive capture rate of the underlying information, with reversed relationships to
iterations, comparable in ranking to its graph in Figure 4.4. Network 3’s scores fluctuate,
first increasing and then decreasing with the iteration increase, potentially indicating that
the feature pruning process done within the iterations removed TFs that were redundant
and causing the feature importance to be split amongst multiple features, while the later
decrease may be due to the removal of too many features. Network 4 performs poorly and
only gets worse with iterations likely because it had the fewest samples to train from. These
factors combined with TiRF’s ability to preform well when connecting TF to non-TF likely
indicates that the TF to TF relationships from this network were hardest to capture and

TiRF was also poor at capturing these connections.
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Figure 4.5: The receiver operating curve (ROC) for the first five iterations of TiRF on the
Dream 5 Network 1, 3, and 4 measuring the accuracy of the model at capturing Transcription
Factor genes to other Transcription Factor genes as set by the ”gold” standard from the
Dream competition. These results are limited by the co-occurrence of features in the models
and by the presence in the "gold” standard of Transcription Factors predicting each other.
a) The ROC for Dream 5 Network 1 shows that the First iteration (Iteration 0) captures
the feature to feature interaction in this data the best by far. As the iterations continue and
the selection of the features becomes more heavily determined by feature weight we can see
the AUROC drop off to the point where the final iteration is below the baseline. b) The
ROC for Dream 5 Net 3 shows a slightly worse picture for the first iteration than Network
1’s first iteration but the subsequent iterations all have much higher AUROCs. ¢) The ROC
for Dream 5 Net 4 has by far the worst overall accuracy, with every iteration being below
the baseline.
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As with the TF to non-TF ROCs , it should be noted that the iterations beyond the
first, because of the refining of feature selection, contain fewer total connections and fewer
unique transcription factors with non-zero importances. These graphs highlight that TiRF
model may not be the best selection for finding TF to TF relationships because of the limited
known true connections that exist from TF to TF within the data set. For the networks 1,
3, and 4, the total TF to TF connections that exist within the gold networks are 246, 143,
and 324, respectively. Comparatively, the total number of possible TF to TF connections
are 18,915, 55,611, and 55,278, respectively. This limited quantity of connections is also the
reason for the discrete step-function style lines for the graphs.

Figure 4.6 shows the ROC for TiRF on networks 1, 3, and 4 measuring the ability
to capture non-TF (target) to non-TF (target) gene relationships. The new gold network
created for this analysis is described in section 4.3.3. Due the nature of TiRF, a large quantity
of target to target associations are provided, with frequency of co-occurrence indicating
importance. To limit the results to those most relevant, only the top 25,000 most co-
occurring sets of targets for each network were analyzed, out of 33,852 from Network 1,
53,304 from Network 3, and 48,506 from Network 4. All three networks have consistent
structures across iterations and all are better than the baseline. Network 1’'s AUROC has
small fluctuations for each iteration and Network 3’s AUROC has small improvements for
each iteration. Network 4’s performance fluctuates with each iteration, but the first iteration
performs the best.

The Figure 4.6 shows that TiRF’s ability to capture the underlying relationships from
targets to other targets of the model is relatively consistent across Network 1 and 3, with
Network 4 being the worse than the other two, which has been consistent across the
association types. The AUROC for Network 1 are more stable across iterations, only varying
by .02, while for Network 3 and 4 the value varies by up to .05, this is likely due to the more
deterministic nature of the in silico data set used in the creation of Network 1. While not
quite as good as some of the feature to target results, all three graphs do indicate the correct
capture of true positive target to target results. As the novel contribution for TiRF, these
results show that the method is able to deliver on the ability to capture target to target

relationships.
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Figure 4.6: The receiver operating curve (ROC) for the first five iterations of TiRF on
the Dream 5 Network 1, 3, and 4 measuring the accuracy of the model at capturing non-
Transcription Factor genes to other non-Transcription Factor genes as set by the new ”gold”
standard, derived from the Dream competition. The derivation is performed by connecting
all genes that are predicted by at least one common transcription factor. Because of the
number of overall connections in the network reaching into the millions, these ROC graphs
represent only the top 25,000 most commonly co-occurring target sets from each model. a)
The ROC for Dream 5 Network 1 shows that TiRF is able to capture the target to target
relationships within the synthetic data set with a small amount of variation over the course
of the iterations b) The ROC for Dream 5 Network 3 shows a slightly better capture of the
"gold” standard edges than the synthetic data in Network 1, but does show a slight decrease
in AUROC with each iteration. ¢) The ROC for Dream 5 Network 4 has the overall worst
results in capturing the target to target relationships, however each iteration is better than
the baseline. This network also has the largest fluctuation in AUROC from iteration to
iteration, with the first iteration capturing the most information.
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4.5 Conclusion

Overall, TiRF has been shown to capture relevant information in three validated data sets
for feature to feature, feature to target, and target to target relationships, all within a single
model. The network visualization shows that the results of the feature to feature and feature
to target associations broadly cover the full truth space, even though they do not capture the
entirety of the truth set. The various ROC graphs illustrate that the number of iterations will
have different effects on different types of data, as well as on the different types of feature and
target relationships. Future work could be done to characterize the intricacies of how these
parameters of the data interact. The specific results shown in this chapter illustrate that
TiRF is able to capture the information in the relationships between TF and non-TF genes.
Because the method is not specially designed for these data sets it should generalize to any
omic to omic layer relationship in biology that has true underlying relationships and enough
data to adequately train the TiRF model. This technique could be applied to single cell data
omics data[211], the relationship between gut microbiome and intestinal health[212], large
scale multi-species inter-omic data[213], and even food production for products like cheddar
cheese[214].

