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ABSTRACT
Bioinformatics is the computational arm of life sciences research. It is comprised of
computer scientists studying imaging, omics, mathematics, and statistics. In this dissertation, I
have compiled small pieces from each of these scientific disciplines to develop and deploy two
machine learning architectures that address open questions in cancer metastasis and systems
biology. In the first experimental chapter, we developed a first-in-class tree-based classifier
capable of predicting site-specific metastases arising from primary tumors in 16 cancer types. Our
model extracts and analyzes the biological determinants of cancer metastases from transcriptomic
profiling data to model the biological phenomena of metastatic organotropism. We expanded the
core feature selection algorithm into an end-to-end omics preprocessing and feature selection
software. We validated our design on the tumor methylation array data by selecting cancer type-
specific methylation array probes as input features for an artificial neural network. The MetNet
architecture was trained to classify cancer types and identify organ of origin in cancers of unknown
primary (CUPs). Finally, we developed a high throughput object detection suite for microscopy
images of fungal structures. We established and deployed a first-in-class instance segmentation

tool for the identification of arbuscular mycorrhizal fungi colonizing terrestrial plant roots. Our



model is available for public use on amazon webservices to support the greater scientific efforts

of mycologists.
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CHAPTER 1
LITERATURE REVIEW AND INTRODUCTION

In the past 60 years the development of machine learning (ML) algorithms has
exponentially expanded and their applications have been integrated into every scientific
discipline!. The expansion of this field is directly connected to the exponential growth in data
generation®. It is estimated that 2.5 quintillion bytes of data are generated everyday?. Scientists
studying life sciences, have seen an explosion of sequencing data and microscope images as two
of the major forms of digital information being experimentally generated*. The applications of ML
in the biological sciences have unsurprisingly been focused on developing new models and tools
to analyze these data®. While all ML algorithms fit models to data, the specific methods and
applications are very diverse. Each application requires the design of a fit for purpose approach.
Designing and executing a fit for purpose ML algorithm occurs in multiple phases. These phases
include data mining, data preprocessing, feature selection, dimensionality reduction, algorithm
training, validation and testing, and architecture deployment. We will visit these phases and review
the emerging algorithms developed in these phases for applications in bioinformatics. Applications
of modeling methods, computer vision, clustering, as well as genetic, deterministic, and stochastic
heuristics for feature selection will be presented. Finally, we will introduce the knowledge gaps
we aim to fill by developing new algorithms for feature selection and by modifying existing

methods in machine learning and bioinformatics.



1.1 Machine Learning in Genomics begins with data mining:

Genomics research makes up an extremely large proportion of bioinformatics. High
throughput sequencing methods have increased the volume and veracity of assembled genome
sequences at an exponential rate*. By design, it is our field standard to deposit assembled genomes,
transcriptomes, epigenomes, and sample metadata into central repositories to benefit the research
efforts of the greater scientific community. The size and diversity of the publicly available
genomics data have opened the door for new genomics research questions to be asked that can
only be answered by data mining these extremely large resources®™.

Data mining public resources requires a significant interdisciplinary effort. Designing the
software to deposit and access public data in an application program interface (API) is
accomplished by software engineers. APIs manipulate the structure of data to optimize for the flow
of information. Bioinformaticians download, assemble, and reconfigure genomics data in its
model-ready format. As ML algorithms require many samples to properly represent and learn from
the diversity of instances in public databases, they often require mining samples from tens, if not
hundreds, of different experimental workflows. Further, it is common for an investigator to
produce his or her own in-house sample sets that they intend to use the ML tools to analyze during
their experiments. Combining all the public and in-house samples creates a heterogenous set of
information that requires further manipulation for an ML algorithm to learn. The structure,
observation ranges, and classes represented in data arising from different sources are often non-
standardized across the experiments'®. Experimental standardization and data normalization are
key steps in data preprocessing!®. Data preprocessing unifies the structure of raw or unprocessed

information into a model-ready form.



In the case of omics data, sequenced sample files are represented in raw FASTQ format,
containing nucleotide strings and base qualities reported from a sequencing machine. Raw FASTQ
data require considerable data preprocessing before it is ready for analysis. The phases of FASTQ
preprocessing are quality control, trimming, mapping, quantification, and data scaling. These steps
standardize information input into an ML algorithm'!. Optimizing these standard steps in data
preprocessing are central areas of research in bioinformatics. The applications of machine learning
in each of these areas are growing rapidly.

1.2 ML in Sequence Quality Control, an emerging discipline:

Controlling the quality of next generation sequencing data is complex. The most well-
known quality assessment tool in genomics is the software FastQC!2. This software conducts a
suite of analyses that address position-dependent biases, sequencing adapter contamination and
DNA over amplification. Large scale genomics projects have complemented this software with
multi-QC, a helper tool that gives the user a global estimate of the experimental data quality'®. The
drawbacks of these approaches are that they require modification and customization for every
sequencing analysis. The ideal quality control suite would ingest any raw data and automatically
identify poor quality sequence in the data. These kinds of architectures are currently under
development in the emerging field of omics quality control using machine learning. Published in
arecent report in Genome Biology, seqQscorer, is a tree-based learning and deep learning software
developed to conduct quality control on sequencing data'4. The seqQscorer software is trained on
raw human and mouse ENCODE project sequence data, producing two models; one trained on
individual scoring methods reported from FastQC, while the second was an ensemble model
trained on the conglomerate estimations using MultiQC. The outputs of these models are formatted

similarly to the style bioinformaticians are accustomed to analyzing in the FastQC and MultiQC



results. The model automatically identifies regions of DNA sequence that it considers low quality
or with adapter content that needs to be trimmed off, without a reference or adapter table. The low-
quality and adapter sequences are automatically removed using the trained model. The advantages
of this approach are the ease of use and accessibility for the experimentalists using sequence data
to answer their experimental questions. The drawbacks of this model are the limited scope and
variable loss. While mouse and human models are heavily studied in the disciplines of human
health, its application into other organism’s sequences has not been validated. Further, all models
suffer from some loss, the improper removal of valuable sequence data could result in
miscalculations that are difficult to resolve. This type-one error would be particularly problematic
in genome assembly.

1.3 ML in genome assembly:

Genome assembly (GA) is a central research focus in bioinformatics. The field is focused
on two main goals. First, the construction of useful genome assemblies in organisms that have not
been thoroughly characterized. §Second, the sharpening of the completeness of previously
assembled genomes. These goals are accomplished using two approaches: de novo assembly and
reference-based assembly. These approaches often complement each other, benefitting from the
scaffoldings of other genome assemblies but, in the extreme case where no other organism in its
class has ever been fully sequenced, the assembly of an organism’s genome is completely de
novo!>16,

In a computational sense, de novo GA is an incredibly hard problem, NP-hard, in fact. NP
hard problems are a class of computational problems where a polynomial time solution has not

been resolved or is impossible to derive with our current methods!”. In these classes of problems,

investigators have two options for reducing the computational time complexity for approaching



acceptable solutions. The first is to use a compression algorithm to reduce the data into latent
representations of the complete dataset. As lossless compression is the purest form of machine
intelligence, there is currently a worldwide competition hosted by Marcus Hutter to compress a 1
GB file of Wikipedia text!8. The field of genomics has inherited from the break through work of
Burrows and Wheeler describing their first in class compression algorithm, the Burrows-wheeler
transform'®. This compression algorithm uses a set of permutations to compress and organize an
organism genomes into an easily traversable tree!®. While this operation is computationally costly,
this operation needs only to be computed once and reduces the mapping of newly sequenced reads
time complexity to a linear time search of the indexed genome .

The second approach to solving NP hard problems is to make a heuristic to reduce the
computational complexity of the problems. Heuristic based GA approaches dominate the field but
Al and machine learning based approaches have begun to emerge with promising results that
match and, in some cases, exceed the performance of the heuristic-based approaches?-?2. Side-by-
side methods utilizing multi-omics and machine learning are the current best approaches for GA?!.
The combination of long-read sequencing and Hi-C data have opened the door for large scale side-
by-side methods to redefine the completeness of the most central model organisms in genomics?*-
29 These efforts are at the forefront of developing reference genomes in staple crops that will
require significant genomics engineering as we begin to deal with climate change and topsoil
depletion3’-34, Assembling the highest quality reference genomes offers the highest confidence in
the annotation of the variants in genotypes of the organisms32.

1.4 ML in de novo genome assembly:
De novo GA represents the recovery and accurate assembly of a genome without a reliable

reference to scaffold the approach. In the early days of de novo GA, the focus of the research was



to resolve a single taxon such as the human genome project'®3>. Software to assemble these
genomes were primarily derived from using sequence overlaps to configure assembly graphs that
would reconstruct continuous stretches of unbroken sequence information®¢37. New approaches
are attempting to attack this problem using recurrent neural networks for de novo assembly of
single taxa’®. However, as sequencing technology has been rapidly advancing, the field of
metagenomics is exploding. One new challenge for de novo assembly is no longer resolving a
single taxon from DNA of a single organism. The new challenge for de novo genome assembly
lies in the assignment of reads to the correct metagenomic taxa and parallel reconstruction of
thousands of taxa’s individual genomes in a soup of DNA?. Direct approaches at solving this
challenge were taken on by software teams developing tools such as SPAdes, SOAPdenovo2,
ALLPATHS, and MaSuRCA 3740-42 These software were designed to separate and assemble each
individual genome. This technique proved to be ineffective resulting in low quality assemblies
when assessed by software like QUAST, and GAGE*-**, This sparked the development of a new
generation of short read metagenomic specific tools including MetaSPAdes, MetaVelvet, IDBA-
UD, and Ray Meta*-*®, These approaches were fit-forpurpose ML algorithms designed to handle
the inherent imbalance of DNA that would be present from each of the taxa in the soup of samples.
While these algorithms have shown a marked improvement in contig resolution and confidence,
they suffer from short read inaccuracy and assembled genomes needing several rounds of polishing
with HI-C and, long read sequencing. Further, these processes are tedious and require many man
hours to resolve highly repetitive regions*°.

The next stage for this research area is clear, an end-to-end automated assembly using deep
learning. The evolution of recurrent convolutional neural networks has increased the speed and

resolution of GA. The process is simple in design but has been shown to achieve equal or better



than field-standard genome assemblies. Conceptually, a model will train on real and simulated
read sets. Seed reads will be randomly drawn from the mixed set. For each read set drawn, an RNN
capable of modeling the corresponding sequence is built. The training continues until each RNN
can classify the organism and location of reads in the genome above a pre-defined threshold.
Finally, each of the remaining read sets are concatenated. Each concatenation introduces a cascade
of new RNN training loops until the misclassification rate is reduced to a stable level®8. The quality
of the assemblies are judged against high confidence genomes assembled with multi-omics
technology using a local similarity algorithm called SIM*. RNNs have been used side-by-side
with overlap layout consensus approaches®. This approach lays the foundation to pair a neural
network system implemented together with assemblers in order to investigate the effects a read
grouping approach has on assembly performance™.

1.5 ML in reference-based genome assembly:

In the case of reference-based alignment, dynamic programming is the primary tool used
to assemble the genome. Well known aligners such as Smith-Waterman, a variant of Needleman-
Wunsch alignment, uses a distance scoring method>!. The Burrows-Wheeler aligner and Bowtie
systematically permute string arrays within the genome. This process creates streaks of redundant
base pairs as a pre-process to optimize the string-matching searches of a similarly permuted
reference genome®'->4. Classically, substrings of genomes were organized as a suffix tree
instantiated as a directed graph that was easily traversed to resolve global alignment of sub-strings
in a large text. Without indexing, one can use dynamic programming to find all the local
alignments between a text T and a pattern P in O(|T||P|) time, but this would be too slow when the
text is of genomic scale*. The most revolutionary discovery in computational genomics came in

the form of the Burrows-Wheeler transform!®. The BWT is a lossless permutation of substrings



such that the resulting matrix is easily organized into an alphabetically sorted array of strings with
a computational complexity of O(log n). The genius of the BWT lies in the tendency for the
algorithm to produce repeated sequences of characters. The indexed strings form a suffix array
which searchable in O(n) time complexity and can be easily alphabetically matched. The
compression algorithm using the FM-index formed by the BWT has been extended into the E-
BWT and has been shown to be the most successful compression of organism genomes. This work
opened the door for a number of new methods exploring compression intelligence in GAS,

The first index for read sets method based on the EBWT was BEETL, followed by
RopeBWT. The BEETL and RopeBWT algorithms both use a heuristic to reduce the number of
runs in the EBWT. The software put the separator characters at the ends of reads into lexicographic
order. These methods have been extended recently by Gaige et al. in which they build a directed
edge-labeled tree of the human genome®’. Their algorithm works by taking a partially assembled
genome as a trunk and grafting it on the reads that map to the starting positions of their alignments.
Their work is being applied to solve open questions in pan-genomics read assembly>3-63,

Mechanic algorithms are developed around GA to correct and smooth errors in assembly.
Short read assembly suffers from biological challenges and inherent constraints due to the length
of the reads they are trying to align or assemble. Biological challenges in genome assembly
generally stem from regions in a chromosome that are repetitive or are under heavy evolutionary
pressure. Specifically in plants, the pervasiveness and persistence of transposable elements plagues
short- read GA. A sequencing machine will make systematic errors when it estimates the quality
score of each base call. The most common score assessment software is Base Quality Score
Recalibration algorithm (BQSR)%. The BQSR algorithm applies a two-phase optimization-

maximization technique to model these errors empirically and adjust the quality scores recursively.



First, the BQSR builds a model of covariation based on the input data and a set of known variants
from the organism of investigation. The BQSR optimization step adjusts the base quality scores in
the data, producing a new BAM file. This cycle repeats until the known variation from the
organism can be accurately used to mask out bases at sites of expected variation. Once an
optimized criterion is met, any remaining mismatches that occurred outside masked locations pass
filter and are considered true variants.

1.6 ML in variant calling and annotation:

A genomic variant is a nucleotide alteration from an organism’s reference genome. The
most common variations are the smallest, base pair substitutions. In genetic regions, the effects of
these changes range from silent to pathological variations that drive disease®-%7. Outside of genetic
regions, the effects of single nucleotide variants are difficult to validate. Therefore, it is paramount
that the software that calls these variants and the algorithms that assess their quality and molecular
impact are both sensitive and specific. ML applications in variant calling are applied post
alignment.

The first step in genomic variant calling is to preprocess the data to ensure data
quality during alignment and coverage quantification. Pre-alignment quality scoring is directly
measured on the machine by Phred score. The Phred Score reported for a base pair call is reported
as the Q score. The Q score is defined as -10 logio(P), where P is the probability, the machine made
an erroneous base call. While this system is strong and reproducible, the sequencing by synthesis
employed by Illumina machine bias errors towards the ends of the reads and thus, the reported
Phred score is usually unreliable for end-of-read data. The poor end-of-read quality is usually
attributed to Illumina adapter sequences and reagent exhaustion. The removal of adapter sequences

relies on unsupervised learning from string similarity matrices against a known background. Short-



read sequence data can be preprocessed with a series of steps in the GTAK best practices®®. Raw
reads are converted to an unmapped BAM file. The uBAM file is passed into the mark Illumina
Adapter Sequences software. The software is built on top of the Levenshtein distance model using
fuzzy string matching for adapter sequence identification. As the expected position in reads,
adapter length and sequence identity are stored, the algorithm can estimate the probability that a
substring belongs to harvested organism DNA or is [llumina adapter content. A position-specific
similarity matrix is constructed against the known Illumina adapter sequences and high confidence
matches are marked in each of the read groups. Adapters are removed with trimming software and
passed to read alignment®. Variants passing filter are called and annotated by ML software.
Variant calling with ML on the alignment file is an established application of ML in
Bioinformatics. Early variant calling frameworks were optimized for short read alignments and
were based directly from the alignment file: DinDel, PolyBayes, samtools/BCFTools, GATK-
Haplotype Caller, GATK-Unified Genotyper. However, other ML models call variants based on
the literal sequences of reads aligned to the target instead of the precise alignment>>6%70-75 A
popular Bayesian framework, freebayes, is a generalized haplotype-based variant detection
algorithm with two main applications. Freebayes uses three inputs, the alignment files, the read
Phred 33 scores and the reference genome to generate point positions it finds to be putatively
polymorphic’. Freebayes is best applied when priors may be supplied. Data-mined VCF files or
copy number maps in a BED file allow freebayes to determine non-uniform ploidy variation across
the samples in its analyzes’®. Statistical ML frameworks works are being replaced by larger deep
learning architectures in other areas of research and, unsurprisingly, in the field of genomics, deep

learning is similarly the current gold standard.
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Google’s Deep Variant has paved the way for deep learning models to emerge in the variant caller
space’®. The Deep Variant (DV) architecture far outperforms previous variant calling methods in
recognizing substitutions, tandem repeats, insertions and deletions. The DV framework workflow
begins with an aligned reference genome. DV uses a series of candidate variant selection steps
followed by the collection of images drawn from read pileups. The images of read pileups are used
as the input layer into a convolutional neural network optimized with stochastic gradient descent.
The trained CNN reports the genotype likelihoods as confidence scores to report the variant calls’®.
The major advance in the DV framework is the generalization of the CNN. The trained CNN model
generalizes across genome builds and mammalian species, allowing nonhuman sequencing
projects to benefit from the wealth of human ground-truth data. The architecture has been since
adapted with long read data to advance calling larger segments of DNA sequence called copy
number variations (CNVs).

