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ABSTRACT

Although the basic chemical mechanisms of cellular biology are now
well-known, we are still a long way from understanding how pheno-
types emerge from these basic mechanisms. Within the last decade, RNA-
sequencing (RNA-seq) has become a ubiquitous technology for measuring
the transcriptome, which provides a snapshot of gene expression across
the entire genome. An improvement in our ability to predict how phe-
notypes emerge from the complex patterns of gene expression, a task we
refer to as transcriptome-based cellular phenotyping (TBCP), would lead to
considerable medical and technological advancements. Machine learning
promises to be an apt approach for TBCP due to its ability to overcome
noise inherent in RNA-seq data and because it does not require a priori
knowledge regarding the rules and patterns that lead from gene expres-
sion to phenotype. Furthermore, there exist large, public databases of
RNA-seq data that promise to be a valuable source of training data for
developing machine learning algorithms to perform TBCP. Unfortunately,
this opportunity is impeded by a number of challenges inherent in these
databases including poorly structured metadata and data heterogeneity.
In this thesis, I present three projects that push the state-of-the-art in the
ability to leverage the trove of publicly available gene expression data for
TBCP.

In the first project, we address the problem of poorly structured meta-
data that exist in public genomics databases. We specifically focus on the
Sequence Read Archive (SRA), which is the premiere repository of raw
RNA-seq data curated by the National Institutes of Health; however, our
work generalizes to other databases. Existing approaches treat metadata
normalization as a named entity recognition problem where the goal is
to tag metadata with terms from controlled vocabularies when that term

is mentioned in the metadata. We reframe this problem as an inference
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task, in which we tag the metadata with only those terms that describe the
underlying biology of the described sample rather than with all mentioned
terms. By doing so, we achieve much higher precision than that achieved
by existing methods, and maintain a competitive recall.

In the second project, we leverage the normalized metadata produced
by the first project in order to train predictive models of phenotype from
RNA-seq derived gene expression data. We specifically focus on the cell
type prediction task: given an RNA-seq sample, we wish to predict the
cell type from which the sample was derived. Cell type prediction is
an important step in many transcriptomic analyses, including that of
annotating cell types in single-cell RNA-seq datasets. This work represents
the first effort towards a cell type prediction task that utilizes the full
potential of publicly available RNA-seq data.

Finally, in the third project, we build on the second project in order
to address the task of cell type prediction on sparse single-cell RNA-seq
data (scRNA-seq) produced by novel droplet-based technologies. These
droplet-based scRNA-seq technologies are enabling the sequencing of
higher numbers of cells at the cost of a lower read-depth per cell. Such low
read-depths result in fewer genes with detected expression per cell. We
explore the effects of applying cell type classifiers trained on dense, bulk
RNA-seq data to sparse scRNA-seq data and propose a novel probabilistic
generative model for adapting the bulk-trained classifiers to sparse input
data.



1 INTRODUCTION

Although the basic chemical mechanisms of cellular biology are now well-
known, we are still a long way from understanding how most observable
characteristics of a cell or organism — called phenotypes — emerge from these
basic mechanisms. Advances within the last decades are now enabling
high-dimensional measurements of cells, thereby allowing us to study
this emergent complexity. For example, within the last decade, RNA-
sequencing (RNA-seq) has become a ubiquitous technology for measuring
the set of all RNA gene products in a cell or biological sample — called the
transcriptome — thereby providing a snapshot of the gene activity across the
entire genome (Wang et al., 2009). An improvement in our ability to pre-
dict how phenotypes emerge from the complex patterns of gene activation,
as captured by RNA-seq, would lead to considerable medical and tech-
nological advancements in such areas as stem cell therapy development
(Cahan et al., 2014; Morris et al., 2014), disease diagnosis (Kegerreis et al.,
2019; Byron et al., 2016; Saddiki et al., 2015; Marisa et al., 2013; Chuang
et al., 2007), and biological data analysis (Hou et al., 2019; Alavi et al., 2018;
Ellis et al., 2018). This task, which we refer to as transcriptome-based cellular
phenotyping (TBCP), is the focus of this dissertation.

Currently, it remains intractable to perform TBCP manually due to both
the high number of genes (tens of thousands in the human genome) and
our incomplete understanding of how the myriads of interactions between
genes, proteins, and other molecules in the cell form complex systems
and feedback loops. Thus, computational approaches are required. Fur-
thermore, biological systems are inherently noisy, so these computational
approaches must take this noise into account if they are to be successful.
In this dissertation, we explore the use of machine learning — the study of
algorithms that learn by example - for building automated TBCP systems.
Machine learning is an apt approach for overcoming the noise inherent



in RNA-seq data because incorporating uncertainty is fundamental to
machine learning algorithms (Ghahramani, 2015). Furthermore, since ma-
chine learning algorithms learn from examples, these approaches provide
a path to overcoming the lack of knowledge regarding the specific rules
and patterns that lead from gene activity to phenotype.

Although machine learning algorithms do not require a priori knowl-
edge, they do require training examples. In the case of applying machine
learning to TBCP with RNA-seq, this entails providing the algorithm with
RNA-seq data from many biological samples where each sample is la-
belled with a phenotype. Unfortunately, it remains difficult for a single
laboratory to produce sufficient data to train such algorithms because
sample collection, preparation, and RNA-sequencing are expensive and
involved processes. Fortunately, the National Institutes of Health (NIH)
have created public databases where scientists who perform RNA-seq
deposit their data so that other scientists can perform secondary analyses.
These databases thus provide a valuable source of training data for the
TBCP task.

Unfortunately, it has hitherto been challenging to utilize these public
data sources due to their poorly structured metadata and heterogeneity.
In this dissertation we present three projects that address these challenges
and span multiple stages of the machine learning pipeline, from the ac-
quisition of training data to model development. These projects support
the following thesis:

Large-scale, heterogeneous repositories of RNA-seq data can
be leveraged to train machine learning classifiers to perform

transcriptome-based cellular phenotyping.

Most of this work targets the Sequence Read Archive (SRA), the premier
repository of public RNA-seq data, which is curated by the NIH (Leinonen
et al., 2011); however, this work may also be applied to other large, related
databases including the Gene Expression Omnibus (Barrett et al., 2013).



Together, these projects advance the state-of-the-art in both our ability to
leverage public data and to perform TBCP.

In the following sections, we provide relevant background on RNA-seq,
applications of TBCP, and relevant computational approaches. The pur-
pose of this introduction is to bridge the gap between computer scientists,

biologists, and bioinformaticians.

1.1 Transcriptomic analysis with RNA-seq

Each cell in an organism contains a copy of its genome: a long sequence
of four molecules, adenine (A), thymine (T), guanine (G), and cytosine
(C), called DNA. Specific subsequences along the genome are called genes
and store the instructions for constructing functional molecules, predom-
inantly proteins, that orchestrate the cell’s chemistry!. When a gene is
expressed by the cell (i.e. used to create a protein), the gene’s sequence is
first copied to an intermediate information-storing molecule, called RNA,
in a process called transcription . These RNA molecules, called transcripts,
are free to float away from the DNA where they bind with cellular machin-
ery, called ribosomes, which are responsible for converting the transcript’s
sequence into a protein®. The set of all transcripts in the cell is called the
transcriptome.

RNA-seq is a procedure that leverages next-generation sequencing
of DNA molecules in order to measure the relative abundance of each
gene’s transcripts in the cell (Fig. 1.1). The procedure works as follows:
first, RNA is isolated from the cell or population of cells. The isolated
RNA is then broken into fragments, reverse transcribed into DNA, and
then amplified thereby creating a set of short DNA molecules called the
sequencing library. The sequencing library is then fed to a next-generation

'The human genome encodes approximately 20,000 protein-coding genes.
2Some genes do not encode for a protein. Rather, the RNA itself performs a function
in the cell. These RNA are often called non-coding RNA’s.



sequencing machine where the DNA fragments are sampled uniformly
at random, and a short substring is read off of the ends of these sampled
fragments. These substrings, called reads, are then stored in a digital
file®. By design, each step of the RNA-seq protocol preserves, on average,
the relative proportion of transcript copies from each gene. Thus, by
examining the proportion of reads originating from each gene one can
infer the expression level of that gene.

Determining the gene of origin for each read is a challenging compu-
tational problem. Classical approaches entail aligning the reads to the
genome — that is, finding the best character-to-character match between
the read and a subsequence along the genome (Canzar and Salzberg, 2017).
Recent approaches bypass the explicit character-by-character alignment
process and instead compute approximate alignments, referred to as either
pseudoalignments (Bray et al., 2016) or quasi-mappings (Patro et al., 2017).
Once reads are aligned, or approximately aligned, one must deal with
reads that map to multiple genomic locations. Current approaches treat
this multi-mapping read assignment problem as an inference task where
the goal is to infer the true gene of origin for reach read (Li and Dewey,
2011; Li et al., 2010). The final output is a positive, real number associated
with each gene indicating the estimated, expected number of reads that
originate from each gene. Mathematically, one can represent this output
as a vector of read-counts, x € RS, where G is the number of genes, and
an element of this vector x; represents the number of reads mapping to

gene i.

3A typical RNA-seq experiment will produce a file storing tens of millions of reads.
These files typically occupy several gigabytes.
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Figure 1.1: RNA-seq Overview. A schematic illustrating a basic RNA-seq
protocol. In this toy example there are five genes colored red, blue, green,
orange, and purple. Each transcript and read is colored according to its

gene of origin.
1.2 Applications of transcriptome-based
cellular phenotyping

TBCP has a number of important applications. In this section, we discuss
some of these applications and notable efforts towards addressing them.



Single-cell RNA-seq analysis

In a traditional RNA-seq experiment, the RNA is isolated and pooled from
a population of cells. In these bulk RNA-seq experiments, only the average
gene expression for the population can be obtained rather than the gene
expression of individual cells. Within the last several years, advances
in microfluidics have enabled the development of new protocols, called
single-cell RNA-seq (scRNA-seq), that entail isolating and extracting RNA
from individual cells, thereby allowing for the study of gene expression
at the single-cell level (Tang et al., 2009). scRNA-seq enables the study of
cell populations at a level of granularity never before accessible, and is
therefore leading to discoveries of new cell populations (Aizarani et al.,
2019; Plasschaert et al., 2018) and new mechanisms that account for both
healthy tissue function (Tikhonova et al., 2019; Economo et al., 2018) and
disease (Mathys et al., 2019; Vladoui et al., 2019). Furthermore, these
technologies are undergoing rapid development and are enabling the
sequencing of ever-more cells per experiment. For example, one recent
study generated expression profiles for over a hundred thousand cells
(Schaum et al., 2018).

Scientists who perform scRNA-seq commonly need to identify the cell
type of each cell in their dataset. We consider the task of developing auto-
mated systems for classifying cell types in scRNA-seq data to be a TBCP
task where cell type is the phenotype of interest. Traditionally, labeling
cell types in scRNA-seq data is an ad hoc process that involves clustering
the cells and then searching for differential expression of certain cell-type-
specific marker genes across these clusters. This process is challenged both
by the fact that there is not a canonical set of marker genes for most cell
types (Zhang et al., 2018) and that this process is affected by the clustering
algorithm (Kiselev et al., 2019). To address these issues, approaches are
beginning to emerge that rely on training cell type classifiers (Aran et al.,
2019; Hou et al., 2019; Kanter et al., 2019; Lieberman et al., 2018; Xie et al.,



2019; Alavi et al., 2018; Lin et al., 2017).

Stem cell engineering

Stem cells are a category of cells in multicellular organisms that are capable
of converting themselves into more specialized cell types through a process
called differentiation. Because of their plasticity, there is great interest in
understanding and controlling this differentiation in order to direct cells
into becoming a specific targeted tissue type (Tewary et al., 2018). The
ability to engineer cells from stem cells is heralding new therapies for
regenerating and repairing diseased and injured tissue (De Luca et al.,
2019).

When scientists develop these in vitro differentiation protocols, they
must assess how well the differentiated cells resemble the targeted cell
type in vivo. To assess this, scientists will often compare a number of
characteristics, including gene expression, of their in vitro differentiated
cells to fresh, primary cells. To this end, machine learning based TBCP
methods have been developed to facilitate this comparison (Roost et al.,
2015; Cahan et al., 2014). The idea here is that a machine learning model
can classify the cell type or tissue type of the in vitro differentiated cells
and the classifier’s prediction can inform the user as to what cell type or
tissue type the differentiated cells resemble. The user can then use this
knowledge in the diagnoses of their differentiation protocols (Morris et al.,
2014).

Disease diagnosis

Because the transcriptome plays a major role in determining the cell’s
state, disease processes are often associated with aberrations in the tran-
scriptome. Therefore, TBCP promises to be a powerful tool for clinical

diagnosis (Byron et al., 2016). For example, in metastasized cancer, a first



step in treatment determination is identifying the cancer’s tissue of origin.
To this end, researchers are exploring machine learning-based TBCP for
identifying the tissue of origin in metastasized cancers (Sun et al., 2018;
Liet al., 2017). Along similar lines, researchers are identifying new can-
cer subtypes, even within the same tissue (Hoadley et al., 2018). As the
landscape of cancer subtypes is further revealed, new TBCP tools will
be required to classify the subtype of tumors in order to better inform
treatments (Saddiki et al., 2015).

Data curation

As previously mentioned (and to be described in detail in Section 1.3), the
NIH and other institutions maintain public databases, such as the SRA,
for scientists to deposit their gene expression data to enable secondary
analyses. Oftentimes, data submitters will not adequately describe the
phenotypes associated with their data leading to difficulty in performing
these secondary analyses (Gongalves and Musen, 2019; Gongalves et al.,
2017). TBCP offers a path towards correcting or completing the phenotype-
specific descriptions of these data. To this end, machine-learning based
TBCP methods have been developed specifically for the purposes of curat-
ing public gene expression data (Ellis et al., 2018; Lee et al., 2013)

1.3 The Sequence Read Archive

Because sample retrieval, preparation, and sequencing are expensive, the
NIH created the SRA for scientists to deposit the raw reads from their
experiments for the purposes of future secondary analyses. The SRA
stores reads from a variety of sequencing assays, including RNA-seq. It
is important to note that the SRA is organized in a hierarchical fashion
(Fig. 1.2). At the highest level, data is grouped by study where a study
represents a single scientific investigation. Each study is then associated



with a set of biological samples (e.g., a biological replicate) in a one-to-
many relationship. Each biological sample is then associated with a set
of sequencing experiments in a one-to-many relationship. As of Summer
2019, the SRA stores over 185,000 total human RNA-seq samples from over
166,000 biological samples. These data belong to over 4,500 studies.

There are a number of significant challenges that, to date, have sig-
nificantly impeded our ability to use the SRA, and other related public
databases, as a source of training data. First, the SRA does not dictate a set
of standards for data submitters regarding the metadata that describes the
sample-specific phenotypes. This has led to the metadata containing many
synonyms, misspellings, and references to outside information (Gongalves
et al., 2017). Because of this, researchers who wish to use public sources of
gene expression data for training machine learning classifiers have been
required to put forth a significant curation effort to generate standardized
phenotype labels (Alavi et al., 2018; Lee et al., 2013; Schmid et al., 2012).

Second, obtaining gene expression profiles from the SRA’s raw reads
is challenging. As previously described, quantifying gene expression
from the reads generated by RNA-seq requires mapping the reads to the
genome. Because a single RNA-seq experiment generates tens of millions
of reads, this process is computationally expensive in terms of both time
and memory. Fortunately, recent advances in gene expression quantifica-
tion algorithms are alleviating this computational burden (Nellore et al.,
2016; Patro et al., 2017; Bray et al., 2016). This has lead to a number of
efforts towards mass quantifying SRA RNA-seq data (Lachmann et al.,
2018; Collado-Torres et al., 2017).

Third and finally, because the SRA consists of data from diverse scien-
tific studies, analyses of these data must contend with batch effects (Leek
et al., 2010). Batch effects are technical effects or systemic errors that cause
bias between groups of samples grown or sequenced under similar exper-

imental conditions. Batch effects can account for a significant amount of
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Figure 1.2: Structure of the SRA. A schematic illustrating the hierarchical
structure of the Sequence Read Archive.

variation in RNA-seq data, especially in public data where “batches" are
considered to be groups of samples that share a scientific study of origin.
Specifically, one often finds that data in the diverse datasets such as the
SRA predominantly cluster according to their study rather than according
to their phenotype (Fig. 1.3). When constructing and analyzing methods
for TBCP using public data, these batch effects must be taken into account.
For example, in order to assess the true generalization performance of a
trained classifier, it is important to test the classifier on data from studies
that differ from the studies used in the training set (Bernau et al., 2014).
Failing to do so will lead to an overly optimistic measurement of perfor-
mance of the algorithm due to the fact that the test set unrealistically
resembles the training set.

1.4 Encoding phenotypes using ontologies

The projects presented in this work make extensive use of biomedical
ontologies. An ontology is a structured knowledge-base that defines a set of
concepts/terms within a specific domain of discourse. Besides providing

the definition for each term, an ontology also encodes a directed acyclic
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Figure 1.3: PCA plots illustrating batch effects. PCA plots of curated
CD4-positive T cell and CD8-positive T cell bulk RNA-seq samples from
the SRA (described in Section 3.2). In the left-hand figure each point is
colored according to the sample’s study. The legend on the right pertains
only to the right-hand figure. In the right-hand figure, these same points
are colored according to their cell type. Ideally, one find two tight clusters
pertaining to the two presented cell types. Rather, as seen above, the
clusters are largely explained by their study thus providing an example of
batch effects.

graph (DAG) (Fig. 1.4) in which each term is represented by a node and
each edge represents a relationship between two terms. Edges are usually
labelled with a relationship-type. For example, the most common edge is
the "is_a" edge. Given terms a and b, a is_a b asserts that all instances
of a are also instances of b. Similarly, the "part_of" edge represents the
knowledge that one entity is a component of another entity.

The fact that ontologies are hierarchically structured provides a num-
ber of advantage for the description and retrieval of public data. First,
since the public data is highly diverse, the hierarchical structure enables a
standardized description of data across the multiple levels of specificity of
phenotypes in the database. For example, a biological sample consisting
of T cells can be labelled as “T cell" while another sample consisting of
the more specific cell type CD4-positive T cells can be labelled using a

more specific term. Furthermore, the hierarchical structure also facilitates
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Figure 1.4: Example ontology graph. A subgraph from the Uberon ontol-
ogy representing anatomical entities in the heart. Red edges represent a
part_of relationship between terms. Blue edges represent an is_a rela-
tionship between terms.
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querying these diverse data. In the example above, a query for all T cells
will return both samples labelled as “T cell" and those labelled as “CD4-
positive T cell" due to “CD4-positive T cell" being a descendant of the
query in the ontology’s DAG.

1.5 Hierarchical multi-label classification

Because our phenotypes are encoded as a hierarchy, the projects presented
in this dissertation frame the machine learning-based TBCP task as that of
hierarchical multi-label classification. (Fig. 1.5). More formally, multi-label
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classification is the task of learning a function
f: X —P(Y)

where X is the set of all possible items (in our case, X := RS is the set of all
possible RNA-seq derived expression profiles) , Y is the set of all possible
labels (in our case, phenotypes), and P(Y) is the powerset of Y. That is,
given an item x € X, we assign x a subset of labels f(x) C Y. Provided a
DAG over the labels Y, hierarchical, multi-label classification imposes the
restriction on f that given an item x and label y € f(x), the parents of y in
the DAG are also in f(x).

Framing the TBCP task as hierarchical classification presents a num-
ber of advantages over "flat" classification in which the ontology terms
are not structured hierarchically. First, the DAG of an ontology provides
a rich source of prior knowledge to the classification task that remains
un-utilized in flat classification. By utilizing the hierarchy during train-
ing rather than using flat classification, more accurate classifiers can be
learned (Barutcuoglu et al., 2006). Second, hierarchical classification al-
lows for informative predictions to be made on query samples whose true
phenotype label may not be included in the ontology either because the
ontology is incomplete or that phenotype has yet to be discovered. Take
for example the small hierarchy in Figure 1.5 encoding T cell types in the
Cell Ontology (Bard et al., 2005)*. In the hypothetical scenario in which
the "yd T cell" is not in the ontology, a hierarchical classifier could label
a sample of this cell type as "T cell", which would be the most apt cell
type term of those available. Lastly, the use of hierarchical classification
approaches allows for the placement of a bulk RNA-seq sample at a level of
the hierarchy appropriate to its heterogeneity. For example, a population

4T cells play a pivotal role in the immune system. They are responsible for detecting
and responding to infection as well as for priming the immune system to respond to
future attacks.
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Figure 1.5: Hierarchical classification. A schematic illustrating hierarchi-
cal classification. Given an input vector of gene expression values (red
indicates the gene is highly expressed and green indicates the gene is
lowly expressed), the algorithm outputs a set of predicted ontology terms
following the structure of the ontology (the shaded nodes on the right).

of cells enriched for T cells may be heterogeneous in the sub-types of T
cells (e.g., a3 CD4+ T cells and a3 CD8+ T cells). In this case, "T cell"
would be the most apt prediction.

Hierarchical classification algorithms can roughly be divided into two
categories: ensemble-based approaches and global approaches (Silla and
Freitas, 2011). Ensemble-based approaches entail training a set of indepen-
dent "flat" classifiers, where each classifier corresponds to a node of the
hierarchy, and then aggregating the outputs of these classifiers so that they
are consistent with the hierarchy®. Ensemble-based approaches can be
further divided according to how each flat classifier is trained. Some meth-

ods train independent one-vs.-rest classifiers for each node, where each

°Because each classifier makes a prediction independently from the rest, these pre-
dictions may be logically inconsistent with the hierarchy. This will occur if a classifier
outputs a positive prediction for a given node, but its parent classifier outputs a negative
prediction.
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classifier makes a binary decision as to whether the query instance belongs
to the given node or not. Examples of these approaches include Bayesian
Network Correction (Barutcuoglu et al., 2006) and projection-based ap-
proaches (Obozinski et al., 2008). Other ensemble-based approaches take
a different strategy in which classification is performed in a top-down
fashion and each node’s classifier makes a binary decision as to whether
the query item belongs to the given node conditioned on the fact that it
belongs to the parents of that node (Obozinski et al., 2008; Cesa-Bianchi
et al., 2006). In contrast, in the global approach, classification is inextri-
cably intertwined with the hierarchy of the labels. Examples of global
approaches include decision tree-based approaches (Vens et al., 2008),
supervised hierarchical latent Dirichlet allocation (Perotte et al., 2011), and
kernel dependency estimation approaches (Bi and Kwok, 2011).