Future development could also be done for the implementation of the TiRF code.
The current version of TiRF is implemented in Python without threading or multi-node
communication capabilities and as such is limited in the size and intricacy of the data sets
that it can handle. Considering the large quantity of features available in many biological
omics data sets, the ability to utilize the computational speed and memory allocation of
modern HPC systems would be a significant advancement. The most straightforward solution
would likely be to distribute tree creation across separate computational node, parallelizing
the tree creation process, as is done in Cliff et. al.[9] with Iterative Random Forest. An
implementation with better computational capabilities would also open the door for analysis
of higher order interactions, as the current model does only pair-wise associations for each
of the association types.

The current implementation of TiRF is also constrained by the the y-reduce and the

multi target cost function; both processes use underlying functions that can be replaced with
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similar functions that target different information. This can help TiRF focus on different
aspects of the information or be able to handle different types of noise for convolution. A
better understanding of how the different functions compare across data sets would be a

useful metric when implementing the TiRF method.
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Chapter 5

Building a Genetic Lineage of

SARS-CoV-2
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5.1 Abstract

The COVID-19 pandemic has had a worldwide impact and strains are continuing to evolve
and change over time. Recombination provides a way for the virus to spread its advantageous
mutations across multiple lineages, potentially amplifying the infectiousness of more harmful
strains. Here, the potential for recombination and history of recombination of the SARS-
CoV-2 virus has been analyzed. With this analysis it is shown that regions of its genome
are incompatible from an evolutionary perspective with other regions of its genome, likely
the result of recombination. Individual strains of the virus are also examined for evidence

of recombination and the prediction of their possible parental strains.

5.2 Introduction

Due to the devastating effects of SARS-CoV-2, it is important to understand the evolution
of the virus and how it has adapted to the human host over the course of the pandemic. The
global impact of COVID-19 has encouraged a worldwide effort to collect data, which, among
other things, has lead to a large amount of viral sequencing data being made available,
making it possible to build a close to real-time mutational history of the SARS-CoV-2
genome. This information, if properly mined, can provide valuable information into what
viral functionality is changing[215, 216], and how it could change in the near future. Given
that homologous recombination is common in coronaviruses|217], research into whether or
not virus strains are occurring via recombination is of particular interest, as this process
may combine dangerous variants and allow strains to escape current selective pressure
constraints[143].

The large amount of data available can also expose bottlenecks in pipelines designed
to analyze the evolution of sequences over long periods of evolutionary time[218]. The
calculation of phylogenetic trees, the traditional tool used to analyze the evolutionary
relationships across species, makes assumptions about the nature of sequence data and
evolution[157, 134]. Phylogenetic trees assume purely divergent evolution, where different

evolutionary paths cannot cross back to each other, such as with convergent evolution or
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recombination. These processes do not fit the model of the assumed tree structure and are
thus often assumed to not exist or are purposefully removed from the data[219].

The occurrence patterns of single nucleotide polymorphisms (SNPs) are said to be
“incompatible” with each other if it is impossible to build a standard phylogenetic tree
without duplicating a mutation, where the mutation has to occur on multiple branches of
the tree. An illustration of this can be seen in Figure 5.1, where, if convergent evolution
is assumed, a specific mutation has to uniquely occur twice in different branches or, if
recombination is assumed, the separate branches must reconnect. Both of these situations
are more likely to occur under strong evolutionary pressure for a specific trait. Regardless of
the amount of evolutionary pressure, convergent evolution is constrained by the underlying
mutation rate of the virus, where recombination is only constrained by the co-occurrence of
different sequences with-in a cell. For mapping short timescale evolution in organisms where
recombination is possible, phylogenetic tree methods can miss events that are important for
tracking evolutionary changes, as well as notable, unexpected functional changes.

To incorporate these possibilities, a network model can be used instead of a tree model
to denote evolution. Each node of the network denotes a haplotype, defined as a unique
sequence of the virus, connected to each other based on genetic similarity. A network model
allows for the occurrence of loops, where there can be multiple possible paths between
haplotypes, a pattern that implies convergent evolution or mutations transferred between
diverged individuals via recombination [135].

Due to potential interactions among genes within the virus, singular mutations can have
wide ranging effects[220]. Ongoing research and observation is required as new lineages with
variant of concern-like mutations continue to be found[133]. As the number of mutations
continues to increase, the virus may be able to escape the immune response targeted by the
initial vaccines (and/or previous infection) and possibly become more efficient at infection
and transmission. Specifically, mutations within the spike protein of SARS-CoV-2 will
require new vaccines to appropriately combat the new variants[24]. With recombination,
it would be possible for a mutation that was adaptive to one specific selective pressure to
be combined into a new strain containing other mutations that were adaptive to a separate

selective pressure. A visualization of what recombination would look like within a single
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Figure 5.1: The visual difference of Convergent Evolution vs Recombination. For the set
of sequences: GTC, GTT, ATT, and ATC, in order to create a phylogenetic tree with purely
divergent branches you create a scenario of Convergent Evolution were the first mutation of
A to G (black circle) occurs and then the C to T mutation (white circle) occurs twice in the
tree in separate locations. However, if recombination is allowed to occur, the same tree can
be constructed with each mutation only being required to occur once. It can be seen that,
by connecting GTC and ATT with recombination, it is possible to attain the sequence GTT.
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stranded virus like SARs-CoV-2 can be seen in Figure 5.2. If two separate viral strains are
present in the same cell, in a process known as template switching [221], viral replication
could be interrupted and restarted with the RNA from the other viral strain, resulting in
a new sequence that contains mutations from both. Template switching has been shown to
occur in SARS-CoV-2 [222].