Long-read sequencing is changing the way we approach variant calling. Statistical and deep
learning frameworks have been developed in the last five years specifically for long read
sequencing data and most recently, single molecule sequencing (SMS). The most prominent
workflow being the software Clairvoyant, a multitask convolutional deep neural network
specifically designed for variant calling with SMS reads”’. Clairvoyant was trained on the well
characterized human cell line NA12878 to call variants. The variant caller extended the work from
DV in that it especially effective in characterizing data from long read sequencing that are best for
capturing long range CNV variation. The software expanded the known variation in the NA12878
sample by over 3000 variants missed by variant callers built on short read sequence data. The
method performed in the excellent range of F1-score on whole genome analysis at 98.65%. By

outperforming similar software, the method placed itself as the gold standard for Deep learning-
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based variant calling on long read sequencing data ”7. End-to-end deep learning variant callers both
in short read and long read experiment are emerging as the preferred feature engineering software
in genomics pipelines. The challenge of selecting which variants are the most valuable for the
biological experiment is accomplished using feature selection algorithms. Feature selection
algorithm development is dominated by statistical machine learning and deep learning
frameworks.

1.7 ML for feature selection:

Feature selection is a dimensionality reduction technique that is commonly used in the
fields of bioinformatics and computational biology. This technique aims to select a subset of
relevant features from the original set of features according to some criteria. Examples of feature
selection techniques to include Information Gain in decision trees, Relief, Chi Squares, Fisher
Score, and Lasso. This problem arises most commonly in bioinformatics where a sequencing
machine will output millions of reads that cover thousands of genes, but we only can afford to
study a small number of samples. In the case of gene expression data, feature selection is necessary
as the sequencing data usually contains many redundant, lowly expressed, or noisy transcripts. In
practice the data may be fully labeled or partially characterized. This leads to the use of supervised
methods for labeled data and unsupervised methods for unlabeled samples. The supervised feature
selection is the process of reducing the feature subset to latent variables measuring the importance
of the variables for discriminating between classes in the labeled data. In contrast, unlabeled data
requires algorithms to draw intrinsic differences in the sample level by measuring patterns in the
features such as innate information like variance, distance, or stratification.

Using machine learning to tackle feature selection is a common approach in computational

biology. A heuristic was proposed by Yu and Liu that allots features into four major categories;
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(I) completely irrelevant and noisy features, (II) weakly relevant and redundant features, (III)
weakly relevant and non-redundant features, and (IV) strongly relevant features. They suggest the
theoretically optimal set of features are a combination of sets III and IV where, you can describe
your classes using the strongly relevant and non-redundant features’. It is important to note that
the removal of a feature that is redundant or noisy is due to its possible strong correlations with
possible irrelevant features that will contribute to loss in the architecture. A single gene or
transcript alone may have little affect but in combination with others, the signal may be
significantly stronger. In this section we will discuss unsupervised and supervised methods for
gene selection with special attention to previously developed methods in transcriptomics,
microarray, single cell, and genetic networks.

Minimal redundancy and maximum relevance (mRMR) analysis is an unsupervised
method that is best applied to gene expression data when the objective is to discriminate between
two classes of data where the gene expression sets are produced. The features are selected one by
one by applying a greedy search to maximize one of two commonly used types of the objective
functions; MID (Mutual Information Difference criterion) or MIQ (Mutual Information Quotient
criterion). These draw one of two values, either the difference or the quotient of relevance and
redundancy, respectively’%0. This method has been adapted an advanced since Peng et al, by
Radovic et al developing the TMRMR-M and TMRMR-C feature selection algorithms®’. This
software is implemented as an easily implementable MATLAB package with side-by-side data
preprocessing resources that have been subsequently added on.

Dimensionality reduction methods such as principal component analysis (PCA), t-
stochastic neighbor embedding (t-SNE), and uniform manifold approximation and projection

(UMAP) reduce the complexity of a gene selection problem by engineering sets of latent variables
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with the objective of observing the maximum variance of the experimental features in a reduced
set of orthogonally engineered dimensions. PCA for gene selection is used in both combination
with supervised methods and has been modified for a singular approach for gene selection. As a
singular approach, Ma et al use PCA for selection of differential gene pathways®!. But it is
currently used more prominently as a first a pass in filter and wrapper supervised methods®>%3, T-
sne dimensionality reduction is the most prominent method for gene selection in single cell
transcriptomics. The method excels at revealing local structure in high-dimensional data, but naive
applications often suffer from misrepresentation of global expression structures and has thus fallen
out of favor for UMAP34#, The UMAP algorithm is a geometric machine learning algorithm that
preserves local and global data structure better than t-SNE, with a shorter run time in multiple gene
selection experiments across single-cell omics technologies®®.

Factor Analysis (FA) models, specifically Bayesian FA models are used to describe a large
number of observed variables by a smaller number of hidden variables called factors. The models
are used for gene selection because all correlation drawn between observed variables can be
explained by combinations of common factors. Classical FA models differ from Bayesian FA as
Bayesian FA methods tend to infer sparse networks by enforcing sparsity through the calculated
priors. In contrast, the classical FA methods enforce sparsity through reversible matrix rotations
and transpositions. Purnara et al. showed in cases where a Bayesian FA model does not impose
strict sparsity through the priors it can be used for accurate gene network reconstruction and
investigation of gene regulatory networks®’. They applied FA using a two-layer network to model
gene expression regulation. The network was comprised of unobserved TF variables in the first
layer and observed gene expression variables in the second layer where TFs are connected to

regulated genes by weighted edges. Their work showed that the assumption of the activity levels
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of transcription factors (TFs) being proportional to their mRNA expression is unlikely but, using
FA they were able to reconstruct unobserved activity profiles of TFs from the expression profiles
of target genes®’.

Linear Discriminant Analysis (LDA) has been commonly used for gene feature selection
from microarray data®®. LDA is used for feature selection in genomics because the sample sizes
are generally low and the high dimensional sample features are projected into a lower dimensional
space such that the classes separate more easily. LDA is most commonly used as a first pass in
wrapper methods but has been used a single functional method for gene selection. Huerta et al
developed a hybrid approach for LDA as a preprocessing step for analysis by a genetic algorithm
for gene selection in prostate and lung cancer microarray data sets®8. In their study they were able
to feed series of one-hundred gene sets into the LDA to discriminate between tumor and normal
data prior to gene selection in the genetic optimization algorithm. This preprocessing step
increased the computational efficiency of the agents in the subsequent search®®.

Singular Value Decomposition (SVD) is classically used or gene selection in cancer data.
The SVD algorithm is an unsupervised approach for finding the most important or central genes
for the disease. The central genes are aptly named as the algorithm determines the most informative
genes are the ones closest to the corresponding cluster’s centers. These genes are then reduced and
the algorithm constructs a pruned dataset of the same samples but with less dimensionality®®. The
algorithm may be reclusively called until only the centroids remain or in practice this algorithm
may be used in combination with a heuristic. The centers may be modified posthumously to only
the differentially expressed candidates and the SVD will recursively search for a stable

differentially expressed cluster center®’.
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Supervised methods of feature selection have three sub-categories of approaches.
Supervised methods may be divided into wrapper, filter, or intrinsic. While wrapper methods are
extremely costly these algorithms benefit from exploring different combinations of features to fit
a model. The combinations may be explored by adding and or removing predictors to find the
optimal combination that maximizes model performance. The implicit nature of wrapper methods
lends them to gene selection problems. Previous literature suggests wrapper methods should be
preceded by a dimensionality reduction step to reduce the co-linear features®?. Riverol et al
demonstrated the viability of preceding wrapper methods with dimensionality reduction steps for
gene selection by ranking genes with Pearson correlation matrix. They identified clusters with
PCA as a filtering step prior to feeding selected orthogonal sets of features into classifiers trained
to differentiate between tumor and normal data. They expanded the applicability of their method
for classification on protein IHC and microarray transcriptomics data®?.

Forward selection for gene selection is especially popular for defining genetic networks,
gene regulation and understanding metabolic reprogramming in cancer®®’!. In these models the
forward selection algorithm starts with one predictor and adds more iteratively. At each subsequent
iteration, the best of the remaining original predictors are added based on performance criteria.
This method is specifically useful in graph traversal. Genetic networks may have extremely high
dimensionality, high interconnectivity and many nodes may have extremely high betweenness
centrality. Traversing through these nodes may cause the minimal spanning tree from one gene to
another to become extremely large. Forward selection of gene expression data using knowledge
graph traversal has been demonstrated in disease state prediction®?.

In contrast to forward selection, backward elimination begins with a filtering step in which

we only consider variables that meet a criterion, build successive models by eliminating the lowest
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ranking or lowest scoring variables until our model does not improve. A common criterion for
gene selection in backward elimination models are pvalue or fold change in a differential
expression experiment®3. The foundation of canonical transcriptomics based models use a filtering
step for differentially expressed genes and built backward elimination models from the DEG.
Interestingly, in some cases a simple t-score is strong enough to separate classes in data using a
backward elimination approach®.

Step-wise selection methods are bi-directional and are a combination of forward selection
and backward elimination. This approach is also known as a hybrid approach in which more than
one kind of feature selection architecture is employed for gene selection. Step-wise eliminations
suffer from the computational cost of deriving a new model for edge cases but are advantageous
to forward and back selection as they never add an eliminated feature back into consideration. Step
wise selection is uncommon in transcriptomics analyses however, they are extremely useful in
GWAS analyses across multiple domains®>-¥7.

1.8 Evaluation of methods for feature selection:

Evaluating the performance of feature selection methods follows standard formats. The
loss and cost functions of an algorithm are optimized using the training and validation sets. The
parameters and hyperparameters that modify the functions in an algorithm are serially tuned,
measures of performance are optimized, and inductive bias and bias variance are minimized.

The outputs of machine learning model will deviate from the ground truth values or target
ranges. The statistical functions that measure these deviations between the theoretically perfect
outputs and the ones observed in practice are called loss functions®®. In supervised classifications

a loss functions measure the deviation directly against the encoded class values as cross entropy.
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With respect to regression problems estimating a measure, the loss is commonly measured as mean
square error.

Optimizing the parameters of a mathematical function is is synonymous to feature
selection. However, while training an ML model, there are tunable values can be adjusted in
between training trials to achieve the best performance. These values are known as
hyperparameters, they are adjustable values that unlike canonical features in the model, they
remain constant during each training trial”®. Hyperparameters still have an impact on the training
of the model and its performance and in a fit-for-purpose model design, the optimal
hyperparameters are searched for using a gird search, serial adjustment, or expectation
maximization subroutine®. A common example of a hyperparameter is the learning rate®. The
learning rate refers to the rate at which function parameters are adjusted in the training process®’.

Training is the process of adjusting parameters such that the model recognizes the features
vector patterns that characterize observation classes. The training process isolates a large enough
proportion of the data set such that the model can recognize the underlying diversity in feature
vectors. The parameter adjustments are fit to training set and are recursively tested on the
validation data set. The validation data set is used to monitor but not influence the training process
to detect potential overfitting. The validation data set allows the model to make serial
modifications without tainting the test set and ruining the integrity of the test results. The test set
is the proof of generalization for the model. The reported performance of a machine learning model
is the performance on the test set. The measures of performance depend on the type of dataset but
generally describe how often a model identified a sample into the correct class versus how often it

misidentified a sample.
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Measuring the performance of an ML model on the test data set demonstrates to the
potential user what their expectations should be when using the model on their dataset. It allows
the user to decide whether the model is fit for their purpose and if the level of loss is acceptable
for their problem. There are five common measures of performance; accuracy, precision, recall, F-
1 measure and Mathew’s correlation co-efficient. The true positive rate (TPRate) represents the
true positives called by the models amongst the test set. The false positive rate (FPRate) represents
the false positives called by the model amongst the test set. Precision is the fraction of true positives
amongst all of the instances which were predicted to belong in a certain class:

TP

Precision = m

Recall is the fraction of instances which were predicted to belong to a class divided by all of the

instances that truly belonged in the class.

TP

Recall = m

The F-Measure is the combination of precision and recall and is optimally weighted for model

assessment:

Precision - Recall
(B? - Precision) + Recall

FB=@1+p%

The B parameter is tunable. It allows for a trade-off between precision and recall. f<1 weights the
assessment of precision higher, while f>1 allocates more weight to recall. The Mathew correlation
coefficient (MCC) assessment is used in machine learning as a measure of the quality of binary
classifications!®!. MCC is a balanced measure and it is often used if the class sizes are highly
imbalanced. The MCC returns a value between —1 and +1. A coefficient close to 1 represents a

strong correlation between prediction and observation label, a coefficient of 0 represents a random
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prediction, and a coefficient of —1 indicates a failure to find correlation between the predicted class

and observation label.

TP-TN —FP -FN

MCC =
V((TP + FP)(TP + FN)(TN + FP)(TN + FN))

A receiver operating characteristic area is a measure showing the performance of a classification
model at all classification thresholds. This curve plots two parameters, TPRate vs FPRate. The
area under the curve measures the entire two-dimensional area underneath the entire ROC curve.
Finally, the PRCArea, a precision-recall curve shows the relationship between precision (positive
predictive value) and recall (model sensitivity). The PRCArea is the entire two-dimensional area
underneath the curve.

The cost functions of unsupervised methods are optimized however the goodness of fit in
approaches such as clustering is not adjusted to a ground truth value. Instead of fitting a model to
a ground truth, unsupervised algorithms measure the goodness of fit based on homogeneity of the
groupings or clusters they generate. It is often the case that the number of groupings has the highest
influence on the performance of an unsupervised algorithm. A common example of this measure

is used in the K-means algorithm.!%?

The k-means algorithm estimates the classes of the data by
randomly generating k number of cluster centroids where k is a hyperparameter pre-defined prior
to clustering. The algorithm assigns the samples closest to these centroids into the associated
clusters based on Euclidean or Manhattan distance in two dimensional or N dimensional space,
respectively. The cost function is adjusted such that the centroid is updated to represent the newest

“center” of each cluster. The cluster number is optimized by serially adjusting the hyperparameter

and calculating the average within-cluster sum of square distances from the centroids (WCSS)!02,
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In all ML modeling, assumptions must be made to constrain the problems you are applying
an algorithm to solve. The inductive bias of a model refers to the set of assumptions made by the
model to learn the solutions to the problems. The assumptions will make certain outcomes more
likely than others, and this is known as the bias of the model. A common bias occurs in recurrent

103

models'’-. Recurrent models suffer from bias toward the order or sequence in which data is loaded

into the model. The model will, with all other parameters equal, bias towards a solution that favors

data fed into the model at the beginning of the sequence!%:1%4

. We resolve this bias by adjusting
the parameter weights and slowing the learning rates in recurrent models.

Bias-variance is a balance stricken between the number of constraints on a model to
reproduce very precise outputs versus fewer constraints that will produce a larger variance in the
prediction outputs. If a model has a high bias, the model may be very constrained into a highly
specific problem. While a model with a high variance may be broader but suffers from the
possibility of catastrophic unlearning. Catastrophic unlearning occurs when a trained model may
lose performance when a new class is added to the data. For example, if a model trained to identify
dogs in an image is subsequently trained to identify ducks, it may suffer a catastrophic loss in
performance in identifying dogs in the next applications. Catastrophic unlearning is extremely
common in convolutional neural networks'%. This has led to the adoption of super data sets. These
are extremely large, labeled datasets with a diverse set of classes!%. The model is trained to identify
all the classes at once. Training these models can be extremely costly however, it uncovered the
most powerful applications of deep learning: transfer learning and knowledge inheritance!®.