In this work, we explore ensemble-based approaches because they ad-
mit more flexibility in their development. This is because, in contrast with
global approaches, ensemble-based approaches decouple the hierarchi-
cal classification process into two steps: first, each independent classifier
makes its predictions and then these predictions are aggregated to ensure
that they are consistent with the hierarchy. Thus, the design decisions
regarding the independent classifiers are independent from the design
decisions regarding how the predictions are made to be consistent with
the hierarchy.

1.6 This dissertation

In this section, we outline the contributions presented in this thesis. These
contributions span multiple stages of the machine learning pipeline, from
acquiring labelled training data (Chapter 2), to developing machine learn-
ing algorithms (Chapters 3 and 4) (Fig. 1.6). We preview the contributions
of this thesis in the subsections below:
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Normalized sample-specific metadata for the SRA

In the first project, we address the challenge of obtaining ground-truth,
labeled training data from the SRA for performing supervised training of a
phenotype classifier. Such ground truth labelings are difficult to obtain due
to the poor structure of the sample-specific metadata in the SRA. In this
project we developed a novel computational approach for normalizing this
metadata by tagging sample entries in the SRA with terms from biomedical
ontologies. Existing approaches treat metadata normalization as a named
entity recognition (NER) problem, where the goal is to tag metadata with
terms from controlled vocabularies when that term is mentioned explicitly
in the metadata text. We reframed this problem as an inference task, in
which we seek to tag the metadata with only those terms that describe the
underlying biology of the described sample rather than tag the metadata
with all mentioned terms. We found that this approach yielded mapped
ontology terms with fewer false positives than existing approaches that
frame the problem as NER.

Hierarchical cell type classification using mass,

heterogeneous RNA-seq data from human primary cells

In the second project, we use the mapped ontology terms produced by the
first project in order to supervise the training of RNA-seq-based phenotype
classifiers. We specifically focus on the cell type prediction task: given
an RNA-seq sample, we wish to predict the cell type from which the
sample was derived. Cell type prediction is an important step in many
transcriptomic analyses, including that of annotating cell types in single-
cell RNA-seq datasets. This work represents the first concerted effort
towards the cell type prediction task that utilizes the full potential of
publicly available RNA-seq data. Further, we explore the novel application
of hierarchical machine learning classifiers to leverage prior knowledge
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Figure 1.6: TBCP Overview. A schematic illustrating the components of
the transcriptome-based cellular phenotyping task.

of cell type hierarchies, specifically, the Cell Ontology. To this end, we
pushed the state-of-the-art in cell type prediction accuracy of bulk and
single-cell RNA-seq.

Cell type classification of sparse single-cell RNA-seq data

In the third project, we build on the second project in order to address the
task of cell type prediction on sparse scRNA-seq data from novel droplet-
based technologies. These droplet-based scRNA-seq technologies are
enabling the sequencing of higher numbers of cells at the cost of a lower
read-depth per cell, which results in expression measurements for fewer
genes per cell. In this project, we explore the effects of applying cell type
classifiers trained on dense, bulk RNA-seq data to sparse scRNA-seq data
and propose a novel probabilistic generative model for adapting the bulk-

trained classifiers to sparse input.
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2 NORMALIZATION OF METADATA IN THE SEQUENCE

READ ARCHIVE

The work in this chapter was previously published as MetaSRA: normalized
human sample-specific metadata for the Sequence Read Archive (Bernstein et al.,
2017).

2.1 Background

The SRA promises great biological insight if one could analyze the data
in the aggregate; however, the data remain largely underutilized, in part,
due to the poor structure of the metadata associated with each sample.
The rules governing submissions to the SRA do not dictate a standardized
set of terms that should be used to describe the biological samples from
which the sequencing data are derived. As a result, the metadata include
many synonyms, spelling variants and references to outside sources of
information. Furthermore, manual annotation of the data remains in-
tractable due to the large number of samples in the archive. For these
reasons, it has been difficult to perform large-scale analyses that study
the relationships between biomolecular processes and phenotype across
diverse diseases, tissues and cell types present in the SRA. Our goal in
this work is to provide structured descriptions of the human biological
samples used in the SRA in order to enable aggregate analysis, as well as

reanalysis, of these data.

Challenges

The sample-specific metadata provided in the SRA is structured accord-
ing to key-value pairs where the key describes a property and the value

describes the value for that property (Fig. 2.1). Despite this structure,
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problems arise from the fact that both the keys and the values are created
by the data submitters, and therefore don’t adhere to a standard. This
lack of standard results in two categories of heterogeneity present in the
metadata: heterogeneity regarding which terms are used to describe each
sample’s phenotype as well as heterogeneity regarding when and how a
phenotype is mentioned in the metadata.

First, there exists heterogeneity regarding which terms to use to describe
a phenotype. This naturally results in many synonyms and misspellings.
For example, one data submitter may use the string "fibroblast of lung"
to describe their sample, whereas another data submitter will use the
string "lung fibroblast". Methods for addressing these problems frame the
biomedical metadata normalization task as that of named entity recognition
(NER). NER is the process of automatically recognizing and linking enti-
ties in natural language text to their corresponding entries in a controlled
vocabulary. Tools that take this approach include ConceptMapper (Tanen-
blatt et al., 2010), SORTA (Pang et al., 2015), ZOOMA (Misha et al., 2012),
and the BioPortal Annotator (Noy et al., 2009). Furthermore, there have
been efforts to utilize such tools to automatically normalize large biomedi-
cal metadata sets. For example, work by Shah et al. (2009) automatically
annotated samples and studies in the Gene Expression Omnibus (GEO)
(Barrett et al., 2013) and other sources of biomedical metadata. Similarly,
work by Galeota and Pelizzola (2016) annotated samples in GEO using
ConceptMapper.

Second, there exists significant heterogeneity regarding when and how
a phenotype is mentioned in the metadata, which leads to NER-based
approaches to err. Below we provide several examples of this form of
heterogeneity and describe how NER will fail in these scenarios:

* The data submitter will mention a phenotype not to describe the
biological sample, but rather to describe another entity such as the
sample’s study, sequencing protocol, or lab. Take for example, the
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key-value pair:
study design: Tumor vs. Matched-Normal

Here, the string "Tumor" is being used to describe the study, not the

biological sample.

The data submitter will use the key to encode a phenotype and use a
Boolean value to state whether that key pertains to the sample. For

example, the key-value pair,
tumor: no

communicates the fact that the sample is not a tumor sample. An
NER algorithm would incorrectly label this sample as a "tumor"
sample. Contrast the previous example with another sample’s key-
value pair:

body site: Blood Derived Cancer - Bone Marrow, Post-treatment

In this example, the string "Cancer" does indeed communicate that

this sample is a tumor sample.

Data submitters will often fail altogether to mention a phenotype,
but instead will reference an outside source where the phenotype
is described. This occurs most prominently in the metadata that
describes cell line samples. In such samples, the data submitter will
often use an identifier of the cell line rather than describing the bi-
ology associated with samples from that cell line. Presumably, the
phenotypes pertaining to such cell line samples are well-understood
in the specific scientific communities that use these cell lines, and

therefore, the data submitter uses the cell line identifier as a short-
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A Property Property value

cell type Laser Capture microdissected MNs from
post-mortem spinal cord

source_name Human Lumbar spinal cord motor
neurons

B Property Property value
BJ

cell line

cell type fibroblasts

harvest time 72 hours post seeding

lentiviral transgenes no

passage number passage 5

source_name Human forskin fibroblast, BJ (ATCC, CRL-
2522)

Figure 2.1: Example metadata entries. (A) Sample-specific key-value
pairs describing sample SRS1217219. Note that the values encode natu-
ral language text. (B) Sample-specific key-value pairs describing sample
SRS872370. Note the reference to an external cell lin e BJ. We also note that
‘forskin fibroblast’ is an incorrect spelling. Lastly, the value ‘no” negates
the key ‘lentiviral transgenes.’

hand for the full description of the sample.

To address these issues, one must take into account the metadata’s
semantics. Currently, the way to do so is primarily by manual curation. Al-
though accurate, manual curation is expensive and results in low through-
put. For example, the RNASeqMetaDB provides a database of manually
annotated terms associated with a set of mouse RNA-seq experiments
(Guo et al., 2015). This database describes only 306 RNA-seq experiments,
which represents a small subset of all experiments in the SRA.



22

Contributions of this chapter

In this chapter, we carefully formulate a metadata normalization task (de-
scribed in detail in Section 2.2) that demands more than extracting the
mentioned phenotypes, but rather, seeks to extract the phenotypes that de-
scribe the underlying samples’ biology. Accomplishing this task requires
discriminating between information that describes the biological sample
from information that describes other entities such as the sample’s study;,
sequencing protocol, and lab. Therefore, a solution to structuring the
sample-specific information must go beyond NER to address the meta-
data’s semantics. Currently, there does not exist a solution for automating
this task that goes beyond NER.

The first contribution of this chapter addresses this gap with the in-
troduction of a novel computational methodology. Our solution to this
problem is a novel rule-based system that maintains the provenance of
entities extracted from the text via a novel graph data structure. This graph
data structure memorizes all of the transformations performed on each
character in the text (e.g. stemming) and thus provides a common frame-
work for developing rules to reason about the semantics of the metadata.
This maintenance of the provenance of each extracted entity differentiates
this system from existing rules-based NER systems (Gattani et al., 2013;
Liu et al., 2010; Chiticariu et al., 2010).

We note that this methodology is computationally expensive and is
only tractable on datasets for which each object (e.g. biological sample) is
associated with a small set of metadata (e.g. the small sets of key-value
pairs associated with each sample). Although our methods are tailored
towards biomedical metadata in the SRA, the ideas presented in this chap-
ter may be adapted for other metadata normalization tasks where each
metadata entry is small, but the task at hand requires that the the extracted
entities be related to the described object through specific semantic rela-

tionships. Twitter analysis is one such similar setting where each entry
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(i.e. Tweet) is small, and for which certain tasks require that each extracted
entity satisfies certain semantic requirements. For example, Gattani et al.
(2013) present an approach for NER on Tweets; however, this method
does not address the metadata semantics regarding the extracted entities.
In contrast, Yin et al. (2015) present an approach for classifying Tweets
regarding whether or not they mention the personal health status of the
Tweeter. This work requires addressing the semantics of the Tweet in order
to discriminate between Tweets that describe the personal health status
of the Tweeter versus those that merely mention a health-related topic.
We note that this work does not tag Tweets with terms from a controlled
vocabulary, but one can imagine extending this task to extracting health-
related entities from each Tweet that describe the Tweeter. The approaches
developed in this Chapter can be adapted to address such the combination
of tasks addressed by Gattani et al. (2013) and Yin et al. (2015).

Second, this chapter chapter presents a novel approach towards stan-
dardizing data lakes. A data lake is a large repository of raw and heteroge-
nous data that is created to store an institution’s data before the use-case
for the data is defined (Fang, 2015). The SRA is one such example of a
data lake, which stores heterogeneous and raw data for future, but yet
unspecified, analyses.

Third and finally, applying our approach to the SRA produced a novel
value-added database, named the MetaSRA, of normalized metadata for
the biological samples in the SRA. The MetaSRA promises to facilitate
the utilization of the SRA’s data by both facilitating queries of the SRA
via the standardized metadata, and by providing a standard set of labels
to use in downstream statistical analyses. For example, the standardized
phenotype terms in the MetaSRA can be used as labels for supervised
training of machine learning algorithms for transcriptome-based cellular
phenotyping (which we address in Chapter 3).
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2.2 Task definition

MetaSRA encodes the metadata for each sample with a schema inspired
by that used in the ENCODE project (Malladi et al., 2015). This schema is

comprised of three parts:

1. Sample labels, using terms from the following biomedical ontologies:
Disease Ontology (Kibbe et al., 2015), Cell Ontology (Bard et al., 2005),
Uberon (Mungall et al., 2012), Experimental Factor Ontology (EFO)
(Malone et al., 2010), and the Cellosaurus (Bairoch, 2018).

2. A sample-type classification, with six sample-type categories similar
to those used by ENCODE. We assert that ontology terms alone do
not always provide enough context to understand the type of sample
being described. For example, a cell culture that consists of stem
cells differentiated into fibroblast cells may be annotated as both
“stem cells” and as “fibroblast.” Such annotation leaves ambiguity as
to whether the sample was differentiated from stem cells, or rather,
was reprogrammed into a pluripotent state from primary fibroblasts.
We assert that each sample should be categorized into a specific
sample-type that captures the process that was used to obtain the

sample.

3. Standardized numerical properties of the sample. Important biolog-
ical properties are often numerical and are not captured by ontology
terms alone. Such terms include age, time point, and passage num-
ber! for cell cultures. To the best of our knowledge, the problem
of extracting real-value properties from metadata has yet to be ad-

dressed.

ICells grown in culture will often outgrow the surface area available in the vessel in
which they are grown. When this occurs, scientists will often transfer a subset of these
cells to a new vessel where the cells can continue to grow unimpeded. This action is
called subculturing or passaging.
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The first two parts are shared with the ENCODE schema, with the last
part being a MetaSRA-specific extension. Currently, MetaSRA encodes all
human samples utilized in RNA-seq experiments on the Illumina platform;
however, future work will expand MetaSRA to other species and assays.

In the following sections, we describe each component in greater detail.

Mapping samples to ontologies

Like the ENCODE project, we label each biological sample using biomedi-
cal ontologies. We define the task of mapping samples to ontologies as
follows: given a set of samples §, a set of ontology terms O, and set of
relationship-types R, we seek a function f : § — P(0), where P(0) is the
powerset of O, such that given a sample s, for each o € f(s), there exists a
relationship-type r € R that relates the sample s to the ontology term o.
We restrict R to the following types of relationships:

* has phenotype: Maps samples to phenotypic or disease terms.

¢ derives from: Maps samples to cell lines or, when the sample consists
of differentiated cells, to stem cell terms.

¢ part of: Maps samples to the anatomical entity from which it was
extracted.

* consists of cells of type: Maps samples to their constituent cell
types.

¢ underwent: Maps samples to ontology terms that describe a medical
or experimental protocol.

We restrict our use of ontology terms to only “biologically significant”
terms. An ontology term o is deemed biologically significant if given
two samples sq,s, € 8 where f(s;) C f(s2) and f(s;) \ f(s1) = {o} there
likely exists a difference in gene expression or other measurable difference
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in biochemistry between the two samples. In simpler terms, an ontol-
ogy term o is deemed biologically significant if given two samples with
equivalent descriptions barring that one sample can be described by o and
the other cannot, a significant difference in the biochemistry of the cell
may exist between the two samples. For example, the ontology term for
“cancer” is biologically significant, whereas the term “organism” is not
because all samples are trivially derived from an organism. We manually
searched the ontologies for biologically significant terms that are near the
roots of the ontologies” directed acyclic graphs. We then assume that all
children of a biologically significant term are also biologically significant
and retrieve all children of the manually selected nodes. We map samples
to only biologically significant terms in the ontologies. An example of a
standardized sample is shown in Figure 2.3.

Discriminating between term mentions and term mappings

Our goal in mapping samples to ontology terms goes beyond named entity
recognition. Rather than finding all occurrences or “mentions” of ontology
terms in the metadata, we attempt to infer which labels adequately describe
the biological sample being described. A term may be mentioned, but not
mapped as well as mapped, but not mentioned.

For example, consider a sample’s description that includes the follow-
ing text: Metastatic castration resistant
prostate cancer. If we consider the Uberon and Disease Ontology, we
see that the string “prostate cancer” mentions three terms in these ontolo-
gies: “prostate gland”, “cancer”, and “prostate cancer.” Of these terms,
only “cancer” and “prostate cancer” are mapped because they are re-
lated to the sample through the “has phenotype” relationship. The string
“prostate” is not not mapped because it localizes the disease rather than
the sample. There is no relationship-type in R that associates the sample
with “prostate.” By prohibiting the mapping to “prostate”, we remove
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ambiguity as to whether the sample was derived from an organism with
a prostate-related disease, or from prostate tissue itself. More generally,
whenever a sample maps to an anatomical entity, we are asserting that the
sample originated from that site.

To provide an example in which an ontology term should be mapped,
but is not mentioned, consider a sample described with the key-value pair
passage: 4. The Cell Ontology term for “cultured cell” is not mentioned
in this description; however, by the fact that it was explicitly stated that
the cell was passaged, we can infer that the sample consists of cultured
cells. Thus we map the sample to “cultured cell” via the “consists of cells
of type” relationship.

Discriminating between explicit and consequent mappings

We distinguish between two types of mappings: those that are explicit in
the metadata and those that can be inferred from the explicit mappings.
We refer to the latter as “consequent mappings.” For example, the ontol-
ogy term for “female” is explicitly mapped from the key-value pair, sex:
female, because the author is explicitly communicating the fact that this
sample maps to “female” through the “has phenotype” relationship.

A sample “consequently” maps to an ontology term if, using external
knowledge, one can logically conclude that the sample maps to the term.
The premier example of such a case arises when a sample maps to a cell
line. In such a case, the sample would consequently map to terms that
describe this cell line. For example, given the key-value pair cell line:
MCF-7, the sample would consequently map to “adenocarcinoma” because
the MCF-7 cell line was established from a breast adenocarcinoma tumor.
MetaSRA includes both explicit and consequent mappings.
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Extracting real-value properties

In addition to mapping samples to ontology terms, we also annotate
samples with real-value properties that are described in the metadata.
We structure each real-value property as a triple (property, value, unit)
where property is a property ontology term in the EFO, value € R, and
unit is an ontology term in the Unit Ontology (Gkoutos et al., 2012). For
example, the raw key-value pair age: 20 years old would map to the
tuple (“age”, 20, “year”).

Predicting sample-type category

Like the ENCODE project, we categorize samples into their respective
sample-type using categories similar to those used by ENCODE. These cat-
egories consist of cell line, tissue,primary cell,stem cell,in vitro
differentiated cells,and induced pluripotent stem cell line. Whereas
ENCODE uses an immortalized cell line category, we instead use the
category cell line to generalize to any cells that have been passaged mul-
tiple times, which include those from finite cell lines. Figure 2.2 illustrates
how we define each sample-type category based on the methods by which
the sample was obtained. We note that we call an isolated cell sample a
“stem cell" if the targeted cell type has the ability to differentiate. Thus, the
“stem cell" category includes any cell type that is pluripotent, multipotent,

or oligopotent.

2.3 Data

We standardized all human samples assayed by RNA-seq experiments on
the [llumina platform. Metadata was retrieved from the SRAdb (Yuelin
et al., 2013) downloaded on 09/05/2016. The BioSample’s sample-specific
key-value pairs are stored in the “attribute” field of the “sample” table in
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Figure 2.2: Sample-type definitions. A graph illustrating how sample-
type categories are defined. Each node in the graph represents a biological
sample. Arrows between nodes represent procedures carried out on the
sample. Nodes are colored according to their sample-type category.

Input
Property Property value
BioSourceType frozen_sample
DiseaseLocation oropharynx
MetastasisFreeSurvivalDelay 8 month

MetastasisFreeSurvivalEvent 1

Computational

pipeline

Organism Homo sapiens

age 56 year

disease Head and neck squamous
cell carcinoma

disease staging 4

organism part oropharynx

sex male

Output

Explicitly mapped terms

Term id
DOID:4

Consequently mapped terms

Term name Term id Term name

disease EF0:0001272 adult

DOID:5520

head and neck
squamous cell
carcinoma

‘UBERON:OOO7023 adult organism ‘

Real-value properties

EFO:0000408

disease "
Unit term

EF0:0000181

Property term  Value
EF0:0000246
(age)

head and neck
squamous cell
carcinoma

U0:0000036
(year)

UBERON:0001729

oropharynx Sample-type category

UBERON:0003101

male organism tissue

Figure 2.3: Example of metadata normalization. An example of the meta-
data normalization process for sample ERS183215. We extract explicit
mappings, consequent mappings, real-value properties, and the sample-
type category for each set of sample-specific key-value pairs in the SRA.
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the SRAdb. Our data set consists of 75,038 samples, of which, 73,407 are
associated with a non-empty set of descriptive key-value pairs.

The samples processed belong to 2,681 distinct studies and the number
of samples contained in each study varies by several orders of magnitude
(Fig. 2.4C). These studies can be partitioned into 88 “large" (> 100 samples)
and 2,593 “small” (< 100 samples) studies, with the “large” studies consti-
tuting 57% of all samples processed. Due to the fact that samples belonging
to a common study are described similarly, we argue that it is tractable
to annotate samples belonging to the modest number of “large” studies
using hand-tuned study-specific methods. In contrast, the large number
of “small” studies and the diversity of their associated descriptions makes
the process of designing study-specific methods for all of these studies
intractable. We therefore focused our evaluations on samples belonging to
“small” studies, with future work involving hand-tuning the normalization

of samples from “large” studies.

2.4 Methods

Framing the ontology term mapping task as a multi-class classification
problem in which each ontology term is a class, a machine learning ap-
proach might seem to be a natural choice. However, such an approach
would require a training set that includes multiple examples of samples
that map to each ontology term. Due to the large number of ontology
terms, obtaining such a training set is unfeasible. Thus, for the ontology
term mapping and real-value property extraction tasks, we took an algo-
rithmic approach. In contrast, the sample-type classification task involves
only a handful of possible classes and we can easily create, via manual
annotation, a training set containing multiple samples from each class.

Thus, for this latter task, we used a statistical machine learning approach.
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Figure 2.4: Dataset overview Histogram of the number of samples per
study for human RNA-seq experiments using the Illumina platform. We
assert that the 88 studies each with at least 100 samples can be semi-
manually normalized using study-specific methods.

Mapping samples to ontologies

At the core of our method is a graph data structure for maintaining the
provenance of each derived ontology term. This graph, which we call
a Text Reasoning Graph (TRG), provides a framework for maintaining
the provenance of extracted ontology terms, and for writing rules and
operations that can reason about which terms should be mapped versus
which are merely mentioned. Nodes in the TRG represent artifacts de-
rived from the original metadata text. Such artifacts may be n-grams,
inflectional variants, or synonyms. Other nodes in the graph represent
mapping targets such as ontology terms or real-value property tuples.
Edges between artifacts represent derivations from one artifact to another.
An edge between an artifact and an ontology term represents a lexical
match between the artifact and the ontology term.