Here, I provide evidence that recombination is likely to be occurring within the SARS-
CoV-2 virus via both a population wide measurement of SNP incompatibility and a
individual examination of specific haplotypes of interest. By evaluating population-wide
incompatibilities, it is shown that mutations are under significant evolutionary pressure to
conform to specific traits, either through convergent evolution or recombination. Due to
the underlying mutation rate of SARS-CoV-2, convergent evolution is shown to be unlikely.
A network-based approach to phylogentic associations is also provided and is used to find
haplotypes with potential recombinatorial origins and find likely parents via in silico sequence

reconstruction.

5.3 Methods

5.3.1 SARs-CoV-2 Data

SARS-CoV-2 sequences from all over the planet have been entered and stored in GISAID with
the intent to share with researchers to analyze[223], providing access to 11 million sequences
collected at different points during the pandemic. In order to insure that poor quality
sequences are not allowed to interfere with the analysis, we filtered these sequences with
the following parameters. The set of sequences was limited to include only those that were
sampled in the first year. While this does limit the data set, it gives a specific range and clear
end point to the information and mutations that occurred. The sequences themselves were
checked for thorough completeness, where, if more than 20% of the sequence was unknown
or missing, the sequence was removed from the data set. From here, each allelic location was
analyzed for variance and removed from consideration if the location did not have at least two

unique alleles and the minor allele was not present in at least 0.01% of the sequences. This
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Figure 5.2: A potential process for recombination within SARs-CoV-2. 1) In order for
unique haplotype A and B to recombine they would need to be present in the same cell.
2) The replication process starts for haplotype A, and after some section of the sequence
is duplicated the process is paused. In this case haplotype A’s replication is paused after
the AUGC sequence. 3) Replication then restarts using haplotype B as the template. This
completes the overall construction of the new haplotype, successfully recombining haplotypes
A and B.
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produced a set of 9,529 SNP locations for roughly one million sequences. These sequences
were then grouped into 18,584 haplotypes which represent the unique sequences based on

the parameters.

5.3.2 Incompatibility Between SNPs

To efficiently understand which SNP patterns are likely to be the result of recombination, a
value is needed that can numerically represent the presence of homoplasy, or the occurrence
of the same trait or mutation in two separate lineages. The only way for homoplasic events to
occur is due to convergent evolution, where the two lineages evolve the trait independently,
or through recombination. An incompatibility score, i(X;, X;), can be defined as the number
of homoplasic events between two SNP locations ¢ and j within a population[155]. This

incompatibility score can be defined as:

(X, Xj) = (X3, X5) = 1) = (1XG] = 1) = (1X5] = 1)

where |X;| is the number of unique alleles at SNP location ¢ and |X| is the number of
unique alleles at SNP location j, as defined by Bruen et. al. [156]. The function [(X;, X;)
denotes the number of unique combinations of the SNP pairs together at location ¢ and j. In
order to discuss the number of events the fact that one of the unique states was the ’origin’
must be taken into account, and the events then make some change to that origin. This
leads to the inclusion of subtracting one from each of the values.

This incompatibility score indicates the number of incompatibility events that occurred
between two SNP locations within this population. The values of the resulting incom-
patibilities can be viewed as either their numerical values, that represent the number of
homoplasic events required to allow for the set of combinations to occur, or as a binary value
that represents if any incompatibility exists between the two SNPs. The resulting value is
bidirectional, such that if the incompatibility between SNP A to SNP B is 1 then SNP B to
SNP A is also 1.

To quantify the incompatibility of the entire SARS-CoV-2 genome, incompatibility scores

can be calculated between every pair of SNPs. Individual SNPs that are incompatible
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with either other SNPs or genomic regions, i.e. set of SNPs that occur near each other,
likely indicates that the individual SNP had a point mutation that occurred in two separate
lineages, indicating convergent evolution. However, when entire regions are incompatible
with other genomic regions the likelihood of repeated convergent mutation events decreases
with each SNP in the region, instead indicative of recombination. Regardless of the reason
for the incompatibility, the existence indicates that the regions and combinations highlighted

are under evolutionary pressure.

5.3.3 Haplotype Relationship Network

A traditional phylogenic tree attempts to derive the ancestry of each individual in a
population to a single ancestor, most often by using a binary tree, where each split in
the tree represents one or more evolutionary changes. They can be constructed by a variety
of methods, but the underlying concept is the connection of each individual back to the
common ancestor through a series of divergent changes[224]. Due to the diverging structure,
there is no mechanism to indicate transfer of evolved traits between lineages. In order to
visualize the relationship among viral sequences, we can create a network of the haplotypes,
or unique sequences, that are connected by their evolutionary distance without specifically
requiring a tree structure.

