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Abstract

Deep Learning for Transcriptomics and Proteomics

Ayse Berceste Dincer

Chair of the Supervisory Committee:

William Stafford Noble

Department of Genome Sciences

Improvements in sequencing technologies increased the availability of omics data, such as transcriptomics
and proteomics, providing information about various molecular mechanisms from complementary angles.
These measurements can be key to gaining a better understanding of phenotype-genotype associations.
Machine learning has great potential to capture the relevant signals from these datasets; however, the in-
herently complex nature of the measurements, where the signals of biological interest are entangled with
technical and other biological factors, makes it difficult to apply these methods directly.

Our goal in this thesis is to address the fundamental challenges associated with transcriptomics and pro-
teomics data hindering the application of machine learning models. Specifically, we tackle (1) high di-
mensionality, i.e., higher number of features than samples, (2) batch effects and confounders, i.e., signals
introduced by technical or biological artefacts, and (3) experimental noise and bias, i.e., inaccuracies in
measurements. To solve these problems, we develop three novel deep learning approaches: DeepProfile,
AD-AE, and Pepper.

DeepProfile is an ensemble of unsupervised neural network models trained to learn lower dimensional em-
beddings, effectively reducing the dimensionality and complexity of gene expression profiles. By integrat-
ing expression profiles from different sources and adopting an interpretable framework, we generate em-

beddings to investigate cancer mechanisms. AD-AE disentangles the confounding sources of biological or



technical variance and the biological signals of interest. Our model consists of an unsupervised neural net-
work to learn lower dimensional embeddings and an adversarial predictor to eliminate confounders. The
resulting deconfounded representations improve accuracy of downstream prediction models and can be
successfully transferred across domains. Pepper focuses on proteomics measurements and aims to reduce
the effects of sequence-induced bias for the accurate quantification of proteins. We incorporate our biolog-
ical hypothesis into the loss functions of our neural network approach to predict and correct for sequence-
induced bias. This results in reduction in quantification bias as well as an increase in the correlation be-
tween gene and protein expression.

We demonstrate that each of these deep learning models can generate more informative and interpretable
versions of our datasets. The resulting representations or the denoised measurements facilitate the applica-
tion of machine learning techniques for the investigation of phenotypic variation and cellular mechanisms,

which we hope will lead to a better understanding of underlying biology.
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Chapter 1

Introduction

1.1 Overview of transcriptomics and proteomics

The entire hereditary material of an organism is called its genome, the set of instructions that allow the
organism to function. Within the cells of an organism lies DNA (deoxyribonucleic acid), a sequence written
in a language of 4 nucleotides (A, T, C, G) with a length of 3 billion nucleotides in humans. The DNA is
the blueprint of all operations carried out in the lifetime of a cell and organism. This happens through two
key processes: transcription and translation, where the DNA sequence is used to produce proteins, the basic
units of action in a cell. Proteins take part in essentially all cellular functions, including cell division, cell

structure, and defense.

Specifically, certain regions in the DNA sequence, called genes, are expressed through transcription,
where the DNA sequence is used as a template to generate RNA (ribonucleic acid). Messenger RNAs
(mRNAs), one type of RNA molecule, are intermediate molecules made up of 4 possible nucleotides (A, U,
C, G) that code for proteins. Each codon, i.e., each mRNA subsequence of length 3, codes for an amino acid,
the basic unit of a protein. There are 20 different types of amino acids in nature and each protein consists of
a sequence of these amino acids which go through folding operations to end up in a complex 3D structure

and take its role(s) in the cell.

This overall flow of information from DNA to protein is called the central dogma, where the DNA is

transcribed into RNA which is then translated into proteins. While the central dogma is an oversimplification
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and the flow of information can be in multiple directions, this fundamental understanding of how the genetic
material determines phenotype has led researchers to investigate the genome itself to understand various
phenotypes, including diseases [[1]. The Human Genome Project (HGP) was one of the major efforts to-
wards a better understanding of the genome, resulting in successful sequencing of the entire human genome
[2]. After the HGP, many studies and technological improvements followed in an attempt to increase our
understanding of the genome. Another big step was the introduction of next generation sequencing tech-
nologies (NGS) that allowed higher throughput sequencing with reduced cost [3]. These high-throughput
technologies increased the availability of sequencing data and enabled the analysis of the genome at various

levels.

One term used to represent the high-throughput study of all these biological molecules is omics [4].
There are many different types of omics measurements, e.g., genomics, epigenomics, transcriptomics, pro-
teomics, metabolomics, each one focusing on investigating the genetic material at a different stage. Ge-
nomics focuses on the DNA sequence itself and identifying genetic variants along the DNA while epige-
nomics deals with the overall structure of the DNA and modifications to the DNA, such as methylation and
histone modifications [4]]. Transcriptomics studies mRNA molecules to understand the expression patterns
of gene transcripts [4]. The standard output of a transcriptomics experiment is a set of gene expression pro-
files, a matrix of abundances of transcripts for a set of samples. Going one step further, proteomics studies
the proteins themselves and their interactions. A set of protein expression profiles, i.e., matrix of abundances

of proteins for a set of samples, can be obtained from some types of proteomics experiments.

Although each of these technologies provides essential information for understanding the genome, in
this thesis, we aimed to study the units of heredity and action: genes and proteins. Examining the expres-
sion and abundance of genes and proteins across the genome, across different individuals, tissues, cells, or
different time points can reveal unique insights into phenotypic variation. Since proteins take part in many
cellular functions, studying proteins, as well as the genes which code for proteins, is essential. Proteomics
provides us with qualitative and quantitative information about the proteins; however, it is difficult to mea-
sure and sequence proteins, which makes it challenging to generate proteomics data. On the other hand,
transcriptomics data is high-throughput and relatively easy to obtain; however, due to complications in the

transcription and translation processes, the expression of transcripts is only a proxy for the abundance of
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actual proteins. Although these two types of experiments measure highly relevant molecules, mRNAs and
proteins, the correlation between gene and protein expression is not very strong due to both technical limi-
tations and biological factors [|5]. Considering these discrepancies, we view gene and protein expression as
complementary omics measurements, providing us with different levels of information on cellular function.
We focus on transcriptomics and proteomics measurements with the goal of developing techniques to extract
biologically relevant signals from the data to enable a better understanding of cellular function, gene and

protein networks, and disease mechanisms.

1.2 Challenges associated with learning from omics data

While gene and protein profiles have enormous potential, it is not straightforward to use these measurements
to explain phenotypic diversity. These are complex datasets, with experimental noise and technical/biolog-
ical confounders involved, containing unrelated signals entangled with signals of biological interest. One
common way of disentangling these signals and learning meaningful patterns from them is using machine
learning techniques. The ability of machine learning (ML) models to learn from data, capture generalizable
patterns, and reduce the complexity of the original measurements makes them essential tools to deal with
these complex datasets. Gene expression data is used with ML models to predict different disease phe-
notypes [6; [7; [8; 19; [10] and detect biomarkers [115 (125 [13; [14; [15]. Similarly, ML algorithms are used to
relate proteomics measurements to phenotype and identify biomarkers [[16; 175 185 19] as well as to classify
patients [20; 21]].

Even though these studies are promising, there are still fundamental challenges associated with these
transcriptomics and proteomics measurements that make it hard to apply machine learning models out-
of-the-box and gain meaningful insights. The prevalent problems we focus on in this thesis are (1) high
dimensionality, (2) confounders and batch effects, and (3) experimental noise and biases. Each chapter in
this thesis attempts to address one of these problems.

The most common challenge associated with learning from transcriptomics or proteomics data is high
dimensionality, i.e., we have a higher number of features than samples. Even though the amount of available
data is increasing rapidly with the advance of NGS technologies, training data can still be limited, especially

when focusing on a certain disease. Expression profiles record the abundance of each transcript (or pro-

3



tein), providing us with as many as 50,000 features. This high dimensionality is problematic because it is
difficult to learn generalizable associations between thousands of features using a limited set of samples.
Furthermore, proteins and genes are highly correlated entities that form regulatory networks. These com-
plex relations between the features also constitute a challenge to applying machine learning techniques to

differentiate the relevant biomarkers from the correlated genes/proteins.

The second challenge we address is confounders and batch effects. Due to the complexity of the tran-
scription and translation processes, gene and protein expression measurements are highly confounded with
technical and biological factors. One common confounding signal is batch effects, discrepancies between
measurements caused by experiments being carried out in multiple batches or in different experimental
conditions. Batch effects introduce variation across samples in a dataset and can shadow true biological
variation, making it hard to differentiate relevant signals from experimental artefacts. Furthermore, datasets
from different studies are commonly combined to increase sample size which leads to even more signifi-
cant batch effects and dataset biases. Besides batch effects, these omics measurements might also contain
biological confounders, e.g., sex, age, medications used, entangled with signals of interest.

The third major problem is experimental noise and biases in measurements. Since both transcriptomics
and proteomics try to measure abundances of small molecules with constantly changing characteristics,
experimental noise is very common. Such limitations in measurement precision and lack of consistency
across experiments lead to skewed or noisy measurements. Not accounting for these experimental biases

might result in failure or lack of generalizability of machine learning models.

1.3 Developing deep learning techniques for representation learning and de-

noising of transcriptomics and proteomics measurements

In this thesis, we develop and apply machine learning techniques to address these limitations associated
with transcriptomics or proteomics measurements. We aim to learn meaningful representations, disentangle
relevant and confounding signals, and denoise measurements to extract key patterns from the data. By
developing novel machine learning techniques that directly target each of these limitations, we translate these

invaluable measurements into denoised, deconfounded, easier-to-interpret versions that are more suitable
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for downstream analysis. We also demonstrate how the generated datasets allow prediction of relevant

phenotypes successfully and detecting signals that provide new insights into biology.

To address these three challenges, we rely on deep neural networks. Deep neural networks are a subclass
of machine learning models consisting of layers of hidden nodes, trained to learn the association between
provided input and output features to minimize the defined loss function. We choose deep neural networks
to address the problems associated with transcriptomics or proteomics data for two main reasons: (1) ability
to learn non-linear patterns and (2) ability to customize architecture and loss function. While there are
many machine learning algorithms that rely on linear representation of the input features, the interactions
among genes and proteins are quite complex and are difficult to represent with simple models. Modeling
non-linear functions has the potential to reveal underlying biological mechanisms. The ability to modify
the architecture and customize the loss function gives us the opportunity to implement our custom metrics,

integrate different networks, and incorporate biological hypotheses into the models.

Accordingly, we introduce three methods in this thesis: DeepProfile, AD-AE (Adversarial Deconfound-
ing Autoencoder), and Pepper. All these methods are deep neural network models developed to address
one of the fundamental problems listed above. By learning biologically relevant representations of data,
eliminating confounders, or reducing bias in measurements, our goal is to provide researchers with tools to

generate more informative versions of their data.

The first method, DeepProfile, focuses on transcriptomics data and tackles high dimensionality. Deep-
Profile is an unsupervised neural network, i.e., a network trained without the supervision from labels, that
encodes high-dimensional gene expression data into an informative lower dimensional space. By reducing
the dimensionality of the data, i.e., the number of features, DeepProfile aims to reveal biological signals
hidden within high dimensional structure. In this approach, we make use of publicly available expression
profiles with no labels, e.g., survival status or cancer subtype, and integrate thousands of samples into an
informative representation. We then transfer the learned representation to new datasets and predict cancer
patient survival. We also integrate explainability techniques into the model to understand how each gene
contributes to the representations we learn. Having these interpretable latent spaces from different cancer
types allows us to identify cancer-common and cancer-specific signatures as well as their associations with

survival and mutation.



Similar to DeepProfile, AD-AE focuses on transcriptomics data and addresses confounding factors and
batch effects. Reducing the dimensionality of a gene expression matrix can reveal insights; however, the
experimental and biological artefacts present in the data can make it hard to generate informative lower-
dimensional representations. AD-AE aims to learn representations free of these artefacts. It tackles this
challenge by incorporating two networks to encode biologically relevant transcriptomics signals and elim-
inate confounders at the same time. AD-AE can successfully remove unwanted signals from expression
datasets with different confounders, including batch effects as well as biological confounders. The decon-
founded representation of AD-AE also increases the accuracy of disease phenotype prediction tasks as well
as enabling transfer across different datasets.

While DeepProfile and AD-AE methods focus on gene expression, Pepper is designed to work with
protein expression. Pepper targets biases that occur in a proteomics experiment and lead to skewed mea-
surements affecting the accuracy of downstream analysis tasks. Our goal is to develop a general preprocessor
for proteomics data to reduce bias that arises from the biochemical behavior of distinct peptide sequences.
Since we do not have reference measurements to infer the biases, we incorporate our biological hypothesis
on how protein quantification should work into the loss function of our neural network model. By adopting
a convolutional neural network architecture and training from sequences directly, we build a generalizable
model that can adjust abundances in any proteomics experiment. These corrected abundances can reduce
the measurement error as well as detecting the biochemical features associated with experimental bias. Fur-
thermore, Pepper improves the correlation between gene and protein expression measurements, highlighting

the role of reducing technical noise in improving measurement precision.

1.4 Outline of dissertation

This thesis focuses on developing neural network approaches to address the fundamental challenges associ-
ated with transcriptomics and proteomics: high dimensionality, batch effects and confounders, experimental
noise and biases. We achieve this by introducing three novel approaches: DeepProfile, AD-AE, and Pepper.
We dedicate one chapter to each of these three studies. Chapter [2]introduces the DeepProfile ensemble learn-
ing algorithm and demonstrates its ability to improve cancer patient survival prediction accuracy. We then

illustrate how we use the learned expression embeddings to identify cancer-common/specific signals and
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their association with survival patterns. Chapter [3|describes the AD-AE neural network model and training
algorithm followed by the discussion of its ability to increase phenotype prediction accuracy by learning
confounder-free lower dimensional embeddings. Chapter [d]introduces Pepper, which integrates our biolog-
ical hypothesis into the model and demonstrates Pepper’s ability to minimize quantification bias as well as
highlighting the biological factors contributing to bias. Chapter [5|concludes the thesis with a discussion of

the contributions and future work.






Chapter 2

Deep profiling of a compendium of

expression data from 18 human cancers

The work presented in this chapter is adapted from the following manuscript, which is currently under revi-
sion:
Ayse B. Dincer, Joseph D. Janizek, Safiye Celik, Mikael Pittet, Kamila Naxerova, Su-In Lee. A deep profile

of gene expression across 18 human cancers.

Previous version of the manuscript is available in bioRxiv [22]:
Ayse B. Dincer, Safiye Celik, Naozumi Hiranuma, and Su-In Lee. DeepProfile: Deep learning of cancer

molecular profiles for precision medicine. bioRxiv: 278739; doi: https://doi.org/10.1101/278739.

2.1 Background

Gene expression profiles are the reflections of a complex network of underlying cellular and molecular
processes. These profiles are obtained using transcriptomics sequencing technologies, which aim to detect
whether transcription occurs for each gene and record the relative abundances of the transcripts [23]. The
abundances of the genes are commonly used as a proxy for protein abundances, due to both the efficiency of

mRNA sequencing and the difficulty of measuring proteins themselves, as discussed in Chapter|l| A range

9



of different transcriptomics technologies exist to extract the mRNA molecules and identify and quantify
them. One of the most common methods used today is next generation sequencing-based RNA-Seq which
is preceded by microarray technology that relies on a set of predefined sequences [23]. In both experiments,
mRNA is transcribed and extracted, and the complementary cDNA sequences for the mRNAs are recorded.
As explained in Lowe et al. [23]], quantification and detection are done through fluorescent labeling in mi-
croarray experiments. The technology relies on a sorted microarray containing the complementary cDNAs
for all the target sequences. The extracted cDNA sequences are then captured and sorted in this microarray

where the fluorescent intensities allow detection of expression along with relative abundances.

While microarray technology allows transcriptomics sequencing, it is limited to detecting a set of pre-
defined sequences only, which might result in low coverage. In contrast, RNA-Seq uses high-throughput
sequencing, allowing to sequence any transcript with the help of a reference genome. Similar to microar-
ray, RNA-Seq extracts the mRNA and records complementary cDNA sequences. Then these cDNAs are
sequenced using short read sequencing and aligned to a reference genome [23]]. The count of reads aligned

to the reference are used to detect the existence or abundance of transcription.

The generated transcriptomic profiles are used in a wide range of applications. One of the prevalent
uses is ‘disease diagnosis and profiling’ [24]]. Gene expression profiles from cohorts of patients are also
used for diagnostic and therapeutic biomarker detection [25]. These abundances can further reflect the
change in mechanisms in response environmental factors or external stimuli, such as drugs [26]. Many other
applications can be listed including, but not limited to gene function annotations and study of non-coding

RNAs [23]], gene regulation, gene-gene interaction networks, and cell type differentiation.

With the advance of NGS technologies, the number of available transcriptomics datasets also increases.
Major databases like Gene Expression Omnibus [27]] or Expression Atlas [28]] contain data from thousands
of studies. There are also different consortia with efforts towards gaining a better understanding of the
genome such as GTEx consortium [29] with 7,382 RNA-Seq samples from 948 healthy tissue donors or
TCGA [30] with over 20,000 samples from 33 different cancer types profiled. These databases and consortia
provide researchers with immense opportunities to investigate cellular mechanisms at the gene level and

relate them to phenotypic variation.
While most of the recent efforts is towards generating more RNA-Seq data, there is still an existing
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accumulation of microarray datasets. In this chapter, we aimed to make use of underutilized microarray
profiles to study cancer mechanisms and gain a better understanding of the commonality as well as the
heterogeneity of cancer. Public repositories provided us with many studies to gather samples from, however,
our sample size is still not as high as our entire set of features, transcriptomes. This high dimensional nature
of the data makes it difficult to use machine learning techniques to make phenotype predictions since it is
highly challenging to learn robust associations between genes and disease phenotypes with a restricted set
of biological samples. Furthermore, genes are highly correlated entities that regulate each other in complex
networks. Decoding these interactions is essential for identifying biomarkers and understanding various

roles genes take in disease.

We address this crucial problem of high dimensionality by learning lower-dimensional representations,
i.e., latent spaces for gene expression profiles. Latent space learning is a key step to extract meaningful
biological information from expression profiles and reduce the dimensionality of the data for downstream
tasks, such as prediction of phenotypes. It projects high-dimensional input variables, i.e., genes, into a latent
space consisting of a smaller set of latent nodes such that information present in the original space is largely
preserved. Learned latent nodes represent sources of genome-wide expression variation across samples, for
example large-scale transcriptional programs that define intrinsic disease subtypes or reflect extrinsic stimuli

such as hypoxia or treatment pressure.

One key limitation of commonly used latent space learning approaches for expression data, such as
principal component analysis (PCA), is that they can only extract latent nodes that have linear relationships
with gene expression levels, while biological interactions can be more complex. The artificial intelligence
field has achieved notable success in unsupervised learning by using deep neural networks that can capture
highly complex relationships between variables. It has been shown that the latent nodes extracted by deep
unsupervised learning approaches from image data represent high-level features that are intuitively impor-
tant, for example: skin color, age, and gender from face images [31], lighting and room geometry from
scene images [32]], and rotation and size of an object from 3D images [[33]]. These informative and complex
image features cannot be captured by models limited to learning linear feature interactions [34]. Similar
to images, expression profiles can be decomposed into high-level features encoding the complex relations

between genes. Thus, applying these advanced deep learning techniques to expression data can lead to
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improved identification of molecular processes underlying expression profiles.

So far, three challenges have impeded the successful application of deep latent space learning approaches
to cancer expression data. First, deep learning has a high risk of overfitting when not provided with large
sample numbers. Second, the non-deterministic nature of the learning process impairs the robustness of
the learned latent spaces. Each run of the neural networks, even using the same architecture, results in
different models with different parameters which makes it difficult to capture consistent signals. Third, a
neural network is a ‘black box’ by nature: since it is not clear how the model uses gene inputs to generate
a latent node, biological interpretation of nodes is problematic. Here, we present DeepProfile, a framework
that learns statistically robust and interpretable latent spaces from gene expression data. To address the non-
deterministic nature of the deep learning process and capture robust latent spaces, we develop an ensemble
approach to integrate the results of hundreds of deep unsupervised models generated from different random
starting points and latent space sizes. Furthermore, we enable biological interpretation of each latent node
by linking it to a set of genes and the pathways enriched in the gene set by adopting explainable artificial

intelligence techniques.

We apply DeepProfile to a compendium of gene expression datasets from 18 human cancers available
through a publicly available expression data repository. Our pan-cancer framework consists of four compo-
nents (Figure : (1) Data Collector, which obtains all available expression datasets to train our models
on, (2) Deep Learner, which adopts the novel ensemble approach of DeepProfile to learn cancer-specific
latent spaces, (3) Interpreter, which biologically characterizes each latent node by mapping it to genes and
pathways, and (4) Pan-Cancer Analyzer, which investigates all the cancer latent spaces to identify biolog-
ically relevant signals. We demonstrate that DeepProfile can learn robust cancer-specific latent spaces and
biologically interpret each latent node. We then use these interpretable nodes to investigate the genes that
played an important role in all cancer types and the genes specifically important for one cancer type as well
as comparing the nodes to normal tissue expression embeddings. We further associate DeepProfile nodes

with patient and tumor characteristics and identify survival or mutation associated gene sets.

Previous studies conducted pan-cancer analyses with various approaches ranging from learning co-
expression networks or differential expression [355(365137; 138513951405 1415 42| to adopting deep unsupervised

learning approaches [4344]. Here, we built on these approaches by addressing the problems associated with
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deep learning such as lack of robustness and interpretability. By employing a novel and interpretable deep
learning ensemble approach on publicly available expression profiles, we seek to capture unique gene-gene
relationships and detect robust and consistently captured signals related to transcriptomic heterogeneity. We
leverage a variety of data sources such as GEO [27], TCGA [30], and GTEx [29] and integrate different
data modalities such as clinical and mutational features. This rich resource of robust cancer-specific deep
embeddings and biological characterization of the latent nodes enables us to examine cancer transcriptomic
signals from a new angle and investigate their associations to various cancer phenotypes.