We implemented a computational pipeline that is composed of a series
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Figure 2.5: Example Text Reasoning Graph. A subgraph of the TRG
constructed from sample SRS1212219 illustrating the graph data structure
that our pipeline maintains as it reasons about the sample. This framework
allows us to maintain the context of each artifact. For example, we map
to the MRC5 cell line only because there is a mapping to the “cell line”
ontology term in the graph emanating from the key. We also note the

/A

terms for “lung”, “male organism”, and “Caucasian” were mapped to
the MRCS5 cell line from the ATCC cell bank data and are thus consequent

mappings.

of stages that constructs the TRG. To start, the pipeline accepts the raw key-
value pairs and constructs an initial TRG. Then, each stage operates on the
TRG by modifying its nodes and edges. Figure 2.5 depicts the subgraph of
a final TRG that maps a key-value pair to a set of ontology terms. By main-
taining the provenance of each derived ontology term we can implement
custom reasoning operations that more accurately determine which terms
describe the sample. Such reasoning operations utilize the graph structure
to filter out ontology terms for which there is no relationship-type in R
that describes the relationship between the sample and the ontology term.

In the following sections we describe the most notable stages of the
pipeline. Full details are provided in Section A.1.

Filtering key-value pairs

Before initializing the TRG, we filter key-value pairs from the metadata

where either the key or value appears in a set of blacklisted keys and
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values. This blacklist of keys contains those that describe a property that
does not pertain to the biology of the sample, such as “study name” and
“biomaterial provider.” The blacklist of values include those that negate
the key, such as “none” or “no.” For example, the key-value pair is tumor:

no is removed because the value no negates the property is tumor.

Artifact generation

We define an artifact to be any string that is derived from a substring
of the original metadata text. Such artifacts include include n-grams,
lower-cased words, and inflectional and spelling variants of words in the
metadata. An artifact node in the TRG represents a single artifact. Several
stages of the pipeline generate new artifact nodes from existing artifact
nodes and draw edges from original to derived artifacts. One such stage
derives inflectional and spelling variants from existing artifacts using the
National Library of Medicine’s SPECIALIST lexicon (Browne et al., 2000).
For example, given an artifact node representing the pluralized noun

“fibroblasts”, this stage will create a node for the singular noun “fibroblast
and draw a directed edge from “fibroblasts” to “fibroblast” (Fig. 2.5).

Matching artifacts to ontologies

We perform fuzzy string matching between all artifacts and ontology
terms to find all exact matches and minor misspellings (for misspelling
criteria, see supplementary materials). For example, in Figure 2.5, both the
strings “fibroblasts" and “fibroblast" fuzzily match to the ontology term
for “fibroblast".

In general, fuzzy matching is computationally expensive. To speed up
this process, we pre-compute a metric tree index (Bartolini et al., 2002) for
all ontology term names and synonyms. The index allows us to filter for
ontology term strings that are nearby the query string in edit space. We
then explicitly compute the edit distances to these nearby strings.
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Graph reasoning

Certain stages of the pipeline utilize the structure of the TRG. We refer
to such steps as “reasoning” steps. For example, we remove extraneous
mappings to cell line terms by searching the graph emanating from the
key for a lexical match to ontology terms such as “cell line” and “cell type.”
If such a match is not found, we search the graph emanating from the
value for artifacts that have a lexical match to a cell line ontology term
and remove all such ontology term nodes. This process is important for
removing false positives due to the fact that names of cell lines are often
similar to gene names and acronyms. For example, “Myelodysplastic
Syndromes” is often shortened to “MDS.” MDS also happens to be a cell
line in the Cellosaurus. Other examples of stages that utilize the graph

structure are described in the supplementary materials.

Inferring consequent terms

Certain stages of the pipeline attempt to map the sample to terms that are
not explicitly mentioned in the raw metadata text describing the sample.
We refer to such mapped terms as consequent terms. We map to consequent
terms by consulting external knowledge bases. The pipeline uses two
external knowledge bases: a cell line database and a rules database.
First, we created a database of mappings between cell lines and on-
tology terms. We obtained this data by scraping from the ATCC website
(https:/ /www.atcc.org). We scraped cell line metadata for all cell lines
that are present in the Cellosaurus. To construct mappings between cell
lines and ontology terms, we ran a variant of our pipeline on the scraped
cell line data. Our pipeline uses this database as follows: our pipeline
will draw edges between mapped cell line ontology term nodes and the
ontology terms that describe the biology of the cell line. For example, in

Figure 2.5, the ontology term for the MRC5 cell line has an edge to “lung",


https://www.atcc.org
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“male", and “Caucasian" because this cell line was derived from lung tissue
of a Caucasian male aborted fetus (Jacobs et al., 1970).

Second, we created a small rules database that dictates how certain
ontology terms logically imply other ontology terms. For example, in
Figure 2.5 the term “cell line" has an edge to the term “cultured cell"

because all cell lines are grown in a culture.

Maximal phrase-length mapping

It is a common occurrence for disease ontology terms to include anatomical
entities in their name. For example, “breast cancer” includes “breast” as
a substring. As previously discussed, under our framework, it would be
incorrect to map “breast” to a sample solely based on a mention of “breast
cancer” in its metadata because “breast” localizes the cancer, but does
not localize the origin of the sample. Whereas it is entirely possible that
such a sample was indeed derived from breast tissue, without additional
information we cannot eliminate the possibility that the sample originated
from some other tissue, such as from a malignant site. In this example,
we maintain a conservative approach and avoid mapping to “breast.” We
implement this process by having each artifact node keep track of the
original character indices in the metadata from which it was derived.
After mapping all artifacts to the ontologies, we remove all ontology terms
that were lexically matched with an artifact node that is subsumed by
another artifact node that matches with an ontology term.

Linking ontologies

The domain covered by the EFO overlaps with many of the other ontologies
because it includes cell types, anatomical entities, diseases, and cell lines.
In many cases, the EFO is inconsistent with other ontologies in how it
draws edges between terms. For example, the term “lung adenocarcinoma”

and “adenocarcinoma” are present in both the Disease Ontology and the
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EFO; however “adenocarcinoma” is a parent of “lung adenocarcinoma”
in the Disease Ontology but not in the EFO. These inconsistencies pose
a problem when we apply our maximal phrase-length mapping process.
For example, when a sample maps to “lung adenocarcinoma” and “ade-
nocarcinoma”, we remove “adenocarcinoma” because it is a substring of
“lung adenocarcinoma.” This is valid for the Disease Ontology because
the term for “adenocarcinoma” is implied by “lung adenocarcinoma” by
its position in the ontology. However, this results in a false negative for
the EFO version of this term.

To counteract this problem, we link EFO terms to terms in the other
ontologies. Two terms are linked when they share the same term-name or
exact-synonym. Then, when an artifact maps to a term, we traverse the
term’s ancestors and map to any terms that are linked to those ancestors.
In the case of “lung adenocarcinoma”, we would traverse the ancestors of
this term in the Disease Ontology and map to the EFO’s “adenocarcinoma”
because it is linked to the Disease Ontology version of this term. Figure 2.6

illustrates this process.

Extracting real-value properties

We maintain a list of ontology terms that define real-value properties.
Currently, we use 6 terms: “age”, “passage number”, “timepoint”, “age at
diagnosis", “body mass index", and “age at death." Future work will entail
expanding this list. To extract a real-value property from a key-value pair,
we search the graph emanating from the key for a match to a property
ontology term. If such a property is found, we search the graph emanating
from the value for an artifact representing a numerical value and a unit
ontology term node (e.g., “46” and “year”). From this process, we extract
the triple (property, value, unit). For example, given the key-value pair

age: 46 years old, we extract (“age”, 46, “year”).
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Figure 2.6: Linking ontologies. An example of linked terms between the
Disease Ontology and the EFO. If a sample maps to “lung adenocarcinoma”
in the Disease Ontology, we follow all ancestors and also map to linked
terms of those ancestors. In this case, the EFO’s “adenocarcinoma” term
will also be mapped.

Predicting sample-type category

We classify samples by sample-type using a supervised machine learning
approach. This stands in contrast to the non-statistical approach used in
the aforementioned ontology term mapping task. We trained a one-vs.-rest
ensemble of logistic regression, binary classifiers where each classifier was
trained using L1 regularization. For each sample, the classifier accepts as
input both the raw key-value metadata as well as the ontology terms that
were mapped by our aforementioned pipeline. The classifier then outputs
the sample’s predicted sample-type.

We consider two types of features for representing each sample: n-
gram features and ontology term features. For n-gram features, we con-
sider all uni-grams and bi-grams appearing in the training samples’ raw

metadata. For ontology term features, we consider the set of all ontol-
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ogy terms that were mapped to the training samples by our automated
ontology-term mapping pipeline. We performed a feature selection pro-
cess (for details, see supplementary materials) that involved using mutual
information to select features that are indicative of at least one of the target
sample-types.

When making a prediction on a sample x, each logistic regression
binary classifier c¢; in the ensemble computes its estimate of the condi-
tional probability c;(x) := p(y = jlx), which can be interpreted as the
confidence that classifier c; believes that x is of type j. Using these proba-
bilities, we designed a decision procedure that uses our domain knowl-
edge for determining the sample-type. Specifically, we limit the possible
sample-types based on the ontology terms mapped to the sample. For
example, if “stem cell” was mapped to the sample, we limit the possible
predictions to stem cells, induced pluripotent stem cell line, and
in vitro differentiated cells. We found that injecting such domain
knowledge into the process boosted performance in cross-validation ex-
periments. See Section A.2 for details. Although theoretically, the learning
algorithm should learn these facts itself, there is likely not enough training
examples for the algorithm to learn such patterns.

We randomly sampled and manually annotated 705 samples based on
their metadata. We determined each sample’s sample-type by consulting
the sample’s study, publication, and other external resources that describe
the experimental procedure used to obtain the sample. Four of these
samples did not adequately fit into any sample-type category and thus
were excluded from training. Since samples that belong to the same study
are likely described similarly, one potential pitfall in the learning process
is that if training samples are drawn uniformly and at random from all
samples, the learner will be biased towards features that correlate with how
larger studies describe their samples rather than features that correlate

with sample-type. To avoid this issue, we ensured that no two samples in
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the training set came from the same study.

2.5 Results

Evaluation of ontology mappings

In order to create a test set for evaluation of our pipeline, we manually
normalized metadata for 422 samples from the SRA where each sample
belongs to a unique study. This test set was obtained by randomly sam-
pling from entries that were recently added to the archive and had not
been considered during the development of our computational pipeline.
Thus, performance on this subset of data provides an unbiased estimate of
its ability to generalize to unseen samples. We note that these 422 samples
are disjoint from the 705 samples described in section 2.4 that were used
to train the sample-type classifier.

We first evaluated our pipeline’s ability to map samples to explicitly
mapped ontology terms using the following metrics: recall, error rate,
specific terms recall, and specific terms error rate. Given a sample, let
T be the set of all ontology terms to which the sample maps including
terms ancestral to those explicitly mentioned. Let T’ be the most specific
termsin T. Thatis T’ :={t € T : no child of tis in T}. Let P be the set of
predicted terms to which the sample maps. Let P’ be the most specific
terms in P. Thatis P’ := {p € P : no child of p is in P}. We define our

metrics as follows:

TNP TNP
recall := TPl specific terms recall := |—,|
] /]
_ IPAT] . _IPPAT]
error rate := BER specific terms error rate := P

We use these four metrics instead of traditional precision and recall because

precision and recall are affected by the structure of the ontology. This
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Figure 2.7: Ontology term mapping results. (A) A schematic of an ontol-
ogy subgraph demonstrating our calculation of recall, specific terms recall,
error rate, and specific terms error rate. (B) Performance of our pipeline in
mapping explicit ontology terms versus BioPortal’s Annotator, ZOOMA,
and SORTA. We ran SORTA using the three confidence thresholds of 1.0,
0.5, and 0.0. We also ran ZOOMA using the three confidence thresholds
of high, good, and low. We measured recall, error rate, specific terms
recall, and specific terms error rate for all programs across all ontologies
with the exceptions that ZOOMA only maps to three of the ontologies
and only MetaSRA and SORTA map to the Cellosaurus. (C) The error rate,
specific terms error rate, average retrieved terms per sample, and average
specific retrieved terms per sample across all ontologies when considering
only consequently mapped terms. No terms from the Cellosaurus were
consequently mapped and thus this ontology is omitted. (D) Recall, error
rate, specific terms recall, and specific terms error rate for versions of our
pipeline in which certain stages are disabled. The data points labelled
“none” refer to the complete pipeline in which no stage is disabled.
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is due to the fact that the act of retrieving an ontology term implicitly
retrieves all of its ancestral terms in the ontology’s directed acyclic graph.
Thus, retrieving a term with a high number of ancestral terms will lead
to exaggerated metrics. The specific terms error rate corrects for this by
describing the fraction of the most specific predicted terms that incorrectly
describe the sample. We note that the error rate is simply 1 — precision.
The metrics are demonstrated in Figure 2.7A.

With these metrics, we compared our pipeline to the BioPortal Anno-
tator, SORTA, and ZOOMA across all ontologies (Fig. 2.7B). Compared
to these methods, our pipeline has a low error rate while maintaining a
competitive recall. For example, although the ZOOMA pipeline scores
a slightly lower error rate on the Disease Ontology, Cell Ontology, and
Uberon than our pipeline, this comes at the cost of a much lower recall.
Similarly, although the SORTA tool scores a slightly higher specific terms
recall on the Disease Ontology and Cell Ontology than our pipeline, this
comes at the cost of a much higher error rate. Lastly, we note that our
pipeline scores a higher recall and lower error rate across all ontologies
when compared to the BioPortal Annotator.

We then evaluated the pipeline’s ability to map consequent terms.
Recall is an inappropriate metric for evaluating our ability to map conse-
quent terms due to the fact that the set of consequent terms is undefined.
By our definition, a consequent term is any term that the sample can be
mapped to based on expert or external knowledge. Thus, depending on
the expert or external knowledge base, the set of consequent terms may
change. Furthermore, an expert may use an exceedingly large number
of ontology terms to describe the sample depending on what she knows
about the sample and experiment. For these reasons, we look at the total
average number of consequent terms that we map to each sample. This
metric describes the amount of extra information that is provided when

considering external knowledge. We further looked at the average number
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of most specific mapped consequent terms. Figure 2.7C displays these
metrics across the ontologies.

Lastly, we evaluate the performance impact of each of our pipeline’s
stages, we ran our pipeline on our test set with certain individual stages
disabled. Figure 2.7D shows the performance impact when removing
stages for filtering key-value pairs, linking ontologies, filtering sub-phrase
matches, and generating spelling and inflectional variants. As expected,
the results of these tests indicate a general trade off between recall and
error rate. Certain stages may decrease recall, but pose the benefit of
decreasing the error rate. Furthermore, a given stage may be more effective
for mapping terms in some ontologies rather than others.

Finally, we evaluated performance on the top 10 most commonly mapped
terms. For this analysis, we count a term as being mapped from a sample
if that term is a most-specifically-mapped term for that sample. That is,
no children of the term were mapped from the sample. For each term in
the top 10 most commonly mapped terms, we sampled 100 samples at
random from the entire set of samples in the MetaSRA. For this analysis,
we allowed multiple samples from the same study. We then evaluate
the precision for the target term over these 100 samples. The results are
displayed in Table 2.1. These statistics provide an unbiased estimate of

the precision for each term over the entire set of samples in the MetaSRA.

Evaluating extraction of real-value properties

Of the 422 samples in our test set, 104 described real-value properties.
We evaluated our performance in retrieving real-value property tuples in
terms of precision and recall. A predicted real-value property was called a
true positive if the property type, value, and unit all matched the ground
truth. On the 104 samples, we report precision of 0.989 and recall of 0.672.
We note that the high precision our method achieves is due to the heavy

constraints we place on calling a real-value property, which also result in
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Term Name Precision
CL:0000010 cultured cell 0.98
UBERON:0003100 | female organism 1.00
UBERON:0003101 | male organism 1.00

UBERON:0000955 brain 0.99
EFO:0000727 treatment 0.90
UBERON:0000178 blood 0.86
EFO:0003156 Caucasian 1.00
EFO:0000322 cell line 1.00
EFO:0001272 adult 1.00

UBERON:0007023 | adult organism 1.00

Table 2.1: Precision of the most commonly mapped ontology terms.

relatively low recall.

Evaluating sample-type predictions

To evaluate our ability to predict each sample’s sample-type, we evaluated
the algorithm’s performance on two held-out test sets. The first test data set
was created by manually annotating the sample-types for the 422 samples
that were used for evaluating our ontology term mapping procedure. As
noted previously, no two samples in this data set belong to the same study:.
We annotated all samples for which the origin of the sample was explained
in an external resource such as a scientific publication. In total, this came to
367 samples. The distribution of sample-types in our test set is illustrated
in the bar graph above the matrix in Figure 2.8A.

Our trained classifier achieved an accuracy of 0.845 over these samples.
The confusion between categories is plotted in Figure 2.8A. In general, the
classifier does well in determining the cell line samples and tissue samples.
Close inspection of the classifier’s errors revealed that most were due to
samples with descriptions of poor quality. Such samples are difficult to
categorize, even as a human, without consulting the scientific publication
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Figure 2.8: Sample-type prediction results. (A) Row-normalized confu-
sion matrix for sample-type category prediction accuracy on the initial
test data set. Element 1,]j is the fraction of samples in category i that
were labelled as category j by the classifier. The diagonal elements are
category-specific recall values. The number of samples in each category
are shown above the matrix. (B) Transpose of the column-normalized
confusion matrix for sample-type category on the enriched test data set.
Element i, j represents the fraction of samples labelled as category i that
are truly category j. The diagonal elements are category-specific precision
values. The number of samples predicted to be in each category are shown
above the matrix. (C) Calibration of the model. The estimated probability
of the model (average of confidence values in each bin) is plotted against
the empirical probability that the model is correct (accuracy of predictions
in each bin). The straight blue-line plots a well-calibrated model. Error
bars are drawn according to a bootstrap sampling approach (Brocker and
Smith, 2007). Points are omitted for bins that contain no predictions. This
plot was created from the initial data set of 422 samples.
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in which the sample is described. Correctly classifying these samples will
require utilizing external descriptions of the samples.

Because this test set of 422 samples is impoverished for some sample-
types, we enriched it by sampling additional samples from each predicted
sample-type category, continuing to ensure that no two samples belonged
to the same study. We sought at least 100 samples that were predicted to fall
in each category; however for primary cells, stem cells, and induced
pluripotent stem cell line samples, we were unable to achieve this
threshold given our criteria. This resulted in a test data set consisting of
554 samples. We used this enriched test data set to better estimate the
category-specific precision of our classifier (Fig. 2.8C). Since the sampling
procedure used for the enriched test data set was biased by the predicted
sample-type of each sample, it could not be used for an unbiased estimate
of recall or overall accuracy.

MetaSRA includes the classifier’s confidence of each prediction. To
evaluate the quality of these confidence scores, we assessed the calibration
of the classifier. A classifier is well calibrated if for any instance x with
true label y, it holds that p = p({ = y) where {j is the classifier’s predicted
class label of x and 7 is its confidence. To assess calibration, we grouped
the predictions into bins according to their confidence scores and compute
the empirical accuracy of predictions in each bin (Fig. 2.8B). We found the
classifier to be well calibrated, and thus that its confidence scores may be
of use in filtering predictions to a achieve a target accuracy level.

We note that the test data set was small compared to the training data
set. To provide an estimate of the performance of the classifier on a larger
data set, we ran the algorithm using leave-one-out cross validation on
the training set. The algorithm achieved 0.845 accuracy on this data set.
Figure 2.9A shows the row-normalized confusion matrix and Figure 2.9B
shows the calibration of the model.
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Figure 2.9: Sample-type prediction results on the training set. (A) The
confusion matrix of the algorithm on the training set evaluated using leave-
one-out cross validation. The bar graph above the matrix displays the
distribution of classes within the training set. (B) Plotting the calibration
of the classifier.

Summarizing the MetaSRA

We summarized the contents of the MetaSRA run on all samples, including
those that belong to the “large” (> 100 samples) studies. First, we explored
the distribution of the number of samples mapped to each ontology term
(Fig.2.10A). Most terms from each ontology map to fewer than 100 samples,
whereas a few terms map to upwards of 10,000 samples. Second, we
looked at the fraction of samples that were mapped to terms within each
ontology (Fig. 2.10B). The fraction of samples mapping to each ontology
differed markedly between samples of different predicted sample type,
which provides some insight into how the sample-type classifier makes
its decisions. For example, tissue samples tend to be described by an
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Figure 2.10: Summary of the MetaSRA. (A) The number of terms from
each ontology that map to a given range of number of samples. Only
the most-specifically mapped terms for each sample are considered. (B)
Fraction of samples of each predicted sample-type that map to each ontol-
ogy. The bar plot to the right of the strip-plot shows the number of each
predicted sample-type. (C) The most commonly mapped terms for each
ontology. Only the most-specifically mapped terms for each sample are
considered.

anatomical term in the Uberon ontology and not described by a specific
cell type in the Cell Ontology. Lastly, we identified the most common
ontology terms (Fig. 2.10C) in the MetaSRA. In general, the error rate for

the most common ontology terms was quite low.

Conclusions and Future Work

Although previous work has addressed the task of annotating biomed-
ical text, there had yet to be a thorough effort at generating an accurate
annotation of sample-specific metadata for the SRA. MetaSRA addresses
this gap, providing normalized metadata encoded into a schema inspired
by that used by the ENCODE project. Currently, the MetaSRA includes
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normalized sample-specific metadata for human samples assayed by RNA-
seq experiments on the Illumina platform. We expect that this resource
will enable higher utilization of the SRA and investigations across diverse
phenotypes, diseases, cell types and conditions.

To build the MetaSRA, we developed a novel computational framework
for standardizing sample-specific metadata that annotates each sample
with only information that describes the underlying biology of that sample.
Existing approaches for automating biomedical metadata normalization
take an NER-based approach, and therefore, do not discriminate between
terms that are merely mentioned in the metadata and those that describe
the samples” underlying biology. Our approach utilizes a novel graph
data structure for maintaining the provenance of each extracted ontology
term, and then creating a series of heuristic procedures that operate on this
this graph to filter false positive ontology terms. This approach produced
results with competitive recall as state-of-the-art approaches, but with far

fewer errors.
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3  HIERARCHICAL CELL TYPE CLASSIFICATION USING
MASS, HETEROGENEOUS RNA-SEQ DATA FROM HUMAN

PRIMARY CELLS

The work in this chapter is available as a preprint on bioRxiv (Bernstein
and Dewey, 2019).