Transfer learning allows the user to take advantage of the pretrained networks and harness learned

underlying residual information from previous models. The knowledge inheritance opens the
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opportunity to tune previously trained models and deploy them on small datasets that may not be
suited for deep learning on their own'?’,
1.9 Deep Learning and current methods for segmentation:

Deep Learning (DL) has been an extremely successful branch of artificial intelligence in
the field of computer vision (CV). In the past 2 years over 14,000 papers with a diverse set of deep
neural network architectures have been published in computer vision in the CVPR conference.
The dominating architecture for computer vision for many years has been the convolutional neural
network (CNN). CNNs can become extremely complex in their design but have a very simple core
network structure of neurons. CNNs have two kinds of neuron layers, first the convolutional layer

108

and second a pooling layer'?®. A filter is passed across and down the pixels of an image performing

108

small matrix multiplication operations called convolutions'*®. The filter is comprised of four core

properties; the kernel dimensions, padding, stride, bias, initial weights and number of output

channels!%8

. In successive strides, the filter is slid across image patches and conducts the matrix
multiplications. A pooling layer is a subsampling of the patches that have been operated upon by
the convolutional filter'°®. The matrix is combined with the underlying image values and the
maximum value from each convolution is obtained as a pooled value. In a CNN, the convolutional
layers are not fully connected. The only fully connected layer is the final layer responsible for the
classification task'%®, The CNN framework has been shown to be extremely successful in problems
such as image classification, disease state determination, pattern recognition and self-driving!®.
The CNN framework has limitations. These include training with limited data, difficult for real-
applications and very powerful tools are required to deploy the models in practice'®.

Recurrent Neural Networks have emerged as a powerful tool for on the fly updating and

are powerful for sequential operations such as projecting flight path and in natural language. The
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RNN is a special kind of a neural network that permits continuing information related to past
knowledge by utilizing a special kind of looped architecture. To understand an RNN we can divide
the network by the flow of information. In each round a new instance of our model is created. Each
instance is divided into discrete time steps, that contain recurrent layers. An element of a sequence
is fed into the model in each step'!®. A feedforward connection links information flow from one
neuron to another. The data contained in this link is the calculated neuronal activation which, is
passed forward to the next step!'®. In contrast, a recurrent connection constitutes neuronal
activation data flowing from the preceding time step!'?. In both cases a neuron activation in a
recurrent network is not unidirectional and only reflects the network instance’s current state. The
optimal values for the initial parameter are defined similarly to the optimal values for every
connection’s weight during the training process!!?. The recurrent layers are modified and cast as a
feed forward layer, a new gradient dependent only on the modified recurrent layer is derived and
all the methods of backpropagation used for a feedforward network are then applied for RNN
training. Error is modified such that the adjustment of the weights is not a direct change but is
dependent on the error derivatives computed after each batch of training examples!!'?. The sum of
all the derivatives is averaged over all the links that belong to the same set. The average error
derivative assumes that all the dynamics that act on a connection’s weight will be captured by
averaging the entire until the network converges'!?. Applications of RNNs in bioinformatics have
been primarily focused in the space of proteomics'!!-'14, This is likely because of the sequence of
peptides fits well into the RNN learning.

Interestingly, RNNs and CNNs are now converging in structure with recurrent
convolutional neural networks and their applications are now dominating the computer vision

8

space!®. A specific task in computer vision is segmentation, which is the process of teaching a
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computer to recognize targets pictured within an image and discriminating them from the
background!®®. Segmentation of an image is made up of with two steps: classification of the image
subject and locating the target within an image. There are two types of segmentation: semantic
segmentation or instance segmentation. Semantic segmentation attempts to classify every pixel in
the image!'>. Semantic segmentation is dependent on careful labeling of target value boundaries
and the accompanying network architecture'!>. Strong success in semantic segmentation has been
archived with the U-NET architecture!!>.

The U-Net architecture is made of two halves for image processing. The front half is the
encoder which is used to capture the context in the image. The encoder is a traditional stack of
convolutional and max pooling layers. The second half is symmetric to the first expanding as the
decoder for object localization using a series of transposed convolutions. End-to-end the U-like
structure is a fully convolutional network (FCN), only containing convolutional layers with no
dense layers, as such it returns an image and not a single value classification from the final layer.
The returned image is a two channel or multi-channel representation of each of the pixels. The
classification of the pixels is inherent in that the colors produced are mapped to the indexed
class'’.

Instance segmentation is the current cutting edge of computer vision. The advancement of
instance segmentation beyond semantic segmentation in addition to pixel level classification, the
models identify where each instance in an image is located for each class separately'!®!'!”. Thus,
there are three steps in the process that lend themselves to hybrid recurrent convolutional neural
network!'®!17 The series of information contained in the image is updated using the back
propagation''®!7. New models are generated for each sequence generating strong simultaneous

classification of objects in an image!!6:!17,
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A recent adaptation of a recurrent convolutional neural network was the mask-renn!!'®, The
software was built on top of three separate backbones; ResNet-101-C4, ResNet-101-FPN,
ResNeXt-101-FPN and outperformed MNC, FCIS, and FCIS* on all three backgrounds!%6:113:119,
The model achieved a level best of APso score of 54.9,49.5 and 60 in the respective background
beating the aforementioned architectures on all backgrounds and in all benchmarks on the COCO
dataset!'3.

1.10 Thesis outline

The overall goal of this dissertation is to design, create and deploy machine learning
architectures in the fields of bioinformatics and life sciences. In this section I gave a brief overview
of how we designed a hybrid feature selection algorithm to reduce the computational complexity
of deploying machine learning models in the fields of transcriptomics and cancer biology. We
extended out feature selection algorithm to preprocess and select features from epigenomics,
microarray and genomics data as a general-purpose omics feature selection software. Finally, we
explored areas of deep learning in computer vision. We designed and implemented a high
throughput instance segmentation algorithm aimed at segmenting fungal structures in microscope
images for sorghum roots. Finally, this architecture was deployed on aws as a free service to benefit
fungal biology community.

In Chapter 2, we data mined over ten thousand tumor transcriptomes from the TCGA
database and programmatically curated the clinicopathologic annotations to characterize the
metastatic patterns of primary tumors arising in thirty-two anatomic locations. The database
revealed 125 distinct metastatic loci with clear organotropic metastases in 16 anatomic locations
in 12 cancers. We built a tree-based classifier to predict tumor type and site-specific metastatic

loci from individual primary tumors. Our feature selection algorithm produced latent feature sets
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that showed significant enrichment for hallmark cancer metastasis pathways. This phenomenon
was consistently reproducible and was demonstrated to be persistent across tumor types arising in
separate locations that metastasized to concordant distant organs.

In Chapter 3, we demonstrate our feature selection algorithm goes beyond selection of
features in transcriptomic profiling data and outfitted the software to analyze data from Illumina
legacy 450k array data, trained a neural network wrapper model and successfully classified the
tumor type of over ten thousand primary tumors demonstrating our feature selection architecture
successfully removes redundant features in problems with an extreme Big-P to Little-N ratio. We
extended the functionality beyond continuous variables and to accommodate discrete variables in
genomics problems such as variants. The software is outfitted with over thirty functions for data
preprocessing, genomic window manipulation, variant selection. It is now completely multi-
threaded. The software is published as publicly available on the python package index.

In Chapter 4, we collaborated with fungal biologists to implement a first in class instance
segmentation suite for fungal structures. The algorithm segments five classes of fungal structures
and two classes of root structures. The trained model was integrated into the Amazon webservices
platform, and a web-based interface allows users to upload microscope images onto aws for on-
the-fly instance segmentation. Finally, we have implemented the model on cloud front as with
access at the command line (cli) interface for high throughput usage of our internal teams. We
plant to integrate the cli with the high throughput microscopy team to produce an immediate end-

to-end sample to analysis workflow.
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2.1 Abstract:

Background & Aims: Cancer metastasis into distant organs is an evolutionarily selective
process. A better understanding of the driving forces endowing proliferative plasticity of tumor
seeds in distant soils is required to develop and adapt better treatment systems for this lethal stage
of the disease. To this end, we aimed to utilize transcript expression profiling features to predict
the site-specific metastases of primary tumors and second, to identify the determinants of tissue
specific progression. Methods: We used statistical machine learning for transcript feature selection
to optimize classification and built tree-based classifiers to predict tissue specific sites of metastatic
progression. Results: We developed a novel machine learning architecture that analyzes 33 types
of RNA transcriptome profiles from The Cancer Genome Atlas (TCGA) database. Our classifier
identifies the tumor type, derives synthetic instances of primary tumors metastasizing to distant
organs and classifies the site-specific metastases in 16 types of cancers metastasizing to 12
locations. Conclusions: We have demonstrated that site specific metastatic progression is
predictable using transcriptomic profiling data from primary tumors and that the overrepresented
biological processes in tumors metastasizing to congruent distant loci are highly overlapping.
These results indicate site-specific progression was organotropic and core features of biological

signaling pathways are identifiable that may describe proliferative plasticity in distant soils.
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2.2 Introduction:

Metastasis accounts for 90% of cancer associated mortality!. While disease spread is a
definitive turning point in patient pathology, metastasis is a long, arduous, and inefficient process
for a primary tumor'-2, To establish an overt colonization in a distant organ, metastasis proceeds
through multiple restrictive bottlenecks. Tumor sheds must first retain membrane integrity during
a violent intravasation and successfully navigate the circulatory vasculature. Arriving in the new
settlement, cells must elude immune response, retain activation of growth signals, and survive
radiotherapies or putative ablation via chemotherapeutics’>. The possible organs sites of
metastasis are tumor type specific; and in part determined by primary lesion anatomic location,
intratumor metabolic reprogramming, augmented protein functions and disrupted biological
pathways driving tumor cell fitness in the distant organs®!?. The dissemination of successful
metastases is an organized process known as metastatic organotropism.

Metastatic organotropism is a long-standing problem in cancer research and characterizing
the metastatic patterns of primary tumors is a critical step towards treating patients with advanced
disease!!"'2. Experimentally driven investigations have focused on characterizing the biological
underpinnings of organotropic metastasis while computational approaches have developed tools
attempting to predict the sites of metastases. Previous research has described the patterns of bone,
liver, and lung tropisms. Bone tropisms arise primarily from breast and prostate cancers's. In
prostate cancers, three major clusters of pathologies have evolved, one of which show high
androgen receptor signaling and high bone-tropism compared to the other clusters'*!>, Liver
tropisms primarily arise from breast, lung, and gastrointestinal cancers'3. A 17-gene signature has
been shown to indicate adverse outcomes for breast cancer patients and has some correlative

evidence suggesting liver progression from breast tumors!S. Lung tropisms are observed most
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commonly in breast, melanoma and thyroid cancers!®!”. Similar to liver tumors, a 54 gene panel
expression signature has been developed for showing correlation for organotropic metastasis from
breast tumors progressing to the lung'8.

Studies using molecular information for retrospective analyses of tumor metastatic sites
have been xenograft selection studies that extrapolated organotropic features from metastasis
microarray data. Studies leveraging RNA transcript profiling data have been designed for single
tumor type progressing to a single site. We have found no significant study has been developed on
classifying site-specific metastasis from human primary tumor transcriptomic profiling data’1%-28,
The most recent work investigating organotropic progression used no molecular data and instead
used deep data mining of patient clinical data to model temporal patterns of tumor type site-specific
progression and established a powerful co-occurrence based network but did not extract any
biological determinants of tumor plasticity in distant organs?*.

Despite the significant progress made from previous modeling methods, a unified approach
to predict site specific metastasis in multiple cancer types that learns the biological determinants
of dissemination has not been resolved. We have leveraged the publicly available omics data and
clinical annotations in the TCGA database to investigate metastatic organotropisms of multiple
cancers. In this study, we build off the previous work and establish a machine learning architecture
that models organotropic metastases by distinguishing the tumor type and in multiple cancer types
predicts the loci of distant tumor metastases. We detail a migration from the canonical pipelines
using differential expression for feature assessment and use statistical machine learning for feature
selection to optimize classification. Our model systematically predicts site-specific metastases of

primary tumors and our methods captured conserved core biological processes overrepresented in

tumors of varying origin that seeded in concordant anatomic locations.
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2.3 Methods:

Review of data download of TCGA transcriptomic and clinical annotation data:

The TCGA data portal has the clinical data commons that are publicly available for data
mining in the clinical databank®. These data are accessible in multiple ways including Bulk/Batch
API access, TCGA Biolinks software via Bioconductor, and Cart-Building on the portal website
in a patient-by-patient search?’. Currently, no unified patient disease progression information is
directly available for bulk data mining on the portal website. Our progression annotation was built
by text mining clinical files of progression annotations project by project using the batch query
function in the TCGA Biolinks package. Each patient has multiple unique identifiers. In a project-
by-project manner, each Case ID was cataloged. Each case ID query produced a case UUID that
was used across the data types including the gene expression counts, VCF files, FASTQ files,
images from slides, and clinical annotation for each experiment for each patient. Each UUID
produces a patient summary. Each summary was broken down into: Data category, Experimental
strategy, clinical annotations, and clinical supplemental files. The transcriptome counts files for
each project were downloaded, normalized and analyzed. Each project has between 53 and 261
clinical annotation columns. The stringr and dplyr software packages were used for clinical
annotation, data cleaning, and anatomical annotation®. Metastatic tumors identified in the clinical
annotation file were drawn from the “metastatic tissue”, “sites of metastases” or “metastatic tissue
site” column(s). Tumor progression labeled as “synchronous” were not included in the metastatic
data as the clinical timeline of diagnosis was ambiguous. The diagnosis allows for tumors to be
classified as synchronous ranging between the time of diagnosis up to 6 months following the
diagnosis in varying tumor types.

Review of synthetic sample generation:
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Synthetic samples were generated to balance positive and negative classes using the
SMOTE algorithm; where positive classes were tumors that developed a metastasis in the tested
location and negative classes were tumors that did not develop a metastasis in the tested locaiton?!.
Briefly, the Synthetic Minority Oversampling Technique (SMOTE) is an algorithm to increase the
representation of a minority class in machine learning classification problems. The objective
function for this approach sits on top of a distance based KNN algorithm. The synthetic
oversampling technique begins by selecting a minority class instance. Then finds the instance’s k
nearest neighbors. One of the minority class neighbors is chosen at random. A line is drawn
between these two instances and a synthetic sample is generated along the line as a convex
combination of the two real instances. This process repeats until it has created the desired number
of synthetic samples. The number of synthetic samples generated was specific for each binary
comparison. The authors suggest that the SMOTE algorithm can be used to generate a large sum
of representative synthetic samples, however how large that sum is without over fitting the model
is unknown. We employed an overfit prevention method during sample balancing. We measured
80% of the majority class and increased the representation of the minority to the match

approximately 80% of the majority class rounded to the closest integer.

Review of Feature Selection:

Feature selection is a method in model building to reduce the dimensionality of a dataset.
Overtfitting can occur when the number of columns (features) outnumber the rows (instances) we
can use for the model. To reduce the dimensionality of the problem we have employed three kinds
of feature selection methods: Filter based, Wrapper-based and Embedded feature selection. Chi-
square filtering calculates the chi-square metric between the target and the numerical variable and

only reduces the features for the variables with the maximum chi-squared values. The SelectKBest,
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Chi2 and MinMaxScaler Libraries from Sklearn and feature selection module were used®?. A
Recursive feature selection estimator iteratively reduced the dimensionality of the data set by
recursively considering smaller and smaller subsets of each feature block. The RFE was trained
on each initial block of features and the importance of each feature was obtained through the
feature importances attribute. The RFE and LogisticRegression libraries from Sklearn and
feature selection module were used*. For embedded methods, Random forest classifier, random
forest regression and lasso regression with a logistic regression estimator and L1 penalty were
employed. These algorithms have an embedded feature selection method to stratify and rank
features. The SelectFromModel, RfC and RfR libraries were imported from Sklearn3>33. We cross
validated these approaches by extracting support values in each using the get support() methods,
summing the true feature support Booleans for each feature in each block across all five methods
and sorting features by selection support.