Using DeepProfile framework, we examined the genes and pathways identified as the major components
of the expression matrices across all 18 cancer types and detected that the universally important genes are
master switches of inflammatory state, activating immune response and antigen presentation within the
tumor microenvironment. We further observed that the cancer specific genes and pathways were majorly
determining the molecular disease subtypes or grades of differentiation within a tissue category. Associating
DeepProfile cancer-specific nodes with patient prognosis and mutation frequencies allowed us to detect
a transcript-level association between cell cycle with mutation frequency, and highlighted MHC class 11
antigen presentation and mismatch repair pathways to be important determinants of survival across multiple

cancer types.

2.2 Results

2.2.1 DeepProfile learns robust latent spaces for 18 cancer types

Because highly expressive models such as deep neural networks tend to overfit when the sample size is
small, we obtained all expression datasets from the most common microarray platforms available at the
time for 18 human cancers through the Gene Expression Omnibus (GEO) [27] (Figure Table see
2.4.1)), which amounts to 50,211 samples from 1,098 datasets. DeepProfile takes the expression data matrix
as input and maps the data into the embedding space represented by a set of latent nodes using a novel
ensemble approach for the variational autoencoder (VAE) [45]. The VAE is a special type of deep neural
network that compresses high-dimensional data, i.e., tens of thousands of genes, into a low-dimensional

embedding with minimal loss of information. More specifically, two neural networks — (i) the encoder that
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models the relationship between input nodes and latent nodes in the embedding space, and (ii) the decoder
that models the relationship between the latent nodes and the reconstructed input nodes— are trained such
that the reconstructed input data are close to the input gene expression data (see [2.4.2).

VAE is a unique model that can discover non-linear relations among genes to reflect the true nature
of gene interactions. However, it is not straightforward to apply it to expression data. Inherently, neural
networks suffer from variability of learned models across different random initializations due to its intrinsic
nature of non-convexity. This means that a conventional learning algorithm for VAE can result in a model
that is different in every trial, which hinders the inference of robust biological signals. To improve the
robustness, we present an ensemble of variational autoencoders, a new way to combine the learned models
from different random runs and latent dimension sizes (Figure [A.1, see [2.4.2). This approach integrates
signals from hundreds of different embedding spaces into one information-rich space.

After learning these cancer-specific embedding spaces, we biologically characterize each latent node by
mapping it to genes and pathways. The interpreter component of DeepProfile (Figure achieves this by
linking each latent node to genes using a principled feature attribution method [46] to quantify how much
each latent node’s value is attributed to input feature nodes (Figure[2.1]and[A.2). In particular, for each latent
node, DeepProfile produces a list of gene attribution scores, which indicate the relevance of each gene to
that node and uses the top-listed genes for pathway enrichment tests which provide pathway-level attribution
scores (see[2.4.2). We then performed a pan-cancer analysis based on the embeddings and gene relevance
scores of each latent node (Figure[2.I). The trained DeepProfile model can also be applied to new cancer

gene expression dataset to reduce its dimensionality (Figure [A.2), as demonstrated in the next section.

2.2.2 DeepProfile’s encoding is a powerful dimensionality reduction approach

We begin with evaluating DeepProfile’s ability to preserve biologically relevant signals when encoding
high-dimensional gene expression data by comparing with existing dimensionality reduction methods. Our
evaluation strategy is to use low-dimensional embeddings to predict patient survival, which is a common
analysis task of cancer gene expression data and is a clinically important problem. We used RNA-seq data
from The Cancer Genome Atlas (TCGA) [30]], which were not used for training of DeepProfile to evaluate

the performance on independent data (Figure [A.2, Table see[2.4.3).
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Using the trained DeepProfile models, we encoded the TCGA expression data into embeddings for
TCGA samples. We then use these embeddings as features to predict 5-year patient survival (see [2.4.3).
Then we compare the survival prediction accuracy of DeepProfile against multiple linear (random projec-
tions, PCA, ICA) and deep learning (standard autoencoder and denoising autoencoder) methods across all
cancer types. DeepProfile significantly outperformed the alternative methods, including one of the most
commonly used linear models, PCA, as well as other deep learning models, in 82% of the test cases (41
tests cases out of 50, proportions z-test P = 1.9 x 10~'?) (Figures and @A). DeepProfile’s superior
performance indicates that it is capable of extracting more biologically meaningful embeddings relevant
to prognosis than alternative approaches. Our result also highlights that DeepProfile can be successfully
applied to RNA-Seq expression profiles despite being trained on microarray expressions. This is further
supported by the high correlation between DeepProfile embeddings generated from microarray and RNA-
seq expressions (Figure[2.2B).

Given that the dimension of the latent embedding affects what the VAE captures (e.g. 10- and 100-
dimensional latent spaces will capture different levels of variation among cancer samples and thus, may de-
tect a distinct set of biological signals), we investigated whether ensembling VAE embeddings with various
dimensionalities can enhance the power of dimensionality reduction. Indeed, we found that DeepProfile
outperformed all these different dimensional VAE embeddings in terms of 5-year survival prediction accu-
racy for 75% of the test cases (42 tests cases out of 56, proportions z-test p-value: 7.8 x 107%) (Figure
and[A.3B).

These findings indicate that the ensemble of VAE embeddings preserves and integrates signals coming
from a diverse set of VAE models and captures richer information, which should eventually help to better

understand the underlying biology.

2.2.3 DeepProfile can learn biologically interpretable latent nodes enriched for a wide set

of pathways

It is desirable for latent nodes to be biologically interpretable. DeepProfile provides gene relevance scores
for each latent node, which enables a standard enrichment test to assess the statistical significance of the

overlap using the Fisher’s exact test between the top-scoring genes and predefined gene sets, such as KEGG
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[47], BioCarta [48]] and Reactome [49] databases. We compared the average number of pathways captured
by nodes of DeepProfile and other dimensionality reduction methods (see [2.4.3). DeepProfile nodes were
significantly enriched for a larger number of pathways compared to alternative methods (88 tests cases out
of 90, proportions z-test P = 6.3 x 10720%) (Figure ).

Further, when we focused on the pathways known to be dis-regulated in cancer, using the oncogenic
signature gene sets, DeepProfile again outperformed the other methods in terms of number of gene sets
captured (88 tests cases out of 90, proportions z-test p-value: 6.3 x 10~2%%) (Figure ). This means that
DeepProfile not only captures more pathways but also identifies the pathways relevant to cancer.

If a latent node is not associated with any known pathway, it would be hard to biologically characterize
that node, and thus decreases the biological interpretability. We show that DeepProfile has the lowest number
of such nodes (Figure[2.3B and[A 4, see[2.4.3). Further, we show that, for varying p-value threshold, a higher
percentage of DeepProfile nodes were biologically annotated based on pathways compared to other methods
(Figure[2.3[C and[A.5, see[2.4.3). These results demonstrate that the unique deep learning ensemble approach

adopted by DeepProfile contributes to the improved biological interpretability of the latent nodes.

2.2.4 Universally important genes modulate inflammatory pathways

Using the robustly identified embeddings from 18 cancers and the gene-level and pathway-level interpreta-
tion of each latent node, we performed various pan-cancer analyses to interrogate the transcription programs
in 18 human cancers and their implications to prognosis.

We began by investigating genes with universally large gene relevance scores to DeepProfile nodes
across all cancer types (see [2.4.4). These genes represent dominant gene expression programs that consis-
tently explain significant portions of the transcriptional variance across many different cancers. We found
that genes with high average gene relevance scores were primarily involved in immune response regulation
and antigen presentation (35 genes out of 100 were immune related, p-value: 9.4 x 10~%) (Figure —C).
Given that solid tumors (which constitute the majority of our data) can be infiltrated by immune cells to
varying degrees, we hypothesized that genes with top relevance scores reflect the gene expression signatures
of various admixing immune cell types. To test this hypothesis, we calculated the significance of the overlap

between 108 immune cell signatures (T cells, B cells, neutrophils, and macrophages) [S0] and genes with
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top DeepProfile attribution scores using Fisher’s exact test (see [2.4.4). Surprisingly, we did not find sig-
nificant overlap for any of the signatures, suggesting that the top genes identified by DeepProfile were not

simply transcripts that reflect the relative abundance of immune cells across tumors.

Next, we hypothesized that DeepProfile prioritized genes whose expression was associated with re-
current transcriptional phenotypes in tumor-infiltrating immune cells, such as signatures associated with
activation or suppression of immune cell activity. To illustrate this concept, consider the gene with the high-
est average attribution: the alpha subunit of the interleukin 10 receptor (ILIORA). IL10RA scored among
the top 1% of genes in 78% of cancer types (14 out of 18 cancers, top 10% in all 18 cancer types), indicat-
ing that DeepProfile consistently ascribed high explanatory power to this gene, regardless of tissue context
(Figure [2.4]A). IL1I0RA has been described as a ‘master switch’ regulating the balance between pro- and
anti- tumor inflammation [51f]. Transcript levels of IL10RA do not just reflect the presence or absence of
IL10RA expressing immune cells, they are additionally predictive of the several thousand genes regulated

by IL10RA [52], explaining the large role that this gene plays in DeepProfile’s embeddings.

Next, to test the hypothesis that universally high-scoring DeepProfile genes were enriched for transcripts
that, like IL10RA, modulate the transcriptional phenotype of immune cells, we quantified the enrichment of
cell surface receptors among genes with top attribution scores. We reasoned that cell surface receptors are
enriched for proteins that relay extra-cellular signals and thus have the potential to regulate immune cells’
transcriptional phenotypes. We collected gene sets containing cell surface proteins and receptors from the
Cell Surface Protein Atlas (CSPA) [53], the UniProt database [54], and the Gene Ontology (GO) [55]. We
found highly significant overlap between these gene sets and genes with top average DeepProfile attribution
scores across all cancers (Figure [2.4D). Importantly, PCA did not recover these cell surface proteins and
receptors (Figure [2.4D), indicating that DeepProfile’s ability to identify non-linear relationships is essential

in capturing signals playing key roles in cancer.

In addition to ILIORA, DeepProfile top attributions contained many lesser known but potentially im-
portant genes that consistently played a large role in the embeddings of most cancer types. These included
CD53, an immune-cell specific tetraspanin [S6], EVI2B, a gene that controls the differentiation status of
granulocytes [57] and TYROBP, an adaptor protein that in association with various receptors mediates im-

mune cell activation [58](Figure 2.4A). As indicated above, none of these genes are likely to reflect the
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presence of one particular immune cell type in the tumor microenvironment, as they are broadly expressed
by many different cells, but instead may be involved in modulating the transcriptional phenotypes of tumor-

resident immune cells.

2.2.5 Universally important pathways include cell cycle, immune system, and oxidative

phosphorylation

Next, we investigated pathway-level information captured by DeepProfile by studying the relationship be-
tween the embeddings and signaling pathways in the KEGG, BioCarta and Reactome databases (see[2.4.4).
We considered a pathway to be significantly enriched in a given cancer type if it overlapped with an FDR-
corrected p-value below 0.05 with any DeepProfile node. We then extracted pathways that were significantly
captured in the largest number of cancer types, grouped the universally important pathways by functional
category, and sorted the categories by the average number of cancer types. As expected, cell cycle-related
gene sets were near-universally important, confirming that differences in proliferative index (also called
growth fraction) are a major source of variance across cancer transcriptomes (Figure 2.4E). Two cancer
types stood out for a much less pronounced contribution of cell cycle-related gene sets: AML, whose em-
beddings mainly captured pathways related to the adaptive immune response and thyroid cancer, where the
most important pathways were related to mitochondrial function. The two most common types of thyroid
cancer (papillary and follicular) are exceptionally slow-growing neoplasms, potentially explaining the rel-
ative lack of contribution of cell cycle-related pathways. In AML, growth rates are more difficult to assess
[59], but it is possible that the opposite is the case: namely that most patients experience uniformly high
growth rates due to the aggressiveness of the disease and its lack of spatial restraint. In both cases, a lack
of variation in proliferative fractions across patients would explain why DeepProfile does not detect the cell
cycle as an important contributor of variance to these cancers’ transcriptomes.

Immune-related pathways, as discussed in detail above, were the third-most frequently captured category
(Figure [2.4E) followed by gene sets related to oxidative phosphorylation (OXPHOS), indicating that the
distribution of individual tumors on the metabolic continuum between glycolysis and aerobic respiration
explains global differences in their gene expression profiles [60]. One other category to emerge as relevant

across a large number of cancers were genes related to RNA metabolism and ribosome function. Enrichment
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p-values were particularly significant in this category.

2.2.6 DeepProfile can quantify the extent to which each latent node is cancerous or normal

tissue specific

We hypothesized that these gene sets were not necessarily identified by DeepProfile because they captured
variance related to the presence of different disease subtypes with a tissue of origin, but because they con-
tained genes that are constitutively expressed in a highly correlated manner (in any tissue). To test this hy-
pothesis, we generated DeepProfile embeddings for normal tissue gene expression profiles from the GTEx
database [29]] (see Table for number of GTEx samples and cancer type mappings). We fitted predictor
models to differentiate the normal from cancer embeddings which provided a score for each DeepProfile
node denoting how successfully it can separate cancer from normal tissue (see [2.4.4). Using DeepProfile
pathway-level node attributions, we mapped these node-level scores to pathways to define a cancer-relevance
score for each pathway. A high cancer-relevance score indicates that the pathway is specifically important
for cancer; it does not show as strong variance in expression in normal tissue as in cancer (Figure 2.4E).
We found that in comparison with cell cycle pathways, the cancer-specificity score of the ribosomal gene
sets was indeed lower (average cancer-specificity score of 82.39 for cell cycle compared to 63.19 for ribo-
somal pathways (p-value: 1.6 x 10717, Welch’s T-test)), indicating that these genes also capture significant
variance across normal tissue gene expression profiles. Nonetheless, we note that the degree of biosynthetic
activity (as reflected by the expression of ribosomal proteins) has recently been shown to be associated with
differentiation state in colorectal cancer [61], raising the intriguing possibility that DeepProfile’s capture
of ribosomal genes reflects variance in differentiation states across tumor samples within a given tumor
type. This may explain why some relatively narrowly defined (and therefore more homogeneous) cancer
types such as AML did not show significant enrichment of ribosome-related pathways. We further note
that the two near-universally important pathways with the highest cancer-relevance scores were related to
protein folding (prefoldin) and focal adhesions (Figure[2.4E). The latter result is consistent with DeepProfile

capturing variation in epithelial-to-mesenchymal transition states that exist within a tumor [[62].
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2.2.7 Cancer-specific genes and pathways define molecular disease subtypes

After studying genes and pathways that were considered universally relevant by DeepProfile, we aimed to
identify genes that play an important role in specific cancer types only. We calculated a per-gene cancer
specificity score, defined as the difference between the gene percentile score for one cancer type and the
highest gene percentile score across all other cancer types (see[2.4.4). High specificity scores indicate that a
gene captures a large amount of variance in one particular cancer type but plays a more subordinate role in

others.

We found that genes with high specificity scores generally defined dominant subtypes or grades of
differentiation within a tissue category (Figures[2.5A). For example, the top breast-specific transcripts were
prolactin-induced protein (PIP), a gene predominantly expressed in well-differentiated estrogen receptor-
positive tumors [63]], FOXCI1, a gene that is specifically expressed in basal-like breast cancer [64], and
GFRALI, which is specific to the luminal A subtype [65]. To formally test the hypothesis that DeepProfile
captured genes that are differentially expressed among breast cancer subtypes, we calculated the overlap
between breast cancer-specific genes and PAMS50, a gene set that effectively distinguishes between basal-
like, normal-like, luminal A, luminal B and HER2-enriched subtypes [66] (see [2.4.5). We obtained highly
significant results (P = 3.8 x 10~3). Importantly, a linear model (PCA) was not able to identify subtype-
specific genes effectively (P = 1.0, for PAMS50 gene set enrichment), indicating that DeepProfile’s ability
to capture non-linear relationships is essential for learning of biologically meaningful patterns. Similarly,
AML-specific genes comprised transcripts that had previously been associated with AML subtypes (e.g.
HOXA7, TRH, MYLA4, ANK1) [67;168] and showed significant overlap with list of genes identifying AML
subtypes [69] (P = 4.2 x 10~5) while PCA genes failed again (P = 1.0).

In the brain, DeepProfile identified genes that distinguish oligodendrogliomas from astrocytomas (e.g.
CNP, [70]) or vary across glioblastoma subtypes (e.g. BCAN, [71]). Thyroid cancer-specific top genes
included thyroid peroxidase (TPO) and thyroid stimulating hormone receptor (TSHR). These genes may
indicate the presence of well-differentiated thyroid cancers (which to some degree retain the expression
profiles of their normal tissue of origin) versus highly undifferentiated cancers which have largely lost the
expression of tissue-specific transcripts, in the thyroid cancer data set. To support this hypothesis, we

compared DeepProfile thyroid cancer-specific genes with the list of genes shown to be associated with
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thyroid cancer subtypes [72]. We observed that the two lists significantly overlapped (P = 4.4 x 10~10)
while the same analysis for the thyroid cancer-specific genes discovered by PCA showed no significance (P
= 1.0). These examples demonstrate how DeepProfile successfully detects genes that differentiate cancer

subtypes while a linear model fails capturing these important patterns.

Next, we extracted functional gene sets that DeepProfile recognized as cancer-specific (Figure [2.5B)
(see [2.4.4). This approach is potentially more informative than a gene-level view, as it can go beyond
the identification of subtype ‘marker genes’ to reveal coherent pathways that most prominently distinguish
cancers from one tissue of origin. Thus, the analysis provides concrete information about the molecular
mechanisms driving expression heterogeneity within cancer types. Indeed, DeepProfile assigned highly
characteristic molecular processes to each cancer type. For example, top AML-specific pathways were re-
lated to porphyrin metabolism and heme biosynthesis. It has been known for more than half a century that
leukemic cells show increased heme biosynthesis [73]], but little is known about the mechanistic relevance
of the porphyrin production pathway in leukemogenesis. Importantly, it was recently shown that MYC-
overexpressing leukemic progenitors require porphyrin biosynthesis for self-renewal [74], indicating that
this pathway plays a role in driving or facilitating leukemogenesis in a subset of these cancers. Notably,
DeepProfile identified this pathway as relevant to AML in an unsupervised manner. As we had previously
done in our analysis of genes and pathways that were universally important across cancers, we also cal-
culated ‘cancer-relevance’ scores (via comparison of matched normal tissue embeddings from GTEX) to
determine to what degree a pathway’s importance was specific to malignancy. The AML-specific pathway
with the highest cancer-relevance score was MHC class II antigen presentation, represented by HLA-DMA,
HLA-DRB1, HLA-DMB, HLA-DPA1 and HLA-DPB1 genes. Downregulation of HLA-DPA1, HLA-DPB
and HLA-DRBI1 in AML has recently been reported at the time of relapse after allogeneic bone marrow
transplant and has been interpreted as evidence of graft pressure on leukemic cells [75]. However, the
prominent identification of the MHC class II antigen presentation pathway by DeepProfile indicates that
heterogeneity in MHC class II protein expression may be a more general disease feature distinguishing

subsets of AML.

In brain cancer, lipid transport scored as the most important pathway, with a high cancer-relevance

score. Cholesterol is an essential component of myelin, and the brain contains approximately 20% of the
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body’s total cholesterol [[76]]. Astrocytes normally produce the majority of the brain’s cholesterol, since it
cannot be transported across the blood-brain-barrier. In glioblastoma, the brain’s normal lipid metabolism
is profoundly altered. Glioblastoma cells downregulate cholesterol biosynthesis and depend on exogenous
cholesterol uptake for survival [77]], making the identification of this pathway by DeepProfile a notable
result. The highest cancer-relevance score was achieved by the Sprouty (SPRY) pathway, represented mainly
by SPRY1 and SPRY4. These two genes are negative regulators of FGFR signaling, a pathway that has plays
an important role in glioblastoma progression and is currently being targeted in clinical trials [78]. These
and other examples, such as the identification of an important role for the peroxisome in liver cancer [79],
illustrate DeepProfile’s ability to extract cancer-specific and biologically meaningful expression patterns
from large unstructured data depositories like the Gene Expression Omnibus.

The knowledge of expression subtypes and the pathways defining them is important from a basic science
perspective, but from a translational point of view, pathways connected to clinical variables are of particular
interest. We therefore set out to develop a rigorous methodology for connecting DeepProfile embeddings to

relevant patient and tumor-level characteristics.

2.2.8 Detection of survival- and mutation burden-associated pathways via DeepProfile

The contribution of a pathway to DeepProfile nodes reflects to what degree it captures variance in the primary
gene expression data, but it does not reveal whether the pathway relates to variables of clinical interest. We
developed a general methodology for connecting pathways to clinical characteristics via DeepProfile nodes
(Figure [2.6]A, see [2.4.5). We tested the approach by extracting pathways that are relevant to two impor-
tant patient-level and tumor-level features: survival and tumor mutation burden (TMB). Specifically, we
associated each DeepProfile node with survival/TMB and generated p-values denoting the significance of
association of each node with the phenotypes. Then, using the pathway-level attributions for DeepProfile
nodes, we mapped the node-level phenotype associations to pathway-level associations, and obtained sur-
vival and TMB association p-values for each pathway. The same approach can readily be adapted to other
variables of interest, for example tumor stage, or grade, or treatment response. The advantages of using
DeepProfile nodes (instead of genes or pathways directly) are two-fold: first, DeepProfile embeddings en-

code the largest sources of variation among cancer samples; thus, the association search space is reduced
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to biologically meaningful variables. Second, since each DeepProfile node is a non-linear combination of

genes, it has the unique ability to capture complex interactions between genes and phenotypes of interest.