3.1 Background

Gene expression-based computational classification of a biological sam-
ple’s constituent cell type is an important task in many gene expres-
sion analysis tasks including improving the metadata in public genomic
databases (Lee et al., 2013; Ellis et al., 2018), and verifying outcomes of
experiments that entail inducing cellular differentiation (Cahan et al., 2014;
Radley et al., 2017). Furthermore, cell type classification is an important
step in single-cell RNA-seq (scRNA-seq) data analysis. Currently, labeling
cell types in scRNA-seq data is an ad hoc process that involves clustering
the cells and then searching for differential expression of certain cell-type-
specific marker genes across these clusters. This process is challenged both
by the fact that there is not a canonical set of marker genes for most cell
types (Zhang et al., 2018) and that this process is affected by the clustering
algorithm (Kiselev et al., 2019). Finally, interpretable cell type classifiers
may enable greater understanding of cell-type-specific expression pat-
terns and may prove useful towards efforts, such as the Human Cell Atlas
(Regev et al., 2017), that seek to define and catalog all cell types in the
human body.
The NCBI's Sequence Read Archive (SRA) (Leinonen etal., 2011) promises

to be a valuable resource for training machine learning algorithms for this
task due to the high number and large variety of cell type samples it
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contains. However, it has remained underutilized due to both the poor
structure of the metadata (Gongalves et al., 2017) and the difficulty in
obtaining uniformly processed expression data. These challenges have
recently been addressed through efficient RNA-seq quantification algo-
rithms (Patro et al., 2017; Bray et al., 2016) and the metadata normalization
efforts discussed in Chapter 2, thus paving the way towards the utilization
of the SRA for training cell type classifiers.

Prior work

Emerging approaches for machine learning-based cell type classification
entail training classifiers on scRINA-seq data (Xie et al., 2019; Alavi et al.,
2018). Not only do such approaches neglect the trove of publicly available
bulk RNA-seq data, but we also note that the process of training a cell
type classifier on single-cell data is somewhat circular in that the ground
truth cell type labels are most commonly based upon gene expression (via
the expression of cell type-specific marker genes), which is then also used
for constructing the machine learning features. In this work, we train our
algorithms on only bulk RNA-seq data, that originate from cells that have
been isolated based on phenotypic characteristics downstream of gene
expression itself (such as cell surface proteins). Thus, we suggest that bulk
RNA-seq data in the SRA cannot only be utilized, but also may be preferred,
for the training of cell type classifiers applied towards scRNA-seq datasets.

Furthermore, cell type classification is most commonly treated as multi-
class classification problem in which the goal is to assign a given query
sample a single cell type among a set of possible cell types (Xie et al., 2019;
Hou et al., 2019; Cahan et al., 2014). However, these approaches fail to
take into account the hierarchical structure of cell type definitions. We
assert that framing the cell type classification task as that of multi-label,
hierarchical classification against the Cell Ontology (Bard et al., 2005) poses a

number of advantages over flat-classification. First, the use of hierarchical
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classification approaches allows for the placement of a bulk RNA-seq
sample at a level of the hierarchy appropriate to its heterogeneity. For
example, a population of cells enriched for T cells may be heterogeneous
in the sub-types of T cells (e.g., CD4+ T cells and CD8+ T cells). Second,
hierarchical classification allows for informative predictions to be made
on query samples whose true cell type may not be included in the training
set either because the training set is incomplete or that cell type has yet to
be discovered. Specifically, a hierarchical classification algorithm is able
to place such samples within the interior of the hierarchy and assign it a
cell type that is closest to that sample’s true, but missing cell type label.

To the best of our knowledge only work by Lee et al. (2013) frames
the cell type prediction task as a hierarchical classification problem using
biomedical ontologies. Lee et al. (2013) developed an algorithm called
URSA train a hierarchical classifier using Bayesian Network Correction
(BNC) (Barutcuoglu et al., 2006) to classify gene expression profiles against
an ontology. We also note recent work by Kanter et al. (2019) that pre-
sented a hierarchical classification algorithm, called CHETAH. However,
CHETAH builds its hierarchy from the training data itself via unsuper-
vised hierarchical clustering, and therefore, this algorithm addresses a
different problem than that addressed by USRA as well as the work in this
chapter .

Contributions of this chapter

This chapter presents several contributions to the cell type classification
task. Currently, the BNC approach by Lee et al. (2013) is the state-of-the-
art for hierarchical cell type classification against an ontology. First, we
extended the BNC algorithm to work for our task, which required devel-
oping a novel Gibbs sampling algorithm to perform inference on the large
Bayesian network constructed from the Cell Ontology graph (Appendix D).
Specifically, we found that the size of our Bayesian Network prohibited the
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use of the SMILE inference engine (https://www.bayesfusion.com/smile)
upon which URSA was developed. Furthermore, we found that the nu-
merous modeling assumptions imposed by the BNC algorithm were non-
optimal and impeded classification accuracy. We therefore posited that
more direct discriminative algorithms would perform better on this task.
To this end, we explored the novel application of ensemble-based discrimi-
native machine learning approaches, which were previously developed for
protein function prediction, to the cell type classification task. Specifically,
we applied cascaded logistic regression (CLR), isotonic regression correc-
tion (IR) (Obozinski et al., 2008), and a heuristic procedure called the True
Path Rule (TPR) (Notaro et al., 2017). We compared these discriminative
methods to BNC and in our hands found them to outperform the BNC
approach.

Next, we sought for our methods to be interpretable in order for our
trained classifiers to be of use not only in classification, but also for in-
vestigating cell type-specific expression patterns. To this end, this work
makes extensive use of linear models, which are particularly amenable
to interpretation. We tested the interpretability of the aforementioned
frameworks and found that CLR is particularly interpretable as it is able
to delineate functional differences between similar cell types.

Furthermore, we leveraged the MetaSRA Cell Ontology labels from
Chapter 2 to produce the largest and most comprehensive training set
of bulk RNA-seq data from healthy, untreated human primary cells. To
the best of our knowledge, none of the existing machine learning-based
cell type classification approaches that train on public expression data
distinguish between treated versus untreated cells (Alavi et al., 2018; Cahan
et al., 2014; Lee et al., 2013). By training on non-primary cells or treated
cells, a classifier becomes more susceptible to batch effects when treatment
or disease confounds cell type. This also leads to difficulty in model

interpretation as it is unclear whether the derived signal is indicative of
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cell type or of a confounding variable such as treatment or disease. In this
work, we compiled a set of training data from the SRA comprising only
healthy, primary cells.

Finally, we created a Python package, CellO (Cell Ontology-based clas-
sification) that allows users to run pre-trained classifiers on their own
RNA-seq data. CellO is available at https:/ /github.com/deweylab/CellO.

3.2 Results and discussion

A novel curated RNA-seq dataset of human primary cells

In order to capture robust cell type signals, we sought a dataset of RNA-seq
samples comprising only healthy primary cells. We did not wish to include
cells that underwent multiple passages, were diseased, or underwent other
treatments, such as in vitro differentiation, because these conditions alter
gene expression. We therefore curated a novel dataset from the SRA con-
sisting of healthy, untreated, primary cells. We leveraged the annotations
provided by the MetaSRA, which includes sample-specific information
including disease-state, treatment, and sample type (i.e., their status as
primary cells). Consequently, we followed the conservative definition
for a primary cell sample according to the criteria laid out in Chapter 2,
which requires that a sample has not undergone passaging beyond the first
culture. We used the MetaSRA to capture an initial candidate set of pri-
mary samples and then within this set, manually annotated these samples
for technical variables (such as bulk vs. single-cell status) by consulting
sources of metadata that are not captured by the MetaSRA annotation
process such as fields in Gene Expression Omnibus (Barrett et al., 2013)
records and each study’s publication. When found, we corrected errors in
the MetaSRA-provided Cell Ontology labels.

This process resulted in a dataset comprising 11,572 total samples. We
uniformly quantified and normalized (via log counts per million) gene
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expression from the raw RNA-seq data for these samples. Of these samples,
4,170 were bulk RNA-seq samples from 263 studies and labeled with 297
cell type terms in the Cell Ontology. Of these cell types, 104 cell types were
the most-specific cell types in our dataset (i.e., no sample in our data was
labelled with a descendent cell type term). These cell types were diverse,
spanning multiple stages of development and differentiation (Fig. 3.2). To
the best of our knowledge, this dataset is the largest and most diverse set
of bulk RNA-seq samples derived from only primary cells. Prior to this
work, the most comprehensive bulk primary cell transcriptomic dataset
was compiled by Aran et al. (2017), which contained data for 64 cell types
from 6 studies. Whereas our dataset consists of only RNA-seq data, this
prior dataset included samples assayed with several other technologies,
such a microarrays. In addition to bulk samples, our dataset also includes
7,402 single-cell samples from 15 studies and labeled with 125 cell types.
We note that this data includes single-cell samples from protocols such as
MARS-seq (Jaitin et al., 2014) and SMART-Seq2 (Picelli et al., 2013), but it
does not include data from droplet-based protocols such as Chromium
10x. Chapter 4 will address cell type prediction on RNA-seq generated
from these more novel technologies.



To evaluate the implemented machine learning methods on their ability
to classify bulk RNA-seq data, we split the bulk RNA-seq data set into a
training and a test set, ensuring both that samples from the same study
were never split across the training and test sets and that the training and
test partitions had a high overlap of cell types. This partition yielded a
training set with 3,482 samples across 206 studies and a test set with 688
samples across 57 studies. The training set and test set shared 200 cell
types.

We separately evaluated these methods on their ability to classity
scRNA-seq data. To this end, we created a second test set of all single-cell
samples whose cell types appeared in the bulk RNA-seq data. This re-
sulted in a test set of 4,961 samples across 13 studies from 66 cell types.
As detailed below, we separately examined how the classifiers handled
the remaining single-cell samples whose cell types do not appear in the
bulk RNA-seq training data.

Novel applications of hierarchical classification methods

One straightforward approach to performing cell type prediction against
the Cell Ontology entails training an independent binary classifier for
each cell type in the ontology. We will refer to this as the “independent
classifiers” approach. Such an approach suffers from the possibility that
the classifiers” outputs will be inconsistent with the hierarchical structure
of the ontology. An inconsistency occurs when the output probability for
a given cell type exceeds that of one of its parent cell types in the ontology.
We tested the use of independent classifiers and found inconsistencies to
be an important source of errors. Specifically, we trained independent,
one-vs.rest cell type classifiers on the bulk RNA-seq training set, applied
them to the test set, and then examined the consistency of all edges that
were adjacent to at least one cell type whose classifier produced a non-
negligible probability (> 0.1) of the sample originating from that cell type
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Figure 3.2: Primary cell dataset summary. Euler diagrams of the cell
types in the bulk RNA-seq data set divided by (a) broad cell types, (b)
somatic cell types, (c) germ line cell types, and (d) hematopoietic cell types.
Diagrams were created with nVenn (Perez-Silva et al., 2018).

(Fig. 3.3). Of these edges, 6.9% were inconsistent.

Hierarchical classification algorithms ensure that the output probabil-
ities are consistent with the ontology. We tested three ensemble-based
hierarchical classification algorithms that have yet to be applied to the gene
expression-based cell type prediction task: cascaded logistic regression
(CLR), isotonic regression correction (IR) (Obozinski et al., 2008), and a
heuristic procedure called the True Path Rule (TPR) (Notaro et al., 2017).
Cascaded logistic regression entails classifying a sample in a top-down
fashion from the root of the ontology downward via an ensemble of binary
classifiers. Specifically, each binary classifier is associated with a cell type

and is trained to classify a sample conditioned on the sample belonging
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Figure 3.3: Distribution of edge inconsistencies. The cumulative distri-
bution function over the difference in probability between the parent and
child classifiers for all edges for which either the parent or child classifier
output a probability greater than 0.01. A total of 32 edges saw a differ-
ence in probability greater than 0.5 which constitutes approximately one
severely inconsistent edge for every ten samples.

to all of the cell type’s parents in the ontology. In contrast, IR and TPR
train independent, unconditional, one-versus-rest binary classifiers for
each cell type and then, for a given query sample, reconcile the output
of these independent classifiers to be consistent with the ontology. IR
uses a projection-based approach for reconciliation, that entails finding a
set of consistent output cell type probabilities that minimize the sum of
squared differences to the raw, and possibly inconsistent, classifier output
probabilities. In contrast, TPR uses a heuristic procedure that involves
a bottom-up pass through the ontology such that the output of children
classifiers are averaged with the output of the parent classifier to allow
information flow across the ontology graph.
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To date, the one hierarchical classification method that has been applied
to the task at hand is BNC (Barutcuoglu et al., 2006), and therefore, as
a baseline, we implemented a BNC algorithm following the description
in Lee et al. (2013). We tested a number of variants of this algorithm
and report here the best-performing variant (Fig. 3.4). Lastly, as a naive
baseline, we implemented a one-nearest-neighbor algorithm that simply
returns the cell type labels of the most similar sample in the training set to

the query sample using Pearson correlation as the similarity metric.
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Figure 3.4: Performance of BNC variants. Analysis of four variants of
the BNC algorithm on the bulk RNA-seq test set. We compared a variant
that uses normal distributions instead of bins (BNC-SVM-normal), a naive
Bayes algorithm (NB-SVM-bins), and a variant that uses logistic regression
instead of SVMs (BNC-LR-bins) to the approach used in the paper (BNC-
SVM-bins). We compared these methods using the per-cell type mode
of evaluation in which we compare the distributions of cell type average
precision scores (a) as well as the joint mode of evaluation in which we
compare the joint precision-recall curves (b).
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We performed three modes of evaluation: per-cell-type, per-sample,
and joint (Obozinski et al., 2008). In the per cell type mode of evaluation we
evaluate the performance of each method on each cell type independently.
The results of this mode of evaluation are provided for users who are
interested in examining each method’s performance on specific cell types.
Specifically, for each cell type, we compute both the average precision
(a measure of the area under the precision-recall curve) as well as the
maximum achievable recall at 0.9 precision. This latter metric is provided
for users who cannot tolerate low precision.

In the per-sample mode of evaluation, we examine the average perfor-
mance of the classifiers on a per-sample basis. To this end, we used two
variants of precision and recall that are sample-centric. Given a sample,
the first variants are the standard precision and recall over the sample’s
true cell types and predicted cell types. The second variants, which we
call specific-precision and specific-recall, take into account only the sample’s
most-specific true cell types and predicted cell types according to the
ontology (i.e., the deepest terms in the ontology — see Methods). Then,
for a given prediction threshold, we compute the mean precision and
recall (as well as mean specific-precision and mean specific-recall) across
all samples. By varying our prediction threshold, we compute a mean
precision-recall curve, where an operating point on this curve describes an
achievable mean precision and mean recall across all samples.

A disadvantage to these mean precision and mean recall metrics is that
they can be dominated by large studies due to samples from the same
study sharing batch effects and similar cell type labels. To counteract this,
we also compute curves in which in our calculation of the mean precision
and mean recall at a given threshold down-weights samples according
to the number of samples in its study in order to ensure that each study
contributes equally to the mean precision-recall curve. We refer to these
curves as study-weighted, precision-recall curves. An operating point on such
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a curve describes an expected precision and recall that is achievable given
that a study is first sampled uniformly from all available studies, and then
an RNA-seq sample is sampled uniformly from that study.

Lastly, for each method, we performed a joint evaluation that entailed
treating each paired sample and cell type prediction independently. The
set of all such predictions was ordered according to prediction probability
and the corresponding precision-recall curve was constructed.

Advantages of training on data from heterogeneous

sources

We hypothesized that by leveraging data from multiple studies, we could
mitigate the models fitting a single study’s batch effects, and would there-
fore learn more robust signals for each cell type. We tested this hypothesis
using a flat classification experimental setup in which the hierarchy of
cell types was first ignored. Specifically, for a variety of cell types, we
compared the performance between logistic regression binary classifiers
trained on homogeneous data (data originating from a single study) ver-
sus those trained on heterogeneous data (data originating from different
studies).

The experiment proceeded as follows: we first queried the bulk RNA-
seq data for all cell types that included at least three studies with over 10
experiments for that cell type. For each of these cell types, c, we parti-
tioned the data labelled with c according to their study of origin, and then
iteratively held out each study-partition as a test set. From the remaining
held-in partitions, we constructed two sets of training sets. The first set
of training sets included positive examples (i.e. data labeled with c) from
only one study, which we call homogeneous training sets. The second set of
training sets included positive examples from all held-in study-partitions,
which we call the heterogeneous training sets. For all training sets, we use a

consistent set of negative examples randomly chosen from the samples that
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are not labelled as c. Furthermore, when constructing each training set, we
ensured each had an equal number of positive examples. We then trained
a binary classifier on each training set and evaluated them on the held-out
study-partition. Figure 3.5a provides a schematic of the experiment (See
Appendix C for details). We computed the mean average-precision for
the homogeneously trained and heterogeneously trained classifiers across
each held out study-partition and cell type pair and found that heteroge-
neously trained classifiers tended to have a higher mean average precision
(Fig. 3.5b). These results support the hypothesis that better generalization
can be achieved by training on data from multiple studies.

Evaluation on bulk RNA-seq data

We evaluated the aforementioned hierarchical classification algorithms
using the per-cell type (Fig. 3.6a-b, Fig. 3.7), per-sample (Fig. 3.6¢), and joint
(Fig. 3.6d) modes of evaluation. Overall, we find that IR, TPR, CLR, and
independent classifiers performed similarly and better than the baseline
BNC and nearest-neighbor algorithms. The similar performance of IR,
TPR, and CLR to the independent classifiers demonstrates that reconciling
the outputs of the independent predictions with the ontology structure
does not degrade performance. We note that these results are in line with
work by Obozinski et al. (2008), which demonstrates that IR and CLR
outperform BNC on the hierarchical protein function prediction task.
Regarding the per-sample mode evaluation, we note that mean perfor-
mance on a sample’s most-specific cell types was below that of the mean
performance when considering all of the sample’s cell types (Fig. 3.6¢).
We posit three reasons for this: first, it is likely easier for the classifiers
to distinguish broad categories of cell types than it is to distinguish fine-
grained cell types for which cell-type-specific expression signatures may
be more subtle. Second, the amount of training data supporting each cell
type strictly decreases down the ontology. Third, we note that a subset
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Figure 3.5: Examining the effects of training on heterogeneous data. (a)
A schematic illustrating the experimental setup for our investigation into
the effects of training on data from multiple studies versus training on data
from a single study. For a given cell type, we find all studies that contained
at least ten samples for that cell type. The numbered colored rectangles
illustrate such samples partitioned by their study. We then hold out each
study and construct two sets of training sets — one set of homogeneous
training sets and another of heterogeneous training sets. A classifier is
trained on each training set and evaluated on data in the held out study.
Above, we illustrate the training sets constructed when holding out studies
3 and 4. Each training set uses an identical set of negative examples and
identical sized sets of positive examples (the minimum number of samples
in a given study partition). (b) Comparing the mean-average precision
across cell types between the homogeneously trained classifiers and the
heterogeneously trained classifiers on each held out study.
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of the errors are due to the classifiers providing significant probability to
more specific cell types than the most-specific true cell types for a given
sample (e.g., a T cell sample predicted to be a CD4+ T cell sample). This
may be due to the prevalence of an unlabeled, more-specific cell type in
some heterogeneous bulk RNA-seq samples.
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Figure 3.6: Bulk test set results. (a) Comparison between the distributions
of average-precision generated by each method across all cell types. (b)
Comparison of the distributions over the highest achievable recalls when
precision is fixed at 0.9 across all cell types. (c) Variants of the mean
precision-recall curves for comparing the average performance of each
method across all samples. (d) The joint-precision recall curves for all
methods generated by ranking all sample-cell type output probabilities
jointly.

Evaluation on single-cell RNA-seq data

We trained the IR, TPR, and CLR algorithms on the entire set of bulk RNA-
seq data and evaluated them on the test set consisting of 4,961 single-cell
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Figure 3.7: Pair-wise comparison of methods on bulk RNA-seq test set.
Heatmaps displaying the pair-wise difference in the number of cell types
for which one method beats the other method by more than 0.05 for all
pairs of methods using (a) per-cell-type average-precision score and (b)
per-cell-type achievable recall at 0.9 precision. For each pair of methods,
we also perform a Wilcoxon signed-rank test to assess the whether there
exists a significant difference in (a) average precision values and (b) achiev-
able recall at 0.9 precision across the cell types. We note that this test will
be aggressive as the average precision values across cell types are not inde-
pendent. We bold the entries in the heatmap when p < 0.05. The diagonal
entries present the number of cell types for which the corresponding row’s
method beat all other methods in (a) average-precision and (b) achievable
recall at 0.9 precision by more than 0.05.
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RNA-seq samples whose cell types appear in the bulk RNA-seq training
data. We note that many cells were labeled as a broad cell type rather
than a specific cell type. For example, in study ERP017126, many cells are
described by the data as general pancreatic cells. These samples are likely
missing cell type labels because they should, in theory, be labeled with
a specific cell type (i.e., lower in the ontology) due to the facts that each
sample originates from a single cell and that there are known subtypes of
pancreatic cells. We therefore modified our evaluation metrics to take into
account these ambiguous, generally-labeled single-cell samples so as not
to penalize the algorithms for predicting cell types more specific than their
given labels. We found that these algorithms perform well in all modes of
evaluation using these modified metrics (Fig. 3.8, Fig. 3.9, Fig. 3.10).
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Figure 3.8: Single-cell test set results. (a) Comparison between the dis-
tributions of average-precision generated by each method across all cell
types. (b) Comparison of the distributions over the highest achievable
recalls when precision is fixed at 0.9 across all cell types. (c) Variants of the
mean precision-recall curves for comparing the average performance of
each method across all samples. (d) The joint-precision recall curves for all
methods generating by ranking all sample-cell type output probabilities

jointly.
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Figure 3.9: Pair-wise comparison of methods on bulk RNA-seq test set.
Heatmaps displaying the pair-wise difference in the number of cell types
for which one method beats the other method by more than 0.05 for all
pairs of methods using (a) per-cell-type average-precision score and (b)
per-cell-type achievable recall at 0.9 precision. For each pair of methods,
we also perform a Wilcoxon signed-rank test to assess the whether there
exists a significant difference in (a) average precision values and (b) achiev-
able recall at 0.9 precision across the cell types. We note that this test will
be aggressive as the average precision values across cell types are not inde-
pendent. We bold the entries in the heatmap when p < 0.05. The diagonal
entries present the number of cell types for which the corresponding row’s
method beat all other methods in (a) average-precision and (b) achievable
recall at 0.9 precision by more than 0.05.
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Next, we examined the predictions performed on cells that represented
challenging cases for the classifiers. Specifically, we identified two cat-
egories of challenging samples: samples that were only labeled with a
broad cell type and samples labeled with a combination of cell types that
do not appear in the training data. We examined two studies, SRP067844
and ERP017126, that contained samples that were representative of these
challenges and examined their predictions in depth.