Iterative Feature selection was conducted by splitting the 60,483 transcript features into
100 blocks of approximately 600 features to be assessed by the above algorithms. We extracted
support values for each feature from each selection method. Each block was assessed independent
of all other blocks in each classification. Transcripts were filtered for features that showed the
highest cross-validated support in multiple or all algorithms. Dimensionality was finally reduced
by filtering out co-linear features. The top 10% of highest scoring features were kept from each
block for a total number of approximately S000 candidate transcripts (50 transcripts x 100 blocks).
The remaining transcripts were used as the input features in each binary classification. Tree-based
models were selected as the best fit for the classification to account for the variability in number

selected features in each classification and to allow model attributions to be extracted post-hoc.

Review of Model Building:
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Random Forest classification and Gradient boosted tree classifiers were built to classify
site specific progression from primary tumors. The selected features in each binary classification
were used as input attributes into model classification. The model is set to report rounded value
for classification but is capable of posterior probability for class likelihood. The code and the
pretrained models are available through the documented Github. Model building and usage is

documented on the Github wiki page.
Review of feature recapture:

Feature recapture was the final phase of model building and analysis. Testing the statistical
significance of feature recapture in independently generated lists following bioinformatic analysis
is an indirect however well documented technique to determine non-random enrichment**. Two
sets of feature recapture were analyzed and displayed in Table S7. The tests were conducted; within
cancer class seeding loci and the between cancer classes metastasizing in matching locations. The
Fisher’s exact was used to evaluate the significance of recapture between lists, as the significance
of deviation from the null hypothesis can be directly calculated. Our null hypothesis was that the
feature recapture when analyzing matched seeding locations across cancer types was by chance;
therefore, no biological meaning can be drawn from the phenomena. Our alternative hypothesis
was that recapture of features within class and between matching seeding locations indicates
similar distant metastatic potential and offers candidate biomarkers for organotropic metastasis,
respectively. The contingency table was set as; the background of the search space for the
information gain algorithm. The starting feature selection space for each classification was the
entire human transcriptome. As all of the binary compassions initially began considering all 60,483
transcripts, and each set of selected features were independently generated, the total transcriptome

remained the background for all tests. In list A of each contingency table, we place the top 1000
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features for each classification of primary tumor seeding location. In list B, we assess a second
primary tumor type and/or metastatic location feature list. We test the significance of the
intersection of the two lists considering the list sizes, background and overlap in contingency table.

The GeneOverlap package on Bioconductor was used to conduct the Fisher’s exact tests?>.
Gene set overrepresentation and Semantic analysis:

The clusterprofiler package was used to conduct an overrepresentation test in the GO
database’®. The selected features for each metastatic location in each cancer type were translated
into their associated GO biological process IDs using the bitr function in the clusterProfiler
package®®. The overrepresented GO biological pathways were passed to into the GoSemSim
package and simplify enrichment package3’. A similarity matrix of biological functions was made
using the simplfyEnrichment package in R3®. A heatmap was produced by clustering the similarity
scores of the biological functions using the package default binary cut function. A Fisher’s exact
test was conducted using the base GeneOverlap in R3°. The background was changed from the
human transcriptome to the GO database to account for the change in the search space®®. The
UpsetR package in R was used to display the bar graph of overlapping biological processes in the
tumors seeding in matched locations*. All overlaps were tested between cancers metastasizing in

similar organs.
Data availability and code:

We used public data sets drawn from the TCGA database using the GDC data commons
for this project and its analyses*!. We have provided all the custom computer code to produce these

models.
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Our code is currently available for view and use in a public Github repository:
https://github.com/michaelSkaro/Classification of organotropic metastases. The docker image
containing all relevant environment variables, dependencies and a demo test data set is also made
publicly available on docker hub and integrated into the Github actions. We have a documented
wiki page that is available, demonstrating the installations, displays visualization and describes
script usage within the pipeline. We have provided a general usage script that runs the entire
metastatic classification pipeline. At the command line it can be ran using the
metastasis_pipeline.py script within the built docker container. We have provided a general usage
feature selection pipeline Feature selection.py. We have provided the organotropic features sets
for all cancer types selected in this study in the supplementary data tables. We have provided all

enrichment and recapture code in the source code.
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2.4 Results:

Classification of Tumor type:

Each tumor type is unique and potential metastatic sites of progression are limited based
on the tumor gene expression profile, anatomic location, and blood circulation?*. We hypothesized
that each tumor type has subsets of features associated with tissue specific progression. Therefore,
classifying tumor type was considered a critical step towards extracting patterns of organotropic
metastasis. Thirty-three tumor types were considered by the model and are annotated by their four-
letter code in the tumor type column in all figures and tables. Figure 1. displays the confusion
matrix of the model as a heatmap and displays the model precision, recall and fl-score with
normalized performance for population size classifying 33 cancer types in the TCGA database.
Our model performs in the excellent range on thirty of the cancer classes, Cholangiocarcinoma
(CHOL) showed the worst performance as the population of 45 was too small to develop a strong
model for cancer type classification. Esophageal carcinoma and stomach adenocarcinoma showed
some misclassification in between the types, given these tumors have been shown to be
pathologically very similar in previous research this was unsurprising®’. Colorectal
adenocarcinoma (COAD) showed considerable misclassification specifically misidentifying
COAD for Renal adenocarcinoma (READ) and vice-versa. The COAD and READ classes are
combined in the UCSC genome browser database, and combined COAD and READ in further

analyses as the metastatic progressions showed a considerable overlap.

Overall, the cancer type classification model performed in the excellent range with a macro
average precision of 94.2, macro average recall of 91.98 and macro average F1 score 0f 92.77. The
classified results were used to carry forward for site specific metastases prediction. The

classification of the primary tumor type significantly decreased the complexity of predicting
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possible sites of metastatic progression for each primary tumor. We annotated 125 metastatic
locations in the ten thousand patient samples separated in twenty-three TCGA projects containing
transcriptomic and clinical data (Figure 2). The most observed sites of metastasis were Bone,
Liver, Lung and Lymph Node( Figure 2.). We filtered for metastatic sites with at least eight clinical
annotations of progression for a given site and an overall total population of over fifty patients
with documented non-synonymous progression of disease arising from the primary tumor.
Following filtering we were able to analyze 35 tumor metastatic site pairs.

Classification of organotropic progression:

Thirty-three cancer types in TCGA were analyzed in this study, based on the availability
of annotated metastatic progression in the TCGA clinical data. For sixteen cancer types, we
predicted site specific organotropic metastases. The classification of the organotropic metastases
in the sixteen cancer types occurred in three phases. First, synthetic sample generation, followed
by feature selection, and finally classification of progression. Synthetic sample generation was
used to increase the representation of tumors that metastasized to each of the tested locations.
Feature selection was used to reduce the dimensionality of the data and to find transcripts that best
separated the tumors that metastasized to a tested locations from negative cases. We combined five
feature selection algorithms to assess feature value discriminating between positive and negative
classes in each classification independent of all other comparisons**.

In Figure 3. we show the performance of classification in sixteen cancer types. We report
four metrics for the classification of site-specific progression in each cancer; precision, recall, F1
Measure and Model Accuracy. We observed an overall average precision of 0.82, average recall
of 0.82, average F1 Measure of 0.82 and average accuracy of 0.82 considering all sites and all

predictions. We performed in the excellent range on twenty six of 35 classification pairs. The
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projects with the fewest errors were the larger projects; Bladder cancer, Breast cancer, Colorectal
cancers, and lung cancers. Sites with the strongest model support for prediction were Bone, Liver,
Lung and Lymph Node. Cancer type specific performance is detailed in Table 1. Considering all
progressions for each cancer type.

After the classification of the organotropic metastases, we predicted tumors metastasizing
to congruent loci may exhibit similar biological changes in the primary tumor endowing
proliferative plasticity in the distant organ locations. To this end, we used the top 1000 selected
features from each feature selection to conduct pathway enrichment. In Figure 4A. We simulated
the number of expected biological processes to overlap if 1000 randomly selected transcripts were
enriched in the GO database. It is known that Ensemble transcript IDs map to multiple GO
biological process IDs and therefore there is a high probability of false discovery due to random
chance. To establish that our observed overlap between lists of GO BP IDs were significant, we
modified previously published gene overlap protocols and conducted a weighted simulation of our
feature selection methods where IDs with the least amount of mapping match GO IDs are given
priori over IDs with many matches’!. The weighted simulation was conducted by randomly
selecting two sets of 1000 transcript features, conducting a GO over representation test within each
list, filtering for significantly overrepresented processes in the feature sets followed by testing the
simulated overlap of the two independently generated GO:ID lists. We conducted this simulation
a total of 750,000 times using 50,000 simulations for each possible intersection combination. We
tested all pairwise combinations of 5 possible lengths of GO:ID lists ranging from 100 GO:IDs to
500 GO:IDs. The simulated results are stratified by the colored lines in Figure 4A. Our simulation
shows that the feature selection method consistently produced significantly higher overlap than in

random simulation. In Figures 4B-4E we show the number of overrepresented biological processes

48



in the tumors metastasizing to bone, liver, lung, and Lymph Node, respectively. We reported the
list overlaps, odds ratio and adjusted p.value after Bonferroni adjustment in the supplementary
data tables (S7).

In Figure 5A, 5B, 5C, and 5D we cluster the sematic similarity of the GO:ID terms that
passed the selection and filtering. We display four heatmaps that describe the biological processes
found to be overrepresented in primary tumors metastasizing to concordant locations. The largest
cluster common among all the comparisons was regulation of morphogenesis and migration. This
is a significant result as collective cell migration is a hallmark of metastatic cancer and further

suggests a progressive tumors may be identified by the expression profiles 4.
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2.5 Discussion:

The capacity to accurately determine the site-specific metastases of patients’ primary
tumors is directly applicable to clinical actions for patients. Following tumor resection;
transcriptomic analysis of a patient’s tumor can provide valuable insight into disease progression
and can aid clinician’s treatment interventions*®. We present an accurate and precise machine
learning architecture that can classify the tumor type and can identify if and where a primary tumor
will metastasize. Embedded in our model we offer potential users the opportunity to report the
locations of the metastases and additionally retain the posterior probabilities of metastatic
progression to each location. This offers users the ability to integrate investigation specific
calibration for their data and report the confidence of the classification in the clinical setting.

The model improves on previous work in two fundamental ways. The model increases the
scope and performance comparison to previous work modeling either a single cancer type or single
metastatic location and identifies biological feature determinants of organotropic metastasis from
unified transcript profiling data. The model was shown to be broadly applicable in 16 different
cancer types. Our feature selection method is uncommon amongst canonical bioinformatics or
biomedical pipelines. The differentiation of the positive class feature space was only discernable
from the negative class feature space following statistical machine learning centered feature
selection methods. The features that are represented in the supplementary data tables were
produced cross validating five feature selection method and extracting model attribution support
for the best features in each comparison.

Our model is not without clear limitations. By breaking down a multi-label, multi-output
experiment into NxM binary classification experiments we sacrificed detecting possible features

that may be present in non-mutually exclusive progression. An example of this break down occurs
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when one patient’s tumor metastasized to the liver and the lung. The model will fail to find features
that may be dictating the multi-organ expansion of the patient’s disease. We justify this sacrifice
with an opportunity cost. While we will not find these coalescent features as there are not enough
coalescent cases to properly model these phenomena, we do produce a model with very high
sensitivity and specificity to detect if and where both metastases will arise in a given case. Further,
the model is built in a way, upon receipt of more data, we can make the necessary modifications
from a binary comparisons list to an All vs. All classification. The transition to an All vs. All
classification presents the clear second limitation of this model; the very costly overhead of data
production. Our model relies on the largest ever unified conglomerate of tumor transcriptome data
to produce the level of precision and recall we achieved on only 16 cancer types of the 33 TCGA
projects we investigated. This model is reliant on the high-quality data production pipeline in
TCGA. The transcript profiling data for each tumor were produced from sequencing of patient
tumors of extremely high purity which is very uncommon in most studies. If this model is to be
broadly incorporated into the medical community it will need a very deep and diverse set of
transcriptomes to train on that is much larger than our current TCGA dataset.

Next Steps:

Our next steps will be to include more cancer types. As the publicly available data continue
to grow as a super set of TCGA and the International Cancer Genome Consortium (ICGC), more
projects will have clinically annotated tumor and normal transcriptomes. Further, the TCGA
database documentation has become more unified and is continuously growing in its clarity. This
will allow us to incorporate multiple data types into a multiomic approach that may illuminate

genetic, genomic, epigenetic and transcriptomic features working to provide proliferative plasticity
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in metastatic soils. Finally, if the public data grows by a significant margin, we can approach

characterizing organotropic metastasis with an All vs. All model.
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2.6 Conclusion:

Our machine learning architecture expands the understanding of the cancer metastasis. The
leading cause of cancer associated death is metastatic progression of disease, however
incorporating this tool into the clinical timelines for patients may offer clinicians opportunities for
pre-metastatic therapeutic interventions. We demonstrate our model can detect if and where
metastases will arise. Our methods of synthetic sample generation and feature selection produced
a clear and concise biological data-based model of metastatic progression in multiple tumor types.
Our recaptured features are offered as candidate biomarkers of site-specific metastatic

organotropism.
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2.7 Figures and Tables:

Figure
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Figure 1: Classification of Cancer type. The confusion matrix detailing sample type specific performance for the GBT classification of tumor
transcriptomes. 33 cancer types were considered by the model as annotated by their four letter TCGA code. The scale bar on the right-hand vertical
axis denotes the density for each tile where dark tiles indicate low number of predicted values and red/white values indicate high numbers of
predicted values. The major diagonal denotes the cancer type match between predicted and true labels where true labels are annotated along the
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Metatatic Sites

Figure 2. Observed sites of metastatic progression in the TCGA database

Log Frequency

6

Cancer Types

Figure 2. Thirty-three cancers in the TCGA database have recorded RNA sequencing data. Within twenty-three projects 125 anatomic locations

have clinically annotated metastatic progression. Unique metastatic sites of progression found within the population are annotated on the vertical
axis. The cancer type four letter codes are annotated on the horizontal axis. The heatmaps are stratified by log frequency of occurrence in the data
set. The right heatmap are were locations with the greatest frequency amongst all sites. COAD and READ have been combined in this section of

the analysis.
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Figure 3. Prediction of Site-specific Metastases

Classification Metrics

Precision Recall F-Measure Model Accuracy
BLCA: Pelvis 1 1 1 1 0
BLCA: Liver 0.98 0.94 0.96 0.97
BLCA: Bladder 0.95 0.91 0.93 0.93
BLCA: Lung 0.95 0.9 0.92 0.93 005

BLCA: Prostate

BLCA: Bone

BLCA: Distant Lymph Node
BRCA: Lung

BRCA: Bone

BRCA: Liver

COADREAD: Prostate
COADREAD: Colon
COADREAD: Liver

ESCA: Distant Lymph Node
HNSC: Oropharynx

HNSC: Distant Lymph Node 0.97 0.94 0.95 0.96
HNSC: Lung

HNSC: Oral Cavity 0.68 68

KIRC: Distant Lymph Node 0.93 0.95 0.94 0.95
0ss 089
LIHC: Liver 0.99 0.97 0.98 0.98

LIHC: Lung 0.91 0.86 (VR 74 0.88

LUAD: Lung 0.96 0.94 0.94 0.94

LUAD: Breast

LUAD: Prostate

LUSC: Distant Lymph Node
PAAD: Liver

PRAD: Distant Lymph Node
SARC: Lung

SKCM: Brain

SKCM: Lung

SKCM: Distant Lymph Node
STAD: Liver

STAD: Distant Lymph Node
THCA: Distant Lymph Node

Tissue

Precision Recall F-Measure Model Accuracy

Figure 3. Displayed are the model performance metrics predicting site specific metastasis. The data was classified following a train test split where
30% of the annotated transcriptome population were held out. The performances reported are on out of bag instances that were not used as synthetic
templates for training. Model performances are reported on a scale of 0 to 1. Cancer type label are in the four-letter code from the TCGA database.
Total support are instances in the test set where a positive class was observed are reported in supplementary data tables.
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Table 1. Average model metrics by cancer

TCGA-Project Avg. Precision Avg. Recall Avg. F-Measure Avg. Model Accuracy
BLCA 0.93 0.87 0.89 0.90
BRCA 0.82 0.80 0.81 0.81
COADREAD 0.76 0.76 0.76 0.75
ESCA 0.77 0.81 0.79 0.81
HNSC 0.86 0.85 0.85 0.86
KIRC 0.93 0.95 0.94 0.95
KIRP 0.87 0.89 0.88 0.89
LIHC 0.95 0.91 0.93 0.93
LUAD 0.76 0.75 0.75 0.75
LUSC 0.65 0.67 0.66 0.67
PAAD 0.75 0.77 0.76 0.77
PRAD 0.88 0.87 0.86 0.87
SARC 0.70 0.75 0.72 0.75
SKCM 0.73 0.79 0.76 0.79
STAD 0.73 0.74 0.74 0.74
THCA 0.61 0.61 0.61 0.61

Table 1. Displayed are the cumulative model performance metrics aggregating all locations for each cancer type. The cancers are labeled with their
four letter TCGA code. Model metrics reported right to left were classification precision, classification recall, classification F-Measure and
classification accuracy. Model performance variance and standard deviation are reported in the supplementary materials. Positive and Negative
class specific performance reported in supplementary data tables.
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Figure 4. Simulated and observed overrepresented GO biological processes
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Figure 4: Gene set enrichment analysis was conducted using the clusterProfiler package in R. The Go ontology database was used to investigate
feature enrichment in Biological Processes for each metastatic location in each cancer type that was classified by the model. The upsest plots were
generated using the UPsetR package. The bars represent the GO IDs with an adjusted pvalue <0.05 after Bonferroni correction. A. Simulated
enrichment of randomly selected transcript features overrepresented in GO. B. Enriched processes in Bone metastases. C. Enriched processes in
Liver metastases. D. Enriched processes in Lung metastases. E. Enriched processes in Lymph Node metastases. Statistical significance and GO:1D
enrichment results included in supplementary data tables.