To test the effectiveness of this approach, we first investigated gene sets that DeepProfile recognized
to be significantly related to arguably the most important patient-level trait — survival. As in our previous
analyses, we first focused on pathways that were associated with survival across all cancer types (Figure
[2.6B). Remarkably, in this pan-cancer analysis, the unifying theme of most survival-related pathways was
adaptive immunity. High-scoring gene sets included adaptive immune system, MHC class I antigen pre-
sentation, antigen processing cross-presentation, B cell receptor signaling, the proteasome pathway and
activation of NF-xB (all significantly detected in 5 cancer types). Three pathways stood out for scoring in
more than 5 cancer types. These included DNA mismatch repair (6 cancers) — a process that can give rise
to large numbers of neoantigens when impaired [80]- and MHC class II antigen presentation, which was
the highest-scoring pathway overall (significantly detected in 7 cancer types; the section below will explore

these two pathways in more detail).

To provide a contrast and comparison for these results, we next studied pathways with a significant
connection to a tumor-level characteristic, namely tumor mutation burden (Figure [2.6C). Interestingly, in
contrast to survival- and TMB-relevant pathways were most consistently linked to the cell cycle and included
DNA replication, mitotic M-M/G1 phases, mitotic prometaphase, chromosome maintenance and others. The
top-scoring TMB-linked pathway was mitotic G2-G2/M phases, significantly detected in 11 out 18 cancers.
These results establish a link between a tumor’s proliferative activity and its mutation burden. Since DNA
replication is a powerful mutagen, this connection is highly plausible and carries interesting implications

given the strong interest in TMB as a predictor of immunotherapy response [81].

Analogously to previous analyses, we also studied pathways that were survival- and TMB-related in a
cancer-specific manner where we investigated the pathways with highest survival and TMB scores for each
cancer type. Again, we found that DeepProfile identified distinct sets of pathways as being relevant to the
two different traits. For example, survival-related pathways in brain cancer were dominated by interferon
type I and II signaling and MHC class I-mediated immunity, while TMB-related pathways prominently
featured cell-cell and cell-matrix interactions themes (Figure [2.6D). In sarcoma, survival-related pathways

almost exclusively concerned DNA repair processes (mismatch repair, nucleotide excision repair) and repli-
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some function, while TMB gene sets were strongly related to glucose metabolism.

2.2.9 DNA mismatch repair and antigen presentation via MHC class II are common survival-

related pathways

We decided to investigate the striking pan-cancer association between survival and DNA mismatch repair
and MHC class II antigen presentation in more detail. DeepProfile detects robust correlations between
pathways and survival; however, it does not provide a direction for these associations. Therefore, to define
this direction, we fitted univariate Cox regression models on the genes in the pathways being investigated;
this returned a survival z-score for each gene and cancer type pair (see[2.4.6). A negative z-score means that
lower expression leads to better chance of survival whereas a positive z-score means that higher expression
leads to a better chance of survival).

Examining the z-scores of DNA mismatch repair genes across all cancers, we found that indeed many
of them were strongly correlated with survival (Figure [2.7A), validating the findings of DeepProfile at the
primary gene expression level. The direction of the association tended to be negative, in particular for the 6
cancers that scored with statistical significance in the DeepProfile-based analysis (Figure[2.6B). A negative
correlation means that lower expression of DNA mismatch repair proteins associates with improved survival.

We confirmed this finding further via Kaplan-Meier analyses that yielded consistent results (Figure

and [A.8A) (see [2.4.6). The prognostic relevance of DNA mismatch repair gene expression across a large

number of cancers is particularly notable given DeepProfile’s identification of the adaptive immune response
as a central survival-related pathway hub. Reduced expression of mismatch repair proteins can increase
mutability and microsatellite instability [82]]. Therefore, increased abundance of neoantigens in tumors with
reduced mismatch repair protein abundance may make these tumors more visible to the immune system and
thus contribute to the improved survival of patients with low expression of DNA mismatch repair proteins
(Figure [2.70).

Next, we investigated the MHC class II antigen presentation pathway in more detail. We focused on
HLA-D genes, because they were top-scoring both in terms of both attribution scores and survival z-scores
across all 18 cancer types among all genes included in the MHC class II antigen presentation pathway. In

contrast to the DNA mismatch repair z-scores, which showed a negative correlation between expression
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and survival across most cancer types, the association for HLA-D expression was bifurcated (Figure [2.7D).
Pancreas, kidney, AML and brain showed a strong negative association between HLA-D gene expression and
change of survival, while the correlation was positive for most other cancers, most prominently melanoma

and uterine cancer. Again, we confirmed these findings via Kaplan-Meier analyses (Figure and [A.8B).

These results suggested that expression of HLA-D genes in the tumor and/or its environment is beneficial
in some cancer types (melanoma, uterine cancer, breast cancer) and detrimental in others (brain cancer,
kidney cancer). Since most cancers do not express MHC class II genes (with the exception of AML, where
HLA-D expression is associated with an inflamed phenotype and therapy relapse [75]), we wondered which
cell type in the tumor microenvironment might be the primary source of the HLA-D transcripts, and by
extension, associated with differential survival. Tumor-resident immune cell types that express MHC class

IT genes include macrophages, dendritic cells and B cells.

To gauge the relative abundance of these cells in the tumor microenvironment, we measured the aver-
age percentile score of the signature genes for each cell type, where the most highly expressed gene had
a score of 100. We found that of the three cell types, macrophage-specific genes were by far the most
abundant signature across all studied cancers, in line with the notion that these cells can be highly prevalent
across cancer types [83;[84;[85] (Figure 2.7F). Also, we found that in all cancers, the macrophage signature
showed the best correlation with HLA-D expression, further supporting the notion that macrophages are
the largest contributors to HLA-D transcript abundance in bulk tumor samples (Figure [2.7(G). Considering
that macrophages can have divergent functions, ranging from pro-tumor to anti-tumoral [83; [84; 85]], we
wondered whether the phenotypes of tumor-associated, HLA-D-expressing macrophages might explain the
observed bifurcation in the correlation between HLA-D expression and survival. To this end we exam-
ined gene transcripts that may reflect macrophage function. Specifically we assessed expression of CD40,
CXCL9, CXCL10, CXCL11, SLAMF1, and TNIP3, which are associated with anti-tumor activity, and of
CFP, HRHI1, NPL, PDCDI1LG?2, and CFP, which are typically indicative of immunosuppression and tumor
promotion [86]]. While these genes are not necessarily uniquely expressed by macrophages, the abundance of
macrophages (Figure [2.7F) makes them plausible main sources of these transcripts. Examining the relative
abundance of the gene transcripts mentioned above revealed that most tumor types expressed both signa-

tures at similar levels (Figure [2.7H). The only large gap, with a large preponderance of immunosuppressive
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transcripts, was observed in brain cancer and AML — the two cancer types with the most significant negative
association between HLA-D expression and survival (P = 3.4 x 1072 and P = 1.6 x 10~!, Welch’s T test
for brain cancer and AML, respectively). We repeated the same test with an extended list of pro- and anti-
inflammatory macrophage signatures [87]] and again observed a stronger immunosuppressive macrophage
abundance in brain cancer (P = 5.0 x 1072, Welch’s T test) (Figure @C). The presence of macrophages
that are polarized towards an immunosuppressive phenotype might therefore contribute to the strong nega-
tive correlation between HLA-D expression and survival in brain cancers and AML. In most other cancer

types, HLA-D expression is correlated with improved outcomes.

2.3 Discussion

Gene expression profiles have immense potential to reveal insights into cellular and molecular processes.
However, it is not straightforward to extract these signals due to the high dimensionality of the data: we have
more features, i.e., transcripts, than samples which makes it hard to learn generalizable patterns. Moreover,
genes act as parts of complex regulatory networks which complicates deciphering the underlying mech-
anisms. In this chapter, we addressed this high dimensionality problem associated with transcriptomics
measurements by efficiently applying unsupervised deep neural networks to learn biologically-relevant la-
tent spaces.

Our framework, DeepProfile, is an interpretable deep learning ensemble model that projects thousands
of genes to a latent space to learn informative high-level transcriptomic features that represent complex,
non-linear relationships between genes. We applied DeepProfile to the transcriptomic measurements from
18 human cancers and carried out a pan-cancer analysis to identify cellular and molecular processes re-
flected by the cancer gene expression profiles. By collecting publicly available cancer microarray datasets
from the GEO database and ensembling hundreds of VAE models, we generated robust deep embeddings.
Furthermore, we provided explanations for the latent nodes by attributing them to genes and pathways.

To our knowledge, we are the first transcriptomic pan-cancer study adopting an interpretable deep learn-
ing approach. Learning deep embeddings for 18 cancer types allowed us to compare and contrast cancer
types in terms of the transcriptomic variation across patients. We also incorporated different data modalities

and data sources in our pan-cancer analysis, i.e., normal tissue expressions from GTEx and survival and
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mutation profiles from TCGA, and investigated cancer latent spaces from complementary angles.

DeepProfile can learn informative and interpretable cancer-expression expression embeddings. We
showed that DeepProfile’s ensemble approach can improve the downstream prediction performance by in-
tegrating signals from hundreds of individual models. Besides successfully encoding cancer related signals,
our nodes were enriched for a wider set of biological pathways compared to alternative approaches, empha-

sizing its biological interpretability.

Learning these interpretable cancer latent spaces enabled us to examine the mechanisms shared across
cancers. We identified immune response regulation and antigen presentation genes to be among the highest
sources of transcriptomic variation among cancer samples across all cancer types. More interestingly, the
universally important genes are significantly overlapping with cell surface and cytokine receptors; thus,
playing a key role in regulating inflammation and immune response. Universally important pathways across
cancers include cell cycle, which might reflect variance in proliferative index across cancer samples, and
oxidative phosphorylation, which is associated with the metabolic spectrum of cells. The normal tissue
analysis also allowed us to differentiate tissue-specific signals from cancer-tissue specific ones, such as
focal adhesion, which is strongly important only in cancer tissues as it is associated with epithelial-to-

mesenchymal transition states.

Besides highlighting interesting universal cancer mechanisms, we detected that the genes and pathways
that are specifically important for particular cancer types define dominant subtypes or grades of differentia-
tion within a tissue category. Again, the cancer character scores we calculated for each pathway and cancer

type pointed to processes explicitly important for cancerous tissue.

When correlated with cancer phenotypes, genes and pathways that account for the variance in cancer
transcriptomes become of particular interest. We investigated the associations of DeepProfile nodes with
patient survival and tumor mutational burden which revealed mitotic activity as an important indicator of
mutation burden for majority of the cancer types we analyzed. Furthermore, adaptive immunity related
pathways were significantly associated with survival across multiple cancer types and specifically MHC-II
antigen presentation and DNA mismatch repair pathways were captured by the highest number of cancer
types. Analysis at the original expression-level highlighted that low expression of mismatch repair is asso-

ciated with better prognosis. The deficiency of DNA mismatch repair can increase the mutation rate which
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leads to stronger anti-tumor immune response and therefore, better chance of survival. On the other hand,
the direction of association with MHC-II antigen presentation pathway was divergent across cancer types
which can be explained by anti-inflammatory or immunosuppressive roles macrophages play in different

cell types.

We offer DeepProfile as a general deep learning framework that can be applied to new expression
datasets; the trained models can be used to encode new set of cancer expression profiles. DeepProfile
ensemble approach can also be applied to any suitable expression data and looking forward, we seek to

explore the feasibility of the model for different diseases and biological domains.

Another possible next step is to extend the pipeline to incorporate publicly available RNA-Seq expres-
sion profiles which will increase the sample size therefore, the statistical power of the model. Increasing
the sample size can also make it possible to train specific models for cancer subtypes (e.g., glioma and
glioblastoma for brain cancer) which would allow us to robustly compare the transcriptomic landscapes of
subtypes of a cancer. Furthermore, adapting our framework for single cell expression profiles can be a very
interesting future direction. In this chapter, we focused on the transcriptomic variation at the patient level;
however, single cell data can facilitate encoding the variation across different cell types and examine the

specific roles different cell types can play in the tumor environment.

DeepProfile is a pan-cancer resource providing cancer expression latent spaces and various characteriza-
tions of latent nodes including cancer-type specificity and cancer-tissue characteristic. We also developed a
general methodology for connecting genes and pathways to sample- or tumor-level characteristics via Deep-
Profile nodes, as we exemplified with survival and TMB analysis, with the goal of allowing researchers to
adopt this methodology for any cancer expression and phenotype. Looking forward, we want to extend this
analysis to other phenotypes ranging from cancer grade or metastatic properties to in-vivo chemotherapy

response.
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Cancer Type # Samples # GEO Series # Genes # PCs

Acute Myeloid Leukemia 6,534 92 11,579 1,000
Bladder Cancer 371 15 13,237 250
Brain Cancer 4,282 108 7,656 1,000
Breast Cancer 11,963 194 7,592 1,000
Cervical Cancer 443 16 13,237 250
Colorectal Cancers 5,616 114 10,030 1,000
Head and Neck Cancers 643 26 11,020 500
Kidney Cancer 2,293 48 12,730 1,000
Liver Cancer 1,937 60 13,236 1,000
Lung Cancer 4,869 96 10,551 1,000
Ovarian Cancer 2,714 64 10,342 1,000
Pancreas Cancer 602 33 4,610 500
Prostate Cancer 1,195 47 11,646 1,000
Sarcoma 2,330 68 9,916 1,000
Melanoma 1,240 45 12,339 1,000
Stomach Cancer 1,742 33 12,641 1,000
Thyroid Cancer 776 18 13,237 500
Uterine Cancer 661 21 13,237 500

Table 2.1: DeepProfile datasets. The number of samples, datasets, and genes are reported for each GEO
dataset.

2.4 Methods

2.4.1 Downloading and preprocessing of gene expression profiles

We downloaded publicly available gene expression datasets generated by either of the two microarray plat-
forms: Affymetrix GeneChip Human Genome U133 Plus 2.0 (Affy HG-U133 Plus 2.0) and Affymetrix
GeneChip Human Genome U133A 2.0 (Affy HG-U133A 2.0). These datasets were available from the Na-
tional Center for Biotechnology Information (NCBI) Gene Expression Omnibus (GEO) database [27]] for 18

cancer types. The number samples and genes for each cancer type is available in Table

While GEO searching filters results according to supplied keywords, the returned results may still in-
clude gene expression samples from healthy tissues or patients with cancer types other than the queried
cancer type. To eliminate these irrelevant samples, we removed the samples that do not contain the search
keywords in their titles, characteristics, or descriptions. We also manually curated the data for further clean-
ing without unnecessarily eliminating relevant samples. With these steps, we aimed to minimize the number

of incorrectly included or excluded samples. We also excluded cell line expression samples and used only
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Cancer Type TCGA # Samples # Samples # Samples GTEx # GTEx
Mapping with with with Normal Samples
RNA-Seq RNA-Seq RNA-Seq Tissue
and Survival and and Mapping
Microarray Mutation

AML LAML 149 - 170 Whole Blood 407
Bladder BLCA 405 - 129 Bladder 10
Brain GBMLGG 669 150 434 Brain 1,670
Breast BRCA 1,079 529 979 Breast 289
Cervical CESC 291 - 193 Cervix 10
Colorectal COADREAD 598 220 220 Colon 506
Head and Neck HNSC 518 - 279 - -
Kidney KIPAN 883 87 642 Kidney 44
Liver LIHC 365 - 195 Liver 175
Lung LUSC, LUAD 996 183 408 Lung 426
Melanoma SKCM 459 - 339 Skin 859
Ovarian oV 303 298 185 Ovary 132
Pancreas PAAD 177 - 150 Pancreas 247
Prostate PRAD 497 - 332 Prostate 151
Sarcoma SARC 259 - 245 Muscle 563
Stomach STAD 388 - 272 Stomach 261
Thyroid THCA 500 - 403 Thyroid 445
Uterine UCEC 543 54 247 Uterus 110

Table 2.2: DeepProfile cancer type mappings. The cancer type mapping and sample counts are reported
for TCGA and GTEx datasets.
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patient samples because the same cell line’s low expression variance across datasets might prevent deep
neural networks from learning a reliable model. Despite our automated and manual curation to eliminate
samples from cell lines, other cancer types, and healthy tissue, it is still possible that some outlier samples
are included in our GEO data collection.

To integrate data from various platforms, we converted platform-specific probe IDs to gene symbols
using the GEO conversion lists for each platform. For each cancer, we took the genes present in all data
series we have available. A study might have different sample batches submitted on different dates, we
corrected for these potential batch effects within each study using ComBat [88]], where different batches
correspond to data subsets submitted at different dates. We log transformed the expression measurements,
standardized (i.e., zero-mean and unit variance) each gene in each dataset to ensure that different input
features (i.e., gene expression levels) are on the same scale, and applied mean imputation to impute missing
gene-level measurements. We also excluded duplicate samples with the same GEO IDs. We concatenated
all datasets and applied batch effect correction, once again using ComBat, considering each study to be a

separate batch in order to minimize the effect of potential study-specific confounders.

2.4.2 DeepProfile pipeline, architecture and training
Training variational autoencoder models

An autoencoder is a neural network that consists of an encoder and a decoder network with an information
bottleneck layer with D hidden nodes (i.e., D < M) in the middle [89]. It generates an embedding Z
such that the information present in the original space is preserved in this lower dimensional space as well.
Specifically, the encoder network, defined as fy : X — Z maps from the input space X < RM to latent
embedding Z € RP. Similarly, the decoder network, defined as gy + Z — X, maps the embedding Z back
to input space. We optimize over both networks to minimize the squared 2-norm distance between our input

X and the reconstructed input as follows:

ming || © — gu(fo(2))|l5 2.1)

A variational autoencoder (VAE) is an extension of a standard autoencoder that takes as input an Nz M
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matrix X, where N denotes the number of samples, M denotes the number of features and X;; denotes
the feature j of sample i. It also consists of encoder and decoder networks but adopts a regularized training
such that the model is robust to overfitting [45]. To perform regularization, VAE learns a distribution of the
latent space rather than learning the encoding directly and samples from the learned distribution to generate
an embedding. VAE trains the model to bring the distribution of the latent space as close to a standard
Gaussian distribution (i.e., N (0, 1)) as possible, which regularizes the learned distribution.

We define the encoder network as fy : X — ., 0, which maps from the input space X € RM to latent
space distribution mean s, € R and distribution standard deviation o, € R”. We then sample from the
distribution to define embedding Z € RP: Z ~ N(uy,0,). The decoder is defined the same way as it is in
a standard autoencoder. To regularize the distribution over the latent space, VAE adds a regularization term
to the model’s loss function, i.e., Kullback-Leibler divergence between the learned distribution and a normal

distribution [90]. The network is trained to be optimized as follows:

ming .yl = — gy (fo(2))|15 + KL[(ta, 02), N(0,1)] (2.2)

where K L[(ftz,02), N(0,1)] denotes the Kullback-Leibler divergence between the distributions. This
regularization component forces the encoder and decoder networks to learn a generalizable, smooth latent

space that embeds similar samples close to each other.

We trained VAE models using the cancer-specific gene expressions as inputs; the encoder and decoder
networks both include 2 hidden layers, and the two networks mirror each other in structure. All layers use
rectified linear unit activation except the last layers of both networks, where we applied linear activation with
no dropout and batch normalization on all encoder layers. The number of hidden nodes in the intermediate
layers varies according to the latent space size: we have 250 and 100 hidden nodes in the first two layers,
respectively, for the latent space sizes 25, 50, 75, and 100; 250 and 50 hidden nodes for the latent space size
10; and 100 and 25 hidden nodes for the latent space size 5. The minibatch size is 50, and we trained the
models using the Adam optimizer with a learning rate of 0.0005. We initialized each VAE model with a
different random set of weights using Glorot uniform weight initialization. We tuned the hyperparameters
of VAE models, the number of hidden layers, dropout rate, batch size, and the number of epochs with 5-fold

cross validation, using validation reconstruction error as the metric. The same VAE model architecture is
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used for all cancer types. We built the models using Keras with Tensorflow backend.

Before training different VAE models for a cancer type, we extracted the principal components [91]] of
the expression matrix; we trained the VAEs using these components as inputs, a commonly used approach for
training deep neural networks to prevent overfitting [92]]. We selected the number of principal components

based on the number of samples (see Table [2.1|for the number of components for each cancer type).

Learning DeepProfile nodes

DeepProfile combines all embeddings generated by VAE models to learn a single, robust latent space that
can preserve both high- and low-level features. We trained a total of |D| % | R| models, where D is a set of
possible latent space sizes for individual VAE models and R is a set of random seeds used to initialize model
weights. We trained a VAE model for each latent space size d € D and for each random seed € R for the
initial weights, which we denote as VAE, ,.. For our experiments, we used D =5, 10, 25, 50, 75, 100 and R
=0,...,99, which corresponds to 100 random models for each of the 6 latent space sizes, for a total of 600
VAE models. Each VAE model takes the expression matrix X € RM as input and outputs an embedding
Z eRP.

Across all [D| x |R| models, we have |D| * |R| embeddings and » ., d * |R| nodes in total (600
embeddings and 26,500 latent nodes for our setting). To group similar data encodings, we applied k-means
clustering to cluster all nodes from all models. k-means assigns each of ), , d * |R| nodes to one of
the L clusters, where L is the number of DeepProfile latent nodes. Note that we disregard the information
about which node came from which model: we simply applied clustering to all nodes by treating them as
independent and identically distributed (i.i.d.). As a result, different nodes of the same VAE model might
be in different clusters as well as in the same cluster. Also, one cluster may include nodes from different
models with the same latent space size (i.e., different runs), or it can also include nodes from models with
different latent space size. After k-means groups the nodes that are similar across runs and dimensions, we
created one ensemble node per cluster by averaging the values of all nodes in that cluster to obtain a final
embedding, Z € R” (Figures[A.1 and[A.2A).