When given samples labeled as a general cell type, but not a more
specific cell type, the algorithm often predicted a more specific cell type
than the labeled cell types. Study SRP067844 included a set of samples
labelled only as embryonic, neural cells, but not as a more specific cell type.
In such instances, the algorithm often labeled them as the more specific
label, “neuron”, which may be accurate given that this study sought to
sequence cells from the developing nervous system (Fig. 3.11a) (Manno
et al., 2016). Study ERP017126 contained a set of pancreatic cells that were
unlabeled for a specific pancreatic cell type. Many of these cells were
predicted as a specific endocrine cell type such as pancreatic alpha cells
(Fig. 3.11b).

When the methods were provided a query that should be assigned
with a combination of labels that it had not seen before during training, its
outputs were reasonable. Study SRP067844 consisted of embryonic neural
cells. Although the training data contains samples of both embryonic cells
and cells of various neural cell types, it does not contain any sample labeled
as both neural cell and embryonic cell. For these samples, we found that the
algorithm was often able to label these samples as “neural cell", but often
failed to label them as “embryonic cell". Furthermore, the algorithm had
difficulty labeling these samples with their specific neural cell types such
as “radial glial cell" (Fig. 3.11c). Similarly, study ERP017126 contained
various pancreatic cell types that did not exist in the training data such as

pancreatic delta cells and pancreatic ductal cells. We found that the delta
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cells were often predicted correctly as enteroendocrine cells (Fig. 3.11d)
and were not confused with similar pancreatic endocrine cell types such
as alpha cells or beta cells. Similarly, pancreatic ductal cells were often
predicted as secretory cells (Fig. 3.11e). Although the term “secratory cell"
is not an ancestral term of “pancreatic ductal cell" in the Cell Ontology,
these predictions may nonetheless be considered correct predictions given
that pancreatic ductal cells are known to secrete biocarbonate (Grapin-
Botton, 2005).



Comparison of interpretability between frameworks

With the exception of the one-nearest neighbor classifier, the methods
that we have explored can be subdivided into two categories: those that
train a set of one-versus-rest binary classifiers (BNC, IR, TPR) and the CLR
framework, which trains a set of “local” binary classifiers that classify a
sample as a given cell type conditioned on the sample belonging to its
parent cell types. We explored the question of whether one framework
provides an advantage in model interpretability. To address this question,
we analyzed the gene coefficients in each binary classifier’s linear model
for enrichment of genes involved in known biological processes. We use
the number of enriched biological processes as a quantitative measure of
model interpretability. Specifically, for each learned binary classifier, we
rank the genes by their corresponding coefficients in the linear model. We
then performed a gene set enrichment analysis with GSEA (Subramanian
et al., 2005) on these ranked genes using all “biological process" gene
sets from the Gene Ontology (GO) (Ashburner et al., 2000) that were
associated with at least 5 genes. This analysis targeted enrichment at both
the top and bottom of the ranked list of genes, which identified biological
processes that were either relatively upregulated or downregulated in a
given cell type. We then use a false discovery rate g-value cutoff of 0.05
for proclaiming enrichment.

We found that the models learned in the CLR framework tended to
be enriched for more GO terms than the one-versus-rest frameworks
(Fig. 3.12). We posit that this phenomenon is due to the fact that since
the CLR framework involves the training of binary classifiers that seek
to distinguish only between a small set of similar cell types, the CLR’s
classifiers are “more focused" than the one-versus-rest classifiers, which
seek to distinguish each cell type from all other cell types. Thus, the CLR
framework may prove more useful for exploring cell type-specific expres-

sion patterns and for finding expression patterns that distinguish similar
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to cell types that appeared in the training data. The intensity of each element is proportional to the

output probability for the corresponding sample and cell type. Each element is colored according to the

relationship between the sample and the cell type. Green denotes a prediction of a most-specific true

cell type (annotated with an "X’) for the sample. Blue denotes a prediction of a less-specific, but true cell

N

type. Purple denotes ambiguous predictions that cannot be verified as correct or incorrect (descendents of

3

the sample’s true cell types as well as ancestors of those descendents). Red denotes a likely error (a cell
type that is neither a true cell type, descendant of a true cell type, nor ancestor of a descendent of a true

cell type). We investigated the predictions of samples that are labeled as general cell types, but not more

specific cell types from studies ERP017126 (a) and SRP067844 (b). We also investigated predictions on cell

types that did not appear in the training data including embryonic radial glial cells (c), delta cells (d), and

ductal cells (e).
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cell types. The trained model coefficients can be downloaded for further

analysis from http:/ /deweylab.biostat.wisc.edu/cell_type_classification.
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Figure 3.12: Gene set enrichment analysis on model parameters. (a)
Comparing the number of GO terms enriched in the ranked list of each
binary classifier’s coefficients between the cascaded logistic regression and
one-vs.-rest frameworks. (b) The distribution of the number of enriched
GO terms between these two frameworks using two FDR thresholds for
enrichment.

3.3 Conclusions

In this work, we explore the application of hierarchical classification al-
gorithms towards cell type prediction using a novel, well-curated set of
human primary cell RNA-seq samples. This dataset may prove useful
for future investigations of cell type expression patterns or for use in cell
type deconvolution methods (Aran et al., 2017; Newman et al., 2015). We
demonstrate that the trained classifiers perform well across cell types on
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bulk RNA-seq data and offer a promising approach to cell type annotation
in single cell datasets.

We also found that classification performance is not only dependent on
the number of training samples, but also on the diversity of those samples.
Specifically, we found that the classifier benefits from training on data
from multiple studies. Thus, we argue that the heterogeneity present
in the public expression data presents an opportunity to learn robust
models. This observation may extend beyond cell type prediction to other
phenotype prediction tasks such as expression-based disease prediction.

Furthermore, by using linear models, the trained parameters are easily
interpreted as cell type specific signatures across the ontology. However,
we note that since certain cell types undergo similar sorting and prepa-
ration procedures (e.g., fluorescence activated cell sorting), it remains
unclear to what extent these procedures affect gene expression and thus
confound with cell type. We sought to mitigate this effect by using data
from a diversity of studies. We also note that the CLR algorithm may help
to further mitigate this effect, since the binary classifiers trained in this
framework for each cell type condition on the sample belonging to the
parent cell types. Thus, for a given cell type, if the parent cell types were
prepared through similar procedures, the learned model parameters for
that cell type will better capture biological cell type signatures.

Finally, we expect the performance of hierarchical classifiers to improve
as both more data is collected and as the Cell Ontology is expanded. More
data will be collected both as data is continually added to the SRA and as
improvements are made to the SRA’s metadata thereby allowing retrieval
of previously undiscovered primary cell samples.
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3.4 Methods

A schematic diagram of the experiments performed in this chapter is given
in Figure 3.14.
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Figure 3.13: Data flow diagram. A data flow diagram illustrating data

retrieval, annotation, partitioning, training, and analysis involved in this
work.
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Data processing

We quantified the gene expression of all samples with kallisto (v0.43.1)
(Bray et al., 2016) against the human genome release GRCh38 with GEN-
CODE annotation version 27. We chose kallisto for gene expression quan-
tification in order to prioritize processing speed on this large dataset, fig-
uring that any small loss in accuracy (at the gene level) relative to a less ap-
proximate, but slower method would not be significant for the cell type clas-
sification task. This produced estimated counts for 200,401 isoform-level
genomic features. We summed these counts by gene to produce counts for
58,243 gene-level features. These genes encompass both protein-coding
genes and non-protein coding genes such as those that encode for IncRNA.
The curated metadata and associated quantified samples are available to
download at http:/ /deweylab.biostat.wisc.edu/cell_type_classification.

Partitioning bulk RNA-seq data into training and test sets

When creating a training and test partition of the bulk RNA-seq data,
we sought to satisfy a number of criteria that would enable unbiased

estimation of performance across cell types:

1. No study should be split between the training and test sets. This
mitigates the possibility that the algorithm will provide an overly
optimistic estimate of the generalization error when run on the test

set.
2. 80/20 split of the data between the training and test sets.

3. Maximized overlap of cell types in both the training and test sets to

enable training and evaluation on as many cell types as possible.

4. For all cell types represented by three or more studies, at least two
of those studies should be assigned to the training set. This criteria



78

enables us to perform leave-study-out cross-validation only on the
training set, thereby allowing us to evaluate various algorithms on
the training set before performing a final analysis on the test set.

We formulate the data partitioning problem as an optimization problem
and attempt to arrive at a “best" partition that balances the aforementioned
four goals.

For this section, we will use the following notation: Let € be the set of
cell types represented in our data. Let m denote the number of studies
representing samples in the dataset. Let S4,..., S, be the sets of cell types
in each study. That is, S; C € where c € §; if a sample labeled with cell
type c is included in study i. Since we must ensure that the training-test
partition is split along study boundaries, we define indicator variables
X1,...,Xm that indicates whether each study i € [m] is included in the
training set. Let x € {0,1}™ be the vector consisting of these indicator
variables.

Using this notation, we can mathematically describe each of the afore-

mentioned goals:

1. We seek a partition such that some proportion t of studies are in
the training set and 1 — t are in the test set. We set t := 0.8. We can
encode how far we are from achieving this goal using the following
function:

a1(x) i= [l —

2. We seek to maximize the number of cell types represented in both
the training and test sets. We encode this goal using the following

U sia | s
0

i:xi=1 ixi=

function:

g2(x) := %

where A is the symmetric difference operation.
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3. For each of those cell types that are represented by at least three
studies, we would like to include at least two of those studies in
the training set. For a given x, let h(x) be the fraction of cell types
represented by at least three studies that appear at least twice in the

training data. Then, our third goal can be described as:

We then attempt to minimize the following objective function:
f(x) = A1g1(x) + A2ga(x) + A3 g5(x)

Each term in the objective function reflects one of our goals. The weights
A1, Az, Az set the importance that we place on meeting each goal. We
used a simple hill-climbing procedure to find a partition of the data that

minimizes this objective function.

Description of algorithms

In the following descriptions of the algorithms used in this work, we let
x € RS denote a gene expression profile, in units of log-counts per million

(log-CPM), where G is the number of considered genes. Specifically, for
gene iin x, log-CPM is defined as

C.
x; :=1lo L x10%| +1
i ([ZiG—l ¢ >

where c; is the expected number of reads mapped to the ith gene. We let

n denote the number of samples, m denote the number of considered cell
types, yi € {0, 1} denote the cell type assignment for cell type i € [m], and
X denote the training set.
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Independent binary classifiers

We used logistic regression with L2-regularization, using scikit-learn
(v.0.20.2), for all independent binary classifiers trained in the CLR, IR,
and TPR frameworks as well as in the independent classifier baseline
method. Our choice of L2 penalty over L1 penalty was motivated by our
goal of training interpretable models. Specifically, because the L1 penalty
induces sparsity, we were concerned that it would lead to zeroing-out the
coefficients of important cell-type-specific genes when such genes corre-
lated highly with other predictive genes. That is, we sought for our models
to weight all genes according to their predictive ability.

One-nearest neighbor
Given a query gene expression profile x, we return all cell type labels

belonging to the training set expression profile

arg min, _, 1 — Corr(x,x")
where Corr(x,x’) is the Pearson correlation of the expression values in x

and x'.

Cascaded logistic regression

Classification is made in a top-down fashion starting from the root of
the ontology downward as proposed by Obozinski et al. (2008). This is
accomplished by training a logistic regression, binary classifier for each
cell type i € [m] to model the distribution

qgi=plyi=1|m =1,%)

where 71; € {0, 1} indicates whether the sample belongs to all of the parents
of 1in the ontology. In order to model these distributions, each cell type’s



81

negative training examples consist of those samples that are labeled with
all parent cell types, but not the target cell type. Given these learned
distributions, the probability that x originates from cell type i is computed
via
P(Ui=1|x):quq)’
JeAL

where A; denotes the ancestors of cell type 1 in the ontology’s DAG.

Bayesian Network Correction

A support vector machine (SVM) binary classifier is trained for each cell
type using a linear kernel and a one-versus-rest training strategy. The
classifier outputs are then reconciled with the ontology graph using a
Bayesian network as proposed by Lee et al. (2013). The true assignments for
each cell type, denoted ys, ..., Ym, are modelled as latent random variables,
and the classifier outputs, denoted f;(x), ..., fin(x) (signed distances to
each decision boundary), are modelled as observed random variables in a
Bayesian network. The final output probability for cell type i is then the
marginal probability

P(91 =1 | fl(x)/"'/fm(x))

Due to the size of the ontology, we perform approximate inference using
Gibbs sampling rather than exact inference using the Laurintzen algorithm
as was performed by Lee et al..

Isotonic regression correction

We train a binary classifier for each cell type i € [m] to model p(y; |
x) using logistic regression and a one-versus-rest training strategy. As
proposed by Obozinski et al. (2008), these probabilities are then reconciled
with the ontology graph using isotonic regression. Specifically, we output
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Graphical model

Figure 3.14: Bayesian Network Correction. An example Bayesian network
used in the BNC approach. Here, {j; = fi(x) is the random variable
representing the SVM score (i.e. signed distance of the hyperplane) of a
feature vector x according to the trained SVM classifier for cell type i.

the set of probabilities

P1,-- -, Pm = arg minp{ ..... ph Z(p{ - ﬁi)z

subject to
Vi e [m],Vj € Par(i), pi < pj

where Vi € [m],p; :=p(yi =1 |x) as output by each classifier and Par(i)
is the set of parent cell types for cell type i.

True Path Rule

We train a binary classifier for each cell type i € [m] to model p(y; |
x) using logistic regression and a one-versus-rest training strategy. As
proposed by Notaro et al. (2017), this method involves two passes across
the ontology: on a bottom-up pass, each cell type’s output probability is
averaged with the outputs of all child cell types classifiers for which the

classifier makes a positive prediction according to a predefined threshold.
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More specifically, each cell type i’s output probability is set to

1 . .
pi = Ci+1 (Pi + Z PJ>
jeCy

where p; :=p(yi =1 |x) according to the classifier and
Ci:={j € Children(i) : p; >t}

is the set of children of cell type i for which the classifier output a positive
prediction according to a predefined threshold t. We used a threshold
of t = 0.5. This bottom-up pass allows sharing of information across the
classifiers. In the top-down pass of the ontology, the output probabilities

are set to ensure consistency with the ontology.

Per-sample evaluation metrics

In the per-sample mode of evaluation, we analyze the average performance
over each sample. For a given sample, let T be the full set of a true cell
type labels and P be the set of predicted labels. The per-sample precision
and recall are then defined as

ITAP|
P >0

Precision := Pl Pl
1 :|Pl=0

ITAP|
T >0
Recall := ITi il
1 (TI=0

respectively. We further define a version of precision and recall, termed
specific-precision and specific-recall, that seek to summarize how well the
classifier is retrieving the most granular cell types that describe the sample.
Given a cell type label c from the ontology, let Ch(c) be the children of c
in the ontology DAG. We then define the most-specific set of true labels
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and most-specific set of predicted labels as
T :={ceT:|Ch(c)NT| =0}

P :={c € P:|Ch(c) NP =0}

respectively. Specific precision and recall are then defined as

TnP’
o P> 0

1 :[P=0

Specific-Precision := {

IT'NP| T/ > 0
Specific-Recall := Tl T
1 T'=0

respectively. Given these per-sample measures of precision and recall,
we then compute mean precision (MP), mean recall (MR), mean specific-
precision (MSP), and mean specific recall (MSR) across all samples.

Finally, as was noted previously, since samples from the same study
perform similarly, these metrics will be most effected by these large studies.
To counteract this effect we also define a set of average metrics that use
a weighted mean so that each study contributes equally. These metrics,
which we call weighted-mean precision (WMP), weighted-mean recall
(WMR), weighted-mean specific-precision (WMSP), and weighted-mean
specific-recall (WMSR) are defined as

&

1
WMP = ZmPreasmnl

WMR = ZmRecall

WMSP = Z S, |SpeC1f1c -Precision;
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WMSR := % Z %Speciﬁc-Recalli
i=1 71

where n is the total number of samples, s is the total number of studies,
and S; is the set of samples in the study that includes sample i. Finally,
by varying the prediction threshold, we can compute curves for all of
these metrics. Specifically, we compute mean PR-curves, mean specific-PR-
curves, weighted-mean PR-curves, and weighted-mean specific-PR-curves.

Modified single-cell evaluation metrics

When evaluating performance of the classifiers on the single-cell test
dataset, we modified the evaluation metrics to take into account sam-
ples that were labelled with a general cell type, but not a specific cell type.
The ground-truth for these more-specific cell types are ambiguous since
these samples should, in theory, be labelled with a specific cell type (i.e., a
cell type that is low in the ontology DAG) due to the fact that they originate
from single cells. This stands in contrast to bulk RNA-seq samples that
may constitute a population of specific cell types for which it would be
apt to label such samples with the less specific cell type that covers all of
the cell types in the population (e.g. labelling a bulk RNA-seq sample as
“T cell" when it constitutes a heterogeneous population of T cell subtypes).
For many of these ambiguous single-cell samples, we found that the classi-
fier would output a high probability for a more specific cell type than that
with which it was labelled. Such predictions by the classifier cannot be
verified and therefore we argue that they should neither be rewarded nor
penalized in our evaluation metrics. Therefore we modified as metrics as
described in the sections below.
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Per-cell type mode of evaluation

When constructing the precision-recall curves for a given cell type, we ex-
clude those samples that are labelled most-specifically as an ancestor of the
cell type. For example, we would exclude from the “CD8-positive alpha-
beta T cell" precision-recall curve those samples that are most-specifically
labelled as “T cell".

Per-sample mode of evaluation

To modify the specific-precision and specific-recall metrics, we take into
account those cell types that are more specific than the true cell type label
and those cell types that are ancestors of these more-specific labels. For a
given sample, let T be the set of true cell type labels and let P be the set of
predicted cell type labels. Furthermore, we the define the most specific
true cell type labels and most specific predicted labels as

T :={xeT:|Ch(x)NT|=0}

P':={x € P:|Ch(x) N P| =0}

respectively where Ch(x) is the set of children of cell type x in the ontology.
For a given cell type x, let A(x) be the ancestors of x and let D(x) be the
descendents of x. Then, let M be the descendents of the most specific true

cell types. That is,
M = U D(x)

xeT’
Since the ontology is a DAG, it holds that M N T = (). We can now define
all of the ambiguous cell types as

R:=MU <U (A(x)\T))

xXeEM
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Now, we can modify the most-specific predicted labels to be the set of most-
specific predicted labels only among those cell types that were predicted
and that are not ambiguous. That is, we define the modified most-specific
predicted labels to be

P*:={x € (P\R):|Ch(x)N(P\R)| =0}

Per-sample precision and recall are then modified to be defined as

ITN(P\R)|
IP\R| >0

Precision := IP\R| IP\R|
1 (|P* =0

ITN(P\R)]| Tl >0
Recall := ITi Tl
1 (T =0

respectively. Specific-precision and specific-recall are then modified to be

defined as
\T‘ﬂpl*l . |P*’ <> 0
p* :

1 :P* =0

Specific-Precision := {

IT'N(P\R)] T > 0
Specific-Recall := Tl T
1 T1=0

respectively.
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4  CELL TYPE CLASSIFICATION OF SPARSE SINGLE-CELL

RNA-SEQ DATA

4.1 Background

Recent advances in scRNA-seq are enabling higher numbers of cells to
be sequenced than ever before. Specifically, droplet-based scRNA-seq
protocols are now enabling the sequencing of tens of thousands of cells at
a time, thereby enabling the study of cell populations at unprecedented
scales and levels of granularity (Schaum et al., 2018; Zheng et al., 2017;
Macosko et al., 2015). Unfortunately, the ability to sequence high volumes
of cells comes at the cost of capturing fewer reads per cell, leading to fewer
measured genes per cell (Fig. 4.1). This data sparsity introduces challenges
to cell type classification because there is less data to inform each cell’s

cell type.
0.003 -
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|
200027 B Bulk
2 B Single-cell (non-droplet)
& “w m 10x
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|
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Figure 4.1: Sparsity of single-cell assays. Comparing the sparsity be-
tween the bulk RNA-seq dataset, the non-droplet-based scRNA-seq dataset
from Chapter 3, and 5,000 random cells from the Zhang et al. (2018) 10x
scRNA-seq dataset described in Section 4.2.

As these scRNA-seq datasets grow ever larger, rapid cell type classifiers
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will become more necessary. This is especially true if this technology is
to ever be deployed in a clinical setting where time and computational
resources are limited. The vision is that scRNA-seq will enable new diag-
nostic tests that entail measuring the transcriptome of specific cell popula-
tions (Haque et al., 2017). Due to the limit on computational resources in
the clinic, such applications may require phenotyping of individual cells
in a streaming fashion where phenotyping is performed on one cell at a
time independently from the rest of the cells. As in Chapter 3, we focus
on the cell type classification task; however, the methodologies pursued
in this chapter may carryover to other single-cell phenotyping tasks.

The most common techniques for classifying cell type using bulk RNA-
seq datasets take a reference-based (i.e. nearest-neighbors-based) classifi-
cation approach by matching each cell to the most similar bulk RNA-seq
expression profile in the reference set (i.e. training set). Two such methods
that take this approach are scMatch (Hou et al., 2019) and singleR (Aran
et al., 2019). Unfortunately, reference-based classification is computation-
ally expensive with large memory requirements for storing the reference
data.