58



Figure 5. Shared significantly overrepresented biological processes

A B

Enriched BP in Bone colonizing Tumors

Enriched BP in Liver colonizing Tumors

! regulation positive smeen e moss o

\_regulation positive socess sosicton resse ssormee

morphogenesis cell positve aereniion invoved vave
regulation development

pathway posiive negative repelr coviesiand reak

__response regulation ceiuiar signaing

immunogionuin F= T | Signaing oel medated pathway acivalon

receptor regulation  response masiaed -+ = { ¥ o | 7| 1 regulation response positive
__pathway signaling immune activation =R . - Tarerentrane vt gy

vesicl ocaizaton [— 18 = ] 3 12 i 2 o transport regulation vesice ocaiization ensspesrc

ion regulation transport synaptic caloum ustake — I~ e e

——— ‘ ' [ " f fl / assembly compiex reguiation

T ‘ T
R = i .l.

Similarity F Similarity
04 [resronss reeper mte o snopasm o o4
03 — regulation signaling pathway negative 03
. 02 . - =t =t - 5 J et 02
Gferentiaton posive neuror [/ S
morphogenesis cell axon involved migration ‘ g" ¥ TESPONSE celllar sy s e

development regulation / I Tem——
regulation process cisyrineic wiagn

PProCess metabolic acid osyurec wy cwtss o
| Polysaccharde postie gucen cxvorycrate ghoogen ool

| _|// process metabolic reguiation siosyntheic

[ cohiar negaing coans shaoa

r€SPONSE signaling pathway acid reguieion bmp.

process apopiotic o o

Process hormone on regulaton biosyniheti m

01
‘o
|

~regulation activity nsgamve sesee anstinn - = regulation activity lipase positve prosphoipase
| monoprosphate negative bireso. acihy. — M — fibrinolysis posive
\_Process regulation biosynthetic metasolic posiive \_regulation coagulation biood negative hemostasis

Enriched BP in Lymph Node colonizing Tumors

proliferation cell regulation messncnymar

adhesion P, l - i o ‘activation mediated pathway prolferation sanaling

- - I H [l regulation cell response immune posive
P — T +

et o\ it e ———r—

regulation transport posiive cel iocaization on

\ ; / enomatin . membrane ara ruseosome et srna
transport regulation ion vansmenrane organization assembly regulation
pihelial embryonic invoned /genome m

morphogepesws cell diferentiation positive regative
regulation development

viral requlation host replication sranded negative

/" diferentiation merphogenosis. misaukn tosa e

regulation development producton posiive ceil

Y, localization sosum membrane degranuaton negeive ‘

mast Similarity [ o Similarity
palhway response receptor mediated signaling 04 | Process metabolic reguiation i casic vosnmere| 208
regulation cell activation immune Io.a | [nomeostasis anion ceporarzaton organic e 03
02 | [ cotsutsrate ensorai seatve mtoces 02
o1 || adhesion reguiation csi mesatea intearn catcst 01
0 0

rESPONSE cellular simuus

mrma postie et repe e

[PrOCesS regulation biosynthetic mstabolic o

I el BEE 1w

oquiaion growt e

signaling regulation pathway posive negsive

1/ mononuciear leukocyte regsie arcarc sem

1/

| : it ' proliferation cell regulation cose

reSPONSE pathway cellular signaling regulation ) regulation activity posproipase posiive
 assembiy segregetin mole swarmesons ion o i eSponse nionnety |
regulation cell organization membrane = 7 s = = H |/l process apoptotic regulation cell s |
/ - — — - i o | -
)/ coutta oa ez "~ - o ’ regulation cycle cel ransiton mittic sosiive |
/ stranded viral ma replication 1 regulation intermediaie s 1 L2 3 L ‘

regulation nomeosiasis 1ox

Figure 5: Gene set enrichment analysis was conducted using the clusterProfiler package in R. The Go ontology database was used to investigate
feature enrichment in Biological Processes for each metastatic location in each cancer type that was classified by the model. SimplifyEnrichment
package was used to cluster the semantic similarity between shared overrepresented biological processes in tumors metastasizing to concordant
locations. A. Enriched processes in Bone metastases. B. Enriched processes in Liver metastases. C. Enriched processes in Lung metastases. D.
Enriched processes in Lymph Node metastases. Statistical significance and GO:ID enrichment results included in supplementary data tables.
Similarity scores are on a scale of 0 to 1.
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SPARCE: STATISTICAL PREPROCESSING OF ATTRIBUTES VIA RECURSIVE CROSS

ELIMINATION
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3.1 Abstract:

We have developed an end-to-end preprocessing software for omics feature selection. The
sparce software can operate on all forms of omics data arising from DNA, RNA and methylation
experiments. The software uses an ensemble of automatic feature selection algorithms wrapped
with a soft voting classifier to grade and select features in genomic window bins. The sparce
software dynamically adjusts feature bin density and bin size according to feature prevalence
across each bin in each chromosome. The software discretizes overly dense bins where the feature
to sample ratio is overly imbalanced and conversely dynamically extends and merges bins to
evaluate all omics features equally on each chromosome. Selected features are automatically
normalized and standardized for deep learning and other classification wrapper algorithms. The
SPARCE software provides a straightforward mechanism for feature selection following standard

omics preparation pipelines.
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3.2 Introduction:

Data generation has driven a new era of software development in the field of artificial
intelligence that as of 2012 was parallel to Moore’s law but, is now far out pacing it'. This
phenomenon has been especially true in the field of genomics. A common problem
bioinformaticians are facing is the data volume to sample ratio. This ratio is better known as the
Big-p, Little-n (p >> n) problem, where there are far more predictors, p, than number of samples,
n. These high dimensional datasets are produced by machines that can measure hundreds of
thousands of genomic features within an organism which far exceeds the number of samples we
are fiscally capable of generating. Fitting an ML model with more features than samples will
invariably introduce unresolvable overfitting?>. This introduces an important and non-trivial
problem of feature selection for genomics data.

Feature selection from genomics data begins with feature engineering. As most genomics
data arrive in a raw and unorganized format, the features within the data must be aligned,
quantified, normalized, and often standardized across runs. Generating these features is a proxy
for representing the organism in a measured format that can be manipulated for modeling
biological phenomena. Feature selection is the process of identifying the value of each
measurement and how they affect the derived biological conclusions from the differences from
within a study population. Feature selection is increasingly important as the curse of
dimensionality is growing with the expansion of new assays that can generate hundreds of
thousands of concurrent measurements.

There are well known gene selection approaches documented in the genomics literature™
15, These selection techniques may be split into three categories; supervised, semi-supervised and

unsupervised feature selection. Supervised gene selection is the process of measuring gene value
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using labeled data. The data labels are the target, and the methods use discrimination between the
target classes to categorize features, while unsupervised methods are not concerned with the
classification outcomes and attempt to categorize samples based on intricacies of the data that are
inherent within the feature measurements, such as variance, distance and quantile stratification.
Features can be categorized into one of four categories; (I) completely irrelevant and noisy
features, (II) weakly relevant and redundant features, (III) weakly relevant and non-redundant
features, and (IV) strongly relevant features. They suggest the theoretically optimal set of features
used is a combination of sets III and IV where, you can describe your classes using the strongly
relevant and non-redundant features'®. An optimal feature selection method will reduce the
features from categories I and II and, maximize the features from categories III and IV. The
effectiveness of a feature selection approach may be judged by the homogeneity of the clusters or
groups produced in an unsupervised approach or by a wrapper classifier. If the wrapper classifier
has high evaluation metrics when tested on the hold out set, the selection method is validated as
finding valuable features.

Multiple software packages have been developed to select features from omics data using
wrapper methods®®!1:1216 " A well-known wrapper method developed in 2017 was packaged as a
Bioconductor package for feature selection in omics data®. This software uses a three-step
approach for feature selection, starting with a dimensionality reduction principal component
analysis feeding into a recursive feature elimination loop and wrapped in a classifier. While this
package is simple to use, it only slightly improved on the benchmark models it was compared
against. This well-known wrapper method draws upon no genomic topology during feature
selection which may draw false interactions, is a single threaded design, and the evaluation of this

workflow was on small and outdated benchmark datasets®. In the last two years multiple algorithms
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have been created that are outfitted for feature selection in high-dimensional omics data!’-34. A
main objective of many of these papers has been to classify the tumor type from omics data. Tumor
type classification from omics data is an extremely valuable classification as it directly pertains to
the clinical care for patients. The development of side-by-side tools for cancer type classification
is critical to improve patient outcomes. We have previously investigated the use of feature
selection in classification of tumor metastases'?.

Here we present multiple extensions of our previously published work to select features in
transcriptomics data and use our approach to select features in an extreme case of Big-p, Little-n
(p >> n) in which we select features from a legacy Illumina methylation array with 485,000
features and 32 classes for classification. The SPARCE method was wrapped with a neural
network wrapper for the classification of cancers of unknown primary (CUPs) using methylation
data'?>. The objective of this study is to demonstrate the broad applicability of the SPARCE
software to be applied to any genomic information in a multi-class classification problem and
extend the accompanying ML model to the EPIC Infinium methylation Array that is currently
offered by Illumina. We apply the model that was trained on the primary tumor data using the
legacy Illumina 450k array and apply it to tumor data mined from the GEO database generated on

the latest infimum array platform (GSE116298)%3-3¢,
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3.3 Methods:
Data mining TCGA training data:

Tumor methylation data was downloaded from the The Cancer Genome Atlas (TCGA)
database using the TCGABIolinks Bioconductor software3’. A project query with the four-letter
code signifying the cancer type was created for each of the thirty-two cancer types. Patient data
from each of the projects were downloaded and combined into a three-dimensional tensor with
dimensions [32,485000,10000], where there are thirty-two cancer types, 485,000 methylation
probes, and 10,000 patient samples. The methylation probes were organized by chromosomal
locations using the GRanges Bioconductor package and Illumina methylation reference list for
hg193%39.

Data mining External Data Sets:

External evaluation required two steps, data mining and data normalization prior to
deployment of MetNet on the GEO dataset. The data mined from the GEO dataset was retrieved
using the GEO query R package published on Bioconductor. The GSE ID was used in the getGeo
function to return a GSE GEO Series (GSE) (lists of GSM files that together form a single
experiment) and GEO Dataset (GDS) object®®. The GSE matrices were exported to two-
dimensional arrays. The two-dimensional arrays were indexed and only features selected from the
feature selection step were intersected. 4760 of the 5000 selected probes co-occurred in the
Infinium MethylationEPIC array and were carried over for external classification. A two-step
standardization and data normalization were performed.

Data Preprocessing, normalization, filtering, and standardization:
The EPIC array samples were generated on a later iteration of the Illumina platform. We

added a data standardization step to migrate only the methylation probes that were co-occurring
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on the Illumina 450k array and the Illumina Infinium Methylation EPIC. Quantile normalization
of selected probes and batch normalization were performed with the combatR package prior to
model classification of external data sets*'. The two-dimensional arrays were concatenated into a
three-dimensional tensor of dimesons [4760, 48,50] where the 4760 probes are fed into the input
layer, the 48 samples with a batch size of 50. A note* as the input features did not match the input
layer the original model, a second iteration was trained, this did not affect the performance or
overall design.

Feature selection:

The feature selection process was expanded form Skaro et al 2021'2. The expansions of the
feature selection methods were in the the diversification in the data types for evaluation, features
were discretized into chromosomal bins, the manipulation of those bins and the wrapper classifier
that evaluated the performance of the feature selection. The evaluation of the features in this
experiment was accomplished using the bin manipulation module and feature selection module in
the sparce pypi package. The bin manipulations module accepts nFeatures and nBins as arguments.
The nFeatures argument was set to 5000 features which is approximately 1% of the data set and
for the nBins argument was set to 97 bins to expand across all non-sex chromosomes. The features
for each bin were evaluated with the feature selection module in the sparce pypi package. Only
features supported by all algorithms were kept from each bin. Remaining features from each bin
were concatenated for wrapper evaluation.

The five algorithms used for feature selection mechanism for the SPARCE approach were
chi square, random forest regression, random forest classification, lasso regression. Models were
wrapped in a recursive feature eliminator. The SelectKBest, Chi2 and MinMaxScaler Libraries

from Sklearn and feature selection module were used*>**. The RFE was trained on each bin of
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features and the importance of each feature was obtained through the feature importance attribute
from the RFE method. If the window encountered a bin in which the model had less instances than
observations the mini bin method in the bin manipulations module was called. The RFE and
LogisticRegression libraries from Sklearn and feature selection module were used. If the models
encountered a bin with less than one standard deviation below the mean number features in a bin
on the current chromosome, the bin expanded to capture more features by utilizing the expand bin
method in the bin manipulations module. Subsequent bin start and end positions were adjusted.
For each bin we cross validated the results from each algorithm by extracting support values using
the get support methods. Total support from feature support Booleans vector was summed for each
feature in each bin across all five methods. Features receiving either five votes from the feature
selection algorithms or the top one percent of features were kept in each bin 4243,

MetNet Training, validation, and testing:

Selected features were prepared into a three-dimensional tensor as the input layer for the
artificial neural network. 5000 array probes were selected and inputted into the first layer of a
multilayer perceptron. The multilayer perceptron was prepared with the tensorflow and keras
packages**. The neural network design was simple: A sequential layer, followed by three dense
layers of 80 neuron units, with uniform kernel initialization, input dimensions of 5000, a drop rate
of 0.5 and tahn activation function. The dense layers were followed by a dense output layer of 30
units, uniform kernel initialization, and softmax activation function. The optimization was
stochastic gradient descent with a learning rate of 0.001. The loss was evaluated with categorical
cross entropy. The metric was accuracy. The final MetNet model was trained for 200 epochs after
grid search for optimal hyperparameters. The grid search cycled combinations of eight

hyperparameters; batch size, epochs, optimization, learning rate, momentum, dropout, activation,
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and neuron units. Classification of tumor types were split; 80% of the tumors were used to train
the MetNet model, while 20% of the data was held for validating the model. The model evaluations
were drawn from the validation set.

Evaluation on External data:

An external data set was evaluated using the trained MetNet model. A total of 47 tumors
were evaluated as a test data set with no further training to simulate a set of cancers of unknown
primary. The tumor data were classified into one of the 32 cancer types as a multi-class
classification. The evaluation of the model precision, recall, and accuracy are reflected exactly as
the legacy training.