To select the latent embedding size for DeepProfile, we applied G-means clustering, an extension of

k-means clustering to determine the optimal number of clusters [93]]. For each cancer type, we fitted G-
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means clustering before training the k-means models to select the optimal k value. We averaged the optimal
number of clusters across 18 cancers to set L = 150 as the final latent embedding size after rounding down
the exact average, which was 157. We selected the same latent size for each cancer type to enable direct
comparison between cancer-specific embeddings.

Our DeepProfile framework can encode user cancer expression samples. When user expression samples
are passed to the DeepProfile model, we first apply the same preprocessing procedure we applied to our
training samples after eliminating the genes not available for the training samples. We pass the preprocessed
expression matrices to our trained VAE models to generate embeddings. We then use the learned ensemble
assignments to cluster VAE nodes and take the average value in each cluster to define the final DeepProfile
embedding for user samples (Figure[A.2B). Users can select the number of latent dimensions, in which case

ensemble label assignments will be calculated again to define the new ensemble nodes.

Gene- and pathway-level attributions of DeepProfile nodes

To calculate gene-level attributions of DeepProfile nodes, which denote how much each gene contributes
to the learned latent nodes, we used Integrated Gradients, a gradient-based feature attribution method for
neural networks [46] (Figure [A.2C). When applied to a neural network model, Integrated Gradients learns
the sample-level importance values of each input feature for each output node. To determine the global im-
portance of each gene for a node, we calculated the absolute valued average of attribution scores across all
training samples for each cancer type. Since DeepProfile is an ensemble of VAE models, where each Deep-
Profile node combines multiple VAE nodes, feature attributions for each DeepProfile node are calculated by
averaging the attributions of the VAE nodes defining that ensemble node.

To calculate pathway-level attributions, we used gene-level attributions and carried out pathway enrich-
ment tests using a total of 1,077 functional pathways from Reactome [49], BioCarta [48], and KEGG [47]
from the C2 collection of the version 6.2 of MSigDB [94;95]. For enrichment tests, we used Fisher’s Exact
Test’s (FET) [96]]. From the gene list for each pathway, we removed the genes that are not present in our
input expression matrix and passed the top G genes with the highest importance values for a DeepProfile
node to FET, where G is the average pathway length across all 1,077 functional pathways from Reactome,

BioCarta, and KEGG. We applied Benjamini-Hochberg FDR correction [97] across all nodes.
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2.4.3 Comparing DeepProfile to alternative dimensionality reduction methods

Training alternative approaches

We compared DeepProfile to alternative dimensionality reduction algorithms, including the commonly used
linear methods as well as other deep learning approaches. We trained these algorithms using the same
preprocessed gene expression levels that we used as input to DeepProfile VAE models. For all methods
except PCA, which is a deterministic algorithm, we repeated the model training 10 times with different

random seeds and generated 10 different embeddings.

Gaussian random projection maps the original input to a lower dimensional space, where each compo-

nent is randomly drawn from a normal distribution.

Principal Component Analysis (PCA) [91] is a linear dimensionality reduction method that generates
orthogonal components to encode variation in the original input space. We used the top 150 principal

components when comparing it to the DeepProfile embedding, which has 150 nodes.

Independent Component Analysis (ICA) [98] is also a linear dimensionality reduction method that learns

independent components from the original space.

Autoencoder (AE) [89] is a deep unsupervised neural network consisting of an encoder and decoder
network trained to learn a latent space that can reconstruct the original space as successfully as possible.
For autoencoder trainings, we used the same top principal components of the preprocessed gene expression
levels as we did for training DeepProfile to enable a fair comparison between models. We tuned the hyper-
parameters of AE models, the number of layers, number of hidden nodes, dropout rate, and batch size using
5-fold cross validation with reconstruction error as the metric. In the final AE model, we have 1 hidden layer
each in encoder and decoder networks with 750 hidden nodes, 0.1 dropout rate, and batch size of 100. The

model was trained with the Adam optimizer using a learning rate of 0.0005.

Denoising Autoencoder (DAE) [99] is a regularized autoencoder model that adds noise to the input data
in order to generate more robust embeddings. We applied the same procedure to denoising autoencoder
models as autoencoders. The final tuned model has 1 hidden layer each in encoder and decoder networks,
750 hidden nodes and 0.1 dropout rate. We optimized the model using the Adam optimizer with a learning

rate of 0.0005 and batch size of 100.
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Creating TCGA RNA-Seq embeddings

We downloaded TCGA RSEM normalized log2 transformed RNA-Seq expression matrices for all cancer
types from Broad Institute (data version 2016_01_28) (https://gdac.broadinstitute.org/) generated by TCGA
Research Network (https://www.cancer.gov/tcga/). The mapping of DeepProfile and TCGA cancer types as
well as the number of samples are listed in Table We preprocessed the TCGA expressions with the
same pipeline we used for preprocessing GEO expression datasets: we selected the genes available only in
the training data, zero imputed the genes missing in the TCGA dataset, and standardized each gene to zero-
mean univariance. We encoded the TCGA samples using the PCA model trained on the training data. To
generate the DeepProfile embeddings, we loaded all trained VAE models, encoded TCGA PCA transformed
input features with each of the models, and used the pre-learned ensemble labels to cluster the nodes of
our VAE embeddings and define a 150-dimensional DeepProfile embedding for TCGA RNA-Seq samples.
We repeated this procedure for each cancer type. Similarly, for all the alternative dimensionality reduction

approaches, we used the trained models to encode TCGA RNA-Seq samples.

Predicting TCGA cancer patient survival

We downloaded TCGA merged clinical files for all cancer types from Broad Institute (data version 2016_01_28)
generated by the TCGA Research Network. For the prediction task, we binarized the survival labels by 5-
year survival and excluded samples with survival information that was censored within 5 years. Since the
distribution of survival labels can be quite unbalanced, we randomly subsampled from the class with the
highest number of samples to ensure that both classes have equal number of samples. We repeated this
random sampling process 50 times and trained the prediction model for each sub-sampling, which is a lo-
gistic regression model with 11 regularization. The model was trained with nested-cross validation; 20-fold
cross validation was used to split the data to training and test set and for each training fold, and the regular-
ization coefficient was selected using 5-fold cross validation. The survival prediction models were trained
separately for each cancer type.

For deterministic models, e.g., PCA, we trained one prediction model that outputs 50 accuracy scores for
each 50 sub-samplings. For other models that were trained 10 times, e.g., ICA, we calculated accuracy score

for each model for each sub-sampling and averaged the accuracies across 10 models to output an average
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accuracy for each model. We repeated the same procedure for comparing DeepProfile’s prediction accuracy
with different dimensional VAE embeddings. To calculate the statistical significance of outperformance for

each pair of methods, we used the Wilcoxon sign-ranked test.

Comparison of DeepProfile microarray and RNA-Seq embeddings

To demonstrate that DeepProfile can learn informative latent spaces from both microarray and RNA-Seq
test data, we used the TCGA cancer samples for which we have both RNA-Seq and microarray expression
available. We downloaded TCGA log2 LOWESS normalized microarray expression matrices for all the
available cancer types from Broad Institute (data version 2016_01_28) generated by the TCGA Research
Network. We selected the genes present in both microarray and RNA-Seq datasets to enable a fair com-
parison and preprocessed microarray expression profiles following the same preprocessing steps applied to
GEO samples. We then measured the Pearson correlation coefficient between the gene expression matrices
generated with the two technologies obtaining a correlation coefficient for each TCGA sample. We then cre-
ated DeepProfile embeddings for TCGA microarray profiles and measured the Pearson correlation between

DeepProfile RNA-Seq and microarray embeddings for each TCGA sample.

Comparing DeepProfile pathway coverage to alternative dimensionality reduction methods

When comparing DeepProfile to other dimension reduction methods in terms of pathway coverage, which
we used as a metric for evaluating the biological relevance of the learned latent space, we followed the same
procedure as we used for DeepProfile. We applied Fisher’s Exact Test (FET) and obtained a p-value for each
node-pathway pair, denoting the significance of enrichment.

To carry pathway enrichment tests, we first obtained the gene-level attributions for each dimensionality
reduction method. For PCA, ICA, and RP, we obtained the absolute valued component matrices, which
denotes the contribution of each gene to each learned component. For AE and DAE, we used Integrated
Gradients [46] to obtain gene-level attributions for the embedding nodes, following the same procedure we
applied to VAE models. Since we trained each model 10 times with different random initializations, we
repeated the FET for each of the 10 models and averaged the pathway enrichment results over 10 runs.

We compared DeepProfile’s pathway coverage to other dimension reduction methods using 3 different
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metrics: First, we compared the average pathway coverages. The enrichment tests we carried provided us
with an enrichment p-value for each node-pathway pair. After FDR correction, we marked the node-pathway
pairs with a p-value < 0.05 as significant and calculated the total number of significant enrichments for each
node. We defined the number of pathways significantly captured by each node as the pathway coverage of
that node. Then, we averaged these node-level pathway coverages across all nodes to calculate the average
final coverage of an embedding. This metric let us define an average pathway coverage score per model and
per cancer type.

Second, we compared the distributions of node-level pathway coverages across models. Again, using
the same pathway-level attribution p-values, we counted the number of pathways significantly captured by
each node of each embedding.

Third, we compared the percent of nodes annotated by at least one pathway. For various significance
threshold values that range from a p-value of 10~! to 107!°, we counted the number of pathways with a
p-value below the threshold for each node. This again returned a pathway coverage value for each node
of the embedding. We then calculated the percent of nodes with a pathway coverage above one, which is

effectively the percent of nodes annotated by at least one pathway with a p-value below the threshold.

Comparing DeepProfile pathway coverage to VAE models

When comparing pathway enrichment of DeepProfile to VAE models, we used the gene-level attributions
for each different dimensional VAE model and applied FET to obtain a p-value for each node of each 600
different models. DeepProfile is an ensemble model that combines 600 VAE models to define an ensemble
embedding, and our aim was to show that the DeepProfile model can preserve the pathways captured by the
individual VAE models. Accordingly, we used two different metrics to compare the pathway coverages of
VAE models to DeepProfile:

First, we compared DeepProfile pathway coverages to the average pathway coverages of all 600 different
VAE models. For each pathway, we calculated the percent of VAE models that captured this pathway
significantly (i.e., with at least one node of the embedding with an FDR corrected p-value < 0.05). We then
compared the pathways captured by the threshold percent of the VAE models, where the threshold ranges

from 50 to 90, to DeepProfile to investigate whether the pathways captured by VAE models could also be
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captured by DeepProfile.

Second, we compared DeepProfile model to VAE models with different dimension sizes. For each
different dimensional VAE model, e.g., a 5-dimensional VAE model, we marked a pathway to be captured if
the majority of the VAE models (at least 51 of 100 models) significantly captured the pathway. We repeated
the same procedure for each of the 6 different dimensional VAE models to mark the pathways captured by
different dimensional VAE models. We then compared the pathways captured by a threshold number of
different dimensional models, where the threshold ranges from 1 to 6, to the DeepProfile model in order to
investigate whether the pathways captured by these different VAE models could be detected by DeepProfile

as well.

2.4.4 Pan-cancer gene and pathway analysis
Detecting universally important genes

To detect the highest-scoring genes across all cancer types, we used the gene-level attributions of Deep-
Profile nodes. We calculated the average attribution score across all nodes to define an overall importance
score for each gene, and we converted these scores to percentile scores, where the highest and lowest scored
genes takes value of 100 and 0, respectively. Once we separately obtained these percentile scores for each
gene for each cancer type, we calculated the average percentile score across 18 cancer types as the univer-
sal percentile score of a gene. We could then sort the genes by their universal percentile scores to detect
the top universally important ones. We generated a network of the top 100 universally important genes
using STRING [[100] with a medium confidence level of 0.4, using all interaction sources and eliminating
disconnected nodes. We visualized the network using Cytoscape [[101].

To detect the pathways enriched for the top universally important genes, we carried out FET on the top
100 universally important genes using Reactome, BioCarta, KEGG, and GO Biological Process [55] gene
sets. We applied FDR correction across all pathways.

To detect whether DeepProfile’s universally important genes are enriched for various immune cell type
signatures, we collected gene signatures of T cells, B cells, neutrophils, and macrophages [50] and obtained
a total of 108 genes available in our training expression dataset. We again carried out FET for the top 100

universally important genes using these markers.
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To determine whether DeepProfile’s universally important genes are enriched for cell surface and cy-
tokine receptors, we first collected gene sets from the Cell Surface Protein Atlas (CSPA) [53], UniProt
database [54], and Gene Ontology (GO). From CSPA, we downloaded the list of human surfaceome proteins
and their annotations, selected the proteins with a high confidence CSPA category and protein probability of
1.0, and obtained a list of 555 human surface proteins. From the UniProt database, we downloaded human
cell surface receptors using the keyword ‘cell surface receptor’, selected the reviewed proteins, and obtained
a list of 1,307 genes. Similarly, we downloaded human cytokine receptors using the keyword ‘cytokine
receptor’, selected the reviewed proteins, and obtained a list of 773 genes. From GO, we used the gene set
‘Immune response regulating cell surface receptor signaling pathway’ which has 346 genes. Note that for
each gene set, we used the genes available only in DeepProfile’s training expression matrix and reported the
intersecting gene counts. We again carried out FET for the top 100 universally important genes using these

4 distinct gene lists to calculate enrichment scores.

To compare the top universally important genes detected by DeepProfile to the universally important
genes for PCA, we carried out the same analysis applied on DeepProfile to PCA. Using the attribution
scores of each gene for the PCA model, we calculated the average attribution score across all top 150
principal components, converted the scores to percentile scores, and calculated the average across 18 cancers
to define a universal importance score for each gene for PCA. Similarly, we carried out FET for the top 100

universally important PCA genes using the same gene sets and the 4 receptor gene lists.

Detecting universally important pathways

To detect the highest-scoring pathways across all cancer types, we used the pathway-level attributions we
have for each DeepProfile latent node, which contains the p-value of enrichment for each node-pathway pair,
and selected the maximum -log10(p-value) across all nodes for each pathway to get an enrichment score for
each cancer type-pathway pair. We marked a pathway as being significantly captured by a cancer type if
the FDR corrected p-value is below 0.05. To determine the universally important pathways, we counted the
number of cancer types that significantly captured each pathway. We also recorded the average -log10(p-
value) of enrichment for each pathway by taking the mean across all cancer types that significantly captured

the pathway. After obtaining the number of cancers and average enrichment score for each pathway, we
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sorted the pathways first by the number of cancers and then by enrichment scores to get the list of universally

important pathways.

Calculating cancer character scores for pathways

To calculate a cancer character score for each pathway, we carried out a normal tissue analysis. First, from
the GTEXx portal (https://gtexportal.org/home/datasets), we downloaded RNA-Seq expression (gene TPMs,
accession number phs000424.v7.p2) [29] and selected the tissues corresponding to the 18 cancer types we
have (see Table [2.2]for the mapping of DeepProfile and GTEXx tissue types and the number of samples). We
preprocessed and encoded GTEXx expression profiles following the same pipeline used for TCGA RNA-Seq
expression and generated normal tissue embeddings using DeepProfile.

To detect how successfully each node can differentiate cancer vs. normal tissue, we trained logistic
regression classifiers by passing the cancer and normal tissue DeepProfile embeddings as input and predicted
cancer vs. normal tissue labels. We repeated the training 500 times with different random samplings and
recorded the mean of absolute value of classifier weights from all models. We defined the cancer character
score of each node as the absolute valued classifier weight, denoting the importance of each DeepProfile
node in differentiating cancer from normal tissue, where a high cancer character score indicates that the
node is quite important for differentiating the tissue type.

We then mapped these node-level cancer character scores to pathways to determine the cancer-tissue
specificity of each pathway for each cancer type. For each pathway, we calculated the weighted average
of cancer character scores using the -log10(p-value) of enrichment scores for that pathway as the weights
and obtained an average cancer character score for each pathway-cancer type pair. Note that if a pathway is
not enriched for any of the nodes, we assigned it a cancer character score of 0. To define a universal cancer
character score for each pathway, we calculated the average across the cancer character scores of 18 cancers,

excluding the cancers with a score of 0.

Detecting cancer-specific genes and pathways

To identify the genes that are high scoring specifically for a certain cancer type, we used the importance

scores we calculated for each gene-cancer type pair. For each gene, we calculated the difference between
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the percentile score of a cancer and the maximum percentile score across all other 17 cancers. These cancer-
specific difference scores allowed us to detect the top cancer-specific genes for each cancer.

To calculate the enrichment score for the PAMS50 genes [66], we used FET for the top N highest scoring
genes for breast cancer where N ranges from 1 to 1000. We then applied Bonferroni correction over all
thresholds to report the final p-value of enrichment.

To detect cancer-specific pathways, we used the -log10(p-value) of enrichment scores we calculated for
each pathway/cancer type pair and calculated the difference between the enrichment score for one cancer
type and the maximum enrichment score across all other 17 cancers. We also assigned a cancer character
score to each of these cancer-specific pathways using the absolute-valued classifier weights from the normal

tissue analysis after converting them to percentile scores.

2.4.5 Pan-cancer survival and mutation analysis

With the goal of associating each pathway with patient survival, we used the TCGA RNA-Seq DeepProfile
embeddings we learned for 18 cancers along with the survival status. We separately fitted univariate Cox
regression models [[102] to each DeepProfile node, recorded p-values of model coefficients, and applied
FDR correction over all nodes for each pathway. We repeated the model training for each cancer type.

To detect the pathways determining patient survival, we mapped these node-level survival scores to path-
ways. For each pathway, we calculated the weighted average of -log10(survival p-values) across all nodes
using the -log10(enrichment p-values) as the weights. When none of the nodes could significantly capture
a pathway, we assigned a survival score of O to that pathway. We also masked the pathway enrichment p-
values with a z-score below 0.25 to prevent the involvement of lowly ranked pathways in the average score
calculation. Since the survival analysis using enrichment scores from FET did not provide a rich enrichment
for survival, we repeated the FET using a broader set of top genes (4 * average pathway size) in order to
carry out an informative survival analysis. This pipeline let us define a survival p-value for each pathway-
cancer type pair. We then marked a pathway to be relevant to survival if both the FDR corrected enrichment
p-value and the survival p-value were below 0.05.

To detect universally survival-related pathways, for each pathway, we counted the number of cancer

types with significant survival scores. We also calculated the average enrichment and survival -log10(p-
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values) across all the cancer types significantly associated with survival. Sorting the pathways by the num-
ber of cancer types and then by the average survival score provided us with the top universally survival-
associated pathways. We visualized the top 20 universally survival-associated pathways using Cytoscape
EnrichmentMap tool [[103], where the connections between pathways were determined by the Jaccard simi-
larity of gene memberships of pathways.

To carry out mutation analysis, we downloaded TCGA mutation profiles for all cancer types. We selected
the samples for which we have both expression measurements and tumor mutational burden (TMB) data
available and calculated the total number of mutations for each cancer sample by summing the number of
mutations for each gene. If k different mutations occurred for one gene, we increased the total mutation
count by k.

To assign a mutation association score to each DeepProfile node, we calculated the Pearson correlation
between each node of DeepProfile embedding and the log of total mutation count after eliminating outlier
mutation scores beyond the 95% confidence level (z-score > 1.96). We repeated these experiments for each
of the 18 cancer types and obtained node-level TMB correlation p-values. To map the node-level p-values

to pathways, we repeated the same procedure we followed for the survival analysis.

2.4.6 Downstream survival analysis

For pathways detected to be relevant to patient prognosis, we carried out a downstream survival analysis
independent from DeepProfile model. We first fitted univariate Cox regression models to each of the 23
genes included in the KEGG mismatch repair pathway and 91 genes included in the Reactome MHC class
IT antigen presentation pathway using TCGA RNA-Seq profiles. We trained the models separately for each
cancer type and recorded z-scores to get the direction of association.

To investigate the association of average expression of the selected pathways with survival, we first
calculated the average expression of genes from the KEGG mismatch repair pathway and the average ex-
pression of HLA-D genes (HLA-DMA, HLA-DMB, HLA-DOA, HLA-DOB, HLA-DPA1, HLA-DPBI,
HLA-DQAT1, HLA-DQA?2, HLA-DRB1, HLA-DRBS) from the Reactome MHC class II antigen presen-
tation pathway across all TCGA samples with survival record. We then created Kaplan-Meier plots [[104]

for each pathway using the calculated average expression values. When generating the plots, we separated
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the patients into two groups based on their average expressions: one group with expression above (mean +
standard deviation) and one group with expression below -(mean + standard deviation).

To detect the immune cell type responsible from expression of HLA-D genes, we first calculated the
average expression of each gene across all TCGA samples for each cancer. Note that we carried out the
mean operation prior to preprocessing of the expression matrices. We sorted the genes by their average
expression and converted the rankings to percentile scores. To order the importance of different immune
cell types, we calculated the average gene percentile score of the gene signatures for each immune cell
type, which we defined as XCR1 and CLEC9A for dendritic cells; MS4A1, CD79A, and PAXS for B cells;
and CD163, CD68, CSFIR for macrophages. We then recorded the Pearson correlation between average
expression of the cell type signatures listed above and the average expression of HLA-D genes.

For the macrophage analysis, we downloaded the gene signatures for pro-inflammatory and immuno-
suppressive macrophages [86] and used the list of unique genes for each macrophage group (CD40, CXCL9,
CXCL10,CXCL11, SLAMFI, and TNIP3 for pro-inflammatory macrophages; CFP, HRH1, NPL, PDCD1LG2,
and RENBP for immunosuppressive macrophages) to again measure gene ranking percentile scores. We
carried out the same analysis as we carried for immune cell types. We also repeated this analysis using the

extensive list of pro-inflammatory or immunosuppressive macrophage signatures [[87]].
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Figure 2.1: DeepProfile pan-cancer framework (see caption on next page).

45



Figure 2.1: Data Collector. For 18 different cancer types shown in the figure, we downloaded all gene ex-
pression datasets from the common microarray platforms available at the time from the NCBI Gene Expres-
sion Omnibus (GEO). We preprocessed and concatenated all downloaded datasets to define cancer-specific
expression matrices containing the expression measurements for each gene and cancer sample pair. In total,
we have 50,211 samples from 1,098 GEO datasets.