Very recent work has proposed using neural networks to perform cell
type classification on human data (Xie et al., 2019; Ma and Pellegrini,
2019). Such an approach may also enable rapid cell type classification
as these models do not require extensive computation at test-tme. We
note, however, that these methods train on scRNA-seq data, rather than
bulk. We also note that neural networks do not easily enable taking into
account the hierarchy of cell types, whereas the methods developed in this
chapter simply extend binary cell type classifiers and therefore can be easily
inserted in to the ensemble-based hierarchical classification frameworks

discussed in Chapter 3.
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Contributions of this chapter

The models developed in Chapter 3 promise an avenue for efficient and
accurate cell type classification. Unfortunately, the models developed in
Chapter 3 were trained on dense, bulk RNA-seq data and therefore, out
of the box, they may not be optimal for use on sparse scRNA-seq data.
Specifically, in Chapter 3, we treat each bulk RNA-seq counts vector as
a representation of the complete expression profile for a given sample.
In contrast, droplet-base RNA-seq samples represent a noisy and sparse
approximation of the expression profile. In this chapter, we explore the
yet unaddressed task of transferring machine learning classifiers trained
on full expression data provided by bulk RNA-seq data in order to apply
them to sparse scRNA-seq datasets.

First, we explored two general strategies for adapting the bulk-trained
classifiers to sparse data. In the first strategy, we transform the bulk RNA-
seq test data, making it more sparse, so that its sparsity matches that of
the test data. In the second strategy, we transform the test data, making it
more dense so that it better resembles the training data. Specifically, for
this second strategy, we explore the use of gene expression imputation
algorithms for making the sparse scRNA-seq data more dense. Gene
expression imputation on scRNA-seq is the task of imputing counts for
genes. Emerging approaches for gene expression imputation entail pooling
data across cells in the query dataset (Dijk et al., 2018; Huang et al., 2018;
Li and Li, 2018). Because these approaches pool data across the query
dataset, they require computing on the entire dataset at once and therefore
are not apt for a setting in which phenotyping must either be parallelized
across cells or in which phenotyping must be performed in a streaming
fashion.

To address the shortcomings of existing approaches, we develop a
novel probabilistic model of the sparse scRNA-seq data-generating process,

which implicitly performs gene expression imputation and allows for most
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computation to occur on the training set, thereby enabling rapid cell type
classification in a streaming fashion. This model can be seen as a form of
transfer learning — the task of transferring knowledge from one machine
learning task to another. More specifically, this model can be viewed as a
form of domain adaptation — a form of transfer learning in which the features
and training labels are the same, but the distribution of training data
and/or the distribution of the labels conditioned on the features change
between tasks (Pan and Yang, 2009). Specifically, this model addresses
the specific domain adaptation task of transferring a classifier trained on
complete compositional data' to sparse compositional data. Thus, this
model can be extended to other settings in which a statistical model, such
as a classifier or regression model, fit on bulk RNA-seq data must be
applied to sparse scRNA-seq data.

4.2 Data

For the experiments used in this chapter, we utilized both data from Chap-
ter 3 as well as 10x scRNA-seq data from Zhang et al. (2018). We used the
bulk RNA-seq data from Chapter 3 to simulate scRNA-seq data. Specifi-
cally, for a given number of total reads n (i.e. level of sparsity), for each
sample, we sampled a sparse counts vector according to a multinomial

distribution:

Xsparse ~ Mult(n, Pi,--- /pG)

where G is the total number of genes and p; is the fraction of reads assigned
to gene i. We created four sparsified versions of the dataset corresponding
to four values for n: 10°, 10%, 10, and 100 reads.

As a test set, we used Chromium 10x scRNA-seq data from Zhang

'RNA-seq is inherently compositional due to the fact that the fraction of reads map-
ping to a given gene represents the relative proportion of the transcriptome originating
from that gene. Each gene’s absolute number of transcripts is not captured by RNA-seq.
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et al. (2018). Specifically, we used ten peripheral blood mononuclear cell

(PBMC) datasets, where each consists of a purified, immune cell type
(https://support.10xgenomics.com/single-cell-gene-expression/datasets).
This dataset is summarized in Table 4.1. We note that this 10x dataset
provides counts for 32,738 genes rather than 58,243 genes used in the

dataset from Chapter 3. The intersection of these two gene sets was 31,283

total genes. We therefore only used these 31,283 so that we could train

classifiers on our dataset and apply them directly to this 10x data.

Cell type No. of cells
CD8+/CD45RA+ Naive Cytotoxic T Cells 11,953
CD4+ Helper T Cells 11,213
CD4+/CD45RA+/CD25- Naive T cells 10,479
CD4+/CD25+ Regulatory T Cells 10,263
CD4+/CD45RO+ Memory T Cells 10,224
CD8+ Cytotoxic T cells 10,209
CD19+ B Cells 10,085
CD34+ Cells 9,232
CD56+ Natural Killer Cells 8,385
CD14+ Monocytes 2,612

Table 4.1: 10x Dataset Summary. A summary of the ten PBMC FAC-sorted
cell types from Zhang et al. (2018).

4.3 Results and Discussion

Performance degradation on sparse data

We first performed an experiment to assess how well the trained classifiers
from Chapter 3 perform on sparse RNA-seq data out-of-the-box. In this
experiment, we applied the independent one-versus-rest classifiers trained
on the bulk RNA-seq training set to each of the sparse versions of the test
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set described in Section 4.2. As expected, we found a strong decrease in

performance as sparsity increased (Fig. 4.2).

Training on sparsified bulk RNA-seq data

We explored an approach in which we trained the classifiers on sparsified
bulk RNA-seq data in order to test whether matching the sparseness of
the training data to the test data would improve performance. We first
compared the performance of the classifier trained and tested at each level
of sparsity to that trained on the full, dense data (Fig. 4.3). As expected,
we see that training on data that matches the sparsity of the test data
improved performance at all read-depths across all modes of evaluation.

Next, we trained a classifier on a version of the complete bulk RNA-seq
dataset (i.e. the union of the training and test sets) that was downsampled
to 25,000 reads, which was the approximate number of reads in each 10x
sample. We then applied the classifier trained on this downsampled data
to the 10x data. As before, we found this classifier to outperform the
classifier that was trained on the full, non-downsampled bulk RNA-seq
training set (Fig. 4.4).

Testing on imputed, sparse scRNA-seq data

Unfortunately, in order to improve the classifiers by training on sparse data,
the sparsity of the training data should match the test data. This cannot
be assumed as differing scRNA-seq datasets will often have differing read-
depths. Therefore, we also explored an approach in which we train the
classifiers on the full, bulk RNA-seq data and then apply them to sparse
scRNA-seq data that has undergone gene expression imputation. Because
gene expression imputation requires pooling data across cells in a large
collection of scRNA-seq data, this approach was not apt for application
to the sparsified bulk RNA-seq dataset. Therefore, we only tested these
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Figure 4.2: Results on sparse test set. (a) Comparison between the dis-
tributions of average-precision generated by each method across all cell
types. (b) Comparison of the distributions over the highest achievable
recalls when precision is fixed at 0.9 across all cell types. (c) Variants of
the mean precision-recall curves for comparing the average performance
of each method across all samples. (d) The joint-precision recall curves for
all methods generated by ranking all sample-cell type output probabilities
jointly.
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Figure 4.3: Results training on sparse training data and testing on sparse
test set. (a) Comparison between the distributions of average-precision
generated by each method across all cell types. (b) Comparison of the
distributions over the highest chievable recalls when precision is fixed at
0.9 across all cell types. (c) Variants of the mean precision-recall curves for
comparing the average performance of each method across all samples.
(d) The joint-precision recall curves for all methods generated by ranking
all sample-cell type output probabilities jointly.

methods on the 10x dataset. Specifically, we trained one-vs.-rest cell type
classifiers on the full set of bulk RNA-seq data using only the 31,283
that also were present in the 10x dataset. Before testing these models on
the 10x data, we imputed the expression of genes using MAGIC (Dijk
et al., 2018), which uses a graph diffusion procedure on the single-cell
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nearest-neighbors graph. We ran MAGIC in two modes of operation: an
"optimistic mode" and a "realistic mode". In the "optimistic" mode of
operation, we ran MAGIC on each 10x PBMC cell type separately (i.e. we
ran MAGIC separately on the data represented by each row of Table 4.1).
In this mode, only cells of the same cell type share information during the
imputation process, thereby mitigating the possibility that the algorithm
will incorrectly use cells of one cell type to impute the missing gene values
within a cell of a differing cell type. This mode of operation therefore
provides results that serve as a sort of upper bound on the potential of
gene expression imputation. In the "realistic" mode of evaluation, we
ran MAGIC on the entire PBMC dataset jointly, which better resembles
how this tool is used in practice (i.e. the query data usually consists of
heterogeneous cell types and information is potentially shared across cells
from differing cell types).

Perhaps unsurprisingly, running MAGIC in the "optimistic" mode re-
sulted in very high performance, which indicates that collectively, the cells
contain the information for performing accurate classification, but that
sparsity within a given cell makes classification difficult. We also found
that performing MAGIC in the "realistic" mode led to improvement over

the application of the classifiers on the non-imputed data.

Baseline reference-based approach

In reference-based classification, each cell’s expression profile is queried
against a set of bulk reference expression profiles. The cell is then assigned
the cell type pertaining to the most similar sample in the reference set.
As a representative example of a reference-based classifier, we used a
recent method called scMatch (Hou et al., 2019). We ran scMatch with
the default settings, which uses the FANTOMS5 database (Lizio et al.,
2017) as a reference set and uses Spearman correlation as the similarity
metric. We found the independent one-vs.-rest models trained in Chapter 3
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Figure 4.4: Results on 10x dataset. (a) Comparison between the distribu-
tions of average-precision generated by each method across all cell types.
(b) Comparison of the distributions over the highest achievable recalls
when precision is fixed at 0.9 across all cell types.

outperfomed scMatch in the per cell type mode of evaluation (Fig. 4.4),
but underperformed scMatch in the joint-evaluation. This indicates that
scMatch tended to yield more accurate classifications on more general,
and therefore more common, cell types (Fig. 4.5). When preprocessing the
test data with MAGIC, our classifiers outperformed scMatch on both the
per cell type and joint modes of evaluation (Fig. 4.4, Fig. 4.5).

A probabilistic generative model for cell type

classification of sparse data

Because gene expression imputation algorithms must compute on the
entire query set, these algorithms cannot be deployed in a situation that
requires either parallelizing classification across cells or performing cell

type classification in a streaming fashion where cell type classification is
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performed on one cell at a time independently from the rest of the cells.
To address this shortcoming, we propose a novel method for adapting
the bulk RNA-seq-trained classifiers from Chapter 3 that is based on a
probabilistic model of the sparse scRNA-seq data-generating process. In
this model we treat the sparse RNA-seq expression profile as an observed
random variable and posit that this sparse counts-vector was “generated”
from an unobserved, dense RNA-seq expression profile. In order to per-
form binary classification for a given cell type, we compute the marginal
probability that the sample is of the given cell type conditioned on the
sparse data. We hypothesize that if we can accurately model the latent
random variable representing the dense expression profile so that it re-
sembles the bulk RNA-seq data on which the classifier was trained, then
our classifier will more accurately predict the sample’s cell type.

Model description

To more rigorously describe the model, we will introduce some notation.
Let x € N€ be the observed sparse RNA-seq counts-vector, where G is the
number of genes, and x; is the read count for genei. Lets := 5 & | x; x10~°
be the scaled read-depth for the observed scRNNA-seq sample. Lety €
{0, 1}* be the cell type assignments for L cell types. That is y; € {0,1}
indicates whether the cell belongs to cell type i.

First, we posit the existence of a latent, complete expression profile
z € R€ from which x was sampled. Specifically, we define z to be in
units of counts per million (CPM) and assume that x was sampled from a

Poisson distribution for which z defines the rate parameter?:

x ~ Poisson(zs)

2As shorthand, for a multivariate random variable X € R™, X ~ Poisson(A) denotes
that the elements are independent and distributed according to X; ~ Poisson(A;). Sim-
ilarly, X ~ Gamma(a, b) denotes the joint distribution of X where each element X; is
independent of the rest and distributed according to X; ~ Gamma(a;, by).
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Our choice to model x conditioned on z as a Poisson distribution follows
common modeling practices in RNA-seq data analysis (Conesa et al., 2016).
Specifically, since the read-depth n is fixed, and it is assumed that for
each gene i there exists a true underlying probability p; that a read will
be generated from gene i, an RNA-seq sample follows a multinomial
distribution x ~ Mult(n, py, ..., pg) where n is the read-depth. Each gene’s
marginal distribution over its read-count therefore follows a binomial
distribution x; ~ Bin(n, p;). Furthermore, when n is large and p; is small,
as is the case in RNA-seq, a binomial distribution can be approximated
with a Poisson distribution. We note that each gene’s read-count is not
independent from one another; however, since G is large, each gene’s read-
count is approximately independent from one another. Thus, in practice,
gene counts are often modeled as independent Poisson random variables.

We also assume that z was sampled from the same distribution as
that of the training data on which each cell type classifier was trained.
Said differently, we assume that bulk RNA-seq produces a full expression
profile. Thus, the probability that x is of cell type i is given by

yi ~ Bernoulli (o (BlT log(z +1)))

where 3; are logistic regression coefficients for the classifier trained to
classify cell type i and o(x) denotes the logistic function:
o(x) := [1 + exp(—x)]

Finally, we place a prior over z in the form of a gamma-mixture model
consisting of K components, which models plausible latent expression
profiles. The mixture distribution for p(z) is meant to capture the hetero-
geneity regarding cell types and conditions, which inevitably follows a
complex distribution consisting of both gene interactions and multiple

modes. We use a gamma distribution for each mixture component out of
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the computational convenience that follows from the gamma distribution
being the conjugate prior for the Poisson distribution. We let A € R *€
be the matrix of shape parameters and B € R%*€ be the matrix of rate
parameters for these K mixture components where a, and by are the shape
and rate parameters respectively of the kth component. We let ¢ € [0,1]¥,
where Zil ¢i =1, be the prior probabilities of drawing a sample from
each mixture component.

In summary, the full data-generating process for this model (Fig. 4.6)

is as follows:
1. k ~ Categorical(¢)
2. z ~ Gamma(ay, by)
3. x ~ Poisson (zs)
4. For each cell type i € [L]:
* y; ~ Bernoulli (cr (BIT log(z + 1)))

To make a prediction for cell type i € [L], we compute the marginal proba-

bility of the cell type assignment y; conditioned on the observed, sparse

data x:
K
pyi=11x =) [ ply=112pzIx1p(k|x) i
k:l
=) plkIx)Epxlply=1]2)
k=1
where
ply=1lz)=0(B]log(z+1))
and

z | x,k ~ Gamma(x + ay, by + s)
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and
K x) — by HiGzl fNegBin (Xi; ay,i, ﬁbh)
P! N ZE/:l b 1—[521 TNegBin (Xi; Qi i, ﬁk,)
where M(x 4+ 1)
fNegbin (X; T, P) := T(r)px(l —p)'

is the probability density function for the Negative Binomial distribution,

and

I'(x) ::J 2 e 2dz,
0

is the gamma function (See Appendix E for full derivation of these proba-
bilities).

Model training and inference

This model requires the specification of the gamma-mixture distribution
over the latent, dense expression profile z. Specifically, we must specify the
gamma shape and rate parameters, A € R*X and B € R®*¥ respectively,
for all K clusters. As a first approach to specifying this distribution, we
propose a two-step process that entails first clustering the bulk RNA-seq
training data and then using each cluster to estimate a joint distribution
over the CPM values for each gene where each gene is independent and
gamma-distributed. This process introduces a number of modeling choices
in regards to which clustering algorithm to deploy as well as how each
gamma distribution is to be estimated.

When applying the trained model to query data, one must compute
p(yi = 1| x), which requires the calculation of an expectation. Unfor-
tunately, this expectation does not admit a ready closed-form solution.
Instead, it must be approximated either through Monte Carlo integration®

3Monte Carlo integration of an expectation E(f(X)) involves sampling n samples

iid.
X1,...,Xn ~ Xand then approximating the expectation via L 5" | f(x;).
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or through an analytical approximation. For the remainder of this chapter,
we deployed Monte Carlo integration, finding that the variance of the
expectation was low with 100 samples. Future work will entail developing

an accurate analytical approximation.

Relationship to existing approaches

We note that the model presented in this chapter has similarities to recent
bulk RNA-seg-informed gene expression imputation algorithms. Specif-
ically, SCRABBLE (Peng et al., 2019) and URSM (Zhu et al., 2018) were
developed to utilize a bulk RNA-seq dataset to inform the value of missing
genes in the target scRNA-seq data. SCRABBLE sets up an optimization
problem in which the goal is to find a dense representation of the scRNA-
seq dataset for which the aggregate of the imputed expression profiles
most closely resembles the bulk RNA-seq data. In contrast, URSM is more
related to the model proposed in this chapter in that URSM also proposes
a joint probabilistic model over both the scRNA-seq data as well as the bulk
RNA-seq data. Importantly both SCRABBLE and URSM assume that that
the bulk RNA-seq sample provided as input to the imputation algorithm
represents a mixture of the cell types present in the target scRNA-seq
dataset. Therefore, these methods are most apt for scenarios in which a
bulk RNA-seq sample can be obtained from the same biological sample
as that from which the scRNA-seq sample was obtained. In this chap-
ter, this assumption cannot be made as we seek to leverage the trove of
heterogenous, publicly available bulk RNA-seq data.

We also point out similarities between this model and the SAVER
algorithm for gene expression imputation (Huang et al., 2018). To perform
imputation, SAVER assumes a similar gamma-poisson generative process
of the scRNA-seq data where each cell is generated by first sampling a rate
parameter from a gamma distribution and then sampling the counts from
a Poisson distribution using the gamma-sampled rate. However, SAVER
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differs from the approach discussed here in a few fundamental ways: first,
in SAVER the gamma parameters are learned from the scRNA-seq data
itself, rather than from a bulk RNA-seq training set. Second, each cell in
the dataset is associated with a unique gamma-prior over the Poisson rate
parameter where the parameters of each cell’s gamma-prior are estimated
from the non-zero count genes in the cell via a regression model. Because
this regression model is trained using the full scRNA-seq dataset, this
method is principally more similar to other gene expression imputation
algorithms, like MAGIC, that rest on pooling data across cells.

Demonstration on toy data

To demonstrate this model, we ran this model in a toy setting in which
there exist only two gamma mixture components corresponding to two
cell types: primordial germ cells and CD8-positive alpha-beta T cell. We
use all of the bulk RNA-seq data for these two cell types to estimate the
two gamma distributions using the method of moments method. We
then tested the ability of our proposed generative model to modify the
performance of the bulk RNA-seq-trained classifier for the "lymphocyte"
cell type. We tested this model on two single-cell samples from the scRNA-
seq dataset described in Chapter 3. Specifically, we used one cell labelled
as CD8-positive alpha-beta T cell (SRA accession SRX1461628) and another
single cell labelled as primordial germ cell (SRA accession SRX1658583).
We downsampled the reads from these two single-cell samples at read-
depths of 10°, 10°, 10%, 10%, 100, and 10 reads. We generated a total of 10
expression profiles for each read-depth, and the ran the model on each of
these expression profiles. Specifically, we compared the output probability
of the standard lymphocyte classifier (i.e. without the generative model
component) to the generative model’s output probability for these two
samples across each expression profile. Since "lymphocyte" is an ancestor
of "CD8-positive alpha-beta T cell" in the ontology, but is unrelated to
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"primordial germ cell", we would expect the classifier to assign the CD8-
positive alpha-beta T cell a high probability of being a lymphocyte across
all read-depths and to assign the primordial germ cell a low probability of
being a lymphocyte across all read-depths.

As expected, we found the standard lymphocyte classifier to be poorly
calibrated at low read-depths, assigning the CD8-positive alpha-beta T
cell a very low probability of being a lymphocyte. However, under the
generative model, the cell is given a high probability of being a lymphocyte
(Figure 4.7). Although the new model gives higher probability that the
primordial germ cell is a lymphocyte at 10 reads, as the read-depth increase,
the probability of being a lymphocyte quickly decreases towards zero.
In contrast, even at 10° reads, the default classifiers outputs non-zero
probability that the cell is a lymphocyte. Lastly, we see that as the read-
depth increases the probabilities output by both the generative model
and the default classifier converge. This is due to the fact that as the
read-depth increases, the data better resembles the bulk RNA-seq data
on which the classifier was trained. Similarly, as the read-depth increases,
the prior plays a smaller role in the generative model and the classifier
approximately operates on the observed expression profile.

Performance on sparsified bulk RNA-seq test data

We evaluated this model by training it on the bulk RNA-seq training set
and applying it to the sparsified versions of the bulk RNA-seq test set.
We explored a number of approaches for specifying the gamma-mixture
distribution over the latent random variable z, which entailed a num-
ber of clustering algorithms algorithms and methods for estimating the
gamma parameters in each mixture component. Specifically, we tested
three clustering algorithms: agglomerative clustering with Pearson cor-
relation distance using 500 clusters, using each cell type in the training
set to define clusters, and finally, clustering the data within each cell type
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and using the union of all clusters within all cell types. We also tested
two methods for estimating the parameters of each gamma distribution
from the samples within each corresponding cluster: In the first variant,
we use method of moments. In the second variant, we fit the mean using
method of moments, but then perform an empirical Bayes-like approach
to increase the variance when variance is low (thereby "smoothing" the
gamma distributions). We found that these various methods for estimat-
ing the gamma distributions yielded qualitatively similar performance
and report here the best performing variant: using each cell type in the
training data to define a cluster and performing the empirical Bayes-like
procedure (Appendix E).

In the per-cell type mode of evaluation, we found that this model
tended to underperform the default classifiers at most read-depths, except
the lowest (100 reads per sample). Examining the performance across
cell types, we found that the model severely underperformed in certain
sections of the ontology. For example, the model tended to perform poorly
on epithelial cells, but comparably on lymphocytes (Fig. 4.9). It is likely
that this is due to the fact that the gamma distributions for these cell types
are poorly fit. Future work will require further diagnosing the model
in order to improve performance on these underperforming cell types.
Because of the lower performance on many cell types, we decided to forego
testing this model on the 10x dataset until future work could be carried out
that would improve performance on these underperforming cell types. By
decreasing the number of times we evaluate this model on the 10x dataset,
we mitigate the likelihood that modifications to the algorithm in response
to the results will lead to overfitting on this dataset.