Mini Bins:

The mini bins function in the bin manipulation class is a recursive function that breaks
down bins based on the imbalanced big-p, little-n ratio. If the number of features in a genomic bin
are greater than the number of samples used to describe the features, the SPARCE software will
break the genomic bins into mini bins, 10 by default. The mini bins are assessed by the feature
selection class, and the mini bins are filtered for selected features. The selected features are
merged, and the merged bin is reassessed. This step has a computational complexity of:

m" f(La)(Lp)(Lp) (L (La) (L) (CVY),
where m is the number of mini bins made in this step, r is the recursive depth of binning, f is the
number of features and L is the algorithm invoked to grade each feature, CV is the cross validation
of the five algorithms, and i is the iteration of cross validation. This step is extremely
computationally costly and as the depth of the recursion increases the computational time increases
exponentially. The dynamic bin adjustment method was developed to abate this inflation across

all the windows. All parameter, returns, and return types are documented in the documentation.
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Expand Bins:

The expand bin function is a function that is intended to be called on the fly while iterating
over a feature call file or gene annotation file. If a user intends to assess the value of all the features
in a chromosome or genome using the SPARCE method, the genomic feature density should
ideally be approximately equal. The expand function is called if the bin being assessed is sparse.
The bin will expand to capture approximately equal features within the bin compared to the
average number of features in the previously scanned bins. The expand bin function then adjusts
the start site of the successive bins and adjusts the bin ID for all successive features. The adjustment
of bins size and location following the invocation of sparce creates a dynamically changing final
bin for each chromosome. In the event the final bin on a chromosome has been reduced due to
expand bin calls, the user may merge the last two bins on a chromosome without significantly
decreasing the feature weight. The method is bounded such that the merged number of features
cannot be 1.5x the average number of features in previous bins.

Dynamic Bin Adjustment:

The dynamic bin adjustment method is the suggested method to reduce the computational
time in assessing extremely dense sections of the genome. The user may opt to invoke the dynamic
bin adjustment to make approximately equal size bins for the remaining space on a given
chromosome or genome such that the bins never exceed the number of features and reduces the
need to call the mini bins functionality. The method creates a new set of bins from which to grade
features. This method does not account for the weight of features and assumes that vfeatures are

equal in value.
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Bin Merge:

The bin merge assesses the size of the next on a chromosome using a look first approach;
if the last bin is sparsely filled compared to the preceding bins and merging the last two bins will
not significantly decrease the estimated weight of features within a genomic window bin, the
software will merge the current and next on a chromosome.

Parse gene annotations:

The parse gene annotations class is made up of only two methods; parse file and bin
genome. The parse file expects a gene formatted file in standard GFF3 format (ref). The bin
genome expects a parsed GFF3 file. These methods are the base methods that are expected to
process the data prior to bin manipulation and feature selection. The methods return pandas data
frames that can be returned and passed for further processing or written to comma separated files.
All parameter, returns and return types are documented in the documentation.

Weighted features:

The weighted features method allows the user to delegate a score they would like to use to
attach to features in the case they are a discrete variable, such as a feature in a feature call file.
While the other methods assume the features are single points, the weighted features method
assigns a weight by the genomic length as the size of the feature by default. Feature bins are re-
adjusted to carry approximately equal weight. The weighted features may be passed into the feature
selection class. A function was built using the bounded knapsack algorithm to evenly distribute
the features and features weights into genomic bins*. For a set of features, the score of the feature
is recorded in a tensor. The algorithm is bounded by the number of samples the user supplies as a

parameter. The bounded knapsack algorithm was implemented in the recursive form with a
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computational complexity of O(log n) where n is the number of combinations of features in the a
bin window.
Features and Tensors:

The SPARCE software assumes the user will intend to select the features so as to optimize
a wrapper classification algorithm. SPARCE has four methods intended to prepare files into
tensors. The match feature bins and gff bins function reduces the feature set only to values
occurring in the GFF file. The transpose features method in the gene annotations module parses
the file into a tensor. The method expects a classification annotation file describing which
genotypes belong to which classes, and the data file in long format. A three-dimensional torch
tensor is returned for assessment with SPARCE. Two helper methods were built to extract a data
frame in tidy format from the tensor to prepare the data for feature selection. The user may opt to

prepare the data frame based on a feature or genotype.
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3.4 Results:

In Figure 1. we display an overview of the workflow from the SPARCE method as a guide
through the feature selection software. Illumina 450k array data was mined form the GDC data
commons using the TCGAbiolinks Bioconductor package®’. The data was similarly processed
into a three-dimensional tensor of dimensions [32, 485,000,10,000], where the dimensions signify
the thirty-two cancer types, 4805,000 array probe features and the 10,000 patient samples available
in the TCGA database. The sparce method was applied to select features from that discriminate
between tumor type in the methylation array. We deployed a neural network classifier as our
wrapper classifier using the selected features as the input layer. The trained neural network, we
named MetNet, was tested on a holdout set of legacy Illumina 450k array data. MetNet was then
tested on an external dataset of tumors arrayed with the EPIC array data.

MetNet classified tumors into one of the thirty-one tumor types detailed in the TCGA
database (Figure 2). The confusion matrix from the hold out set of primary tumors datamined from
the TCGA database is displayed. The model performed in the excellent range for 28 of the thirty-
one cancers evaluated with some notable exceptions. The notable failure was in
Cholangiocarcinoma (CHOL). This is a notable failure addressing the needs of CUP patients*. As
the standard of care for patients presenting with cholangiocarcinoma the approach is to treat the
patient as if they have CHOL. if a pathologist fails to properly diagnose the CUP and our model
encounters a CHOL patient, we will fail to properly diagnose the patient using MetNet as a side-
by-side tool*. Setting this failure aside, the overall performance of the model was however in the
excellent range. The accuracy was 0.95, precision 0.945, recall 0.945 and f1-score 0.945 (Figure

3).
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We deployed our model on an external dataset mined from the GEO database deposited by
Wenger et al*®. The tumors were classified in a multi-class classification problem with 31 possible
outcomes (Figure 4.). A total of 47 of the 48 tumors were classified as arising from the Brain
(98%). 34 of the tumors were properly classified as the Glioblastoma grade. A total of 13 of the
tumors were classified as low-grade gliomas. No tumors were misclassed into a tumor type other
than glioma.

In this study we extended the SPARCE method in two distinct ways beyond the feature
selection developed in our previous model. We have added multiple binning functionalities that
allowed for the successful selection of features from an extremely wide dataset and demonstrated
the method works on another domain of omics data. In Figure 5. we show the how SPARCE deals
with extremely dense bins. In Figure SA. the density of CpG islands in the human chromosome 10
is plotted with four bin sizes 100kb, 200kb, 500kb and 1MB, respectfully. The bins with a dense
feature occurrence, where the number of features outnumbers the samples for a given window,
were broken into smaller mini bins (Figure 5B.). Features were recursively assessed within the
mini bins by SPARCE building small multivariate wrapper models within each mini bin (Figure
5C.). Selected features from all mini bins were combined and reassessed prior to sparce moving
onto the next genomic window (Figure 5D.).

Sparse genomic windows were dynamically adjusted in size to increase the number of array
probes to approximately assess all features equally in each bin (Figure 6B.). Downstream bin start
locations are updated and the features within the extended bin are assessed with the sparce method
(Figure 6C. and 6D.). The dynamic binning allowed the SPARCE method to eliminate recursively
low value probes in one pass; however, in the event that the SPARCE method encountered an

extremely dense data set where the first pass does not produce less features than sample number
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the user is able to run, the SPARCE method is recursively called using the selected features from
the first pass.

Two algorithms were programmed to accommodate adjustment of genomic windows and
bin modification. If a bin is extremely small due to the adjustment of previously analyzed bins, the
software offers a merge bin function (Figure 7). The SPARCE mini bin function exponentially
increases the computational complexity of feature selection based on the depth bin minimizations.
In significantly dense regions of the genome a user may use the dynamic bin function to fit all
successive bins such that the features within that bin never outnumber the samples in the
experiment (Figure 7A). This decreases the number of mini bin function calls and bin
reassessments called on a given chromosome (Figure 7B). Finally, a bin may be dynamically
adjusted using a genomic weight in combination with feature calls. The SPARCE software can
evaluate both point mutations and large features. The recursive implementation of the bounded 0-
1 knapsack algorithm is designed to balance the weights of genetic features. The SPARCE
software preprocesses the vcf file into a sparse tensor filled with binary values describing the
feature observations in each sample. The values from the tensor serve as the score or the
algorithm®. The implementation is bounded by the number of features in the experiment (Figure
7B). Briefly, the bounded 0-1 knapsack algorithm implementation deterministically fills all bins
in a chromosome given the genomic weight, variant binary scores and upper bound. The recursive

implementation operates in O(n) computational time complexity.
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3.5 Discussion:

The SPARCE software was designed as an ensemble method for selecting transcriptomics
features to predict site-specific metastases from primary tumors. We demonstrated in the Skaro et
al. that feature selection was an effective approach in identifying the biological determinants
underlying metastatic organotropism!2. In this research we demonstrate this SPARCE approach
was an effective method selecting feature in high dimensional methylomics data sets and that the
selected features may be used to train a neural network to classify tumor types in the current
[llumina Infinium array.

We applied the SPARCE method to an extremely high dimensional dataset with
approximately 485,000 features and about 10,000 patient samples from TCGA (Figure 1). We
developed two extensions from the previous methodology to accommodate for the extremely wide
dataset. Feature selection in a sliding window binned features into dynamically size adjusted and
recursively assessed feature bins. The dynamic bin evaluation allowed SPARCE to equally assess
the value of array probes for discriminating between cancer type (Figure 1). Similar to Skaro et al
2021, this problem was a multiclass classification problem with 32 cancer types of data!?. The
SPARCE method effectively reduced the dimensionality of the dataset from 485,000 features to
5000 selected features for tumor classification (Figure 1). The final trained and tuned architecture
MetNet, classified the test set of primary tumor data. The model performed in the excellent range
at an average accuracy of 0.95, precision 0.945, recall 0.945 and f1-score 0.945 (Figure 2). The
confusion matrix with all classified tumor populations showed the strong performance across the
cancer types. The broad and consistent performance of the model demonstrated the SPARCE
method is capable of selecting continuous features in problems suffering from even extremely

imbalanced big-p, little-n ratio.
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The MetNet classifier was applied to an external dataset data mined from the GEO database
(Figure 1). A total of 47 glioblastoma tumors were assessed by the trained model, simulating a
scenario of 47 cancers of unknown primary to the model (Figure 4). Two steps were required to
standardize the information from the external dataset. The selected features from the training data
were intersected with migrated array probes. This created a final feature set of 4760 probes.
Quantile normalization was applied to the external dataset, and each tumor was a subset to the
selected probes and classified into one of the 32 trained classes. MetNet model overall performed
in the excellent range if you consider all tumors were properly classified aa gliomas, the only
failures were to differentiating between grades (Figure 4). Almost all Grade II lesions eventually
progress to High Grade Glioma (grade III/IV or HGG). Grade IV gliomas are that arise from LGG
are termed “secondary GBM” to differentiate them from “primary” or “de-novo” GBM?3%#7. The
etiology of the pathologies differs in the oncogenic determinants of disease and clinical
characteristics*S.

The SPARCE software has been expanded from a feature selection wrapper model to an
omics preprocessing software. The package has 4 modules containing 5 classes and 24 functions
for omics preprocessing. The bins manipulations module contains the min-bin methods for feature
selection in dense regions (Figure 5). In a sliding window the mini-bin function will discretize the
bin into ten smaller bins by default. The feature selection module can be called in each of the bins,
and the module recurses for each bin in which the number of features outnumbers the samples in
each window (Figure 5). This method is depicted in a cartoon in which the cytoband of
chromosome 10 in the human genome is plotted across the horizontal axis of the figure. A density
plot of the EPIC array probes is plotted in blue above the chromosome cytoband with four different

window widths annotated on the vertical axis (Figure 5A). The bins representing the sliding
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window highlighted is plotted under a dense region in chromosome 10. The bin is broken into mini
bins, and the SPARCE method scores the features. Selected features are pooled and reassessed in
the pooled bin. Features with Boolean support from all five automatic feature selection algorithms,
are kept and the rest are discarded (Figure 5B).

In parallel to a dynamic adjustment for dense regions, methods in the bin manipulations
module in the SPARCE software were added to accommodate for sparse regions in the genome.
In Figure 6A. we mirrored the same chromosome 10 human cytoband plot from Figure 5. The
sliding window bin highlighted in red is plotted under a low-density region in the chromosome.
The expand bin method increases the window size to capture approximately equal probes to the
average number of features in the previous bins. The successive bin start and end windows are
adjusted and updated. The SPARCE method can be called, and score features in the balanced
windows (Figure 6B).

The expand bin method created a ‘thin bin dilemma’. Once again, the cytoband plot
represents the method, and the red bin shows the window in consideration by the model. The final
bin on a chromosome after successive bin manipulations may be considerably small (Figure 7A).
We developed two methods for resolving the thin bin dilemma. By default, the final bins will fall
off the annotations, and features are updated into the bin prior to if the start of the bin begins
beyond the limit of a chromosome. However, in the case in which a bin begins at the end of the
chromosome and is considerably small, we developed the bin merge method. The bin merge
method uses a look-first to one bin ahead approach. If merging the bins does not increase the size
of the current bin by greater than 1.5-fold compared to the average number features of the bins on

the chromosome, the bins merge (Figure 7B).
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Finally, we added methods for feature selection to accommodate a study using genomic
variants as the data type. We developed the feature preprocessing module and expanded the bin
manipulations module. The variant preprocessing and gene annotation modules ingest, and format
variant call files formatted in HapMap format into a three-dimensional tensor that is ready for
SPARCE analysis. Variant selection is significantly different than selecting a continuous attribute
from a counts file or intensities dataset. Large genomic variants, hundreds of nucleotides in size,
may be a main source of bin size variation, requiring function calls to the bin manipulation module
methods in an otherwise sparse tensor. We implemented a weighted variant method for feature
balancing in the bin manipulation module. The weighted variation method is an adaptation of the
bounded 0-1 knapsack algorithm®. It is implemented in the recursive form in which the weight of
the genomic variant is the length in nucleotide of the variant. The score of the variant is the
observation state binary value of 0 or 1. The bin is bounded by the number of features such that
the number of bins and the bin identity for all the variants is deterministic is O (n) time where n is
the number of features.

The next steps for this model are to generalize the software and outfit the approach for
genome wide association feature selection. The data generated in genome wide association studies
are often extremely deep and are therefore well suited for this kind of selection technique. We plan
to take advantage of large linkage disequilibrium blocks present in the sorghum bicolor genome
and bin variants into the genomic decay windows of 50kb**-°, One possible method is to preempt
the SPARCE method with an unsupervised co-linearity reduction method such as UMAP or PCA.
These approaches deal with the small amounts of variability in an extremely sparce tensor reducing
the computational complexity of selecting features and avoiding false positive selections. We plan

to use these unsupervised approaches due to the failures of SPARCE.
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3.6 Figures and tables:

Figure 1. Method Flow for methylation data
X
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Figure 1. Data mined from public data base is cleaned and preprocessed into a three-dimensional tensor. User provides the software with a GFF
files describing the methylation data that is being used to analyze their system. The SPARCE software breaks the genome into genomic windows
according to the genetic annotation data (genes, transcripts, probes etc.). User may opt to provide a BinSize which will specify the number of
features or genomic window size to bin features into for assessment. Each bin is fed into the feature selection ensemble. An artifical neural network
classification model is built based on the selected features. The classification model is trained and validated prior to test in the hold out set. The
selected features are retained for biological investigation. Migrated probes were standardized, and quantile normalized. Batch correction
normalization was applied between GEO external dataset and training dataset. The model is applied to external GEO dataset.
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Figure 2. Confusion matrix for classification of tumors using methylation
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Figure 2. Thirty-one cancer type methylation Illumina450k array data were datamined from the TCGA database. A classification model was trained
to predict the tumor type from selected methylation probes values. Across the horizontal axis thirty-one cancer types are labeled with their four
letter TCGA code ID. The predicted labels were the inferred identities of the methylation data from the trained model in the test set. On the vertical
axis thirty-one cancer types are similarly labeled. The True labels represent the true identity of the methylation data classified by the MetNet model.
The scale bar represents the frequency of the values printed in the heatmap. Low values are shaded black while high values are shaded red. The
high concentration of values across the major diagonal indicates a highly accurate and precise model trained for classification of tumor type.
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Figure 3. Evaluation of MetNet classification of cancer type
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Figure 3. Thirty-one cancer type methylation Illumina450k array data were datamined from the TCGA database. A classification model was trained
to predict the tumor type from selected methylation probes values. Across the horizontal axis the precision, recall and f1-score evaluating the
MetNet model on the primary tumor data is shown. On the vertical axis thirty-one cancer types are labeled with their TCGA four letter code ID.
Below the cancer classes the accuracy, marco average and weighted average values for the model are shown. The scale bar represents ranges from
zero to one. Low scores are shaded in black while high scores are shaded in red to tan. The values in the heatmap are observed score for each cancer
type. The consistently high scores show a very accurate and precise model.