For a network construction, evolutionary distance is defined as the number of SNP
differences between two haplotypes. In a network context, SARS-CoV-2 haplotypes are
represented as nodes and the evolutionary distance is the edge weight between each pair
of nodes. A fully connected network, where every haplotype node is connected to every
other node is produced. In order to represent the most parsimonious network, edges
between haplotypes are removed if both haplotypes connect to an intermediate haplotype

that provides the likeliest evolutionary pathway.
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This process of edge removal can be seen in Figure 5.3. Four sequences, ATT, GTT, GTC,
and ATC, are represented in the figure, where each is connected to every other sequence by
an edge labeled with the mutational distance between the sequences. The larger value edges
marked in red across the network represent more changes needing to occur at once for one
sequence to mutate into the other than the edges around the outside of the network. These
internal edges represent pathways that are less likely evolutionary than following the route
of one mutation occurring at a time. From a network connectivity perspective, the edges
marked in red could be fully derived from the black edges. The total mutational distance
from GTC to ATT can still be determined to be 2 via the edges from GTC to GTT and
then GTT to ATT. Therefore, it be can determined that the red edges can be removed from
the network without loss of information.

To systematically determine all edges that can be removed for these reasons, an automatic
detection method was designed to determine edges that meet the required conditions. For
any given edge, to determine if it is 'informative’, its value is defined as total mutational
distance. If the value is 1, the edge is kept, as it is the most direct relationship possible
between two unique sequences. If it is greater than 1, it must be determine if there is a
pathway through the network that has an equal total mutational distance.

The process can be done by using an implementation of Dijkstra’s algorithm for shortest
path determination. By subtracting .001 from each mutational distance, such that a
previous mutational distance of 1 is now represented by the value .999, previously equivalent
mutational distance pathways are now shorter if more hops between haplotypes are taken,
while maintaining the approximate values of each total mutational distance. For example,
with the network in Figure 5.3, the direct path from GTC to ATT is now 1.999 while the
indirect, but more simple path, is 0.999 plus 0.999, or 1.998, making the simple path slightly
shorter. Dijkstra’s algorithm can now systematically check the combinations of edges to find
the shortest path between every pair of haplotypes.

If the edge connecting two specific nodes is not the shortest path between those two
nodes, as would be with the direct GTC to ATT and ATC to GTT connections in Figure
5.3, that edge would be removed. Even after removing the direct edge, there are multiple

pathways from sequence GTC to ATT, through ATC or GTT, where a tree structure would
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Figure 5.3: Haplotype Network. Haplotypes with the sequences ATC, ATT, GTC and
GTT, are all connected with number of SNP differences shown by the edge weight. The
distance from ATC to GTT and from ATT to GTC is 2, the distance from ATC to ATT,
ATT to GTT, GTT to GTC, and GTC to ATC is 1. Because the edges around the outside are
all one and the internal edges are two we can represent the same information in the network
by removing the internal edges denoted by the red dotted lines. The remaining edges form
a homoplasic loop indicating that there are at least two separate feasible step-wise paths for
evolution to take.
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have to choose one path or the other. This loop represents a homoplasy within the subset of
haplotypes. The network construction also allows for direct edges between haplotypes that
have large mutational distances if no other sequence can provide an intermediary step. These
edges either represent a large amount of intermediary mutations that are not accounted for
in the data set or an event that changed a region of the genome, such as recombination.
This process, when used to optimally link haplotypes with their closest neighbors gives an

efficient and more accurate model of the lineage of SARS-CoV-2.

5.3.4 Potential Parental Search Method

To try to identify the parents of any organism the first step would be to look for older
organisms that share traits with the target of the search. With viral sequences this is done
by comparing the specific SNPs from unique sequence to sequence. If divergent evolution is
assumed, there should be one parent that is the closest genetically. However, if recombination
has occurred the parents of the organism may be slightly more distant with some traits
coming from each parent. For SARS-CoV-2, knowing who the parents are of a particular
haplotype can help infer the infection rate and severity of illness it can cause. Because the
likely method of recombination of SARS-CoV-2 would be template switching during the
replication phase of the virus, a similar process to template switching is utilized for the
search method.

The outline of the search can be seen in Figure 5.4, with the steps as follows. For a
haplotype of interest (A), list of potential ”parent” haplotypes to search through (B) is
constructed, considering only haplotypes originally sampled prior to the original sampling
of our haplotype of interest. These haplotypes (B) are ordered by their original sampling
date to prioritize the haplotypes that have existed longer and had more opportunity to be a
part of the recombination process. The overlap between two haplotypes, calculated between
the haplotype of interest and every potential parent, is determined by calculating the exact
SNP locations that occur in both sequences.

Due to the nature of viral evolution, the haplotype of interest is likely to have some
amount of overlap with all potential parents. As such, it becomes necessary to identify

the region of our haplotype of interest with the least coverage by the haplotypes from our
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Figure 5.4: The process used to find a potential set of ”parents” or ancestors of a SARs-
CoV-2 haplotype. A) On selection of a haplotype of interest, all haplotypes that were
sampled before it are added to a list of potential parents. B) The first parent is chosen as
the haplotype that best covers the region in our haplotype of interest with the least coverage
by the potential parents. C) The SNPs that overlap between the selected haplotype from
B with the haplotype of interest are then used to create a new partial haplotype. D) The
same list of haplotypes used in the search for B) is used to again search for the closest match
with the haplotype of interest, excluding the SNPs from partial haplotype from C. E) The
overlap from the second parent is added to the partial haplotype. This process of step D
and E continues to repeat until the original haplotype is fully reconstructed, the addition
of new parents no longer increases the size of the partial haplotype, or a preset number of
parents is chosen.
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set of potential parents, and find the parent that best covers that region first (B). The
overlap between the haplotype of interest and this found parent are used to create a partial
haplotype (C). To continue reconstructing the haplotype of interest, the set of potential
parents is searched for the haplotype with the overlap locations that best completes the
partial haplotype (D). The overlap that exists between the second parent and the haplotype
of interest is then added to our partial haplotype(E). The final two processes (D&E) are
repeated until one of three stopping parameters is met: the haplotype of interest is fully
reconstructed, there are no remaining potential parents that would add a SNP to our partial
haplotype, or a predetermined number of parents is reached.