Nonetheless, when examining the performance in the per-sample and
joint-modes of evaluation we find that this model produces better results
than the default classifiers on all read-depths except the highest (10° reads

per sample), which indicates two things. First, on common cell types, the
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model performs well, and second, the output probabilities of this model
are much better calibrated across cell types than the default classifier’s.
These results support our hypothesis that by imputing the genes, the
input data better matches the data on which the models were trained
and therefore calibrated. Thus, this model offers a promising approach to
scRNA-seq cell type classification, especially at extremely low read-depths.

Conclusions and future work

In this work, we explored approaches for extending the one-vs.-rest cell
type classifiers developed in Chapter 3 to sparse scRNA-seq data. Because
these classifiers were trained on bulk RNA-seq data, they performed poorly
on sparse data out of the box. To address these shortcomings we explored
methods for imputing the values for the genes in order for the test data to
better resemble the dense training data.

To address these shortcomings, we explored two main approaches for
adapting the classifiers developed in Chapter 3:

1. Training on artificially sparse bulk RNA-seq data in order for the
training data to better resemble the sparse test data.

2. Imputing the values for the genes in order for the test data to better
resemble the dense training data.

When possible, we evaluated each strategy on both an artificially sparse
bulk RNA-seq test set as well as a dataset of droplet-based 10x scRNA-seq
expression profiles consisting of various peripheral blood mononuclear
cell types.

Unsurprisingly, we found that training on artificially sparse bulk RNA-
seq data led to better performance than the default, out-of-the-box classi-
fiers. However, this gain in performance requires training a classifier at a
read-depth that matches the test set. Since our goal is to train a single clas-
sifier for use on scRNA-seq datasets of varying read-depths, we explored
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the use of gene expression imputation algorithms that would enable train-
ing the classifier only once. We found that imputing the values of the
genes with MAGIC led to improved performance. This indicates that pre-
processing the query data with a gene expression imputation algorithm
will improve the results of cell type classifiers trained on bulk RNA-seq
data. Future work will involve benchmarking other recent imputation
algorithms, such as SAVER, for the cell type classification task.

Because gene expression imputation requires expensive computation
at test-time, we explored a novel method for classification of sparse scRNA-
seq data based on a generative model of the scRNA-seq data-generating
process. This model outperformed the default classifiers on the per-sample
and joint-modes of evaluation. Most promisingly, at very low read-depths,
this model provided results that were competitive with those from higher
read-depths. Nonetheless, we found that the model suffered on certain cell
types. Future work will require diagnosing the cause for the poorer perfor-
mance on these cell types. Nonetheless, these results reveal a promising
direction towards the goal of developing a robust, well-calibrated classifier
for classifying sparse scRNA-seq data against the full breadth of the Cell
Ontology.

Lastly, we note that this modeling approach can be extended to other
scenarios in which a statistical model, such as a regression or classification
model, fit on bulk RNA-seq data must be adapted to sparse scRNA-seq
data. Specifically, if we seek some function

f:R¢ 5 Y

for mapping scRNA-seq expression profiles to some target value in Y, and
there exists a function
g:R¢ =Y
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fit on bulk RNA-seq data, our approach entails defining f as
f(x) := Eox [g(2)]

where the distribution p(z | x) follows from our proposed generative
model of x and g is the model fit on bulk RNA-seq data. Future work
will explore the application of this approach to other transcriptome-based
cellular phenotyping tasks for scRNA-seq besides cell type classification.
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Figure 4.5: 10x test set precision-recall curves. Precision-recall curves for
each cell type on the 10x scRNA-seq test dataset. Each node is colored
according to which method yielded the highest average precision (red
= default classifiers, blue = sparsely trained classifiers, green = running
MAGIC on each separate cell type, orange = running MAGIC on the entire
10x dataset, purple = scMatch). The intensity of the color corresponds
to the difference between the highest average-precision and the second
highest average-precision achieved for that node. White nodes indicate
there was no clear winner.
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Figure 4.6: Graphical model for sparse cell type classification. The prob-
abilistic graphical model for performing cell type classification on sparse
RNA-seq data represented in plate notation.
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Figure 4.7: Illustration of advantage of probabilistic model. Results
from the toy two-cell experiment demonstrating the potential advantages
of this model. At each read-depth, 10 samples were generated from the
CD8+ T cell sample (left) and the primordial germ cell sample (right).
At each read-depth, we plot the mean probability output by the default
lymphocyte classifier (orange) and the mean probability output by the
generative model-based lymphocyte classifier (blue) across the 10 samples.
Error bars denote plus and minus one standard deviation around the
mean.
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Figure 4.8: Results of the new model on the downsampled bulk RNA-
seq test set. (a) Comparison between the distributions of average-precision
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distributions over the highest achievable recalls when precision is fixed at
0.9 across all cell types. (c) Variants of the mean precision-recall curves for
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all sample-cell type output probabilities jointly.
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Figure 4.9: Performance of new model on differing sections of the on-
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types between the standard classifiers and the classifiers adapted with the
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types and (b) lymphocyte cell types. We also compare the join-precision-
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5 CONCLUSION AND FUTURE WORK

Transcriptome-based cellular phenotyping (TBCP) is a task with a number
of important applications in biology and medicine. The trove of publicly
available RNA-seq data promises to be a valuable source of data for training
machine learning algorithms to perform TBCP; however, to date utilizing
the SRA for this purpose has remained challenging. In this dissertation,
we presented three bodies of work that progress our ability to utilize this
data for training TBCP algorithms. These projects make contributions
across the machine learning pipeline.

In Chapter 2, we presented the MetaSRA, a novel computational pipeline
and associated database for labelling phenotypes in the poorly structured
metadata of the SRA. Our approach extended named entity recognition
(NER) to not only label samples using mentioned terms, but also inferred
which mentioned terms actually describe the biology of the sample. We
found that our approach was able to produce results with similar levels of
recall as state-of-the-art NER methods, but contained far fewer errors.

In Chapter 3, we leveraged the standardized phenotype labels pro-
duced by the MetaSRA to supervise the training of cell type classifiers.
We advocate the use of hierarchical classification to make full use of the
graph-structure of the ontologies. To this end, we applied ensemble-based
hierarchical classification algorithms to the cell type classification task and
pushed the state-of-the-art in hierarchical cell type classification perfor-
mance.

In Chapter 4 we explored methods for extending the classifiers trained
in Chapter 3 to sparse, single-cell RNA-seq data generated from novel
droplet-based technologies. We found that methods for imputing the
values of each gene increased the classification performance of the trained
classifiers. Further, we introduced a novel probabilistic model for im-
plicitly performing gene expression imputation based on bulk RNA-seq
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data, which offers a promising approach to cell type classification in set-
tings where computational resources and time are limited, such as clinical
settings.

In the subsections below, we discuss general areas that deserve further

investigation.

Applications to other phenotyping tasks
Although the MetaSRA produced standard phenotype labels for multi-

ple categories of phenotypes including disease, cell type, tissue, and cell
line, the majority of the work presented in this dissertation regarding the
actual training of machine learning algorithms focused on the cell type
classification task. However, the methods that we explored are applicable
to other phenotyping tasks as well. For example, the hierarchical classi-
fication algorithms explored in Chapter 3 can be applied to disease type

classification using the Disease Ontology.

Quantifying and leveraging label-uncertainty

The methods used in the MetaSRA ontology term mapping process do not
take into account uncertainty and therefore do not output a confidence
for each mapped ontology term. A confidence score associated with each
mapped ontology term would prove useful for users in that it would enable
users to set a confidence threshold in their MetaSRA-enabled queries of
the SRA. Intuitively, there are a number of signals that the MetaSRA could
feasibly use to calculate this confidence score. For example, the MetaSRA
should be less certain about an ontology term that is mapped to the sample
due to a fuzzy string match with the metadata than it should be about a
term that exactly matches the metadata.

In a similar vein, the classifiers developed in Chapter 3 use the train-

ing labels as ground-truth and are not equipped to handle the possible
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uncertainty in those labels. Because of this, a manual curation effort was
required to remove cell type labels in the training set that were incorrectly
mapped by the MetaSRA. If these labels were instead associated with a
confidence score, methods could be pursued to train phenotype classifiers

that take into account uncertainty in the training data.

Interpreting the trained models

In Chapter 3, we advocate the use of linear models for classification, in
part, due to their relative interpretability in comparison to other modeling
frameworks (such as neural networks). Linear models are interpretable in
so far as the magnitude of each feature’s coefficient reflects that feature’s
impact on the classifier’s decision. Nonetheless, because these models
use so many features (i.e. one per gene) important questions remain as
to how many genes are being used in a meaningful way by each cell type
classifier. Such an investigation may shed light on whether cell types are
predominantly defined by relatively few distinguishing genes, or rather,
by more global expression changes across the genome.
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A DETAILED DESCRIPTIONS OF THE METADATA

NORMALIZATION PROCEDURES

A.1 Detailed description of ontology term
mapping pipeline

1. Initializing the Text Reasoning Graph (TRG): The initial TRG con-
sists of a set of nodes that represent the raw set of key-value pairs
describing the sample. First, a node is created for each key-value
pair. From each of these “start nodes”, we draw two edges to two
artifact nodes — one artifact representing the key and the other ar-
tifact representing the value. Figure A.1 depicts the initial TRG for
the following set of key value pairs:

cell line: Parkin-expressing MRCS5 fibroblasts
cell state: Proliferating

source_name: Prolif

2. Generating n-grams: From each artifact node, we generate all n-
grams forn =1,...,8. We use the Python Natural Language Toolkit
(nltk) to tokenize the text before constructing n-grams. For each n-
gram generated from an artifact, we draw an edge from the original
artifact to the derived artifact. Figure A.2A illustrates an artifact node
from the graph of Figure A.1 with derived artifacts representing n-

grams.

3. Lowercase: From each artifact node that represent artifacts with
uppercase characters, we draw an edge to a new artifact node that

has all lowercase characters. Figure A.2B demonstrates this process.
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Key: "cell line”
Value:  “Parkin expressing
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Key: "cell state” . .

Value:  “Proliferating” — = derivation edge
“Proliferating”

Key: ”source_name”

Value:  “Prolif”

Figure A.1: Initial TRG. The initial TRG created from a set of key-value
pairs describing a sample.

4. Delimiters: The NLTK’s tokenizer does not split on the characters

1“ /AT

+7,7-7,%/”,and “_". We therefore, split all artifact strings by these
delimiters as shown in Figure A.2C.

. Inflectional variants: We derive the inflectional variants of all arti-

facts by consulting the SPECIALIST Lexicon. This is demonstrated
in Figure A.2D.

. Spelling variants: We derive the spelling variants of all artifacts
by consulting the SPECIALIST Lexicon. This is demonstrated in
Figure A.2E.

7. Manually annotated synonyms: There are certain words that are
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Figure A.2: Artifact derivations. (A) An artifact node with derived n-
grams. (B) An artifact with a derived lowercase artifact. (C) Delimiting
artifacts on special characters. (D) Deriving inflectional variants. (E)
Deriving spelling variants. (F) Deriving custom synonyms. (G) Expanding
acronymes.
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very common in the metadata, but that are not included in the on-
tologies. For example, the word “tumor” is extremely common in
the metadata, but is not present in the Disease Ontology. We filled
such gaps by creating a small, custom thesaurus. In our thesaurus,
“tumor” is given the synonym “neoplasm.” The word “neoplasm”
is a term in the Disease Ontology that is semantically equivalent to

“tumor.” This process is demonstrated in Figure A.2F.

. Custom acronym expansion: There are certain acronyms that are

common in the metadata, but are not included in the ontologies. For
example, the acronym “hESC” is very common in the metadata, but
is not present in the Cell Ontology. We filled such gaps by expanding
common acronyms. For example, we expand “hESC” to “human

embryonic stem cell.” This process is demonstrated in Figure A.2G.

. Exact string matching: We perform a preliminary mapping step in

which we map artifacts to ontology terms by searching for exact
matches between the artifact strings and term names and synonyms
in the ontologies. This preliminary mapping stage is performed

quickly using a trie data structure.

Context-specific synonyms: We create a list of “context-specific syn-
onyms” and derive synonyms for artifacts when that artifact was
derived from a value that is associated with a specific key. For ex-
ample, a common key-value pair is sex: F. Here, the string “F” is
an abbreviation for “female”; however, this is only known because
the key maps to the EFO term for “sex.” “F” in another context may
not be an abbreviation for “female.” This process is illustrated in
Figure A.3.

Fuzzy string matching We perform fuzzy string matching between
the artifacts and the ontology terms. Let a and b be two strings and
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PATO:0000047
sex

rsex”
“pr

Key:
Value:

1. First, we search the graph emanating from the key for ontology terms that
describe a property that may have context-specific synonyms. In this case,
we find “sex.”

PATO:0000047

UBERON:0003100
female organism

2. We then search the graph emanating from the value. We find the artifact *'f’
which has a synonym “*female” only when the key encodes ““sex.”

Figure A.3: Extracting context-specific synonyms. An example describ-
ing context specific synonyms.

let d(a, b) be their Levenshtein edit distance. Let 1(x) be the length
of a string x. An artifact a matches with an ontology term name or
synonym b if the following conditions hold: 1(a) > 2, d(a,b) < 2,
and d(a,b) < max{l(a), 1(b)}/10. We do not match artifacts that are
less than 3 characters long in order to avoid false positive mappings.
If the artifact is greater than 2 characters long, a match is called if the
edit distance is less than or equal to 2 and less than or equal to 0.1
times the length of the longer string. For example, the misspelled
artifact “forskin fibroblast” would match with the ontology term
name “foreskin fibroblast.” In contrast, the string “year” would not
match with the ontology term “ear” because the edit distance of
1 is greater than 0.1 of the length of the longer string. When an
artifact matches an ontology term, we create a node representing
the ontology term and draw an edge from the artifact to the new
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ontology term node.

To more efficiently perform fuzzy string matching we store all on-
tology term names and synonyms in a Burkhard-Keller metric tree
Burkhard and Keller (1973) with the bag-distance metric defined
in Bartolini et al. (2002). When performing fuzzy string matching
between a query string s and the strings in the metric tree, we re-
trieve all strings in the metric tree that are within a distance of 2
from s using bag-distance. Since bag-distance is a lower-bound on
edit-distance, this process filters out all strings in the ontologies
whose lower bound on the edit distance is greater than the threshold
of 2 that we impose on fuzzy string matching. We then explicitly

compute edit distance between s and the retrieved strings.

Matching to custom terms: There are several noun-phrases that
are common in the metadata and that are superstrings of ontology
terms, but that do not imply that the sample maps to the contained
ontology term. For example, the phrase “blood type” does not imply
that the sample was derived from blood. Similarly, “tissue bank”
describes the organization that provided the sample, but does not
necessarily imply that the sample is a tissue sample. To differentiate
the larger noun-phrase from the ontology term it contains, we main-
tain a custom list of misleading noun-phrases and remove ontology
term mappings if those mappings were derived from a substring
of a misleading noun-phrase. For example, given the string “blood
type”, the artifact “blood” will be blocked from mapping to the on-
tology term for blood because it is a substring of the noun-phrase
“blood type.” Currently, we have 27 noun-phrases in our index and
we will continue to build this index as we find more misleading

noun-phrases that contain ontology terms.

Remove extraneous cell-line matches: Many cell lines have short
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names that oftentimes resemble acronyms or gene names. For exam-
ple, “SRF” is a gene as well as a cell line in the Cellosaurus. Similarly,
“MDS” is often used as an acronym for Myelodysplastic Syndromes

and also happens to be the name of a cell line in the Cellosaurus.

We remove extraneous mappings to cell line terms by searching the
graph emanating from the key for a lexical match to ontology terms
such as those for “cell line” and “cell type”. If such a match is not
found, we search the graph emanating from the value for artifacts
that have a lexical match to a cell line ontology term and remove all
such ontology term nodes. This process is illustrated in Figure A 4.

Map to linked-superterms: The domain covered by the EFO over-
laps with many of the other ontologies because it includes cell types,
anatomical entities, diseases, and cell lines. In many cases, the EFO
is inconsistent with other ontologies in how it draws edges between
terms. For example, the term “lung adenocarcinoma” and “adeno-
carcinoma” are present in both the Disease Ontology and the EFO;
however “adenocarcinoma” is a parent of “lung adenocarcinoma”
only in the Disease Ontology and not in the EFO. These inconsisten-
cies pose a problem when we filter for the maximal phrase-length
in the metadata. For example, when a sample maps to “lung adeno-
carcinoma” and “adenocarcinoma”, we remove “adenocarcinoma”
because it is a substring of “lung adenocarcinoma”. This is valid
for the Disease Ontology because the term for “adenocarcinoma” is
implied by “lung adenocarcinoma” by its position in the ontology.
However, this results in a false negative for the EFO version of this

term.

To counteract this problem, we link the terms in the EFO to terms
in the other ontologies. Two terms are linked when they share the

same term-name or exact-synonym. Then, when an artifact maps to
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EF0:0000322
cellline

Key: "cell line”
Value:  “Parkin expressing

MRCS fibroblasts”

“Parkin-
expressing
MRC5
fibroblasts”

CVCL:0440 /
MRC5

“drug treatment”

Key: "drug treatment”

Value:  “Transfection Control - Cells
were treated with a control
ASO which does not have any
human genomic target”

”treatment"

“Transfection Control -
Cells were treated with a
control ASO which does
not have any human
genomictarget”

CVCLR967
SO

B

7

Figure A.4: Removing extraneous cell line terms. (A) The term “cell line’
was found in the graph emanating from the key. Thus, we keep the cell line
term for “MRC5” in the graph emanating from the value. (B) No ontology
term for “cell line” or “cell type” was found in the graph emanating from
the key. We therefore remove the cell line term for “ASO” in the graph
emanating from the value.
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a term, we traverse the term’s ancestors and map to any terms that
are linked to those ancestors. In the case of “lung adenocarcinoma”,
we would traverse the ancestors of this term in the Disease Ontology
and map to the EFO’s “adenocarcinoma” because it is linked to the
Disease Ontology version of this term. Figure 2.6 illustrates this

process.

Cell line disease implications: The EFO is missing edges between
disease cell line terms and the corresponding disease terms. For
example, the term “cancer cell line” does not have an edge to “cancer.”
To fill this gap, if a sample maps to a cell line category term, we also
map to the corresponding disease terms.

Block superterm mapping: It is a common occurrence for disease
ontology terms to include anatomical entities in their name. For
example, “breast cancer” includes “breast” as a substring. It would
be incorrect to map “breast” to the sample because this word localizes
the cancer, but does not localize the origin of the sample. We note that
it is possible that the sample was indeed derived from breast tissue;
however, it is also possible the sample originated from other tissue
such as a malignant site. We maintain a conservative approach and
avoid mapping to “breast.” We implement this process by designing
each artifact node to keep track of the original character indices in
the metadata from which it was derived. After mapping all artifacts
to the ontologies, we remove all ontology terms that were lexically
matched with an artifact node that is subsumed by another artifact

node that matches with another ontology term.

Custom consequent mappings: We maintain a small list of 6 com-
mon terms that imply other terms. For example, if a cell maps to a
the EFO term for “cell line”, we consequently map the sample to the
Cell Ontology’s term for “cultured cell.”
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Real-value property extraction: We maintain a list of ontology terms
that define real-value properties. Currently, we use 6 terms: “age”,

VA Y/ aawTs

“passage number”, “timepoint”, “age at diagnosis", “body mass in-
dex", and “age at death." Future work will entail expanding this list.
To extract a real-value property from a key-value pair, we search the
graph emanating from the key for a match to a property ontology
term. If such a property is found, we search the graph emanating
from the value for an artifact representing a numerical value and a
unit ontology term node (e.g., “46” and “year”). From this process,
we extract the triple (property, value, unit). For example, given the

key-value pair age: 46 years old, we extract (“age”, 46, “year”).

Filtering mapped ontology terms by semantic similarity: The on-
tologies are structured so that each synonym of an ontology term is
given a synonym-type. These types include “exact”, “broad”, and
“narrow.” These synonym-types describe the relationship between
the synonym string and the term name. An “exact” synonym indi-
cates that the string is semantically closer to the ontology term name
than a “broad” synonym. If an artifact matches to multiple ontology
terms, the ontology term with the semantically nearest matched
target is likely to be the best match with the artifact. Thus, given
an artifact with multiple matched terms, we examine the targets
within the matched terms to which the artifact matched and rank
these targets according to the semantic similarity with the ontology
term name. We then keep the match with the highest similarity and
discard the rest.

For example, given the artifact “skin”, we find several terms in the
Uberon ontology that have a synonym “skin”: “zone of skin” (ex-
act synonym), “skin epidermis” (broad synonym), “skin of body”
(related synonym), and “integument” (related synonym). Of these

terms, “skin” is semantically most similar to the term “zone of skin”
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because it is an exact synonym of this term. We therefore keep this

mapping and discard the rest.

20. Consequent cell line mappings: Our pipeline draws edges between
cell line ontology term nodes and the ontology terms that describe
the cell line. For example, if the TRG contains the node for the cell
line “HeLa”, we draw an edge to the ontology terms for “adenocarci-
noma” and “female” because this cell line was derived from a woman
with cervical adenocarcinoma. We consider such mappings to be
consequent mappings because they are retrieved using an external
knowledge base.

This knowledge base was created from data we scraped from the
ATCC website at https://www.atcc.org. To construct mappings be-
tween cell lines and ontology terms, we ran a variant of our pipeline
on the scraped cell line data. We scraped cell line metadata for all

cell lines that are present in the Cellosaurus.

21. Consequent developmental stage mappings: If the sample maps
to a real-value property with property “age” and unit “year”, we
check whether the value is greater than 18. If so, we consequently

map the sample to the EFO and Uberon terms for “adult.”

A.2 Detailed description of sample-type

prediction procedure

Although we train a one-vs-rest classifier using logistic regression binary
classifiers, we ultimately use a custom decision procedure for making
a sample-type prediction. This procedure entails limiting the possible
predicted sample-types based on ontology terms that were mapped by our
computational pipeline. The algorithm chooses among the remaining pos-


https://www.atcc.org

128

sible sample-types by selecting the sample-type with highest confidence
according to the one-vs-rest classifier.

To provide an example, if the ontology term “stem cell” was mapped to
the sample, wesetp(y =jlx) =0forj € { tissue, cell line, primary cells}.
We then compute the probabilities p; := % for each i. Our final
prediction is then {j = argmax,p;. In summary, this process asserts that if
“stem cell” mapped to the sample, then the sample must be either a stem
cell sample, in vitro differentiated cell sample, or induced pluripotent
stem cell sample. We let the classifier decide which is the most likely label
among these possible labels.