Deep Learner. We pass the expression matrices to Deep Learner models to learn cancer-specific latent
spaces. Deep Learner is an ensemble of variational autoencoders (VAEs) that encodes the high-dimensional
expression signals to a biologically informative lower-dimensional space called latent space. We then map
the training samples to the learned latent spaces and define cancer sample embeddings where each DeepPro-
file latent node corresponds to one dimension of the latent space that encodes a certain source of variation
across cancer samples.

Interpreter. We pass the learned embeddings to Interpreter models to extract gene-level and pathway-level
attributions for each latent node. Gene-level attributions denote how much each gene contributes to a latent
node. Similarly, pathway-level attributions denote the pathways significantly associated with the most im-
portant genes of each latent node.

Pan-Cancer Analyzer. Using the cancer-specific embeddings and attributions; we carry a detailed pan-
cancer analysis including (1) evaluating how successful DeepProfile embeddings are at preserving important
biological signals by predicting the survival status of cancer patients, (2) analyzing the latent spaces of 18
cancers to discover cancer-common and specific patterns, (3) differentiating cancer-specific patterns from
tissue-specifying ones by contrasting cancer embeddings to normal tissue embeddings and (4) investigating
survival and mutation related signals by integrating DeepProfile embeddings with survival and tumor muta-
tional burden profiles.

(See Figures[A.T and[A.2)
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Figure 2.2: (A) (Top Plot) For 15 different cancer types shown in the figure, we compare the survival pre-
diction accuracy of DeepProfile TCGA RNA-Seq cancer expression embeddings to embeddings generated
by other dimensionality reduction methods. For 3 cancer types prediction could not be carried due to in-
sufficient sample size. The models are trained to predict 5-year survival. Each dot denotes a method and
a cancer type pair, where the dots are colored by cancer type. The size of the dots is determined by the
negative p-value of the significance of outperformance measured by Wilcoxon sign-ranked test. All nodes
with p-value < 0.05 are marked with a star. (Bottom Plot) The scatter plot is generated for each of the five
alternative dimension reduction methods and the percent of cases where each method outperforms others is
summarized in the bar plot.

(B) Distribution of correlation coefficients between TCGA RNA-Seq and microarray expression profiles
and correlation coefficients between TCGA RNA-Seq and microarray DeepProfile embeddings. Each dot
represents the correlation coefficient for one cancer sample and the distributions are plotted for 7 cancer
types. The median correlation coefficient for each sub distribution is shown with the dark colored bars.

(C) The same plots in A are created for comparing DeepProfile to all different dimensional VAE models we
used to define DeepProfile ensemble model. (See Figure[A.3)
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Figure 2.3: (A) The average number of pathways significantly captured (FDR corrected p-value < 0.05)
by nodes of latent embeddings of DeepProfile and other dimensionality reduction methods are shown for
KEGG, BioCarta, Reactome pathways (Top plot) and Oncogenic Signatures gene sets (Bottom plot).

(B) Distribution plots of number of KEGG, BioCarta, Reactome pathways significantly captured by each
latent node.

(C) Comparison of the percent of nodes annotated by at least one pathway above the significance threshold
for a range of threshold values.

(See Figures[A.4,[A5,[A.6, ,[A.7)
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Figure 2.4: DeepProfile cancer commonality analysis (see caption on next page).
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Figure 2.4: (A) List of top highest-scoring genes across 18 cancer types for DeepProfile. The percentile
scores of the top scoring genes are shown for all cancers and the average percentile scores across 18 cancers
are highlighted. The plot is zoomed in for clear comparison.

(B) The top enriched pathways (KEGG, BioCarta, Reactome) for the top 100 universally important Deep-
Profile genes and the corresponding FDR-corrected p-values.

(C) Network of top 100 genes with universal importance. The network is generated with STRING and
disconnected nodes are excluded. The size of a node is determined by hubness, i.e., the number of edges.
Genes that are included in immune response related pathways are colored blue.

(D) The enrichment p-values for cell surface and cytokine receptors for DeepProfile and PCA top 100 uni-
versally important genes.

(E) List of top pathways that are universally important sorted based on the number of cancer types signif-
icantly capturing the pathway. (i) Number of cancer types (out of 18) significantly capturing each path-
way. (ii) —log10(p-value of enrichment) averaged over all cancers significantly capturing the pathway. (iii)
Heatmap denoting the significance of enrichment p-values for top pathways and all cancer types. The star
annotations correspond to the significance of enrichment (* = p-value < 0.05, ** = p-value < 0.01, *** =
p-value < 0.001, **** = p-value < 0.0001). (iv) Cancer character scores of pathways. The cancer character
score denotes the relevance of each pathway to normal or cancerous tissue where a higher score indicates
that the pathway is specifically important for cancerous tissues. The pathways are grouped manually in
terms of their functional relations. The order of the groups is determined by the average cancer character
score of each pathway group.
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Figure 2.5: DeepProfile cancer specificity analysis (see caption on next page).

53



Figure 2.5: (A) The plots of cancer-specific genes shown for 4 cancer types. The difference between the
percentile score for the specific cancer type and the highest percentile score among all the other 17 cancer
types for the top 20 genes with the highest difference score are shown for each cancer type separately. The
colored dots show the percentile score of one gene for the specific cancer type and the gray dots show the
highest percentile score the same gene has among all the other cancer types. The genes are sorted based on
the difference values.

(B) The plots of cancer-specific pathways along with cancer character scores for 4 cancer types. Pathways
are sorted based on the difference between the -log10(p-value) for the specific cancer type and the highest
-log10(p-value) among all the other 17 cancer types. Each dot pair represents the -log10(p-value) corre-
sponding to one pathway for the specific cancer type and the highest -log10(p-value) among all the other
cancer types. The vector of cancer character scores shows the cancer character percentile score of the node
that is capturing the shown pathway.
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Figure 2.6: DeepProfile survival and mutation analysis (see caption on next page).
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Figure 2.6: (A) The schematic of DeepProfile survival and mutation analysis at pathway level. Each pathway
is connected to each DeepProfile node with a certain enrichment score (-log10(p-value)) as we extracted
pathway-level explanations for DeepProfile nodes before. We then fit univariate Cox survival regression
models to each DeepProfile node and obtain a p-value denoting the significance of association of a node with
survival. We also measure the Pearson correlation between each DeepProfile node and tumor mutational
burden (TMB) and obtain a p-value denoting the significance of association of a node with TMB. In order
to calculate the overall pathway-level survival and mutation association scores, we take the inner product
of enrichment and node-level association matrices and normalize the matrix. This way, we obtain the final
—log10(p-values) of survival and mutation association for each pathway. We repeated this process for each
cancer type which allows us to carry out cancer common and specific survival and mutation analyses.

(B) The network of top survival-related pathways. For each pathway group, we show the number of cancers
for which the pathway is significantly enriched and significantly associated with survival (p-value < 0.05).
We further show the —log10(p-value) of enrichment and —log10(p-value) of survival association averaged
across all cancers detecting the pathway to be relevant to survival. The connections between pathways are
determined based on gene membership Jaccard similarities.

(C) Same as (B) for the top TMB-related pathways.

(D) Plots of top survival and mutation associated pathways for brain cancer (left) and sarcoma (right).
The upper plot shows the top 10 pathways with highest survival scores for the shown cancers along with
the survival and enrichment —log10(p-values) and the lower plot shows the top 10 pathways with highest
mutation scores for the shown cancers.
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Figure 2.7: Downstream survival analysis (see caption on next page).
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Figure 2.7: (A-C) Mismatch repair pathway survival analysis

(A) Heatmap of survival z-scores of all genes included in KEGG mismatch repair pathway (* = magnitude
of z-score > 1, ** = magnitude of z-score > 2, *** = magnitude of z-score > 3, **** = magnitude of z-score
> 4). 6 cancer types detected by DeepProfile are highlighted.

(B) Kaplan-Meier plots of average expression of mismatch repair pathway. The samples with an expression
above (mean + one standard deviation) are marked as highly expressed and below -(mean + one standard
deviation) are marked as lowly expressed. The log rank test p-values and the percent of censored samples
are reported for each cancer. 5 cancer types with a log rank test p-value below 0.05 are shown.

(C) Schematic of mismatch repair mechanism.

(D-H) MHC class II pathway survival analysis

(D) Heatmap of survival z-scores of all HLA-D genes included in Reactome MHC class II antigen presen-
tation pathway. 7 cancer types detected by DeepProfile are highlighted.

(E) Kaplan-Meier plots of average expression of HLA-D genes for cancer types with a log rank test p-value
below 0.05.

(F) Comparison of average percentile scores of gene dendritic cells, B cells, and macrophages shown for 18
cancers.

(G) Comparison of average Pearson correlation between the expression of HLA-D genes and cell type sig-
natures for the three cell types shown for 18 cancers.

(H) Comparison of average percentile scores of pro- and anti-inflammatory macrophages shown for 18 can-
cers.

(See Figure[A.8)
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Chapter 3

Adversarial deconfounding autoencoder for

learning robust gene expression embeddings

The work presented in this chapter is adapted from [[105], previously published by Bioinformatics:

Ayse B. Dincer, Joseph D. Janizek, and Su-In Lee. Adversarial Deconfounding AutoEncoder for learning
robust gene expression embeddings. Bioinformatics, 36(Supplement_2):1573-1582, 2020.
https://doi.org/10.1093/bioinformatics/btaa796.

3.1 Background

As discussed extensively in previous chapters, gene expression profiles provide a snapshot of cellular ac-
tivity, which allows researchers to examine the associations among expression, disease, and environmental
factors. As we have shown in Chapter 2 unsupervised deep learning has enormous potential to extract im-
portant biological signals from the vast amount of expression profiles, which was also explored by recent
studies [106; 107]. Two features of unsupervised learning make it well suited to gene expression analysis.
(1) The ability to train informative models without supervision, critical because it is challenging to obtain
a high number of expression samples with coherent labels. Although many new expression profiles are re-
leased daily, the portion of the datasets with labels of interest is often too small. Moreover, different studies

may collect information on different traits and even measure the same traits using different metrics [108].
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(i1) The ability to extract patterns from the data without imposed directions or restrictions. Without focusing
on a specific phenotype prediction, these models enable us to learn patterns unconstrained by the limited
phenotype labels we have. This aspect can be key to unlocking biological mechanisms yet unknown to the

scientific community.

Using unsupervised models to learn biologically meaningful representations would make it possible
to map new samples to the learned space and adapt our model to any downstream task. We exemplified
this in the previous chapter where we developed the DeepProfile framework to extract biologically relevant
embeddings, which allowed us to examine cancer mechanisms and their association with patient survival.
While DeepProfile approach addressed the fundamental limitations of unsupervised deep neural networks
preventing them from being applied to high-dimensional biological data, there are still complexities within
the data itself that makes it challenging to learn meaningful representations. Expression measurements often
contain out-of-interest sources of variation, in addition to the signal we seek. When training an unsuper-
vised model, we want the model to capture the true signal and learn latent dimensions corresponding to
biological variables of interest. However, especially when collected from a large cohort or multiple cohorts,
expression profiles have, in addition to the true signal, variations in expression measures across samples as
a result of (1) technical artefacts that are not relevant to biology, such as batch effects, (2) out-of-interest
biological variables, such as sex, age, medications, and (3) random noise. (See Fig. [3.1]) We call these bio-
logical or non-biological artefacts that systematically affect expression values confounders. Unfortunately,
in many datasets, confounder-based variations often mask true signals, which hinders learning biologically

meaningful representations.

As a motivating example, Fig. shows how confounder signals might dominate true signals in
gene expression data. We consider the KMPlot breast cancer expression dataset [109], which combines
multiple microarray studies from The Gene Expression Omnibus (GEO) [27]. We take the two GEO datasets
with the highest number of samples and plot the first two principal components (PCs) [91]] to examine the
strongest sources of variation. Figure shows that the two datasets are clearly separated, exemplifying

how confounder-based variations affect expression measurements.

We then apply an autoencoder [89] to this dataset, i.e., an unsupervised neural network that can learn

a latent space that maps M genes to D nodes (M > D) such that the biological signals present in the

60



Biological Non-biological

Confounders Confounders
(e.g. age) (e.g. batch effects)
True Signal Random
(e.g. cancer) Noise

sk

Expression Measurement

[%]

O ] | [ | H EEN
o EEEEE EEEE EEE
£ I EEE
© | |
@ genes

Figure 3.1: A simplified graphical model of measured expression shown as a mix of true signal, con-
founders of biological and non-biological origin, and random noise. Note that this model shows neither
possible connections between a true signal and confounders nor connections among confounders.

original expression space can be preserved in D-dimensional space. The autoencoder tries to capture the
strongest sources of variation to reconstruct the original input successfully. In our example, unfortunately, it
is encoding variation introduced by confounders rather than interesting signals. Figure depicts the PC
plot of the autoencoder embedding. It shows that the dataset difference is encoded as the strongest source of
variation. When we measure the Pearson’s correlation coefficient between each node value and the binary
dataset label, we observe that 78% of the embedding nodes are significantly correlated with the dataset label
(p-value < 0.01). This means that most latent nodes are contaminated, making it difficult to disentangle
biological signals from confounding ones.

Confounders also prevent our learning a robust, transferable model to generate generalizable embed-
dings that capture biological signals conserved across different domains. For instance, if we learn a model
from one expression dataset that detects a disease signal, we want this signal to be valid for similar datasets.
To simulate this problem, we use a separate set of samples from a different GEO study from the KMPlot
data. We train the autoencoder using only the first two datasets, and we then encode the “external” samples
from the third GEO study using the trained model. The PC plot in Figure 3.2 highlights the distinct separa-
tion between the external dataset and the two training datasets. This simple example shows how confounder

effects can prevent us from learning transferable latent models.
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Figure 3.2: An example of confounder effects. The plot of top two principal components (PCs) colored
by dataset labels generated for (a) the expression matrix, and (b) autoencoder embedding of the expression.
(c) PC plot of the embeddings for training and external samples generated by the autoencoder trained from
only the two datasets and transferred to the third external dataset.

In this chapter, we address the entanglement of confounders and true biological signals to show the
power of deep unsupervised models to unlock biological mechanisms. While Chapter [2focused on high di-
mensionality of expression profiles, now, we aim to tackle another fundamental problem preventing us from
deciphering these biological datasets: batch effects and confounders. Our goal is to generate biologically
informative expression embeddings that are both robust to confounders and generalizable. To achieve this
goal, we propose a deep learning approach to learning deconfounded expression embeddings, which we call

AD-AE (Adversarial Deconfounding AutoEncoder).

AD-AE consists of two neural networks trained simultaneously: (i) an autoencoder network optimized to
generate an embedding that can reconstruct the data as successfully as possible, and (ii) an adversary network
optimized to predict the confounder from the generated embedding. These two networks compete against
each other to learn the optimal embedding that encodes important signals without encoding the variation
introduced by the selected confounder variable. To demonstrate the performance of AD-AE, we used two
expression datasets — breast cancer microarray and brain cancer RNA-Seq — with a variety of confounder

variables, such as dataset label and age. We showed that AD-AE can generate unsupervised embeddings
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that preserve biological information while remaining invariant to selected confounder variables. We also
conducted transfer experiments to demonstrate that AD-AE embeddings are generalizable across domains.
Our code and data are made available at https://gitlab.cs.washington.edu/abdincer/ad—

ae.

3.1.1 Related work

In high-throughput data, we often experience systematic variations in measurements caused by technical
artefacts unrelated to biological variables, called batch effects. Many techniques have been developed to
eliminate batch effects and correct high-throughput measurement matrices. AD-AE differs from batch cor-
rection approaches in two ways. First, we do not focus only on batch effects; rather we aim to build a model
generalizable to any biological or non-biological confounder. Second, we do not concentrate on correct-
ing the data, i.e., trying to eliminate confounder-sourced variations from the expression and outputting a
corrected version of the expression matrix. Instead, our major objective is learning a confounder-free repre-
sentation. We seek to reduce the dimension of an expression matrix in order to learn meaningful biological
patterns that do not include confounders.

While keeping these differences in mind, we can compare our approach to batch correction techniques
to highlight the advantages of our adversarial confounder-removal framework. In their review, Lazar et al.
[110], categorize batch correction techniques into two groups. (i) Location-scale methods, which match
the distribution of different batches by adjusting the mean and standard deviation of the genes. Examples
include mean-centering [111], gene-standardization [112], ratio-based correction [113], distance-weighted
discrimination [[114], and probably the most popular of these techniques, the Empirical Bayes method (i.e.,
ComBat) [I88]]. (ii) Matrix factorization techniques, which factorize the expression matrix to identify factors
associated with batch effects and then reconstruct the data to eliminate batch-affected components. Exam-
ples include surrogate variable analysis [115] and various extensions of it [[116;[117].

One limitation that applies to previously listed methods is that they model batch effects linearly. AD-
AE, on the other hand, can eliminate nonlinear confounder effects as well. Several recent studies accounted
for non-linear batch effects and tried modeling them with neural networks. These studies used either (i)

maximum mean discrepancy [118] to match the distributions of two batches present in the data, such as
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119 and (120, or (ii) an adversarial approach for batch removal, such as training an autoencoder with two
separate decoder networks that correspond to two different batches along with an adversarial discriminator to
differentiate the batches [[121] or generative adversarial networks trained to match distributions of samples
from different batches [122] or to align different manifolds [[123]. These methods all handle nonlinear
batch effects. However, their application domain is limited since they can correct only for binary batch
labels. AD-AE is a general model that can be used with any categorical or continuous valued confounder.
To our knowledge, only one study [124] used an adversarial model to remove categorical batch effects,
extending the approaches limited to binary labels. Our approach is significantly different since we focus
on removing confounders from the latent space to learn deconfounded embeddings instead of trying to
deconfound the reconstructed expression. Another unique aspect of our approach is that we concentrate
on learning generalizable embeddings for which we carry out transfer experiments for various expression
domains and offer these domain transfer experiments as a new way of measuring the robustness of expression

embeddings.

Our work takes its inspiration from research in fair machine learning, where the goal is to prevent models
from unintentionally encoding information about sensitive variables, such as sex, race, or age. Multiple
studies aimed to generate fair representations that try to learn as much as possible from the data without
learning the membership of a sample to sensitive categories [[125;126]. Two studies with high relevance
to our approach are Ganin et al. [127] and Louppe et al. (128, which use adversarial training to eliminate
confounders. Ganin ef al. applied this idea to an autoencoder network to predict a class label of interest
while avoiding encoding the confounder variable. Louppe et al. also used an adversarial training approach
by fitting an adversary model on the outcome of a classifier network to deconfound the predictor model. One
advantage of Louppe’s model over the others is that it can work with any confounder variable, including
continuous valued confounders. Janizek et al. [129 applied this approach to predict pneumonia from chest

radiographs, showing that the model performs successfully without being confounded by selected variables.

Inspired by this work, we adopt a similar adversarial training approach for expression data, which is
highly prone to confounders. Unlike prior work, AD-AE fits an adversary model on the embedding space to

generate robust, confounder-free embeddings.
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3.2 Methods

3.2.1 Standard autoencoder

We used a standard autoencoder as the baseline for our experiments, which takes as input an expression
vector x of M genes. The autoencoder consists of (i) an encoder network, defined as f, : X — Z, which
maps from the input space X € RM to latent embedding Z € R, and (ii) a decoder network, gy 1 L — X,
that maps the embedding Z back to the input space. Our encoder/decoder networks are fully or densely
connected neural networks with rectified linear unit (ReLU) activation between layers; thus, Z is in effect

the network’s information bottleneck. We then optimize over encoder and decoder networks as follows:

ming Bz — gy (fo(2)]5, 3.1)

where ¢ and v are the parameters of our encoder and decoder neural networks, respectively. The expectation
is taken over the training data, and the loss is the squared 2-norm distance between the input x and the

reconstructed input.

3.2.2 Our approach: Adversarial Deconfounding Autoencoder (AD-AE)

We propose the adversarial deconfounding autoencoder to generate biologically informative gene expression
embeddings robust to confounders (Figure [2.3). AD-AE consists of two networks. The first is an autoen-
coder model / that is optimized to generate an embedding that can reconstruct the original input. The second
is an adversary model & that takes the embedding generated by the autoencoder as input and tries to predict
the confounder C. We note that C is not limited to being a single confounder and could be a vector of them.

Our goal is to learn an embedding Z that encodes as much information as possible while not encoding
any confounding signal. To achieve this, we train models / and / simultaneously. Model / tries to reconstruct
the data while also preventing the adversary from accurately predicting the confounder. At the same time,
adversarial predictor 4 tries to update its weights to accurately predict the confounder from the generated
embedding. As shown by Louppe et al. [128]], assuming the existence of an optimal model and sufficient

statistical power, models / and /& will converge and reach an equilibrium after a certain number of epochs,
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where [ will generate an embedding Z that is optimally successful at reconstruction and 4 will only randomly
predict a confounder variable from this embedding. In other words, the autoencoder will converge to gener-
ating an embedding that contains no information about the confounder, and the adversary will converge to a
random prediction performance.

We train our model in three steps:

Step 1: The autoencoder model / is defined per Section 2.1. We pretrain the autoencoder to optimize
equation [3.T]and generate an embedding Z.

Step 2: We define the adversary model h,, : Z — C, mapping the embedding Z to confounder C. We

again use fully connected multilayer perceptron networks with ReLLU activation for the adversary, which is

optimized with the following objective:

miny,E[L((hy(x), c)]. (3.2)

Here, we define a general loss function L that can be any differentiable function appropriate for the
confounder variable (e.g., mean squared error for continuous confounders, cross-entropy for categorical
confounders). We pretrain our adversary model accordingly to predict the confounder as successfully as
possible.