If a haplotype of interest is not the result of recombination, but simply a single divergent
mutation from another haplotype, this method will produce that closest haplotype as the
single parent. Reporting a single parent is equivalent to this method reporting that the

haplotype of interest is not the result of recombination.

5.4 Results and Discussion

5.4.1 Incompatibility of SNPs

For each of the 9,529 SNPs in the SARS-CoV-2 data set, the incompatibility scores were
calculated for each pair, resulting in 90,801,841 calculated comparisons with 790,416 pairs of
SNPs having an incompatibility greater than zero. Figure 5.5 shows a summarized view of the
incompatibility scores. While the value of incompatibility is the number of homoplasic events
required to reconcile the two SNP locations, the image treats incompatibility as a binary,
either compatible (white pixel) or not (red pixel). This summarized view shows only the
areas of highest incompatibility, by including the SNPs (and their immediate neighborhood)
that have the largest sum of incompatibility with the rest of the genome. The large number
of SNP comparisons shown in the heatmap produces a visual effect that regions that do not
have a large concentration of incompatibilities appear lighter in color than the dense regions

that appear deep red, however all red used is the same shade.
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Figure 5.5: Incompatibility Matrix of SARS-CoV-2 Haplotypes shown as a heat map.
Each axis is the SNP locations and each red pixel represents incompatibility between the
two locations. This represents a summarized view of the genome by removing SNPs from
both axes that have very little information (as defined by a total incompatibility with the rest
of the genome of less than 500). The darker appearing regions indicate more incompatibility
between the two sites and the denser the local area of incompatibility. The lines of darker
appearing color highlight sites that have likely had mutations transferred to other parts of
the population through recombination resulting in incompatibility with most of the genome.
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Since all of the SNPs represented are on both axes, the diagonal represents each SNP
location’s incompatibility score with themselves, which is always a value of 0. This also
causes the upper triangular region to be a transposed copy of the lower triangular region
and for the the areas nearest the diagonal to represent the areas adjacent to each other
in the haplotypes. A full version appears in Appendix A. Figure 5.5 shows distribution of
incompatibilities throughout the genome, but there appears to be specific regions, the solid
lines and blocks, that have higher rates of incompatibility, pointing either to recombination or
convergent mutation of whole sections of the genome. The mutations at these sites represent
the areas in the genome most likely to contain evidence for recombination events, mutations
that do not follow a linear evolutionary path. While a single event of incompatibility may
easily represent a convergent mutation, whole regions of incompatibility more likely indicate
a higher likelihood of recombination in that region.

Focused views for areas of interest can be seen in Figure 5.6. These views highlight
specific regions where large sections of the genome has incompatibilities with other large
sections. Image (A) shows the heatmap from SNP 18694 to 22000 on both axes containing
two separate regions of incompatibility mirrored across the diagonal. Both regions appeared
to be fully boxed in by at least one SNP on either side that is compatible with the whole
region, potentially representing a SNP at the border of a region of recombination and lines up
with the intersection between Beta-CoV-Nspl4 and an Nspl5-like endoribonuclease. Image
(B) shows the heatmap from SNP 27382 to 28882 on both axes and contains two separate
regions of incompatibility, multiple different shapes of incompatibility, and aligns with the
intersecting points of multiple open reading frames, including ORF6, ORF7a, ORF7b, and
ORF8. Both part A and B of the figure show a region around the diagonal, such that the
image is mirrored showing patterns of incompatibilities that exist within the genome from
regions that are near each other. Image (C) shows the zoom in of the incompatibility matrix
From SNP 19824 to 22800 on the Y axis and SNP 27925 to 29,904 on the X axis. The
region shows both a large block of incompatibility from region of the nspl5 and 2’-O-ribose
methyltransferase genes to the region of the Corona Nucleoca and ORF10. Part C of the
figure shows a large incompatibility section far off the diagonal, representing two large sets

of SNPs from very different regions that are incompatible with each other.