85



Figure 4. Confusion matrix of MetNet classification of external dataset
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Figure 4. Thirty-one cancer type methylation Illumina450k array data were datamined from the TCGA database. A classification model was trained
to predict the tumor type from selected methylation probes values. Across the horizontal axis thirty-one cancer types are labeled with their four
letter TCGA code ID. The predicted labels were the inferred identities of the methylation data from the trained model in the test set. On the vertical
axis thirty-one cancer types are similarly labeled. The True labels represent the true identity of the methylation data classified by the MetNet model.
The scale bar represents the frequency of the values printed in the heatmap. Low values are shaded black while high values are shaded red. The
model predicts 34/47 of the tumors correctly and identifies all but one of the tumors were brain tumors from the epic array data demonstrating the
MetNet as a viable side-by-side diagnostic companion tool for pathologists to deploy for CUPs.
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Figure 5. Dynamic binning for dense bins
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Figure 5. The density of Human Chromosome 10 CpG islands visualized using variable genomic window sizes of 100kb, 200kb, 500kb and 1MB
(A). Dense bins in which more features are within the genomic bin are broken into approximately sized mini bins (B). Each mini bin is assessed
using with five ML algorithms. A boolena support vector from each algorithm is returned for each features and summed. The summed features
with the highest support sum are selected by a voting classifier. (C). Selected features from each mini bin are combined and reassessed as a group

by sparce (D).
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Figure 6. Low density Bins extended Sparce methods
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Figure 6. The density of Human Chromosome 10 CpG islands visualized using variable genomic window sizes of 100kb, 200kb, 500kb and
IMB. (A) Low density bins with very few features within a genomic window are dealt with by dynamically extending bin size requiring on the
fly adjustment of downstream bin locations (B). Downstream bins starting locations are adjusted for non-overlapping windows (C). The features
within the extended bin are assessed by sparce method and the sliding window moves forward (D).



Figure 7. Thin bin Dilemma, Merge bin solution
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Figure 7. The density of Human Chromosome 10 CpG islands visualized using variable genomic window sizes of 100kb, 200kb, 500kb and 1MB.
(A) A problem occurs when the remaining number of features on a chromosome are significantly smaller than the other bins. We use a look forward
approach to solve this dilemma. SPARCE will look forward in the next two windows and count the number of remaining features in the remaining
bins. If the remaining features in the last two bins is <1.5x the average number of features in the previous bins, SPARCE will merge the last two
bins in the chromosome to resolve the thin bin dilemma. SPARCE offers an alternative solution using an on-the-fly dynamic adjustment method
that can be invoked while binning features. The dynamic adjustment method will calculate the optimum bin size to reduce the features in the bin
below the number of samples and limit the number of recursive mini-bin evaluation steps. The dynamic adjustment will make approximately equal
sized bins and equally filled with the remaining features and genomic space within a chromosome or genome (B)
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CHAPTER 4

MYCORRHISEE: A WEBTOOL AND COMPUTER VISION SUITE FOR SEGMENTATION

AND SCORING OF GRASS ROOTS COLONIZED BY MYCORRHIZAL FUNGI

! Michael Skaro, Yue Wu, Shufan Zhang, Jonathan Arnold. To be Submitted. Oxford Journal of Bioinformatics.
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4.1 Abstract:

Background: Mycorrhizal species form intricate hyphal networks below the surface of the
ground in the rhizosphere of 80% of terrestrial plants. In symbiotic cases, this relationship results
in improved acquisition of nutrients (e.g., phosphate and nitrates) for the plant. In return, the plant
provides fixed carbon (e.g., sugars and fatty acids) to the fungus. Characterizing and quantifying
this relationship is currently performed by manual curation of fungal structures, classification, and
hand counting. This process is slow, arduous, and not particularly reproducible. However, using
computer vision, we can automate this process and complete the microscopic characterization
using high throughput methods and a reproducible model. Methods: We deployed an instance
segmentation model that captures and estimates the colonization percentage of AM fungi and its
associated structures in root images. Results: We have deployed the model as a readily available
webtool for image segmentation and structure annotation. Conclusions: This model builds on
previously published frameworks to provide the fungal community with a new image segmentation

tool for structure annotation for images generated in the lab and in the field.
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4.2 Introduction:

Mycorrhizae are fungi that develop symbiotic associations with terrestrial plants. The co-
evolution of terrestrial plants and mycorrhizal fungi is estimated to date back as far as the first
plant root systems, nearly 500 million years ago'. Mycorrhizae are obligate autotrophs that form
complex integrated hyphal networks to exchange nutrients with their terrestrial host'. The
exchange results in improved acquisition of nutrients for the plants (e.g., phosphate and nitrates)
and, in return, the plant provides photosynthetically fixed carbon (such as carbohydrates and fatty
acids) to the fungi’>. Networks of fungal hyphae form inside and outside the plant root systems.
Arbuscular mycorrhizae (AM) are the most common and well characterized mycorrhizae in
agricultural and natural ecosystems. These fungi provide water and minerals to the plant by
penetrating root cells within the root cortex®. External mycorrhizae, broadly categorized as
ectomycorrhizae (EM), are less common, interacting with about 10% of terrestrial plants>. EMs
form hartig network sheaths around the outside of the cells where the hyphae penetrate the
epidermis but do not extensively ramify inside the root and are common with dipterocarp,
eucalyptus, oak, pine, and rose families of plants. Mycorrhizal mycelia of both AM and EM species
extend from one plant's roots to another plant's roots to form common mycorrhizal networks
(CMNs) in multiple species and genera®. CMNs facilitate nutrient flux between groups and
increase uptake for individual organisms®. Harnessing this relationship of mycorrhizal fungi in
agricultural cultivars could be an essential step for engineering more productive and more resilient
crop varieties in the face of climate change?.

To improve agriculture globally, AM and EM utilization provide the opportunity to
leverage these symbiotic relationship to minimize artificial inputs (like fertilizer and water

application) to agricultural crops*’. Symbiotic mycorrhizal fungi have been shown to increase
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plant drought tolerance and disease/pest resistance 8. Sorghum bicolor, an agricultural staple in
hot and drought-prone regions of the world, shows increased drought tolerance and significant
resistance to Striga hermonthica, a devastating parasitic plant native to sub-Saharan Africa’, when
colonized by AM fungi. There is now significant evidence that the terrestrial host plays a crucial
role in establishing and regulating its root-associated microbial communities!®!3. A critical step
towards understanding how the plant manages its root residents is the development of
computational tools to characterize the resident species, including their structural
arrangements' %1416,

Research and development in the field of Deep Learning, specifically the sub-specialty of
computer vision, has exploded in popularity!”. Computer vision can be used for classification,
semantic and instance segmentation, object detection, form recognition, and much more!’. The
applications of computer vision have been particulary powerful in projects focusing on facial
recognition, crowd detection, human abnormal behavior detection, illegal parking detection,
speeding vehicle detection, self-driving enablement, cell biological analysis, and digital pathology
detection!®-23, There are new disciplines emerging at the intersection of agroeconomics and field
robotics. One such study explored the use of automated classification for plant diagnosis, including
real time tissue pathology diagnosis, using a field-scanning robot!4. Leveraging the most cutting-
edge machine learning techniques in biological research studies that explore instance segmentation
for object detection are driving model development in computer vision research?#-2,

Object detection is a two-step process in which the computer both classifies and identifies
the locations of objects in an image. These tools often require thousands of training instances to
effectively categorize the objects in a target image. Generating objective-specific, deep and diverse

data sets for every application can be costly and time consuming []. An alternative approach
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leverages transfer learning from pre-trained models. Transfer learning is a process by which
inductively learned knowledge is inherited from a pre-configured architecture and pretrained
network?%27. The model backbone is downloaded from a publicly available database and the final
layers are either frozen or fine-tuned to classify, locate and estimate the target values in the new
dataset?®. Transfer learning, particularly in the spaces of natural language processing, image
classification and object detection, has been demonstrated to achieve excellent performance even
in cases where the new targets do not occur in the original training sets?®.

There is currently a paucity of research that has developed computer vision tools for the
characterization of soil mycorrhizae in their colonization of roots. The first step forward in this
field was taken by Evangelisti et al. in the development of AMFinder!%!3:16, This tool employs two
convolutional neural networks (CNNs) for image tile classification. Thirty images were broken
into 90x20 and 90x40 (column x row) tiles to train the CNN1 and CNN2 models, respectively'.
The team employed tile level classification to estimate root colonization of AM fungi and
characterize fungal structures'®. While the tiling classification approach shows strong results in
image classification, the tiling approach does not accurately estimate colonization percentage of
fungal structures and, by design, compounds its error during the calculation. This method counts
the image tiles that contain fungal structures and divides that number by the number of tiles that
contain roots. It does not calculate an estimated percentage of the root area that is colonized by the
AM fungi. This method suffers from the same bias as the McGonigle method, that model error
exponentially compounds for every tile that a fungal structure concurrently inhabits in the image®.
Further, this method suffers from underestimation errors if two or more structures are completely
encapsulated in a tile classified as, 1, colonized by AM fungi*®. We have made several significant

improvements on this method. Our method improves on the AMFinder research tool in several key
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areas. First, accurately segmenting the colonization areas using an object detection architecture,
Detectron2 deploying Second, colonization estimation error. AMFinder does not calculate a
colonization percentage using the area of the root or area of the fungal structures. Our tool is
demonstrated to accurately quantify the root area colonized by the segmented fungal structures
compared to hand annotation. Finally, our workflow is deployed as an easily accessible webtool

powered by Amazon Web services.
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4.3 Methods:
Plant cultivation:

Accessions were derived from a mapping population consisting of 191 RILS F3:5 from a
cross between Sorghum propinquum and inbred line TX7000 of S. bicolor. Three seeds from each
accession were planted on October 5, 2020 in UGA pine bark mix in 2.5 gallon pots in the UGA
Botany Greenhouse. Seedlings grown on a 11 hour (h) light cycle were transferred to a 4:1 mix of
UGA pine bark mix and soil from Ironhorse Farm, GA. (Table 1) in individual 2.5 gallon pots on
October 20, 2020 by. Seedlings were grown to maturity on a 11 hour Light/Dark cycle with
watering as needed every 4 h. Plants were fertilized with 1 tablespoon Osmocote. In addition, we
harvested roots of one commercial hybrid forage sorghum plant from Richardson, TX that was
being used as a pollen barrier (Crop and Soil Science, UGA) in a switchgrass nursery at [ron Horse
Farm on October 13, 2020. We also harvested roots of one commercial accession (#101 in 414
sorghum forage) courtesy of Dr. Mailhot (Crop and Soil Science, UGA) on November 12, 2020 at
Iron Horse Farm, GA.

Root cutting:

One half of each root sample from the field was investigated to find the best roots for AMF
visualization (small diameter, lateral roots on main ones, intact cortex). A small aliquot of these
roots (~0.25g) was frozen and stored at -20-C until use.

Staining roots with ink and vinegar for quantification of AM colonization:

Hydrated roots were washed with tap water and then transferred to Simport biopsy cassettes
(Fisher Scientific Co. Pittsburgh PA, USA catalog #15-182-700). Roots were cleared by soaking
them in 2.5% KOH at room temperature overnight. Alternatively, a user may soak for 30 minutes

in 2.5% KOH at 90° C until solution is light brown to get the same results. KOH was neutralized
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by adding vinegar to the KOH solution until it reaches a pH of 6-7 (pH paper stains green).
Cassettes were washed once in tap water. Cassettes were boiled together in 1L of 5% ink-acetic
acid solution under the hood for 5 minutes. Cassettes were moved to a new 1L beaker and
iteratively washed with tap water at room temperature. Finally, cassettes were added to a clean 1L
beaker of water with 10 drops of XX% acetic acid and soaked overnight.

Root imaging:

To phenotype AMF colonization, 1.25g of fine roots were randomly excised from the ink-
stained roots described above. Samples were stored in 70% ethanol at 4°C. Root samples were
cleared in 10% alkaline H-202 for 2 hours and in 5% KOH overnight at room temperature. The
stained roots were straightened and flattened onto glass slides prior to imaging. Mounted root
samples were imaged at 200X magnification with a Zeiss Primo Star microscope equipped with
an Axicam 105 color camera. One hundred ninety-two fields of view were scanned on every 0.25g
of root sample. Fields of view were 0.5cm equidistantly spread across 75 x 25mm glass slides.
Public data mining:

Publicly available data deposited on the zenodo data portal from Evangelisti ef al.'> were
downloaded for side-by-side model comparison and our model development. The zenodo-get
software method was used on the zenodo ID 10.5281/zenodo.5118948 to retrieve the dataset’*3!,
The jpg images were added to the existing dataset for training and testing. The Evangelisti ef al.'
annotations were not used because they were not applicable to our approach.

Root image annotation:

Root image annotation was conducted using the VGG annotator tool. The fungal structures

were annotated using the polyline option. Classes identified in the image were circled on the image,

and the points were exported in JSON format. Each annotated image was binned into the training,

101



testing or validation bins. The image annotations were combined into conglomerate training,
testing and validation data annotations files. The file structures for images and the associated
annotations followed the COCO format as directed by the detectron2 documentations.

Root Image Augmentation:

Image augmentation was conducted using the albumentations package in python. Images
were rotated, flipped, and modified using contrast and zoom manipulations. The image
augmentations diversified the training set for better model performance. Hand annotated image
segmentations were analyzed to produce segment bounding boxes. Each bounding box was
cropped from the image as an independent tile. Each of the bounding boxes were modeled as a
convex hull. A convex hull C is represented as a sorted series of cartesian coordinates
[{{x1,y1},{x2,)2},...}] where c[0][0] is the xmin and the ymin of the bounding box. Given that the
hull is a simple four-sided polygon, the four vertices are used to find the geometric center of each
bounding box. Each list of segmentation points annotated in the image was passed to the
Raycasting algorithm to find out if the point is in the convex hull. The algorithm followed the
even-odd-rule to calculate if a point is in each polygon. The objective function for this rule is if a
point crosses an odd number of sides of the hull to connect the geometric center of the polygon,
the the point was judged as outside the box. In contrast, if the point crossed an even number of
sides, is a vertex point, or was along an edge; the point was judged as inside the polygon. This
search runs in O(n)(p), where n is the number of edges of the polygon and p is the number of points
annotated in the image.

In the event that a second structure was inside the bounding box, we added an optional
contextual augmentation. The context of the segment may be critical for determining instance

class. Adding segments inside the bounding box patch that was cropped for each structure allowed
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the algorithm to see instances of objects annotated in context of other classes in the dataset. The
segmentations were mapped to the intersecting regions in the tiles. Tiles were added to the training,
validation, and testing sets. An approximately equal split of field generated images and datamined
images were sent to the training, validation, and test sets. All image augmentations are available
in the train.py file provided in the repository.

Network training, tuning and evaluation:

The model was trained on the Georgia advanced computing resource center (GACRC). We
implemented the automatic method to segment and annotate fungi and root structures through
Mask R-CNN?*32_ A total of 746 images and 3577 polygon segmentations were used for training,
testing and validation with approximate ratio 8:1:1. After merging classes with few instances into
‘others’, the following classes were used: root, AMF internal hypha, AMF external hypha, AMF
arbuscule, AMF vesicle, AMF spore, and others.

The Mask R-CNN model was implemented in Detectron2 and is composed of the
backbone, the region proposal network (RPN), and heads?**2. The ResNet 50 and FPN (Feature

Pyramid Network) backbone extracts feature maps from images?*>*?