Step 3: After separately pretraining both networks, we begin joint adversarial training by optimizing
over the two networks. When optimizing the joint model, we first freeze the weights of the adversary model
and train the autoencoder model for one epoch on a randomly selected minibatch of the data using stochastic

gradient descent to optimize the following objective:

mingpoB| || — g5 (fo(@))||3 = AL(hu(2),¢)|. (3.3)

This corresponds to updating the weights of the autoencoder to minimize equation [3.1|while maximizing

(minimizing the negative of the objective). We then freeze the autoencoder model and train the adversary
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Figure 3.3: Adversarial deconfounding autoencoder (AD-AE) architecture. The model consists of an
autoencoder and an adversary network. We jointly optimize the two models to minimize the joint loss,
defined as the combination of reconstruction error and adversary loss.

for an entire epoch to minimize equation[3.2] We continue this alternating training process until both models
are optimized. If no model is simultaneously optimal at reconstructing the input expression without encoding
confounding signals, the A\ variable determines the ratio of weight the model gives to reconstruction or
deconfounding. Increasing the A value would learn a more deconfounded embedding while sacrificing
reconstruction success; decreasing it would improve reconstruction at the expense of potential confounder
involvement. For our experiments, we set A = 1 since we believe this value maintains a reasonable balance

between reconstruction and deconfounding.
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3.2.3 Datasets and use cases

We demonstrate the broad applicability of our model by employing it on two different expression datasets
and experimenting with three different cases of confounders. Our method aims to both remove confounders
from the embedding and encode as much biological signal as possible. Accordingly, we evaluate our model
using two metrics: (i) how successfully the embedding can predict the confounder, where we expect a
prediction performance close to random, and (ii) the quality of prediction of biologically relevant variables,

where a better model is expected to lead to more accurate predictions.

Our first dataset was KMPlot [109], which offers a collection of breast cancer expression datasets from
GEO microarray studies [27]. We selected five GEO datasets with the highest number of samples from
KMPIlot, yielding a total of 1,139 samples and 13,018 genes (GEO accession numbers: GSE2034, GSE3494,
GSE12276, GSE11121, and GSE7390). The confounder variable, the dataset label that was a categorical
variable, indicated which of the five datasets each subset came from. For this dataset, we chose estrogen
receptor (ER) and cancer grade as the biological variables of interest, since both are informative cancer
traits. ER is a binary label that denotes the existence of estrogen receptors in cancer cells, an important
phenotype for determining treatment [[130]. Similarly, cancer grade can take values 1, 2, or 3 for invasive

breast cancer, an indicator of the differentiation and growth speed of a tumor [131].

Our second dataset was brain cancer (glioma) RNA-Seq expression profiles obtained from TCGA, which
contained lower grade glioma (LGG) and glioblastoma multiforme (GBM) samples [132;1133;134]. We had
a total of 672 samples and 20,502 genes. For this dataset, we used two different confounder variables as two
separate use cases: sex as a binary confounder, and age as a continuous-valued one. For the biological trait,
we used cancer subtype label, a binary variable indicating whether a patient had LGG or GBM, the latter a

particularly aggressive subtype of glioma.

We preprocessed both datasets by applying standard gene expression preprocessing steps: mapping
probe ids to gene names, log transforming the values, and making each gene zero-mean univariate. We also
applied k-means++ clustering [[135] on the expression data before training autoencoder models to reduce
the number of features and decrease model complexity (e.g., 13,082,068 trainable parameters for the all
genes model compared to 1,052,050 trainable parameters for the 1,000 cluster centers model for KMPlot

expression). We observed improvement in autoencoder performance when we applied clustering first and
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passed cluster centers to the model (e.g., KMPlot expression validation reconstruction error of 0.624 for
the all genes model compared to 0.522 for the 1,000 cluster centers model). All alternative approaches are
trained on the same k-means++ clustered expression measurements passed to AD-AE model to ensure fair
comparison. We further investigated the effect of the number of clusters on the AD-AE embedding and
showed that AD-AE can learn biologically-informative embeddings independent of the number of clusters

we train the model on (Chapter [B.Tand Figure [B.I).

3.2.4 Deep learning architecture

For each dataset, we applied 5-fold cross-validation to select the hyperparameters of autoencoder models.
When training the model, we left out 20% of the samples for validation and determined the optimal number
of epochs based on validation loss. We used the same autoencoder architecture for the AD-AE as well. The
optimal number of latent nodes might differ based on the dataset and the specific tasks the embeddings will
be employed on; we tried to select a reasonable latent embedding size with respect to the number of samples
and features we had such that we reduce the dimension of the input features by 10%. To demonstrate that
our model is invariant to the embedding size, we experimented with various sizes ranging from 10 to 150
and observed that independent of the number of latent nodes, AD-AE can learn deconfounded biologically
meaningful embeddings (Chapter [B.2and Figure [B.2). In terms of how to determine the number of latent
nodes for new datasets and analyses, we refer to the review by Way et al. [136], which investigated the
effect of the number of latent dimensions using multiple metrics on a variety of dimensionality reduction
techniques.

For the breast cancer data, we extracted 1,000 k-means cluster centers since the number of samples was
slightly above 1,000. The latent space size was set to 100. Our selected model had one hidden layer in
both encoder and decoder networks, with 500 hidden nodes and a dropout rate of 0.1. The minibatch size
was 128, and we trained with Adam optimizer [[137] using a learning rate of 0.0005. ReLU activation was
applied to all layers of the encoder and decoder except the last layer, where we applied linear activation. For
the adversarial model, we used a fully connected neural network that had 2 hidden layers with 100 hidden
nodes in each layer, and we used ReLLU activation. The last layer had 5 hidden nodes corresponding to the

number of confounder classes and softmax activation. The adversarial model was trained with categorical
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cross entropy loss.

The architecture selected for brain cancer expression was very similar, with 500 k-means cluster centers,
50 latent nodes, one hidden layer with 500 nodes in both networks with no dropout, and ReLU activation
at all layers except the last layers of the networks; the remaining parameters were the same as those for the
breast cancer network. The adversarial model was also the same except for 50 hidden nodes in each layer.
For the sex confounder, the last layer had 1 hidden node with sigmoid activation, trained with binary cross

entropy loss; for the age confounder, the last layer used linear activation, trained with mean squared loss.

We implemented AD-AE using Keras with Tensorflow background.

3.2.5 Alternative approaches to deconfounding

When evaluating our model, the most straightforward competitor was a standard autoencoder, which allowed
us to directly observe the effects of confounder removal. We also compared against other commonly used
approaches to confounder removal. For all these different techniques, we first applied the correction method
and then trained an autoencoder model to generate an embedding from the corrected data. We could not
compare against nonlinear batch effect correction techniques (Chapter since they were applicable only

on binary confounder variables.

Batch mean-centering [111]: subtracts the average expression of all samples from the same confounder
class (e.g., batch) from the expression measurements.

Gene standardization [112]: transforms each gene measurement to have zero mean and one standard
deviation within a confounder class.

Empirical Bayes method (ComBat) [88]: matches distributions of different batches by mean and deviation
adjustment. To estimate the mean and standard deviation for each confounder class, the model adopts a
parametric or a non-parametric approach to gather information about confounder effects from groups of

genes with similar expression patterns.
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Figure 3.4: UMAP plots of AD-AE embeddings. UMAP plots of embeddings generated by (a) standard
autoencoder, and (b) Adversarial Deconfounding Autoencoder (AD-AE). Subplots are colored by (i) dataset,
(ii) ER status, and (iii) cancer grade. The gray dots denote samples with missing labels.

3.3 Results

3.3.1 Adversarial Deconfounding Autoencoder learns biologically meaningful deconfounded

embeddings

Our first experiment aimed to demonstrate that AD-AE could successfully encode the biological signals we
wanted while not detecting the selected confounders. We used the KMPIot breast cancer expression dataset
and trained standard autoencoder and AD-AE to create embeddings, and generated UMAP plots [138] to
visualize the embeddings (Figure [3.4). Observe that the standard autoencoder embedding clearly separates
datasets, indicating that the learned embedding was highly confounded (Figure i). On the other hand,

the UMAP plot for AD-AE embedding shows that data points from different datasets are fused (Figure
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1). This is expected since we trained our model until both networks converged, which means that we
obtained a random prediction performance on the validation set for the adversarial network.

More interestingly, we colored the UMAP plots by biological variables of interest: ER status and cancer
grade. Observe that for the autoencoder embedding, the samples are not differentiated by phenotype labels
(Figure 1i&iii). This shows that when we learn an embedding with a standard autoencoder model,
confounders might dominate the embedding, preventing it from learning clear biological patterns. On the
other hand, the UMAP plot of the AD-AE embedding clearly distinguishes samples by ER label as well
as cancer grade (Figure ii & iii), showing the effects of deconfounding. We further investigate these

results in Section by fitting prediction models on the embeddings to quantitatively evaluate the models.

3.3.2 AD-AE can learn embeddings generalizable to different domains

AD-AE generates embeddings that are robust to confounders and generalizable to different domains. The
most common applications for this model are learning an embedding from a dataset and transferring it to
a separate dataset. To simulate this problem with breast cancer samples, we left one dataset out for testing
and trained the standard autoencoder on the remaining four datasets. We then generated two embeddings
for the internal and external datasets: (i) one for samples from the four datasets used for training, and (ii)
another for the left out samples from the fifth dataset. Note that we trained the model using samples in
the four datasets only, and we then used the already trained model to encode the fifth dataset samples. We
then repeated the same training and encoding procedure for AD-AE to compare the generalizability of both
models.

In Figure the circle and diamond markers denote the UMAP representation of the embedding gener-
ated for training and left-out dataset samples, respectively. In Figure i, we colored all samples by their
ER labels. First of all, we draw attention to the external set data points that are clustered entirely separately
from the training samples. This shows that the standard embedding does not precisely generalize to left-out
samples. More importantly, we do not see a general direction of separation for the ER labels that is valid
for both the training and left-out samples; (ER+ samples are clustered on the right for training samples and
mainly on the left for external samples). This clustering indicates that the manifold learned for the training

samples does not transfer to the external dataset. We observed the same scenario when we colored the same
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plots by cancer grade (Figure ii).

To examine whether the adversarial deconfounding autoencoder can better generalize to a separate
dataset, we created UMAP plots (as in Figure [3.5h) for the AD-AE embedding (Figure [3.5p). We em-
phasize that it is not possible to distinguish training from external samples because the circle and diamond
markers overlap one another. But the critical point is the separation of samples by ER label (Figure
i). Observe that ER- samples from the training set are concentrated on the upper left of the plot, while
ER+ samples dominate the right. The same direction of separation applies to the samples from the external
dataset. This plot concisely demonstrates that when we remove confounders from the embedding, we can
learn generalizable biological patterns otherwise overshadowed by confounder effects. We applied the same

analysis using the cancer grade labels and again observed the same pattern (Figure ii).

3.3.3 AD-AE can successfully predict biological phenotypes

To show that AD-AE preserves the true biological signals present in the expression data, we predicted can-
cer phenotypes from the learned embeddings. In Chapters and we visualized our embeddings
to demonstrate how our approach removes confounder effects and learns meaningful biological representa-
tions. Nonetheless, we wanted to offer a quantitative analysis as well to thoroughly compare our model to a
standard baseline and to alternative deconfounding approaches. After generating embeddings with AD-AE
and competitor models, we fit prediction models to the embeddings to predict biological phenotypes of in-
terest. We also applied the prediction test on different domains to examine how well the learned embeddings
generalized to external test sets and measure the generalization gap for each model as a metric of robustness.

In Figure [3.6h, we show the ER prediction performance of our model compared to all other baselines.
To predict ER status, we used an elastic net classifier, tuning the regularization and 11 ratio parameters
with 5-fold cross validation. We recorded the area under precision-recall curves (PR-AUC) since the labels
were unbalanced. We separately selected the optimal model for each embedding generated by AD-AE and
each competitor. To measure each method’s consistency, we repeated the embedding generation process 10
times with 10 independent random trainings of the models, and we ran prediction tasks for each of the 10
embeddings for each model. We used linear models for the prediction for two reasons. First, the sample size

was small due to the missingness of phenotype labels for some samples and the splitting of samples across
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domains, which made it difficult to fit complex models. Second, reducing the expression matrix dimension

size let us reduce complexity and fit simpler models to capture patterns.

We trained AD-AE and the competitors using only four datasets, leaving the fifth dataset out. To train
the linear prediction model, we left out 20% of the samples from the four datasets for testing, trained the
model using the rest of the samples, then predicted on the left-out infernal samples to measure PR-AUC. To
measure prediction performance of the external dataset, we used the exact same training samples obtained
from the four datasets and then predicted for the external dataset samples. In Figure i, observe that
for the internal dataset, our model barely outperforms other baselines and the uncorrected model. This is
expected: when the domain is the same, we might not see the advantage of confounder removal. However,
Figure ii shows that when predicting for the left-out dataset, AD-AE clearly outperforms all other

models. This result shows that AD-AE much more successfully generalizes to other domains.

We repeated the same experiments, this time to predict cancer grade, for which we fit an elastic net
regressor tuned with 5-fold cross validation, measuring the mean squared error. Figure shows that for
the internal prediction, our model is not as successful as other models; however, it outperforms all baselines
in terms of external test set performance. This result indicates that a modest decrease in internal test set
performance could significantly improve our model’s external test set performance. We further investigated
the effect of the embedding size on the internal and external test set prediction performances and showed

that AD-AE can successfully predict biological phenotypes of interest for a wide range of embedding sizes

(Chapter [B.2]and Figure [B.3).

Moreover, we showed that the generalization gap of AD-AE is much smaller than the baselines we com-
pare against (Figure[3.6). We calculated the generalization gap as the distance between internal and external
test set prediction scores. A high generalization gap means that model performance declines sharply when
transferred to another domain; a small generalization gap indicates a model can transfer across domains
with minimal performance decline. Therefore, AD-AE successfully learns manifolds that are valid across

different domains, as we demonstrated for both ER and cancer grade predictions.
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3.3.4 AD-AE embeddings can be successfully transferred across domains

We next extend our experiments to the TCGA brain cancer dataset to further evaluate AD-AE. We trained
our model and the baselines with the same procedure we applied to the breast cancer dataset and again fitted
prediction models. We first trained an elastic net classifier to predict cancer subtype (LGG vs GBM) from
the embeddings. We trained the predictor model using only female samples and predicted for male samples.
We then repeated this transfer process, this time training from male samples and predicting on females. Note
that the autoencoder was trained from all samples (male and female), and prediction models were trained
from one class of samples (e.g., males) and transferred to another class (e.g., females). This experiment was
intended to evaluate how accurate an embedding would be at predicting biological variables of interest when
the confounder domain is changed. Figure[3.7)shows that AD-AE easily outperforms the standard baseline

and all competitors for both transfer directions.

We find this result extremely promising since we offer confounder domain transfer prediction as a metric
for evaluating the robustness of an expression embedding. Researchers want to generate informative embed-
dings that encode biological signals without being confounded by out-of-interest variables (e.g., sex). We
note that the confounder variable is data and domain dependent, and sex can be a crucial biological variable
of interest for certain diseases or datasets. In this experiment, we wanted to learn about cancer subtypes and
severity independent of a patient’s sex. We succeed at this task of accurately predicting complex pheno-
types regardless of the distribution of the confounder variable. We also highlight that our model can solve
the problem of class imbalance that commonly occurs in domain shift [139]. Figure [3.7¢ shows that the
distribution of cancer subtypes differs for male and female domains. This might lead to discrepancies when
transferring from one domain to another; however, AD-AE embeddings could be successfully transferred
independent of the distribution of labels, a highly desirable property of a robust expression embedding. We
also subsampled from the subtype classes to carry out the transfer experiments on the simulated balanced
dataset and demonstrated that AD-AE could successfully transfer across domains in both cases of balanced

and imbalanced class distributions (Chapter [B.3]and Figure [B.4).

We repeated the transfer experiments using age as the continuous-valued confounder variable. Other
models were not applicable for continuous valued confounders; thus, we could compare only to the standard

baseline. For the prediction transfer experiments, we again fit an elastic net classifier to predict cancer sub-
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type and separated the samples into two groups: samples with age within one standard deviation (i.e., center
of the distribution), and samples with age beyond one standard deviation (i.e., edges of the distribution).
Figure|3.8 shows the age distribution of the brain cancer dataset, highlighting the samples in the center and
on the edges. We trained the predictor on the center samples and predicted for samples on the edge, and
vice versa (Figure & b). Our model substantially outperforms the standard baseline in both transfer di-
rections. Especially, when we trained on samples within one standard deviation and predicted for remaining
samples, we can see a huge increase in performance compared to the standard baseline. This case simulates
a substantial age distribution shift. It is promising to see that disentangling confounders from expression
embeddings can be the key to capturing signals generalizable over different domains, such as different age

distributions.

3.4 Discussion

Gene expression datasets contain valuable information central to unlocking biological mechanisms and un-
derstanding the biology of complex diseases. Unsupervised learning aims to encode information present
in vast amounts of unlabeled samples to an informative latent space, helping researches discover signals
without biasing the learning process. Hindering the learning of meaningful representations is the fact that
gene expression measurements often contain unwanted sources of variation, such as experimental artefacts
and out-of-interest biological variables. Variations introduced by these confounders can overshadow the
true expression signal, preventing the model from learning accurate patterns. Particularly when we combine
multiple expression datasets to increase statistical power, we can learn an embedding that encodes dataset
differences rather than biological signals shared across multiple datasets.

In this chapter, we addressed such batch effects and confounders observed in gene expression mea-
surements and introduced the Adversarial Deconfounding Autoencoder (AD-AE) to generate expression
embeddings robust to confounders. AD-AE trains two neural networks simultaneously, an autoencoder to
generate an embedding that reconstructs the original data successfully and an adversary model that predicts
the selected confounders from the generated embedding. We jointly optimized the two models; the autoen-
coder tries to learn an embedding free from the confounder variable, while the adversary tries to predict the

confounder accurately. On convergence, the encoder learns a latent space where the confounder cannot be
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predicted even using the optimally trained adversary network.

We evaluated our model based on (1) deconfounding of the learned latent space, (2) preservation of bio-
logical signals, and (3) prediction of biological variables of interest when the embedding is transferred from
one confounder domain to another. We experimented with two datasets, KMPlot breast cancer expression,
where we used dataset labels as the confounder variable, and TCGA brain cancer RNA-Seq expression,
where we used both sex and age as separate confounders. For these different use cases, we showed that
AD-AE generates deconfounded embeddings that successfully predict biological phenotypes of interest.
Importantly, we showed the advantage of our model over standard autoencoder and alternative deconfound-
ing approaches on transfer experiments, where our model generalized much better to different domains.

A potential limitation of our approach is that we extend an unregularized autoencoder model by incor-
porating an adversarial component. We can improve our model by adopting a regularized autoencoder such
as denoising autoencoder [99]], or variational autoencoder [45]. In this way, we could prevent model over-
fitting and make our approach more applicable to datasets with smaller sample sizes. Another limitation is
that although our model can train an adversary model to predict a vector of confounders, we have not yet
conducted experiments to correct for multiple confounders simultaneously. We could extend our model by
incorporating multiple adversarial networks to account for various confounders.

AD-AE is an adversarial approach for generating confounder-free embeddings for gene expression that
can be easily adapted for any confounder variable. In this chapter, we tested our model on cancer expression
datasets since cancer expression samples are available in large numbers. However, we would like to extend
testing to other expression datasets as well, including samples from different diseases and normal tissues.
We also see as future work experimenting on single cell RNA-Seq data to learn informative embeddings
combining multiple datasets.

Furthermore, investigating the deconfounded latent spaces and reconstructed expression matrices learned
by AD-AE, as we have done in Chapter 2] using feature attribution methods such as ‘expected gradients’
[[140; [141] would allow us to detect the biological differences between the confounded and deconfounded

spaces and carry enrichment tests to understand the relevance to biological pathways.
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Figure 3.5: UMAP plots of AD-AE external dataset embeddings UMAP plots of embeddings generated
by (a) standard autoencoder, and (b) Adversarial Deconfounding Autoencoder. Plots are colored by (i)
Estrogen Receptor (ER) labels, and (ii) cancer grade labels. The circle and diamond markers denote training
and external dataset samples, respectively. The gray dots denote samples with missing labels. For clarity,
the subplots for the training and external samples are provided below the joined plots.
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Figure 3.6: Phenotype prediction plots. (a) Estrogen Receptor (ER) prediction plots for (i) internal test
set, and (ii) external test set. (b) Cancer grade prediction plots.
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Figure 3.7: AD-AE: Transferring AD-AE embeddings. Glioma subtype prediction plots for (a) model
trained on female samples transferred to male samples and (b) model trained on male samples transferred to
female samples. (c) Subtype label distributions for male and female samples.
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Figure 3.8: AD-AE: Transferring AD-AE embeddings across different age groups. Glioma subtype
prediction plots for (a) model trained on samples beyond one standard deviation of the age distribution (i.e.,
edges of the distribution) transferred to samples within one standard deviation (i.e., center of the distribu-
tion), and (b) vice versa. (c) Age distributions of all samples. Comparison to other approaches was not
possible due to inapplicability of these methods on continuous-valued confounders.
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Chapter 4

Reducing peptide sequence bias in
quantitative mass spectrometry data with

machine learning

The work presented in this chapter is adapted from the manuscript [142]] accepted for publication by Journal
of Proteome Research, available in bioRxiv:

Ayse B. Dincer, Yang Lu, Devin Schweppe, Sewoong Oh, William Stafford Noble. Reducing peptide se-
quence bias in quantitative mass spectrometry data with machine learning. bioRxiv 2022.04.11.487945; doi:

https://doi.org/10.1101/2022.04.11.487945.