116



A) 1869

19294 4
19894 - ril-=

20494 u
21094

21694

8694 19294 19894 20494 21094 21694

-

B) 3% I C) 19824
27682 Lll

27982 . 21024

28282 F ‘ 21624 '

28582 22224

20424

27382 27682 27982 28282 28582 27925 28225 28525 28825 29125 29425

Figure 5.6: Incompatibility Matrix of SARS-CoV-2 Haplotypes shown as a heat map
zoomed in to specific regions of the genome. Each axis is the parsimonious SNPs in the
order they appear in the sequence. A) From SNP 18694 to 22000 on both axes shows a
region along the diagonal that has two separate regions of incompatibility mirrored across
the diagonal. Both regions appeared to be fully boxed in by at least one SNP on either side
that is compatible with the whole region, potentially representing a SNP at the border of
a region of recombination. This region lines up with the intersection between Beta-CoV-
Nspl4 and an Nspl5-like endoribonuclease. B) From SNP 27382 to 28882 on both axes
shows a region along the diagonal that has two separate regions of incompatibility mirrored
across the diagonal. This shows multiple different shapes of incompatibility and aligns with
the intersecting points of multiple open reading frames, including ORF6, ORF7a, ORF7b,
and ORF8. C) The zoom in of the incompatibility matrix From SNP 19824 to 22800 on
the Y axis and SNP 27925 to 29,904 on the X axis. This region shows both a large block
of incompatibility from region of the nspl5 and 2’-O-ribose methyltransferase genes to the
region of the Corona Nucleoca and ORF10.
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In order to better visualize the incompatibilities within the context of the SARs-CoV-2
genome, a Circos plot was created as seen in Figure 5.7. This plot is annotated with the
various structures within the virus (annotations were downloaded from NCBI)[225, 226].
The connections shown are chosen by selecting the 100 largest blocks of incompatibility by
total size from the heatmap, by summing the total number of pixels in the contiguous region.
The near diagonal sections seen in the heatmaps are represented by the lines that connect
adjacent sections, with the lines traveling across the genome representing the incompatible
sections that are farther away within the genome and farther away from the diagonal within

the heatmaps.

5.4.2 Haplotype Relationship Network

The full set of 18,584 haplotypes were connected based on the 9,529 SNPs from the
population using the method described in section 5.3.3. Figure 5.8 shows a reduced
network connecting 2,662 unique haplotypes, with edges thresholded to represent one to
five mutational differences. The lighter and more yellow nodes originated earlier in the
pandemic than the darker, more purple nodes. The larger nodes represent more common
haplotypes, while the smallest nodes representing haplotypes with only 5 sequences.

The multiple isolated clusters represent groups of haplotypes that are closely related
without a close genetic relative between the separate groups. This network is the first step in
creating a full lineage of SARS-CoV-2 because each haplotype can only be connected to other
haplotypes that were recorded earlier and connections imply an evolutionary relationship.
The network shows a hierarchy of haplotypes in a similar way to phylogenetic trees, but
because it allows for multiple edges to converge on a single haplotype, it is able to include
convergent evolution and recombination. This results in homoplasic loops in the network,
where there are multiple possible paths between two connected haplotypes. These homoplasic
loops highlight the specific sequences that have the incompatibilities highlighted in the heat
maps and circos plot. Because of the nature of evolution, the separation of the haplotypes
into distinct clusters could represent the genetic distance caused by multiple mutations and

little to no sampling over a period of time, or recombination.
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Figure 5.7: A Circos plot showing the location of the largest incompatibility blocks from the
heat map in the context of the SARs-CoV-2 genome and annotations. The outer most band
represents the 29,904 bases in the full sequence of SARs-CoV-2, with each tick representing
a distance of 1,000 bases. The next three tracks are annotated sections of the SARs-CoV-2
reference sequence from NCBI, broken down into three categories with each change in color
on the track representing a different structure within the sequence. The first of these tracks
is the "genes” | made up mostly of several Open Reading Frames (ORFSs), the first ORF
making up most of the sequence. The second track shows the peptides in each ORF and the
last track showing different conserved protein domains. The connections shown in the center
of the circle illustrate the largest 100 sections of the heat map of connected incompatibilities.
Most of the largest incompatibility regions are incompatible with multiple other regions, and
not just one singular other region. Hot spots for incompatibility favor regions where proteins
or genes intersect, but also occasionally appear in the middle of large sequences from a single
protein. The teal blue on the inner most track represents the region coding for the SPIKE
protein and includes incompatibility hotspots both within the gene and along its intersection
with the proceeding gene.
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Figure 5.8: The network is constructed by taking unique SARS-CoV-2 haplotypes (the
nodes) and connecting them if they are within 5 mutational steps away from each other.
The size of each node represents the number of times a sequence was sampled that belonged
to that haplotype and the color represents when the haplotype was first sampled, with lighter,
yellower colors being earlier and darker, more purple colors being later in the pandemic.
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By restricting the network to only show edges that represent one SNP of difference we
arrive at the network in Figure 5.9. The figure shows that by limiting the edges significantly,
the total number of haplotypes shown is also limited, as the network view only retains
haplotypes that have an edge to another haplotype. This figure also shows that the majority
of these very similar haplotypes are from roughly the same time period, as denoted by
their colors. The limited number of edges represented shows that within the entire set
of haplotypes very few are within a single step from each other, with the network only
containing 262 haplotypes and 211 edges between them. More examples of the network at
different thresholds can be found in Appendix A.

5.4.3 Selection of Potential Parents

Two haplotypes of interested were chosen to search for the potential parents from
recombination. The first was a haplotype from the pango lineage B.1.1.7, and the second
is P.1 or Gamma. In Figures 5.10 (B.1.1.7), and 5.11 (P.1) the results of these parental
searches can be seen on the two separate haplotypes. These haplotypes are shown within
the context of the networks from the previous section that connects haplotypes based on
SNP differences. In Figure 5.10 the parents of haplotype C are the haplotypes labeled A
and B. These haplotypes do not have a direct or indirect connection in this network because
a threshold of 5 mutational distance was used to remove edges. The result is that C exists
in its own cluster while its parents exist in a separate cluster. The color of the nodes also
shows that C was first sampled much closer in time to both of its likely parents than to any
of the other haplotypes in its cluster.

In Figure 5.11 no threshold is applied to the edges so every haplotype is connected to every
other haplotype that does not have a more efficient intermediate route. So, as seen in the
image, all 5 potential parents of P.1 are connected to P.1 because there are no intermediate
haplotypes closer with the same types of mutations. This allows us to see that B.1, B.1* (a
different haplotype but close to B.1), and B.1.279 are all closely related as denoted by the
edges connecting them together.