More specifically, we follow the following steps for making a prediction:

1. If the sample maps to “xenograft” (EFO:0003942), then we predict

tissue with confidence 1.0.

2. If the sample was passaged (i.e. maps to a real-value property tuple
with property “passage number” and unit “count”), then we assert
the sample cannot be tissue. If the number of passages is greater
than 0, then we assert the sample cannot be primary cell.

3. If the sample maps to a cell line, then we check the Cellosaurus for
the cell line category. We map the Cellosaurus cell-line category to a
set of possible sample types as follows:

* Induced_pluripotent_stem_cell: ~in vitro differentiated
cells, induced pluripotent stem cell line

e Cancer_cell_line: cell line

o Transformed_cell line: cell line

e Finite cell line: cell line

¢ Spontaneously_cell_line: cell line

* Embryonic_stem_cell: ~stem cells, in vitro differentiated

cells



129

o Telomerase_cell line: cell line
¢ Conditionally_cell line: cell line

* Hybridoma: cell line

4. If the sample maps to the term “stem cell”, then we remove the
possibility that the sample typeis cell line, tissue,or primary

cells.

5. If the sample maps to a specific cell-type term (i.e. any term that is
a child of “somatic cell”), then we remove the possibility that the
sample-typeis tissue. This follows from our observation that when
the metadata describes a specific cell-type, the sample consists of
homogenous cells that have been isolated and filtered. The sample no
longer consists of cells positioned in their original three dimensional

structure and is thus not a tissue sample.
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B METASRA WEB INTERFACE

We developed a web interface website to enable querying the RNA-seq
data in the SRA using the MetaSRA-mapped ontology terms, thereby
facilitating discovery of public RNA-seq data. Matt Ziegler was the lead
developer; however, I worked alongside Matt in designing the interface
to the website and performing user-interviews to assess usability. The
website presents a number of features that take advantage of the MetaSRA
schema discussed in Chapter 3:

* Boolean queries: We enable basic Boolean queries in which the user
can specify a set of terms that the user requires for all search results
as well as a set of terms that are used to filter search results (Fig B.1).
Further, the user is able to filter their search results according to the
MetaSRA's predicted sample-type category.

* Ontology-based autocomplete: The website requires that the user
queries the metadata using ontology terms; however, this design-
choice requires that users know what terms exist in the ontology
a priori. This is often an unreasonable expectation of users. There-
fore, we implemented an autocomplete feature (also called “search
suggestions") in order to help the user formulate their query using
valid ontology terms. As the user is typing a query, a drop down
menu appears with suggested ontology terms that may match the
concept that the user has in mind. Furthermore, each of these search-
suggestions also presents ancestral terms (i.e. more general terms)
and descendent terms (i.e. more specific terms) in order to further
help the user discover queryable terms (Fig. B.2).

¢ Sample-set summaries: We group the search-results by samples that
all share identical metadata (and thus, also share identical mapped
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€ MelaSRA

Normalized metadata for the Sequence Read Archive

Find human RNA-seq samples ©

Sample type: Al cellline tissue primarycells stemcells in vitro differentiated cells  iPS cell line

Examples

* Find healthy liver tissue: require liver , exclude -and treatment . Sample type: @

+ Find healthy, primary T-cells: require | Tcell , exclude -and treatment . Sample type: ,
+ Find glioblastoma samples: require_ and | brain -

Key: Anatomy @ Disease Cell Line Cell Type Experimental Factor

Figure B.1: MetaSRA homepage. A screenshot of the homepage for the
MetaSRA website.

neuron

animal cell || cell | electrically active cell || electrically responsive cell | €S specific ()
electrically signaling cell | neural cell || somatic cell

™ Ancestral terms
neuron
_—~ Descendant terms

CNS neuron (sensu Vertebrata) || GABAergic interneuron More specific @

GABAergic neuron || Purkinje cell || afferent neuron | central nervous system neuron

cerebellar neuron || cerebral cortex neuron || dopaminergic neuron | efferent neuron
interneuron | motor neuron | peripheral neuron | sensory neuron

serotonergic neuron | spinal cord motor neuron

efferent neuron | neuron

motor neuron

spinal cord motor neuron More specific (&

Figure B.2: Autocomplete. A screenshot of the autocomplete, search-
suggestions that appear when the user types the query “neuron".
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ontology terms) (Fig. B.3). This format avoids overwhelming the

user with redundant search results.

EXTRACTED TERMS RAW SRA METADATA

474 similar samples

primary cells (high confidence) neuron  dorsal telencephalon analyte type: RNA
a . biospecimen repository: SCAP-T
SRS1654730 & female organism  Brodmann (1909) area 10 body site: Left Brodmann's
Area 10
SRS1653660 (Prefrontal
Cortex)
SRS1654719 & gap_accession: phs000834
sh 11478 " gap_consent_code: 1
ZISHOR samples MetaSRA mopped gap_consent_short_name: GRU
OﬂTOlOgy terms gap_parem_phs: phs000833
histological type: neuron
is tumor: No
molecular data type: RNA Seq (NGS)
sex: female
study design: Case Set
study name: Single Cell
Raw Analysis
Program -
meTOdOTO Transcriptome

(SCAP-T)
(UcsD)
submitter handle: SCAP-T

Figure B.3: Search results. A screenshot of a set of samples returned
by the query "neuron". These samples all share the same metadata and
therefore are grouped into a single entry. For each such group, we display
the mapped ontology terms along with the original, raw metadata.

* Search result term-clouds: An important concern that users may
have when querying the public data are co-occurring terms/pheno-
types of the search results. For example, a user who is querying for
samples from patients with diabetes, may wish to know about other
characteristics of the search results such their cell type or tissue of
origin. To summarize this information, we present a “term-cloud" of
all terms that frequently co-occur with the search results (Fig. B.4).
Furthermore, the user can use the term cloud to further refine their

search by selecting terms to further filter their results.
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Found 7853 samples in 77 studies

CCD-1112Sk  HUES 7 -

ey: .Anatomy @ Disease CellLine @ Cell Type .Experimental Factor

=

Figure B.4: Term cloud. A screenshot of a the search results term cloud
for the query "neuron".
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C DETAILED DESCRIPTION OF EXPERIMENT EVALUATING

EFFECTS OF TRAINING ON HETEROGENEOUS DATA

C.1 Description of experiment

To test the effects of data heterogeneity in training, we performed an
experiment that involved training a set of binary classifiers using both
homogeneous training sets, where the positive examples all originate from
the same study, and heterogeneous datasets, where positive examples
originate from multiple studies. First, the notation we will use to describe

these experiments is as follows: Let

X := the set of all samples in the data set

S := the set of studies with at least with at least one sample in X
For a given cell type c, let

X C X := the set of all samples of cell type c
Xoe = X\ X,

Given a set of samples A C X, we define the function
T(A) := the set of all studies with at least one sample in A
Given a study s € S, let

Xc,s C Xc = the subset of X from study s
X-c,s C X—¢ := the subset of X—.. from study s

The experiment proceeds as follows: for a given cell type c, we perform

a cross-validation-like scheme where for each study sist € T(X.), we create
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a set of held out test samples. The positive test samples come from study
Stest- That iS,
Test_Posc s, = Xc, st

The negative test items are subsampled from all studies that have no
samples of cell type c. That is,

Test_Neg_ . C The union of samples from studies not in T(X.)

This ensures that the training and test samples are divided along study
boundaries. The test set for cell type c and held-out study s is then con-
structed as

Testc s, := Test_Posc s, U Test_Neg__

Every homogeneous training set and heterogeneous training set, will
contain an identical set of negative training items that are sub-sampled
from all studies that do not have data in the test set. That is,

Train Neg_ . C {x € X-¢ : xisnot from a study in the test set}

We want to ensure that all training sets have an identical number of exam-
ples. Since they all share the same negative examples, we must ensure that
all training sets also have the same number of positive examples. To ensure
this, we compute the minimum sized set of positive examples coming from

a single held-in study:
k := min {’Xc,s| MRS T(Xc) \{Stest}}

Now, we create sets of homogeneous positive examples as follows: for
each held-in study siain € Sc \ {Stest}), We create L homogeneous training
sets. That s, for each 1 € [L], the lth training set’s positive examples consist



136

). That is,

C,Strain

of k random samples from T(X

Homog_Train_Pos

C,Stest,Strain, - C,Strain

where

[Homog_Train_Pos k

C/Stesbstrain/1|

Each homogeneous training set is then constructed as

Homog_Train := Homog_Train_Pos

C,Stest,Strain/ L

U Train_Neg_ St

C,Stest,Strain, L

Thus, for each cell type c, for each held-out study sist, we construct L x
IT(Xc) — 1] homogeneous training sets. That is, they each contain positive
examples coming from a single study.

For each cell type ¢ and held out study s, we create L heterogeneous
training sets for which the positive examples are sub-sampled from all of
the held-in studies. That is, for each held-in study siain € T(Xc) \ {Stest),
we sub-sample k/|T(X.) — 1| samples and add them to the heterogeneous

training set giving us
Heter_Train_Pos .1 C Xc

where
|Heter_Train_Pos s, 1| = k

For each cell type ¢ and held out study s € T(X.), we train a clas-
sifier on all of the homogeneous training sets and heterogeneous train-
ing sets and evaluate on the test set Test. s,,. We compute the average-
precision (AP) score for each classifier. Thus, for each held-in study
Strain € 1(Xc) \ {Stest}), we have L average-precision scores corresponding
to the homogeneously trained classifiers for that study. We denote the

average-precision score from each homogeneously trained classifier as
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Homog_Avg Prec - We also have L average-precision scores for

C,Stest,Strain,

the heterogeneously trained classifiers. We denote the average-precision
score for each classifier as Heter_Avg_Prec

C,Stest, L

C.2 Analysis

We compare the performance of the homogeneously trained classifiers
versus the heterogeneously trained classifiers using two strategies. First,
for each held out study s, we compute the mean average-precision

(MAP) over all homogeneously trained classifiers:

L
1
Homog MAP = Homog_Avg P
O Og— C,Stest L|T(XC) _ 1| Z Z 0 Og_ Vg_ reccrstestrstrair\rl

Strain € T (X ) \{Stest} 1=1

The corresponding mean-average precision for the heterogeneously trained
classifiers are defined as

C,Stest,Strain,

L
1
Heter_MAP_ ;... = T ; Homog_Avg_ Prec

Figure 3.5 displays a scatter plot that plots each
(Homog_ MAP_ .  Heter MAP )

pair where each point is colored by c. This analysis shows that, on aver-
age, a classifier trained on data from multiple studies, will outperform a

classifier trained on data from only on study.
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D IMPLEMENTATION OF BAYESIAN NETWORK

CORRECTION

We implemented the URSA algorithm described by Lee et al. (2013). Before
we proceed, we introduce the notation used in this Appendix for describing

our implementation:
e i:=the index of a label

* Y; := alatent random variable corresponding to whether to assign
label i to the sample

* Y, := random variable corresponding to the distribution over classi-

fier scores for label i
* P; :=set of parent of Y;

e C; := set of children random variables of Y; that are also latent

random variables. That is, all children of Y; except for Y:

¢ S, :=set of all parents of all random variables in the set C; except
for Y;

e A; :=set of all ancestors of Y;

We note that bold random variables highlight the fact that the random
variable is a set of random variables. We let the lowercase version of these
random variables denote the value for a realization of the corresponding
random variable (e.g. X = x). We also let p(x) be shorthand for p(X = x),
the probability (if X is discrete) or density (if X is continuous) that random
variable X equals x.
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D.1 Estimation of classifier output

distributions

For a given cell type i, we estimate the conditional distribution of the
classifier’s output {j; (distance to the decision boundary) conditional on
its true label y; as a discrete random variable constructed by binning
the classifier outputs {J; as output in a 2-fold cross-validation process.
Specifically, we partition the training data for cell type i into two folds
ensuring that no study is split between folds while attempting to keep the
sizes of the two folds as similar as possible. We then train on one fold and
compute the classifier scores from the second fold (for each of the two
folds).

Using all of these scores, we then estimate a histogram using a second
2-fold cross-validation scheme. We compute the width of the histogram
using the range of scores. We then test a number of bin sizes by first
estimating a histogram density function using data in one fold and then
computing the likelihood of the data in the second fold (performing this
procedure for both folds). The histogram density function is given by

f(x) = nihCount(x)

where n is the total number of data points, h is the width of each bin,
and Count(x) is the number of data points sharing the same bin as x. We
choose a bin size that maximizes the mean of the two data log likelihoods

computed on each fold.
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D.2 Estimation of the prior distribution

As described by Lee et al. (2013), the true cell type assignments p(ys, ..., Yn)
factor according to the ontology graph:

Py yn) =] [ Pyi | )
i=1
These conditional distributions p(y; | ¢i) enforce consistency with the
ontology:
1.0 leq

prior; : otherwise

p(Yi=1]c) 3:{

The prior, values are computed from counts in the training data. Specif-
ically, the prior for each leaf-node cell type { is simply the fraction of
samples in the data set labelled as {. For each internal node ¢, the prior is
computed as the fraction of all samples labelled as ¢, but not labelled as
any child of {. A pseudocount of one was used in the calculation for all

priors.

D.3 Gibbs sampling algorithm

Gibbs sampling is a member of a family of techniques, called Markov
chain Monte Carlo (MCMC), for sampling from a complex joint probability
distribution. Given a joint distribution over a set of random variables P(X)
where X := {Xy,..., Xy}, Gibbs sampling involves first initializing all of
the random variables to some preset values and then iteratively sampling
each random variable from its distribution conditioned on the current
values of the remaining random variables (Algorithm 1). As the number
of iterations approaches infinity, the samples from this procedure will
approach the target joint distribution. Of course, in practice, only a finite

number of samples can be obtained; however, with sufficient numbers of
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samples, an approximate estimate can be obtained. Usually, some number
of initial samples are discarded in order for the Markov chain to approach
its stationary distribution, at which point, the sampling distribution will
more closely resemble the target distribution. In order to implement
Gibbs sampling, one must be able to sample from each random variable
conditioned on the remaining random variables.

Algorithm 1 Gibbs Sampling
t<«<0
fori=1,...,ndo
xgt) < Some, possibly random, initial and valid value for X;
end for
fort=1,...,Tdo
fori=1,...,ndo
th) — thfl)
end for
fori=1,...,ndo
X~ plx | X\ %)
end for
end for

In Bayesian networks, each random variable’s Markov blanket consists
of its parents, its children, and it’s children’s parents. In the Bayesian
network for BNC, each conditional distribution can therefore be computed

using:

Pi | §i, 81, ¢i, pi) < P(Yi, Ui, Si, €, Pi)
=p[0: lyd)pyi I pi)plei | yi, si)
=p(Gi ly)pye lp) [ [ pws lyops \ i)

Yjec
_ ) P@ilypi [ pI T yjee PlYs Ty P \ Y)Y =1
p(Gi lyi)p(yi | pi) Yy =0
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where the normalizing constant is

—1

Z:=| > p@ilydpilpd [T pwslyeps\yo)

yi€{0,1} yjEQ

The construction of the Bayesian network in BNC admits a fast Gibbs
sampling algorithm. This algorithm relies on the observation that if, dur-
ing the course of Gibbs sampling, a given node has any parent that is
assigned (i.e. equal to one), then this node will also be assigned with
probability one. Therefore, there is no need to explicitly sample this node.
Similarly, if a node has any child that is unassigned (i.e. equal to zero), then
this node will also be unassigned with probability one. This observation
leads to a sped up Gibbs sampling algorithm that avoids sampling every
random variable on each iteration (Algorithm 2). In this algorithm, the
nodes are visited according to the topological order of the DAG and a set is
maintained that keeps track of those nodes that do not need to be explicitly
sampled on their next visit. When a node changes its assignment value
(from zero to one, or one to zero), the set of skippable nodes is updated
(Fig. D.1).
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Algorithm 2 Gibbs Sampling for Bayesian Network Correction

procedure GiBBsFORBNC(L, T) > L is the set of latent variable nodes in
the DAG. T is the number of iterations to run Gibbs sampling.
Skip < 0 > The set of random variables that don’t require sampling
y'© < InrTiavize(L) > Initialize the random variables to some
configuration that is consistent with the DAG.
Pos  {y© e y©® [y© =1}
¢ < ToroLocicaLSorT(L) > Sort the nodes topologically according
to the DAG.
fort=1,...,Tdo
foric Ldo
ui g
end for
fori= gl,...,€|]_| do
if i ¢ Skip then
yi ~p (vi oot o plY)
UPDATESKIP(ygt) , ygt_l), Skip, Pos)
end if
end for

end for
end procedure

t—1)

function UPDATESKIP(ygt) , ygt_l), Skip, Pos)
if ygt) =1and ygtfl
assigned
Pos < Pos U {i}
Skip < Skip U children(i)
for j € parents(i) do
if children(j) C Pos then
Skip « Skip \ {j}
end if
end for
end if
if ygt) =0and yftfl) = 1then © The node went from assigned to
unassigned.
Pos < Pos \ {i}
Skip < Skip U parents(i)
for j € children(i) do
if parents(j) C L \ Pos then
Skip « Skip \ {j}
end if
end for
end if
end function

) = 0 then > The node went from unassigned to
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O = Unassigned, Skip . = Assigned, Skip

O = Unassigned, Don’t skip . = Assigned, Don’t skip

Figure D.1: Gibbs sampling for BNC. An example depicting a step in the
BNC Gibbs sampling algorithm. The node labelled "F" has either switched
from unassigned to assigned (left-to-right) or from assigned to unassigned
(right-to-left). Upon switching its assignment, the algorithm updates the
set of nodes for which sampling does not need to be performed explicitly
upon their next visit (nodes circled red).
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E DERIVATION AND TRAINING OF THE PROBABILISTIC

MODEL FOR CELL TYPE CLASSIFICATION

E.1 Model derivation

To compute the cell type assignment probability for a given cell type i
using the model proposed in Section 4.3, we compute

K
Pui=11x = [Py =112p(Ixkpk|x) d

k=1"Z%

We will then derive closed-form equations for each term in the integral.
First, p (y = 1| z) is provided by the trained logistic regression classi-
fiers. Specifically,

ply=1]2):=0 (B log(z+1))

where f3; are the coefficients in the logistic regression model trained to
classify cell type i (the log is take over z+1 since these models were trained
on log(CPM+1) features).

Next, we derive p(z | x, k):
p(z %K) < plx| 2 k)p(z| k)

poisson (Xi; ZiS) fGamma (Zi; Ak i, bx.i)

I
':m

i=1

! eXP(—bk,iZi)

I
':m

{(Zis)xi eXP(—ZiS)] [Zak,i—

Xi! t

i=1

Xit+agi—

Z; 1exp(—zi(s + byi))

o

0.8

[y

=1 Lernel of the gamma density function
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Therefore,

G

plz|x k)= H fGamma (Zi; Xi + Qx.i, 8 + bii)
i—1

Next, we derive p(k | x), the probability that mixture component k

generated x:

G

p(k | X) X d)kJ H fPoisson(Xi; Zis)fGamma(Zg; Qxi, bk,i)dz
Zi=1
Let by ; :== 1—;]’—1 Then,
S [z explozs)] |2 P (~=il52)
i —Zi v opi
plxl ) o | ] [ & o az
23 v ] (1_31_1)1) Mag,)
G [ —ar: ]
s¥ (1 —py)®eip, [ Xit Qs 1—ps
_ 1 i i i d
U Y e e e I B O e T A
Unnormalized density function of Gamma distribution
G T —a; |
$¥(1 —py)eip, Ixi+a 1)
ie1 L i ki ] (S + )

hd
Inverse normalizing constant

M(xi + ay) spi s spi et
J— 1 I N
(bkl} xi!T(ax4) (SP1+1—P1) ( SP1+1—P1)
X’l + akl S h S ot
J— 1 .
(bk]l xl'l“ akl (S+bki) ( S+bk,i)
=¢ Hf Xi; a S
k NegBin ir Uk,is s+ bk .

i=1
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Thus,

G . S
(bk Hi:l fNegBin <Xi/ ak,i/ 5+bk,i>

pix k)= —(———— :
Zk’:l (bk Hizl fNegBin (Xi; Qi iy s+b i)

Finally,
p(k) == b«

is a parameter of the model.
Putting all of this together, we arrive at

K
P(Um =1 | X) = Z d)kp(k ’ X)Ez~Gamma(x+ak,s+bk) [G (B;r 108(2 + 1)):|

k=1

E.2 Estimation of gamma distribution

parameters

We explored two approaches for estimating the parameters of the gamma
distribution from a set of samples in a given cluster. In the first approach,
we simply use the method of moments. However, because some clusters
consisted of very few samples (in some cases, only two samples), the es-
timate of the variance was not robust. We therefore tested an empirical
Bayes-like approach to smooth the variances across these clusters. Specif-
ically, for each gene in each cluster, we compute the mean expression
of that gene in units of log-CPM as well as the log of the coefficient of
variation (CV) (i.e. the ratio of the standard deviation of the CPM to the
mean CPM). We then fit a univariate spline to the entire set of expression,
CV pairs across all clusters (Fig. E.1). We then use this spline to map each
mean expression to a variance that is to be used for the calculation of
the gamma distribution’s shape and rate parameters. We found that this
approach to estimating the gamma distribution parameters produced a

slight improvement in classification accuracy over the standard method of
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moments (Fig. E.2).

log(CV)

_4 T T T T T T T
0 2 4 6 8 10 12 14

Mean log(CPM+1)

Figure E.1: Fitting mean expression to coefficient of variation. A scat-
terplot comparing mean log(CPM+1) expression values to the log of the
coefficient of variation for the CPM expression values. We fit a univari-
ate spline (red) to this data for use in the empirical Bayes-like estimation
procedure of each gamma distribution’s variance.
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Figure E.2: Results applying empirical Bayes-like estimation approach.
(a) Comparison between the distributions of average-precision generated
by each method across all cell types. (b) Comparison of the distributions
over the highest achievable recalls when precision is fixed at 0.9 across all
cell types. (c) Variants of the mean precision-recall curves for comparing
the average performance of each method across all samples. (d) The joint-
precision recall curves for all methods generating by ranking all sample-cell
type output probabilities jointly.
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