4.1 Background

In Chapters [2| and |3, we focused on gene expression profiles and developed deep learning approaches to
address the fundamental issues preventing us from capturing biological signals associated with these mea-
surements. While gene expression data allows investigating cellular mechanisms and reveals key insights
into disease, the abundances of transcripts, mRNAs, cannot precisely reflect the protein abundances. Un-
derstanding the protein expression patterns is important since proteins take part in essentially all cellular

function ranging from DNA replication and protein production to controlling cell division and regulating
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the metabolism [[143]. As discussed extensively in Chapter |1} while related, gene and protein expressions
are not highly correlated, highlighting that the protein abundances themselves might reveal biological signals
that are not possible to detect by studying gene expression profiles alone. Thus, studying and understanding
the proteome, the entire set of proteins functioning in a certain location in the cell at a specific time, is

crucial for understanding the cellular mechanisms.

Mass-spectrometry-based (MS) methods make it possible to identify and quantify thousands of peptides
in a complex biological mixture. While there are techniques to directly identify and quantify proteins, due
to many challenges associated with analysis at the protein level, bottom-up workflows are prevalent [144].
In bottom-up analysis, proteins are first digested into peptides, which are much smaller molecules that can
be more efficiently detected [145]. After sample preparation, fragmentation, protein excision, and digestion
of the proteins into peptides, the peptides are separated (e.g., using liquid chromatography column) to be
passed to the mass spectrometer [146]. A mass spectrometer, the key instrument in a proteomics experi-
ment, ionizes these peptides (e.g., using electrospray ionization) and separates them by mass using electric
or magnetic field. The output of the experiment is a mass spectrum (MS1 spectrum) showing the intensity
for a range of mass-to-charge ratios [146]. The peptides are then fragmented for the tandem mass spectrom-
etry (MS/MS) stage which outputs a second spectrum (MS2 spectrum) [[145]. This tandem mass spectra are
searched across peptide sequence databases such that peptide sequences can be identified and matched with

proteins. In the end, we get a list of peptides and proteins that exists in the mixture.

A mass spectrometer can also be used for quantifying the peptides to obtain the absolute concentration
of a protein or the relative abundances between pairs of samples [147]. Many different techniques exist
for quantification of peptides, such as label-free quantification by consecutive MS runs, quantification with
heavy isotope labeling (e.g., SILAC), or multiplexed proteomics using isobaric mass tags [147]. Especially
sample-multiplexing approaches, such as tandem mass tag (TMT), allow quantifying over 10 samples within

one run, enabling efficient and reliable quantification of thousands of peptides from large number of samples.

Such an improvement in protein quantification increased the number of large-scale proteomics datasets
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such as Clinical Proteomic Tumor Analysis Consortium (CPTAC) with over 500 cancers profiled [148] or
Cancer Cell Line Encyclopedia (CCLE) dataset consisting of 375 cancer cell lines with protein expression
[149]. The growing number of datasets makes it possible to investigate the changes in protein abundance in
response to environmental changes, disease, or different experimental conditions, which can lead to a better
understanding of pathogenicity mechanisms and functional pathways [150]. Proteomics analysis further
facilitates the detection of diagnostic markers and generation of candidates for vaccine production [[150]
as well as enabling the study of protein modules and networks [[144]. Mass spectrometry is also the only
method for studying post translational modifications (PTMs). Identification and characterization of pro-
tein modifications (e.g., phosphorylation, ubiquitylation, and methylation) are essential since they can play
critical roles in signaling and cell regulation. Other applications of proteomics include analysis of protein

structure, inference of proteotype-phenotype and proteotype-genotype associations [[144].

While mass spectrometry experiments enable quantifying thousands of peptides in a complex biological
mixture for the exploration of cellular mechanisms, it is quite challenging to accurately detect and quantify
proteins. A mass spectrometry experiment involves many different stages, each with its unique shortcomings
and biases. Thus, these measurements are prone to experimental noise and biases that impair quantification
accuracy, yielding peptide quantities that are systematically under-/over-estimated or that fluctuate from run
to run. All quantitative measurements from MS experiments, regardless of how the quantitative values are
extracted from the data—using labeling strategies such as iTRAQ or TMT, peak areas from precursor scans,
or spectral counts— exhibit biases. In general, “bias” in our context means that quantitative measurements
from a mass spectrometry experiment are systematically skewed, either positively or negatively, relative to
the true abundance of the measured molecular species. Some of these biases depend in part on properties
of the peptide sequence, such as how susceptible the peptide is to enzymatic cleavage, how efficiently the
peptide traverses the liquid chromatography column, how easily the peptide ionizes in electrospray, and
how easily and uniformly the peptide fragments in the dissociation phase of the MS/MS. In this chapter,
we address these peptide-specific biases that occur in proteomics experiments, with the goal of improving

quantification accuracy.

Numerous efforts have been made to identify and quantify these sequence-specific effects [1515 [152;
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153;1154;1155;1156;1157]. For example, a protein’s “proteotypic peptides”—peptides that are repeatedly and
consistently identified for a given protein—can be identified using machine learning methods that take into
account a wide range of physicochemical properties of amino acids, including charge, secondary structure
propensity and hydrophobicity. Peptide hydrophobicity, in particular, strongly affects ionization in electro-

spray settings [[158;159].

In this chapter, we focus on biases that arise directly from the amino acid sequence itself. Many biases
exist that our approach is not designed to address. This includes, for example, the effect of secondary or
tertiary protein structure, which could inhibit cleavage by trypsin, as well as competitive effects due to
chromatographic coelution of other peptides. We focus on sequence-induced biases because our machine

learning framework depends on peptide-level labels, as we describe below.

Our goal is to train a machine learning model to quantify these peptide-specific properties, with the aim
of adjusting the observed quantities to remove these effects. Our approach rests on two primary assump-
tions. First, we assume that each peptide is measured in its linear dynamic range and that the observed
measurement ¢;; of peptide ¢ in run k can be decomposed into a peptide coefficient ¢; and an adjusted pep-
tide abundance oy, such that ¢;; = c;o,. Second, we assume that unique sibling peptides, i.e., peptides that
occur exactly once in the protein database and that co-occur on a given protein sequence, should have equal
abundances within a single MS/MS run. We use these assumptions to train a deep neural network, Pep-
per, that takes as input a peptide sequence p; and charge state z; and produces as output the corresponding

peptide coefficient ¢;, thereby revealing the adjusted peptide abundance ;.

We demonstrate that, by removing peptide-specific effects from the observed MS/MS quantities, the
adjusted abundance values «; provide more accurate abundance measurements than the observed values.
First, we provide empirical evidence for the consistency of peptide coefficients inferred from disjoint sets of
runs, and we show that a Pepper model trained to predict these coefficients can generalize to new peptides
in new runs. We demonstrate the robustness of the approach to the type of noise that one would expect
to arise from the presence of proteoforms in the sample that are not represented in the reference proteome
database that was used during the original processing of the data. We show that the learned coefficients
exhibit significant correlation with several key peptide properties, in agreement with previous research [[151;

152;1153; 11545 11555 [157; 1156]. We also show that the adjusted peptide abundances yield a small but highly
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Year Model Experiment type

Mallick et al. [[151] 2006 Gaussian mixture model DDA

Sanders et al. [152] 2007 Neural network DDA

Webb-Robertson et al. [153] 2008 Support vector machine DDA

Fusaro et al. [[154] 2009 Random forest Targeted MS
CONSeQuence [[155] 2011 Ensemble model Absolute quantification
PREGO [156] 2015 Neural network Targeted MS

PPA [157] 2015 Neural network DDA

Table 4.1: Methods for predicting proteotypic peptides.

significant improvement in the degree of correlation between MS/MS and mRNA-based gene expression
measurements. We provide The Apache licensed Pepper source code for training models from MS/MS data,
which can be used to de-bias any given matrix of peptide-level abundances:

(http://github.com/Noble-Lab/Pepper).

4.1.1 Related work

The measurements produced by a mass spectrometry experiment invariably exhibit biases. In particular,
among the many thousands of distinct tryptic peptides in a complex biological mixture, only a small frac-
tion are typically observed [[160], and some peptides are preferentially identified regardless of whether they
occur on the most abundant proteins [[151]. These commonly observed peptides are called proteotypic pep-
tides, and automatically identifying them can be important for accurate protein detection and quantification
[151]. In particular, better understanding of the biases underlying proteotypicity can lead to changes in ex-
perimental design, and knowing the potentially observable peptides for a protein beforehand might increase
our confidence in the identification of missing proteins in a sample [[152]. Accordingly, numerous methods
have been developed to predict proteotypic peptides using machine learning.

The first such method used physicochemical properties of amino acids summarized at the peptide level
and selected properties that can most successfully differentiate observed versus unobserved peptides us-
ing Kolmogorov-Smirnov and Kullback-Leibler distances [[151]. Using these most discriminative features,
Mallick et al. fitted a Gaussian mixture likelihood function to predict the probability of detection for each
peptide, thereby achieving a test accuracy above 85%. The trained model showed robust performance across

various datasets and organisms.
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Thereafter, a series of machine learning methods were developed to improve the accuracy of proteotypic
peptide prediction and to target the predictions to particular applications (Table {.T). Sanders ez al. [152]
developed a neural network-based predictor, which can encode non-linear relations among the input features.
Similarly, Webb-Robertson et al. [153]] developed a non-linear support vector machine classifier to predict
proteotypic peptides, after first applying the Fisher Criterion Score to select a subset of peptide features
to train on. Unlike previous approaches, they jointly predict proteotypicity (i.e., detection probability) and
the elution time of a peptide. Several methods focused on predicting which peptides will be most useful
in a targeted MS setting. In one such study, Fusaro ef al. used a random forest classifier for the prediction
of high-responding peptides to be used as targets [154], and Searle et al.’s PREGO model [156] adopted
a similar approach, using data independent acquisition (DIA) fragment intensities to define their training
set. The Peptide Prediction with Abundance (PPA) method also uses a neural network and predicts not only
the probability of detection for the peptide but also the corresponding protein abundance that would enable
detecting that peptide [[157]. Finally, CONSeQuence uses a consensus machine learning approach—an
ensemble of support vector machine, random forest, genetic programming, and neural network models—to

select peptides for absolute quantification experiments [[155].

All of the studies cited above have focused on identifying proteotypic or high-responding peptides.
In contrast, our goal is to quantify the peptide biases in quantitative MS experiments. Thus, rather than
classifying the peptides as low-responding versus high-responding, we aim to learn peptide coefficients that
can allow us to reduce bias in our measurements. To our knowledge, ours is the first machine learning

approach to quantifying sequence-induced bias for mass spectrometry.

Another key point that differentiates our work from the previous studies is that instead of using the
physicochemical properties of the amino acids, we take the peptide sequence itself as input. Using the
physicochemical properties of peptides has many intrinsic limitations. Most importantly, all previous studies
used the amino acid properties summarized at the peptide level (e.g., using the mean or sum) which results
in losing sequence-specific information. In practice, small changes in the order of amino acids within a
peptide sequence might significantly affect how the peptide behaves in a mass spectrometer. Therefore, our
model can potentially explain biases that a model trained solely on summary-level peptide properties might

fail to capture. Our sequence-based approach has the added advantage that we do not need to worry about
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Figure 4.1: Peptide coefficient predictor. The neural network architecture for predicting peptide coeffi-
cients. The network takes as input the one-hot encoded peptide sequence and the charge state, and runs
through convolutional layers followed by densely connected layers to output a peptide coefficient.

pre-processing large tables of peptide features in order to reduce redundancy, as was done in many previous

studies [151;[152;153;[156;[155].

4.2 Methods

4.2.1 A neural network model for predicting peptide coefficients

We designed a neural network architecture, Pepper, that aims to learn peptide coefficients from quantitative
mass spectrometry measurements (Figure[d.I)). The inputs to Pepper are a matrix of measured peptide abun-
dances and corresponding databases of peptides and proteins. Say that we are given a matrix () of peptide
measurements, where g;j, is the observed abundance of peptide ¢ in run k. We column normalize () so that
the sum of all abundances within a given run is constant across runs. We are also given a peptide database P
and corresponding protein database P. For the purposes of training our model, we preprocess P to eliminate
all peptides that appear in more than one protein. In addition, to reduce issues related to unexpected prote-
oforms, we identify any peptide that contains a variable modification, such as phosphorylation or oxidation
of methionine, and we eliminate both the modified and unmodified form of the peptide from P. Similarly,
we eliminate all peptides that overlap one another, due to missed or non-enzymatic cleavages. Finally, we
retain in P only proteins that contain at least two unique peptides. The column normalization was applied
to the raw abundances without applying any other transformation and after the filtering of the peptides.

Pepper takes as input one-hot encoded peptide sequence (i.e., a binary representation in which each
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Total Filtered

Dataset Runs Proteins Peptides Proteins Peptides #Quants % missing Accession
Slevlek et al. 18 3,529 34,490 2,669 23,971 269,039 37.65 PXDO001010
Thomas et al. 103 4,479 25,311 3,199 19,742 884,245 59.65 PXDO010437
Guo et al. 120 3,171 22,554 2,122 14,472 1,736,638 0.00 PXD003539
CPTAC S16 95 36,350 164,395 4,129 19,151 193,069 89.39 CPTAC S016
CPTAC S19 30 53,143 93,704 5,727 13,583 141,645 65.24 CPTAC SO19
CPTAC S37 100 40,089 172,589 3,670 18,392 202,465 88.99 CPTAC S037
CPTAC S47 226 43,984 189,784 3,587 22,601 1,286,418 74.81 CPTAC S047
CPTAC S48 109 67,395 462,909 4,887 42,015 1,773,366 61.28 CPTAC S048
CPTAC S49 330 72,659 585,621 5,768 58,909 6,314,106 67.52 CPTAC S049
CPTAC S51 35 51,632 291,317 3,810 30,184 603,070 4291 CPTAC S051
CPTAC S54 191 68,240 489,102 5,166 45,184 3,018,826 65.02 CPTAC S054
CPTAC S58 217 75951 639,233 5,519 51,255 3,556,689 68.02 CPTAC S058
CPTAC S61 248 68,424 618,020 5,232 52,820 3,389,987 74.12  CPTAC S061

Table 4.2: Pepper datasets. The table lists datasets used in the study. The numbers of peptides and pro-
teins are given before (“Total”) and after (“Filtered”) eliminating shared peptides and peptides with missed
cleavages, peptides that occur in modified and unmodified forms, and peptides with no siblings.

amino acid is represented using 20 bits, exactly one of which is set to 1), p;, along with the charge state, and
produces as output the corresponding coefficient ¢; (i.e., f(p;)). The network is then trained using a loss
function that captures our assumption that the adjusted abundances of all sibling peptides should be equal to

one another and, thus, should be equal to the adjusted abundance of the corresponding protein, p:

LQ, P, f() =YD gk — F(pi)ap)? 4.1)

k=1 peP pi€p

where «,, . is the adjusted abundance of protein p in run % and « is the number of runs in (). The model is
trained subject to the constraints Vi ¢; > 0 and V, 1, a,, > 0. Note that the resulting coefficients can be

used to adjust the measured abundances of all peptides, not just unique peptides, via a;;, = L&,

We note that the elements of the o matrix are parameters of our model which we optimize along with the
network weights while training the model. When calculating the loss function in Equation we initialize
the o matrix to the median observed peptide abundance per protein. To obtain the final adjusted protein
abundance matrix & for a test set, we optimize over the fixed set of () matrix and predicted c¢; values, and

we use the resulting & to calculate the final loss for the test set.
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4.2.2 Data sets

To train and validate Pepper, we downloaded a collection of quantitative proteomics data from a variety
of previous studies (Table 2). In most cases, we directly downloaded a matrix of peptide-level quantities.
For the CPTAC datasets, we downloaded matrices of PSM-level quantities, for which we followed the
steps decsribed below to map to the peptide level. These studies employed a variety of instrument types,
acquisition strategies, and processing pipelines, but Pepper is designed to be agnostic to the specifics of the
underlying quantitation strategy.

The primary dataset was obtained from Guo e al. [161]. The data was generated from NCI-60 can-
cer cell lines using the PCT-SWATH workflow. Two replicates were obtained for each cell line, resulting
in a total of 120 runs. SWATH-MS acquisition was used in a Sciex TripleTOF 5600 mass spectrometer
with 32 windows of isolation width of 25. Peptides were detected at a peptide-level FDR threshold of 1%
with OpenSWATH, using a human cancer cell line spectral library containing 86,209 proteotypic peptide
precursors.

The other datasets were selected to reflect a range of instrument types, experimental protocols, and
quantification methods (Table 4.2). The Slevlek er al. and Thomas er al. datasets provided peptide-level
matrices of intensities. The CPTAC datasets were processed to obtain peptide quantities from the PSM files
by repeating the preprocessing pipeline implemented by the CPTAC consortium, which starts with selecting
the highest observed intensity for each sample and peptide across all fractions. Each sample was analyzed
in 24 or 25 fractions, depending on the dataset. For each peptide, we selected the PSM with the highest
“Total Ab” (i.e., total intensity across all TMT channels) among all fractions. The result is a peptide-by-
sample matrix of measured intensities.

For each dataset, we normalize the peptide measurements so that the sum of peptide abundances is equal

across all runs. This normalization is carried out after filtering peptides, as described next.

4.2.3 Filtering peptides

For a given quantitative matrix, we construct a filtered set of unique peptides by reducing the number of
rows (peptides) in the matrix in four steps. First, we identify all peptides that occur in more than one

protein, and we eliminate these from the matrix. Second, we identify all peptides that occur in both modified
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and unmodified forms, and we eliminate these from the matrix. Third, we eliminate all pairs of peptides
that overlap one another due to missed cleavages. Fourth, among the remaining peptides, we identify and
remove singletons, i.e., peptides with no siblings. The remaining peptides comprise the set of “filtered”
peptides (Table[d.2). Note that if a peptide occurs in more than one charge state, these are treated as distinct
peptides.

For input to the model, each peptide is encoded in a 1206-dimensional vector. The first six dimensions
represent a one-hot encoding of the charge state (from +1 to +6). The remaining 1200 dimensions repre-
sent the peptide sequence, where each position is encoded with a 20-dimensional vector corresponding to

different amino acids, up to a maximum length of 60.

4.2.4 Train and test set construction

To construct the train/test split, we split the data along two axes. First, we randomly segregate the runs in a
ratio of 80%/20%. In this step, if a dataset contains replicate sets of runs, we make sure to keep the replicate
runs within the same set. Second, we identify all proteins that contain at least one pair of sibling peptides,
and we segregate the proteins into train and test sets in the same ratio.

The training set is comprised of all peptides that occur in training proteins, using measurements drawn
from the training set runs. Conversely, the test set contains measurements of peptides within test proteins
and measured in test runs. We also defined a validation set with the same process by splitting the training
set into training and validation runs with a ratio of 90%/10%. We used this validation set for optimizing our

deep learning model, such as hyperparameter tuning and early stopping.

4.2.5 Neural network architecture and training

The Pepper network takes as input the one-hot encoded peptide sequence and charge states and outputs a
peptide coefficient. The neural network consists of a 2D convolutional layer containing 20 x k filters, each
of which effectively extracts k-mers from the sequence. The output is flattened and concatenated with the
charge state, which is then passed to the dense layers. ReLu activaton is used in each layer, and dropout
layers are included after every layer. Pepper is trained using the Adam optimizer with an initial learning rate

of 0.001 with gradient normalization. Early stopping on the validation set is used with a patience of 100
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epochs and a threshold of 0.01 improvement in the loss. The best model, as measured by the loss function
(Equation on the validation set, is recovered when the training is done.

When calculating the loss function to update the model, we also take into account the protein labels P
and the peptide-level measurements (); however, these are not inputs to the model and thus are not used
once the model has been trained. Note that missing values or zeros in the () matrix are excluded from the
loss calculation. The calculated loss values are normalized by dividing them by the total number of peptides
and runs, which enables direct comparison between training, validation, and test sets.

Along with the dense and convolutional layers, we also define the o matrix as one of the parameters of
our model, which we update while optimizing our loss function. We initialize the o matrix as the median
abundance per protein.

For hyperparameter tuning, we used a random search over a grid of hyperparameters. Specifically, we
sampled from a grid of filter size (3, 4, 5, 6, 7), number of filters (5, 10, 20, 40), number of layers (1, 2, 3,
4, 5), number of hidden nodes (10, 20, 40, 80), dropout rate (0.0, 0.25, 0.5, 0.75), learning rate (5e-4, le-3),
and batch size (500, 1000), selecting the hyperparameters that yield the lowest loss (Equation on the
validation set. The selected hyperparameters were 10 filters each with a size of 3, a total of 4 hidden layers
with 40 nodes in each dense layer, trained with a learning rate of 0.001, batch size of 1000, and a dropout
rate of 0.25.

We repeated the hyperparameter selection procedure for each dataset separately, extending the grid
when necessary, and selected the optimal hyperparameters. We used the same model architecture for all the

CPTAC TMT11 datasets. We implemented our model using Keras with a Tensorflow backend.

4.3 Results

4.3.1 Empirical investigation of peptide coefficients

Prior to training a machine learning model to predict peptide coefficients from sequence, we investigated
whether we observe consistency of quantities between pairs of sibling peptides across multiple MS runs. For
this and most of the remaining experiments, we used SWATH-MS data obtained from the NCI-60 cancer

cell lines [161]. The data consists of a total of 14,472 peptides and 120 runs, where two replicate runs were
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Figure 4.2: Consistency of sibling peptide ratios across experiments. The figure plots the log ratio of
intensities of pairs of peptides across pairs of MS runs. Each point corresponds to a randomly selected pair
of (A) non-sibling or (B) sibling peptides observed in a randomly selected pair of runs. Each panel contains
10,000 randomly selected pairs.

carried out for each of the 60 cancer cell lines. We made a list of all peptides identified in any one of the runs,
and we eliminated shared peptides (i.e., peptides that appear in more than one protein) from the list. We then
randomly selected a pair of unique peptides (p;, p;) and a random pair of runs (7, r¢). If both peptides were
observed in both runs, then we recorded the corresponding observed quantities (¢;x, gir, gjk, ¢;¢). We assume
that each of these quantities can be decomposed into a peptide coefficient and an adjusted abundance; e.g.,
gk, = c;;,. Furthermore, we hypothesize that the adjusted abundances for a sibling peptide pair should
be approximately equal to one another; i.e., if p; and p; are siblings, then a;, ~ ;i and oy ~ ajp. It
follows, therefore, that the ratio of the abundances for the two sibling peptides between the two runs should

be approximately equal:

ik _ CGiCik _ %k ik CiQk 4k

= =

qi¢ CiQiy Ay Qe Cijp qje

By contrast, we do not expect to observe any correspondence between ratios of pairs of non-sibling peptides.