For B.1.1.7 to directly evolve into P.1 would require a substitution of 82 SNPs within
the 29903 bases in the genome of SARs-CoV-2. The evolution rate of SARS-CoV-2 has
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Figure 5.9: The network is constructed by taking unique SARS-CoV-2 haplotypes (the
nodes) and connecting them if they are 1 point of mutation away from each other. The size
of each node represents the number of samples within that haplotype and the color represents
when the haplotype was first sampled, with lighter, yellower colors being earlier and darker,
more purple colors being later in the pandemic.
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Figure 5.10: The network shows how recombination can be missed by looking at haplotypes
connected by mutational distance. By searching through all haplotypes in our data set that
had a sample collected before the collection of the haplotype labeled C, B.1.1.7 from the
pango lineage, it was identified that the haplotype A and the haplotype B in combination
account for all but 5 SNPs that were new mutations at the time, indicating that while their is
significant overlap between C and its potential parents it does still introduce new mutations
to the population at the same time. This network is constructed by taking unique SARS-
CoV-2 haplotypes (the nodes) and connecting them if they are 5 or fewer points of mutation
away from each other. The size of each node represents the number of samples within
that haplotype and the color represents when the haplotype was first sampled, with lighter,
yellower colors being earlier and darker, more purple colors being later in the pandemic.
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B.1.1

B.1.1.7

Figure 5.11: The network shows the potential parents of the P.1 strain first detected in
Brazil. The P.1 label, as well as the others shown in the graph, are the pango network
designations, and allow for small variations in haplotype within a single designation. Using
the parental search method, it was identified that haplotype B.1 and the haplotype B.1.1.7,
in combination, account for 99.7% of the P.1 sequence, with B.1 providing at least 30 unique
mutations not found in B.1.1.7. The other three parents shown in the image, B.1.1, B.1*,
and B.1.279 each add only a single additional mutation. Both the color of the node and the
relative position left to right indicate date of first sampling of the specific haplotype. Even
though B.1.1.7 is a descendant of B.1 it appears before it because the specific haplotype
represented by B.1 in the graph was first measured after the B.1.1.7 haplotype. This also
accounts for the presence of B.1 and B.1*, with the later being only a few mutations away
from the original B.1.
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been estimated to be 10™% mutations per site per year[227]. There were 274 days (.75 years)
between the sampling of the B.1.1.7 and the P.1 haplotypes. There are 30 SNPs that occur
in the B.1 haplotype from the figure that occur in P.1 but not B.1.1.7. At the observed
evolution rate for one of those SNPs to have convergent evolution over that time period
one would expect a probability of 1073 mutations per site per year multiplied by .75 years.
Thus, for each specific site we expect there to be 7.5 * 10~* mutations, or effectively a .075%
chance of having a mutation, let alone a mutation to the correct base. So the probability
that all 30 convergent substitutions would occur within the same time frame is on the order
of (7.5%1074)3% or roughly 1.7858209 * 10~%* chance of happening. This does not consider
the inclusion of selective pressure of the specific mutations or the effect other mutations may
have on the sequence in this time period. Nonetheless, the extremely unlikely series of events
of the exact loci mutating to the exact SNPs that occurred in another haplotype that existed

previously would potentially require only a single recombination event to reproduce.

5.5 Conclusion

Here I have shown the regions of incompatibility that exist throughout the SARS-CoV-2
genome with a population wide measurement and how hot spot regions of incompatibility
map to specific regions of the genome potentially under selective evolutionary pressure.
One of these regions is the area within and around the spike gene, which has been a
hot spot of mutational changes across variants and has prior evidence pointing to possible
recombination[151].

Also presented is a haplotype network that illustrates the relationships between
haplotypes of interest and their likely parental haplotypes. An example haplotype of
interest, haplotype P.1, contains multiple mutations from distant lineages of previously
sampled haplotypes, and for those mutations to occur together and to not be the result
of recombination would be unlikely to the point of near impossibility. With both the
incompatibility throughout the SARS-CoV-2 genome and the homoplasic loops within the
haplotype network, the evidence points to evolution using both serial collections of individual

point mutations as well as the incorporation of recombinations of mutations that already
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exist in the population. By comparing haplotypes of interest such as P.1 in Figure 5.11 to
its parents, we can find that large swaths of the sequence come from previously sampled
haplotypes from different divergent paths. Upon closer examination we find that, in order to
fully recreate this new haplotype, we have to allow for recombination or expect an extremely
unlikely set of co-occurring convergent evolution events to have occurred.

These results suggest that, while serial mutations do lead to new haplotypes, recom-
bination can combine different segments from various strains of SARS-CoV-2. This result
supports the idea that recombination has been seen since the beginning of the pandemic[146],
and that some of the lineages from the first year of the pandemic were likely the result of
recombination[147], as is shown with the P.1 lineage. This could indicate that more divergent
strains could be created simply by having individuals infected with multiple strains. This
knowledge could help track the creation of new strains and help determine which haplotypes
need to targeted with new testing. This also allows for further insight into what could be
causing recombination and potentially help formulate a way to cause a rapid extinction of
the virus SARS-CoV-2[152] by causing an exponential increase in the overall mutation rate
within the virus, or imposed mutational meltdown[153].