. RPN proposes candidate
regions. Heads produce bounding box, mask, and class inferences. The Mask R- CNN model was
pretrained on the COCO dataset with 3x schedule?'*. Based on the pretrained model, we
continued training for 50 epochs on microscopic images with batch size 2 and the default learning
rate schedule. For each image, the best fine-tuned model was selected based on total loss in
validation set during training. Different hyperparameters were tested and each was repeated three
times with different random seeds. We tested two learning rates: 0.001 and 0.002. We varied the

number of frozen or fine-tuned backbone modules, where the ‘FREEZE AT’ parameter ranged

from 1 to 3. Two augmentation options were implemented: the default option and a more complex
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one. The default option includes image random flip and resize, and the latter option adds random
crop, rotation, and brightness adjustment. Other parameters were set as default in Detectron2
configuration?*. We evaluated model performance and selected hyperparameters based on mean
Average Precision (mAP). This metric was calculated with varying confidence thresholds and
averaged over all classes. In addition, AP50 was calculated at Intersection over Union (IoU) level
50% and AP was averaged over IoU levels from 50% to 95%. Score threshold for inference in test
set was set at 0.7. Model training and inference was implemented on sapelo2 at GACRC with one
p100 GPU, 4 CPUs, and 20 GB memory. Evaluation code and parameter tuning codes are publicly
available in the GitHub repository.

Web application:

The web-application was implemented in the Amazon Web-Services ecosystem. The
website is built in HTMLS5, CSS3, Bootstap CSS and Vue JS.3. The web interface is comprised of
four sections. The Home section describes the tools and functionality on the web-portal. The Image
Segmentation section is a drag and drop box for image submission into the model. The third section
is a description of the team and our most recent news. The fourth section allows the users to get in
touch with the labs that work on the project. The website is hosted using the Route 53 hosting
service. The hosting service called Amazon Route 53 is a scalable cloud Domain Name System
(DNS) web service**. Amazon Route 53 serves to connect the web-UI in the model requests
infrastructure. Route 53 communicates through the API Gateway directly into an Amazon S3
bucket using a lambda function for pre-signing a submitted image URL for submission directly on
a temporary landing bucket**. The image submission is handled internally with a series of Amazon
S3 triggers. The image deposition triggers a second lambda function to move the image into a

staging area and run the MycorrhiSEE model**. The model is run on the Amazon Sagemaker studio
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inside the Detectron2 docker that is configurable inside the ecosystem®*. The image that was
evaluated and handled by the model directs the segmented image back to the S3 bucket staging
area to trigger a final lambda function to return the data back to the user**. The model shuts down
the docker container. The model is deployed on cloud front to deploy on all domains in the US,
Europe and Canada. The use of the model is currently restricted to top registered users while the
model is still in active development. The workflow is implemented as a serverless workflow. The
data is not saved or retained in the workflow. The maximum number of S3 requests per month is

currently 200034,
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4.4 Results

Fifteen plants were harvested from plants cultivated in the soil from the iron horse farm in
Athens, GA. 746 images were produced from field plants. The field sourced images were
supplemented with 15 high resolution images from the Evanglasti et al 2020 study from the zenodo
public database and were added to the field sourced image repository'>3%3!, In Figure 1. we show
the total population of fungal and root structures labeled in the images from the field and from the
public database. There are six classes of information labeled in the images that were summed and
displayed in the bar plots. The blue bars represent the structures that are labeled form the
Evanglasti et al study and the green bars represent the structures labeled in the images coming
from field sourced slides. The Evanglasti et al study produced over one-thousand structures per
slide with an average of 821 AMF arbuscules and 732 AMF vesicles per slide. In contrast the field
sourced data produced a total of 337 AMF spores and 137 AMF vesicles total. The mined data
contained 3014 AMF internal hypha compared to 406 from the field sourced images. The mined
data contained 1680 external hyphae compared to 976 in the field sourced data. The root structures
in the field source were 1308 and 390 in the data mined sourced data. The total sum from each
source for each structure is reported next to the bar.

In Figure 2. we display a cartoon overview of the model development and workflow. The
images were annotated with the VGG annotator software (Figure 2A). Annotated images were
padded to square the image (Figure 2A). The padded images were tiled, and region coordinates of
the segmented structures were annotated. The annotated fungal structure coordinates were
intersected with the tile bounding box coordinates (Figure 2B). The bounding box points were
modeled as a convex hull. We used the Raycasting algorithm to calculate whether a point is in a

given polygon. The Raycasting algorithm sites performs the even-odd-rule to find out whether a
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point is in a given polygon. For of the segmented annotations in each image the annotated regions
were intersected with image tiles and categorized with class labels (Figure 2C). A pretrained
Detectron2 model built on top of the mask-rcnn recurrent convolutional neural network was tuned
for the classification and segmentation of fungal structures in the validation dataset (Figure 2D).
The test images tiles were segmented by the model and the model efficiency was evaluated (Figure
2E). The annotate image was returned with polygons annotated on top of the original image (Figure
2F).

In Figure 3. We display examples segmented image from the test dataset. The figure is
broken into three columns and two rows. The two rows are represent two sections; the top row
shows the annotated ground truth information, and the bottom row displays the accompanied
model’s prediction of the segmented areas in the image (Figure 3A, B, C). across the columns, we
present three examples of three separate instance segmentation tasks from the test image dataset.
In Figure 3A. The ground truth root was segmented into two sections of root. In the predicted
section, MycorrhiSEE was able to discern the root section was continuous. The model was 99%
confident in the root location and area. Interestingly, the model merged a continuous section of
root that was labeled into two distinct areas. The model identified and found the critical structure
AMEF internal hypha. The model was 74% confident in the area around the fungal structure. This
demonstrated the capacity of the model to calculate the area of key biological features for
mycology research (Figure 3A). In Figure 3B the model segments the root, AMF Root hypha and
AMF arbuscule class (Figure 3B). The model was 97% confident of the AMF internal hypha and
91% AMEF arbuscule. The size and density of the colonization in the roots of the Sorghum bicolor
1s known to be is directly linked to the efficiency nutrient transfer in the soil (Figure 3B). In Figure

2C we show the instance segmentation architecture identifying side-by-side structures with an
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ambiguous class labeling, the model captures all four instances of hypha in the image and discerns
between the internal and external hypha in a side-by-side segmentation task (Figure 3C).

The model was configured and added as a free to use service deployed completely on the
Amazon web services platform (aws). The model is hosted using the Route-53 website hosting

service at www.Mycorrhisee.com (Figure4A). The website is static with one function area for

image submission. Images submitted with into the MycorrhiSEE model are directly deposited on
an s3 bucket using the serverless pre-signed URL and API gateway for an S3 container (Figure
3B). The S3 bucket uses an s3 trigger to enable an aws lamda function to trigger the Amazon
Sagemaker. Amazon Sagemaker triggers a dockerfile to activate a virtual environment inside a
docker container. The model evaluation script reads the submitted images and segments the
images. The images are returned to the user inside the browser. A comma separated file with the
annotated classes and the image coordinates is returned to the user. This file contains the
information necessary for analyzing underlying biological patterns.

The model was evaluated using the three-standard metrics for an instance segmentation
algorithm; Average precision (AP) of each structure class in the image, the Bounding Box average

precision, and the Segmentation average precision.
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4.5 Discussion:

The data population from the field sourced and the publicly sourced data in the labeled
population showed different distributions in nearly all structures and orientations of the structures
in the dataset. The difference in the prevalence of the root class is explained by the difference in
the mechanism of sampling. The field sourced data were disjointed images captured in independent
runs in contrast to a single image that was processed into sub-image tiles. However, the differences
in the populations of fungal structures are not due to sampling but is directly linked to the
mechanism of data production (Figure 1.). In the Evanglasti et al project, the authors inoculated
the roots of 30 plants with AMF fungi. The inoculation and subsequent cell culture produced
densely populated images that were rich with AM Fungi, AM Arbuscule and AM Internal hypha
(Figure 1). Field sourced data was harvested from plants grown in the soil extracted from the iron
horse farm. The samples showed a distinctly higher proportion of AM Spores compared to the
cultured data mined from the Evanglasti et al. data (Figure 1). We considered the differences in
the distribution of the structures in the two data sets may contribute to loss in the model in samples
that are submitted from only the field or only the lab. To address this concern, we trained the model
on an approximately equal distribution of the data from each resource. Further, the data from the
field and the data from the lab were generated with a different background. The field sourced
microscope images background is darker than the lab cultured samples. The differences in the
background may contribute to Bounding Box regression loss at the structure boundaries. This was
of particular concern for the root, and hyphae structures. The root edges in the field sourced data
were darker and thicker. This difference is due to the difference in the root source. The root source
in the field sourced data was the Sorghum bicolor, in contrast the root source of the mined data

was from a collection of species; icotiana benthamiana, Medicago truncatula, Lotus japonicus,
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Oryza sativa. The AMF internal hypha and AMF External hypha cross the background and root
boundary. The mixed dataset allowed the model a broad diversity of object boundaries for the
model to consider in its training.

The image orientations of the data sourced from the cultured samples were almost
exclusively horizontal across the images. In contrast the images in the field sourced images were
depicted in many orientations. We addressed this issue in the image augmentations in training. We
added several image augmentations including; Resize Shortest Edge, Random Brightness, Random
Flip, Random Rotation. We added an independent Random Crop to the images sourced from the
Evanglasti team as independent samplings from the dataset. This step increased the representation
of data from the mined data by over one hundred times instead of training on only the thirty
publicly available images. These steps standardized the inputs of the images into the model for
training.

The process of the model training was directly linked to the standardization of the image
data. The class structures in the field sourced data and mined data were hand annotated using the
VGG annotation software (Figure 2A). The points in each segmentation and the images used in
the model were formatted into the COCO data set format®3. Images were cropped into bounding
box tiles modeled as a convex hull (2B). The points of the convex hull represented a simple
polygon. The raycasting algorithm was used to test if the points in the segmentation were inside
the bounding box of the image tile (Figure 2C). The tiles were output as individual images with an
accompanied COCO dataset describing the tiles and segmentations (Figure 2D). Adding co-
occurring vaues to the bounding box image sent to detectron2 adds biological information to the

model and helped us to resolve loss. A specific example arises when a vesicle is identified in a
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image that is not on a root. We can remove this classification and segmentation and identify the
images in the training or validation set that leading to the erroneous calculations.

The data was fed into the Detectron2 instance segmentation model. The model was trained
to identify the custom structures in the microscope images. These structures are not in the
pretrained architecture from the COCO dataset that is now comprised of over 300,000 images and
1.5 million total structures primarily depicting in-home attributes, animals, urban living, and
natural scenes®’. The model inherits the inductively learned values from a previously trained
architecture and identifies the structures in the microscope images using inductive transfer while
tuning the model for the identification of the labeled structures in our custom dataset (Figure 2E).
The trained model was deployed on the validation set to reconstruct the original images with
annotated masks (Figure 2F).

The three example segmented images depicted in Figure 3 each demonstrate the use and
applicability of the MycorrhiSEE model in the mycology research domain. The figure is broken
into two sections: the ground truth and predicted masks. In the top row we show the hand annotated
ground truth of the field sourced images. In Figure 3A. A root section was labeled with two
polygons and an AMF internal hypha was labeled in the right section of the image. The model
correctly identified and merged the root area with 99% confidence. The model identified the
outline of the AMF internal hypha with a confidence 74%. In Figure 3B. The model identifies the
root bounding box and AMF Arbuscule with 99% and 91% confidence. The identification of the
AMF Arbuscule was a strong result in that this structure is not highly represented in the field
sourced images demonstrating the advantage of mixing the field and cultured datasets. In Figure 3

C. two ambiguous AMF internal Hyphae and AMF External Hyphae were correctly distinguished
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on both sides of the image. The model identified was able to discern the slight differences in the
fungal hue that is only discernable in a z-stack in human labeling.

The was evaluated on the area of precision (AP) and the bounding box area estimation. In
Figure 4. We show a side-by-side estimate of the train and validation loss in the classification and
bounding box regression loss over the model epochs. The model loss was minimized in the training
to 0.

MycorrhiSEE is deployed on a hosted zone on amazon webservices. We used the route 53
service to publicly host the online portal of our model. A deposited image is marked with a pre-
signed URL and deposited into a temporary holding bucket. The deposition of the image in the S3
bucket triggers a cascade of internal aws services programmed around the model. The image is
transferred to a staging bucket and a successive s3 trigger engages a model built using the aws
Sagemaker studio. A lamda trigger invokes the model to evaluate the image, segment the structures
within the image and return the segmented image back to the user. Once the model has returned
the output the serverless workflow is shutdown. The entire workflow is deployed on cloudfront

such that any user is capable of deploying this workflow seamlessly from their workstation.
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4.7 Conclusions:

The MycorrhiSEE model demonstrates a significant advancement from the seminal work
published by the Evanglasti et al team. Our model has improved upon their work in two
fundamental spaces. First, the model is an instance segmentation model in contrast to tiling and
classification model. Our approach identifies the pixels in the image that are depicting the
structures and therefore is a real representation of the colonization area in contrast to a tile
occupation and conversion. Second, our model is accessible and deployable. The AMFinder
software requires field specific expertise, an in house HPC and domain knowledge of deep learning
to implement. Our model requires none of these and only requires a user to submit the images into
the MycorrhiSEE image drag and drop box.

The next steps for this model are to return colonization and structure counts in an
annotations file back to the end user. This service would increase the user engagement with the

model and ultimately increase the impact for the mycology researcher.
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4.6 Figures and Tables:

Figure 1. Annotated data populations.
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Figure 1. Six classes captured in microscope image were labeled using the VGG annotation software. The classes are organized top to bottom in
order of their total count on the vertical axis. The data population is plotted across the horizontal axis. The source of the image class is colored in
blue for data sourced from the Zenodo database and green for data that was sourced from harvest plants from the iron horse field. The structure
classes are ordered by their prevalence in the data mined source order.
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Figure 2. MycorrhiSEE model flowchart
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Figure 2. Images of fixed roots were annotated with the VGG annotator software. The images were padded in the x and y direction to square the
images (A). The annotated images were tiled into bounding box patches from the hand annotated polygon points. The bounding boxes were modeled
as convex hulls intersected with segmentation coordinates(B). The ray casting algorithm implemented with the even-odd-rule was used to determine
if other segmented points were in the tile (C). Points in each tile were translated from image coordinates to tile coordinates categorized with the
class ID (D). Tiles containing segmented structures were used as the input to tune the pretrained Detectron2 deep neural network (E). The trained
neural network segments instances of annotated structures in the test images (F).
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Figure 3. Image Segmentation of root images

Figure 3. Three groups of example tiles are displayed in three columns and two rows. The columns show three examples of the image segmentation
model processing the slide images of the roots. The rows of the figure display the Ground truth segmentation labeling in the top row and the
predicted polygons in the bottom row.
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Figure 4. Amazon webservices workflow
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Figure 4. The MycorrhiSEE architecture is hosted on the Route 53 platform. An image is transferred for the user to the simple storage solution
bucket. An S3 trigger activates an aws lamda function to activate the docker container and virtual machine to run the MycorrhiSEE model. The
configured and trained model runs on the Amazon Sagemaker studio lab and segments the image. The segmented image is saved and an aws
lamda function is returned to s3 bucket. The user request is returned to the user in the browser and the request loop is closed.
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Figure 5. Model Evaluation of the data
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Figure 5. Four panels were plotted visualizing the evaluation of the MycorrhiSEE model. The loss of the model was tracked over the entire set of
steps (per/model update). Two losses were calculated to optimize the model. Total loss in classification for the train and validation set are plotted
in the blue and orange lines, respectively (A). The Bounding box regression loss was calculated over the over the entire set of steps (per/model
update). Total loss in Bounding Box regression for the train and validation set are plotted in the blue and orange lines, respectively (B). The Average
precision for each class were calculated for all test set images. The average precision for each class for the segmentation of the polygon and
regression for each class are shown in blue and tan, respectively (C). The value performance for each class or ordered on the vertical axis by the
performance of the bounding box. The aggregated average precision for AP50, API, AP75, AP and APm for the Bounding Box and Segmentation
across all classes are displayed in blue and tan, respectively. The bars are ordered by bounding box score.
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