
UC San Diego
UC San Diego Electronic Theses and Dissertations

Title
Moving Towards Interpretable Mechanisms in Human Systems Biology

Permalink
https://escholarship.org/uc/item/1n14v2p4

Author
Thomas, Alex

Publication Date
2015
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/1n14v2p4
https://escholarship.org
http://www.cdlib.org/


UNIVERSITY OF CALIFORNIA, SAN DIEGO

Moving Towards Interpretable Mechanisms in Human Systems Biology

A dissertation submitted in partial satisfaction of the
requirements for the degree

Doctor of Philosophy

in

Bioinformatics and Systems Biology

by

Alex Thomas

Committee in charge:

Professor Nathan Lewis, Chair
Professor Glenn Tesler, Co-Chair
Professor Prashant Mali
Professor Dorothy Sears
Professor Kumar Sharma

2015



Copyright

Alex Thomas, 2015

All rights reserved.



The dissertation of Alex Thomas is approved, and it is ac-

ceptable in quality and form for publication on microfilm and

electronically:

Co-Chair

Chair

University of California, San Diego

2015

iii



DEDICATION

My wife, Vanessa,

who has ushered me to look up,

and run the race ahead.

iv



TABLE OF CONTENTS

Signature Page . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

Dedication . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv

Table of Contents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

List of Abbreviations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

Vita . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiii

Abstract of the Dissertation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiv

Chapter 1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 What is a mechanism? . . . . . . . . . . . . . . . . . . . . 1
1.2 Cataloging mechanisms . . . . . . . . . . . . . . . . . . . . 3

1.2.1 Primer on constraints-based modeling . . . . . . . . 5
1.2.2 Sampling of constraints-based models . . . . . . . . 7

1.3 Handling mechanisms . . . . . . . . . . . . . . . . . . . . . 8
1.4 Discovery of mechanisms . . . . . . . . . . . . . . . . . . . 10

1.4.1 Primer on genetic interactions . . . . . . . . . . . . 11
1.5 Outline of Thesis . . . . . . . . . . . . . . . . . . . . . . . 14

Chapter 2 The Platelet Model of Metabolism . . . . . . . . . . . . . . . . . 20
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2.1 Bibliome content curation . . . . . . . . . . . . . . 22
2.2.2 Model construction and functional testing . . . . . . 23
2.2.3 Characterization of network dependencies . . . . . . 24

2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
2.3.1 Scope and content of iAT-PLT-636 . . . . . . . . . . 25
2.3.2 Hierarchical characterization of iAT-PLT-636 . . . . 30

2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
2.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 34

v



Chapter 3 Aspirin Resistance and The Platelet . . . . . . . . . . . . . . . . 40
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2.1 Construction of ASA-sensitive and -resistant platelet
models . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2.2 Model sampling parameters . . . . . . . . . . . . . 42
3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 47

Chapter 4 JSBML 1.0 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.2.1 Improvements . . . . . . . . . . . . . . . . . . . . . 53
4.2.2 Support for SBML packages . . . . . . . . . . . . . 54
4.2.3 JSBML and package formation . . . . . . . . . . . 56
4.2.4 JSBML usage . . . . . . . . . . . . . . . . . . . . . 57

4.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 59

Chapter 5 BioNetView . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . 64
5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5.2.1 Case study: platelet storage . . . . . . . . . . . . . 68
5.2.2 Constraining and sampling flux distributions . . . . 69
5.2.3 Stoichiometric clustering . . . . . . . . . . . . . . . 71
5.2.4 Visualization . . . . . . . . . . . . . . . . . . . . . 72

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
5.3.1 Case study: platelet storage . . . . . . . . . . . . . 73

5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
5.4.1 Case study: platelet storage . . . . . . . . . . . . . 77

5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 79

Chapter 6 Genetic Interactions from CRISPR/Cas9 . . . . . . . . . . . . . . 86
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . 86
6.2 CRISPR/Cas9 multiplexed loss of function screen . . . . . . 87