Future work could be done to evaluate more recent variants, given that the evidence
here was limited to the data from the first year of the pandemic. Research could also be
done to project out to potential new strains of SARS-CoV-2 that may appear in the future
by using same method to reconstruct a haplotype based on potential parents to create new
unsampled haplotypes that are the recombination of current haplotypes. The method could
use the information from the incompatibility matrix to determine likely template switching
points for the recombination process and potentially help prepare for haplotypes that do not
currently exist. The more solid the understanding of the current and future viral mutation
and recombination patterns within SARS-CoV-2, the more prepared the world is to combat

this virus and potential future viruses with similar structures.
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Chapter 6

Conclusion
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Biological data are known to be complex in nature, requiring tools and methods that
can handle and evaluate these complexities. The methods shown here are new techniques
that address ways to better take advantage of the inherent conditionalities in the biological
data available. These chapters discuss new algorithms to handle these data and new ways
of approaching known problems.

Using Iterative Random Forest for Genome Wide Epistasis Studies in chapter 2 shows
efficient detection of epistasis with an explainable artificial intelligence (X-Al) algorithm.
This process identifies likely sources of epistasis in a genome relative to a given phenotype,
and also provides the effect sizes of linear and combinatoric effects and their interactions
within the model. This chapter presented a way for iRF models to be mined more efficiently
providing new and useful data. Specifically, an importance cutoff value to determine causitive
effects that generalizes to any problem or data set was introduced. A method for determining
the feature effect and the direction of the feature effect on the phenotype in question was
introduced and shown to be robust to almost all tested parameters. Three new set analysis
techniques were introduced to work alongside RIT, within the framework of iRF, with set
importance having the greatest effect. And while RIT adjusted and conditional importance
did not improve the selection of causative sets from the model, they do provide new insight
into how features interact with each other within the framework of iRF.

The progeny prediction method using iRF in chapter 3 introduces a new method for
breeders to determine the genetic efficacy of crosses without the time and money necessary
for a full progeny trial. By taking advantage of broad population genetic mappings, a
machine learning model was built to predict phenotypes from the genotypic information of
the organism. By genotyping a set of potential parents, a synthetic set of crosses between
parents can be made and the phenotype of the in silico progeny can be predicted by the
machine learning model. These predictions allow a full evaluation of a progeny trial providing
both General Combining Ability and Specific Combining Ability of the parents without
requiring the time, space, and money for a full progeny trial. The method can take advantage
of a generic training population of the species, grown in a separate location from the intended
progeny, and with the genetic information of the parents, to provide accurate predictions on

the combining ability of the parents for a given phenotype.
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Tensor iterative random forest, as described in chapter 4, provides an X-Al model that
can identify the relationships among multiple targets, while maintaining the ability of the
model predecessors to identify feature to feature and feature to target relationships. This
method was validated in both real and synthetic expression data using transcription factor
genes to predict non-transcription factor genes from the DREAM competition. The ability
to provide relationships within and across layers of data allows for analysis on full omics-to-
omics layers with a single model.

Given the human impact of the SARS-CoV-2 virus, a better understanding of the
mechanistic processes can help predict and prepare for future events. Chapter 5 showed
how the amount of SARS-CoV-2 sequences could be utilized to detect likely recombination
events that have occurred during the pandemic. Multiple metrics are provided that suggest
the presence of recombination within SARS-CoV-2, such as incompatibility scores and
homoplasic loops within haplotype networks. By providing a method to find potential
"parents” of virus haplotypes, this chapter adds another tool in the arsenal for scientists
looking to study the full evolutionary history of the virus. This method can also help
prepare for potential dangerous possible recombinations of this virus and future viruses.

Together these chapters provide a comprehensive look into the complexities of biological
data and provided methods and insights to further elucidate knowledge from genomic data.
The quantities of genomic data are going to continue to grow and the tools and methods

designed for them must to continue to grow as well.
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A Chapter 5 Supplementary Figures
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Figure 1: Incompatibility Matrix of SARS-CoV-2 Haplotypes shown as a heat map. Each
axis is the parsimonious SNPs in the order they appear in the sequence with the SNPs
labeled to roughly what they would be in the full Genome. The darker color means more
incompatibility between the two sites. The lines of darker color highlight sites that have
likely had mutations transferred to other parts of the population through recombination
resulting in incompatibility with most of the genome.
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Figure 2: This network is constructed by taking unique SARS-CoV-2 haplotypes (the
nodes) and connecting them with an edge whose value is the number of mutational differences
between the haplotypes. The size of each node represents the number of samples collected
with that haplotype and the color represents when the haplotype was first sampled, with
lighter colors being earlier and darker colors being later in the pandemic. Each edge is
then pruned if there is an intermediary haplotype whose edge values to the original two
haplotypes sum to the same or less value than the distance of the original edge. This
is equivalent to saying that haplotype of the intermediary node is also the intermediary
evolution point between the two originally connected haplotypes. This network contains 8742
unique haplotypes representing up to 2941 individual samples and 390307 edges connecting
them which represent mutational differences from 1 to 722 of 14793 SNPs.
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Figure 3: This network is constructed by taking unique SARS-CoV-2 haplotypes (the
nodes) and connecting them if they are 15 points of mutation (the value of the edge) away
from each other or less. The size of each node represents the number of samples within that
haplotype and the color represents when the haplotype was first sampled, with lighter colors
being earlier and darker, bluer colors being later in the pandemic. Each edge is then pruned
if there is an intermediary haplotype whose edge values to the original two haplotypes sum
to the same or less value than the distance of the original edge. This is equivalent to saying
that haplotype of the intermediary node is also the intermediary evolution point between
the two originally connected haplotypes.
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