To test our hypothesis, we repeated this sampling procedure many times and segregated the observed
cross-run ratios into sibling and non-sibling pairs. The results of these analysis show evidence for con-

sistency of peptide coefficients across runs (Figure .2)): the Pearson correlation between intensity ratios
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Figure 4.3: Predicting peptide coefficients across proteins and runs. (A) The figure plots a histogram
of the difference between the observed and adjusted peptide quantities of all sibling peptide pairs, on a
logarithmic axis, for the test peptides and runs. (B) The figure plots the coefficient of variation (CV) before
and after adjustment, for the test proteins and runs. (C) The figure plots a histogram of the difference
between the coefficient of variation for the observed and adjusted peptide quantities for the test proteins and
runs in (B).

of peptides are 0.39 and 0.03 for sibling and non-sibling peptides, respectively. This high correlation be-
tween ratios of sibling peptides demonstrates that sibling peptide measurements can be used as anchors for

quantifying the peptide biases.

4.3.2 The model successfully generalizes to new peptides in new runs

Directly computing ratios of sibling peptide abundances is not a suitable strategy for inferring sequence-
induced bias because the empirical ratios potentially reflect additional bias and noise. Accordingly, we
turned to our neural network model, which learns to predict the peptide coefficient directly from the peptide
sequence and charge state. We hypothesized that, if a Pepper model is truly learning sequence-specific bi-
ases, then the model should be able to generalize to new runs and new peptides. Accordingly, we segregated
our data into a collection of training and test runs, and we similarly segregated proteins into train and test
sets. We then trained a model using only training proteins drawn from the training runs, and we used the
trained model to adjust the quantities associated with test proteins in the test runs.

The results of this experiment show that the model successfully generalizes (Figured.3]A). In particular,
we find that the model reduces the loss—i.e., it succeeds in pushing the sibling peptide abundance differ-

ences closer to zero—in the test set. The kurtosis of the distribution of sibling peptide abundance differences
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is also reduced from 6.01 to 5.18, highlighting the peak at O after adjusting with Pepper coefficients.

We repeated the training of the model 10 times with different random initializations and obtained an
average loss reduction (i.e., Equation of 28.71% in the test set. We also computed the coefficient
of variation (CV) per protein (i.e., the standard deviation divided by the mean across all peptides in the
protein), before and after adjusting with Pepper coefficients, and observed that CV decreases for the majority
(71.3%) of the test proteins (Figure [4.3B-C), highlighting the ability of the model to reduce the within-
protein variance in test set abundances. To further examine the proteins which lead to an increase in the CV,
we recorded the CV change in proteins with >5 peptides and observed that an even higher percentage of

proteins had a decreased CV (80.8%).

To further visualize this result, we selected the 10 proteins from the test set with the highest number
of quantified peptides and plotted the abundance of all peptides occurring on each protein before and after
adjusting with the coefficients (Figure [4.4). In each case, we observe that the adjusted peptide abundances
fall closer to the mean, indicating that our coefficients can minimize the bias in sibling peptide measurements
for an unseen protein. We also report the per-protein change in loss values, alongside the change in CV
for each protein. For all but one of the proteins, an improvement in the loss function corresponds to a
decrease in CV. The only exception is protein 075533, where the increasing CV corresponds to one of
the lowest loss changes. We further examined the results for this protein and found that a peptide with
charge +6 is responsible for the high standard deviation; after excluding this peptide, the CV decreased by
25.4%. This observation matches with our expectation that the Pepper predictions are less reliable for high
charge peptides, because our training set has only a small number of examples for higher charge states.
These results support our two central hypotheses—that measured peptide quantities can be decomposed
into a sequence-specific bias term and that the adjusted peptide quantities for sibling peptides should be
approximately equal—and suggest that Pepper is able to learn to predict the sequence-induced bias terms.
Note that, a priori, we do not expect the model to be capable of reducing the loss to zero, even on the training
set, because the observed data presumably contains many biases that are not predictable from the amino acid

sequence alone.

We next tested whether this approach generalizes to other instrument types, acquisition strategies, and

quantification schemes by training and testing the model using a variety of datasets (Table[d.3). In each case,
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Dataset Instrument  Acquisition Quantification Improvement
Slevlek et al. 5600 TripleTOF DIA SWATH-MS 33.00 (£4.31)
Thomas et al. 5600+ TripleTOF DIA SWATH-MS 27.90 (£4.89)
Guo et al. 5600 TripleTOF DIA SWATH-MS 28.71 (£4.10)
CPTAC S16 LTQ Orbitrap Velos SIM Label Free 22.05 (£2.56)
CPTAC S19 LTQ Orbitrap Velos DDA Label Free 9.55 (£5.05)

CPTAC S37 Q-Exactive Plus SRM Label Free 15.83 (£0.24)
CPTAC S47 Orbitrap Fusion Lumos DDA TMTI11 20.49 (£1.68)
CPTAC S48 Orbitrap Fusion Lumos DDA TMT11 14.88 (£1.91)
CPTAC S49 Q-Exactive HF DDA TMTI11 17.50 (£4.57)
CPTAC S51 Orbitrap Fusion Lumos DDA TMTI11 24.84 (£1.76)
CPTAC S54 Orbitrap Fusion Lumos DDA TMTI11 15.31 (£0.65)
CPTAC S58 Orbitrap Fusion Lumos DDA TMTI1 20.39 (£0.97)
CPTAC S61 Orbitrap Fusion Lumos DDA TMTI11 20.30 (£1.79)

Table 4.3: Performance on various datasets. The table lists a variety of datasets, reporting in the final
column the mean percentage reduction in loss on the test set, relative to the baseline, along with the standard
deviation.

we segregated the runs and proteins into train and tests sets in a ratio of 80% to 20%, and we used a fixed
model architecture for training and testing. We observed that our model can successfully predict coefficients

for datasets with different characteristics, in each case substantially reducing the test set loss relative to the

baseline.

4.3.3 Pepper learns successfully in the presence of mislabeled proteoforms

One potential challenge faced by our model arises from the necessarily incomplete and inaccurate collection
of proteoforms in our database. Even if we train Pepper using data that was processed using a reference
proteome containing many known isoforms, the database cannot possibly account for the huge number of
proteoforms that exist in a complex mixture, including unexpected isoforms, post-translational amino acid
modifications, and truncation events. In practice, the incompleteness of our database will most often give
rise to false positive labels in our training set, i.e., pairs of peptides that we believe to be siblings but which
actually lie on different proteoforms (Figure[4.5]A). To the extent that such false positives occur in real data,
our model will be harder to train.

To investigate the robustness of our approach to proteoform noise, we artificially injected false positives
into our training procedure and examined the behavior of the trained model. Specifically, we created a

training set consisting of 14,472 peptides, and then we randomly permuted the protein labels for a fixed
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percentage of the training peptides. Effectively, we are introducing falsely labeled proteoforms by modifying
the protein labels of the peptides. For a noise level of 0, this corresponds to making no change in the dataset.
A noise level of 100 corresponds to randomly shuffling the protein labels, i.e., randomly assigning each
peptide to another protein that exists in the database. Similarly, for a noise level of 50, we keep the labels
of 50% of the peptides as is and randomly shuffle the labels for the remaining 50%, resulting in half of the
peptides being assigned to a protein other than the original protein they were mapped to. This procedure has
the effect of creating false positive pairs, mimicking pairs of peptides that occur on a single proteoform in

our database but occur on distinct proteoforms in the sample.

This experiment shows that the Pepper model is robust to such noise. We observe a smooth degradation
of performance as the percentage of false positive pairs increases, with the improvement on the test set
remaining above 10% even up to 70% false positives (Figure 4.5B). This result shows that even if our

training set contained label noise, we are able to successfully learn to identify sequence-induced bias.

While we demonstrate the generalizability of our model in the presence of mislabeled sibling peptides,
the test set performance is highly dependent on the number of noisy samples in the training set. Thus, we
aimed to adapt our model to better handle label noise. Borrowing from a popular machine learning tech-
nique, Robust PCA [[162], we extended our coefficient predictor to model the corrupted labels as parameters
to be inferred. Specifically, we trained the same network using a modified loss function that is more robust

to label noise:

n

LQ.P, f() =D (gin — fpi)apr — si)® + A

k=1 peP piE€p =1

(4.2)
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where s; ;. is the noise term associated with peptide 7 and run £. The model is trained subject to the same
constraints as the loss function in Equation The second term in Equation corresponds to the regu-
larizer for the S matrix. The lambda value determines the strength of regularization, which we tuned using

a validation set for each different noise ratio value.

We hypothesized that, by properly accounting for the label noise that we know exists in our data, this
method will improve our ability to accurately infer peptide coefficients. Accordingly, we trained the robust

model and compared the percent improvement across all noise ratios (Figure 4.5B). We observe that the
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Peptide feature 7|
Hydration number 0.451
Relative preference value at N3 (ends of alpha helices) 0.442
Relative preference value at N2 (ends of alpha helices) 0.438

Percentage of exposed residues 0.437
Side chain oriental preference 0.437
Alpha-helix indices for beta-proteins 0.436
Average accessible surface area 0.436
Polar requirement 0.435
Hydrophilicity scale 0.434
Helix initiation parameter 0.431

Table 4.4: Top physicochemical peptide features. The table lists the peptide features yielding the highest
correlation with the learned coefficients. All the features are obtained from the AAindex database [163].
For each feature, the table reports the absolute value of the Pearson correlation coefficient (|r|).

robust model outperforms the regular model, indicating that the robust model is useful for eliminating label
noise. We expect this extension of the model to be especially useful for datasets with high ratios of proteo-
form noise. On the other hand, this extension to the model significantly increases the number of parameters

(by roughly a factor of 5 on average), making the training procedure significantly slower.

4.3.4 The coefficients reflect physicochemical properties of the peptide sequences

Previous machine learning models that aim to characterize peptide-specific biases in the context of identi-
fying, rather than quantifying, peptides from mass spectrometry data have shown that the predictions from
the models correlate strongly with several key peptide features, including hydrophobicity and peptide length
[15151152; 1153511545 [155; 157; 1156]. Accordingly, we segregated Pepper’s coefficient predictions from our
model according to these two features. In both cases, we observe a strong trend (Figure 4.6A-B), with
coefficients taking smaller values for longer peptides or peptides with extreme values (high or low) of hy-
drophobicity, in agreement with previous work. These results indicate that the instruments are yielding
under-estimates of the quantities of long or highly hydrophobic/hydrophylic peptides. By learning small
coefficients for such peptides, our model aims to correct the associated biases.

We further calculated the correlation between the learned coefficients and 494 different physicochem-
ical properties obtained from the AAIndex database [163]. Table lists the highly correlated features,

including polarity, hydration, and structural features. Polarity and hydrophobicity of a peptide determine its
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behavior in the solvent [[152]. Structural features are also highly relevant because the structure can affect
tryptic digestion [151]. It is promising to see our model capturing these properties of the peptides affect-
ing how they behave in the mass spectrometer and adjusting their abundances to provide more accurate

quantification.

While the previous methods relied on amino acid features summarized at the peptide level, they high-
lighted that amino acid composition is a potentially important feature affecting tryptic digestion [151;[152;
155]. Accordingly, we wanted to investigate the effect of amino acid substitutions on the peptide bias. To do
so, we randomly sampled real peptide sequences from the NCI-60 dataset and generated simulated peptide
sequences by substituting each amino acid at every position with every other amino acid. We then used our
trained model to predict coefficients for all pairs of sequences and calculated the differences between the

predicted coefficients.

The resulting clustered heat map (Figure {.6[C) suggests that the learned clusters align with physico-
chemical features of the amino acids. We observe that the two prominent clusters consist of mostly polar
versus non-polar amino acids. Polarity was among the most discriminative features for some previous ap-
proaches [[151;1153;(155]. The polar cluster particularly consists of charged amino acids (D, E, H, K). The
hydrophilicity and the charge of the residues affect fragmentation, ionization, and detection processes and
thus are critical for determining the behavior of a peptide in mass spectrometer [151]. Similarly, the non-
polar cluster contains a group of small amino acids (S, T, G, P, A) where the size of the side chain is known
to be related to the flexibility of the amino acid [[152]. The cluster map also highlights that the learned
coefficients become larger, in general, when a hydrophobic amino acid is substituted with a polar one, indi-
cating that more polar peptides are favored by the instrument. This finding agrees with studies that detected

a negative correlation between hydrophobicity of the peptide and the probability of detection [[156].

We also investigated the effect of the substitution position on the peptide coefficient. We grouped the
scores by position with respect to the N- and C-terminus and plotted the distribution of the coefficients
(Figure 4.6D-E). We find that amino acids at either end of the sequence are strongly related to sequence-
induced bias. This might be because these residues play an important role in susceptibility of the peptide to
enzymatic cleavage or absorption to solid phase extraction matrices [[154]. Recapitulating the features that

were shown to be important for determining the detectability of a peptide in the context of quantification
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Model Test set percent improvement

Pepper 28.72 (£4.10)
Amino acid (1-mer) count linear predictor 13.30 (£5.46)
2-mer count linear predictor 8.48 (£3.05)
3-mer count linear predictor 15.03 (£1.24)

Table 4.5: Performance for baseline approaches. The table lists baseline approaches, reporting in the final
column the mean percentage reduction in loss on the test set, relative to the baseline, along with the standard
deviation.

highlights the biological relevance of the learned coefficients.

4.3.5 Pepper outperforms a simple linear model

The observed correlation between our predicted coefficients and amino acid composition suggests that per-
haps a simple linear regressor trained using compositional features might be sufficient to accurately model
peptide bias. To test this hypothesis, we trained a linear regression model from amino acid counts vector
(i.e., vector of length 20 containing the number of occurences of each amino acid) trained using the same
loss function as our neural network (Equation[d.1I)). We further trained linear regression models trained us-
ing 2-mer or 3-mer counts (i.e., vectors of length 400 or 8000 containing the number of occurrences of each
k-mer).

The comparison of the models (Table shows that Pepper clearly outperforms the alternative ap-
proaches, highlighting that the neural network architecture, which allows for nonlinearities and for depen-

dencies between input features, is essential for the accurate prediction of the coefficients.

4.3.6 Factoring out sequence-specific bias improves correlation with gene expression

One of the criteria for evaluating the success of our approach is whether the adjusted abundances can provide
more accurate quantification. We hypothesized that improving the accuracy of protein quantification would
lead to higher correlation with the mRNA measurements. As has been discussed extensively in the literature,
we do not expect a very strong correlation between these two data modalities, due to effects such as post-
translation modifications and variations in protein degradation rates [164;165]. Nonetheless, we reasoned
that a small proportion of the discordance between protein and mRNA expression might be explained by

sequence-specific biases in the quantitative proteomics data. Accordingly, we used a paired set of RNA-
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Seq and mass spectrometry measurements to calculate the correlation between the gene and protein-level
abundances for each sample before and after adjustment using Pepper. Specifically, NCI-60 protein-level
abundances were available for 60 cancer cell lines, and corresponding gene-level abundances were also
available for 59 of these cell lines. We first preprocessed the gene-level abundances to select the proteins that
are also available in the mass spectrometry dataset as well, and then we calculated the Pearson correlation
per sample, i.e., the correlation between all gene abundances and all protein abundances in one cell line. As
expected, we observe that Pepper increases the correlation between protein and mRNA-based measurements
(Figure . Strikingly, the correlation improves in 59 out of 59 runs that we tested on (p < 1.2 x 10711,
signed-rank test) highlighting the ability of the learned coefficients to improve the accuracy of downstream
analysis.

As a control, we further generated a random set of coefficients by sampling from the range of the learned
coefficients. Adjusting the abundances with these random coefficients and recalculating the correlations with
the mRNA measurements resulted in deterioration of correlation, highlighting the significance of our results
(Figure [4.7). This analysis suggests that our coefficients can be used to reduce the biases associated with

peptide measurements.

4.3.7 The model learns successfully from a few runs

Finally, we investigated the effect of the number of training runs on the model performance, and whether it
is possible to reduce peptide bias using a few runs. Accordingly, we downsampled the training runs in the
Guo et al. dataset and repeated the model training while recording the percent reduction on a fixed set of test
runs. We observe the test set performance increasing as the number of training runs increase, as expected,
indicating that training from a higher number of runs can be helpful in increasing the generalizability of the
model (Figure 4.8). On the other hand, the Pepper model trained from only two runs can achieve a test set
loss reduction of 18.5%, indicating that our coefficient predictor can learn effectively from a small number
of runs.

We also investigated Pepper’s ability to generalize across different mass spectrometry experiments. Ac-
cordingly, we trained our coefficient predictor on a combined set of all five CPTAC TMT11 datasets. We

then applied the trained model to the held-out CPTAC TMT11 dataset (CPTAC S51) containing 35 runs.
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This analysis showed a marked decrease in the model’s performance in the cross-experiment setting.
In particular, when generalizing to new runs within the held-out dataset, the model achieved a reduction in
loss of 24.84% (41.76). In contrast, when generalizing to the held-out experiment, the improvement was
only 13.51% (+£1.45). The limited ability of our model to generalize across experiments might be related
to experiment-specific biases associated with each dataset, which restricts our ability to transfer the learned

coefficients to unseen datasets, as also observed in previous studies [[151;[152].

4.4 Discussion

Mass spectrometry experiments enable quantifying peptides in complex mixtures, facilitating the identifi-
cation of diagnostic markers, selection of targets for vaccine production, and study of protein pathways in
disease. However, these experiments have intrinsic limitations that cause some peptides to be detected much
more often and more accurately compared to other peptides. In this chapter, we address the peptide bias as-
sociated with proteomics experiments hindering our ability to accurately quantify the proteome. Specifically,
we focus on peptide sequence-induced biases, the properties of the peptide sequence, such as susceptibility
to enzymatic cleavage, efficiency of ionization, and uniformity of fragmentation, affecting how it behaves
in the mass spectrometer. We aim to quantify these peptide-specific biases, with the goal of adjusting the
observed abundances to reduce bias. We developed a deep learning model, Pepper, that takes the peptide
sequence and charge state as input and predicts a peptide coefficient to account for peptide-specific biases.
Pepper was trained based on our assumption that the abundances of unique sibling peptides should be equal.

We demonstrated that the predicted peptide coefficients successfully reduce our pre-defined loss func-
tion for new peptides and runs, which corresponds to reducing the CV of peptide intensities associated with
a given protein. This generalization performance was also replicated on multiple datasets generated with
different MS/MS instruments using different acquisition and quantification techniques. We also detected
significant correlation between various physicochemical features of peptides and the learned coefficients,
highlighting that our model captures features, such as hydrophobicity and secondary structure, which were
previously shown to affect how a peptide behaves in a mass spectrometer [[151;|154; [155; [157; [156]]. We
demonstrated that our coefficients significantly improve the correlation between protein and mRNA expres-

sion, and we examined Pepper’s ability to learn from datasets of varying sizes and to generalize across
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MS/MS experiments.

One caveat of our approach is that Pepper learns a single peptide coefficient to be applied across all
runs. However, each mass spectrometry run exhibits specific biases. With our current approach, our analysis
showed that the model pretrained on a different dataset—even if much larger—and transferred to the target
dataset does not outperform a model trained directly on the target dataset itself. Previous studies also
highlighted the same drawback, where the ability to predict across datasets was quite poor [151;/152]. Some
of these studies even found that the most discriminative features for predicting the detection probability of
a peptide changed from experiment to experiment [1515 [152; [154]. Although training Pepper separately
to learn distinct coefficients per run might seem like a plausible extension, our training procedure requires
learning a function to map a peptide sequence to a generalizable coefficient. Hence, it is not possible to train
our model using a single run. Alternatively, eliminating the run bias along with the peptide bias might be
possible by learning run-specific peptide coefficients, but such a training scheme would require labels other
than those produced using sibling peptide relationships. Such labels might, for example, be drawn from
metadata about the run, embedded in the mzML header. Improving our model to overcome the dependency
between the quantitative biases and the experiment would enable jointly training from hundreds of datasets
and making predictions for new experiments. If this approach is successful, our ultimate goal would be to
offer our trained model as a general preprocessor for any quantitative mass spectrometry data to improve

downstream analysis.

In addition, even within a single MS/MS experiment, Pepper is currently limited to capturing only
sequence-related biases. However, many additional biases exist that our approach is not designed to address,
such as protease cleavage rates and effects of chromatographic elution. Many properties of the protein
sequence may be relevant, since burial or surface exposure of any given peptide depends on the 3D structure
of the protein. Thus, one of future directions is to generalize our model to take into account a wider variety

of features for each protein.

An important caveat to the analyses reported here is that we have largely restricted ourselves to studies
that focus on unmodified, fully tryptic peptides. As with any machine learning system, the parameters of the
model are fit to the characteristics of the input data and hence likely capture trends that are specific to such

peptides. In the future, we plan to investigate quantitative proteomics studies that employ a wider range of
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peptides, including partial cleavage products, cleavages from other enzymes, or that include various types
of post-translational modifications.

The Pepper software enables researchers with quantitative peptide measurements to infer coefficients
and improve protein expression analysis. Better detection and understanding of bias in mass spectrometry
experiments can change how we carry out and interpret experiments, leading to a better understanding of

the proteome.
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Figure 4.4: Comparing observed and adjusted abundances. The figure plots the abundance for all pep-
tides occurring on 10 test set proteins with the highest number of peptides. The horizontal axis is amino
acid position along the sequence, and the vertical axis shows the mean-centered peptide abundance for the
original (top) and adjusted (bottom) abundances. The percent improvement is calculated with respect to
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