6.2.1 CRISPR/Cas9 primer . . . . . . . . . . . . . . . . . 87
6.2.2 Design . . . . . . . . . . . . . . . . . . . . . . . . 88
6.2.3 Experimental overview . . . . . . . . . . . . . . . . 90
6.2.4 Bioinformatics pipeline . . . . . . . . . . . . . . . . 91

6.3 Calculating Fold Changes . . . . . . . . . . . . . . . . . . . 92
6.3.1 Statistical distributions for count data . . . . . . . . 92
6.3.2 Read count normalization . . . . . . . . . . . . . . 94
6.3.3 Simple fold change calculation . . . . . . . . . . . . 95

vi



6.3.4 Negative binomial fold change calculation . . . . . . 95
6.3.5 Fold change method comparison . . . . . . . . . . . 97

6.4 Genetic interaction score . . . . . . . . . . . . . . . . . . . 100
6.4.1 Calculation . . . . . . . . . . . . . . . . . . . . . . 100
6.4.2 Validation of the genetic interaction score . . . . . . 104

6.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 109

Chapter 7 Recommendations and Conclusion . . . . . . . . . . . . . . . . . 114
7.1 Recommendations . . . . . . . . . . . . . . . . . . . . . . 114

7.1.1 Connecting genetic interactions to modeling formalisms114
7.1.2 Call for standardized systems biology information

handling . . . . . . . . . . . . . . . . . . . . . . . . 116
7.1.3 Using platelets as a model cell for human systems

biology . . . . . . . . . . . . . . . . . . . . . . . . 117
7.2 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 118

vii



LIST OF FIGURES

Figure 1.1: Cataloging mechanisms in constraints-based biology. . . . . . . . . 4
Figure 1.2: Discovering mechanisms using genetic interactions. . . . . . . . . 12

Figure 2.1: Content curation and model building pipeline. . . . . . . . . . . . . 21
Figure 2.2: Cosets and flux coupling in iAT-PLT-636. . . . . . . . . . . . . . . 24
Figure 2.3: Content and evidence supporting the 1008 reactions in iAT-PLT-636. 26
Figure 2.4: Platelet GPR example. . . . . . . . . . . . . . . . . . . . . . . . . 27
Figure 2.5: Platelet model properties. . . . . . . . . . . . . . . . . . . . . . . 28
Figure 2.6: Comparison of the platelet reconstruction in terms of model content

with respect to other reconstructions. . . . . . . . . . . . . . . . . 30
Figure 2.7: Reaction connectivity in iAT-PLT-636. . . . . . . . . . . . . . . . . 31

Figure 3.1: Cell-scale view of flux changes in ASA resistant platelet metabolism. 44

Figure 4.1: Code example using JSBML extensions. . . . . . . . . . . . . . . . 56
Figure 4.2: SBML output file from code example. . . . . . . . . . . . . . . . . 57
Figure 4.3: Graphical representation of package support in JSBML 1.0. . . . . 58

Figure 5.1: Motivating guided network visualization with BioNetView. . . . . . 66
Figure 5.2: BioNetView pipeline using metabolomics. . . . . . . . . . . . . . . 70
Figure 5.3: BioNetView results. . . . . . . . . . . . . . . . . . . . . . . . . . 73
Figure 5.4: Platelet storage BioNetView results. . . . . . . . . . . . . . . . . . 74
Figure 5.5: Driving trends in platelet metabolism. . . . . . . . . . . . . . . . . 76

Figure 6.1: Motivating correct statistics to analyze CRISPR/Cas9 loss of func-
tion screens. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

Figure 6.2: Inferring the underlying negative binomial distributions for the read
counts using DESeq2. . . . . . . . . . . . . . . . . . . . . . . . . 96

Figure 6.3: Fold changes between pseudo-replicates. . . . . . . . . . . . . . . 98
Figure 6.4: Correlation across cell lines for the two log fold change methods. . 99
Figure 6.5: Fold changes for gene constructs with drug targets. . . . . . . . . . 100
Figure 6.6: Genetic interactions between pseudo-replicates. . . . . . . . . . . . 105
Figure 6.7: Correspondence between the cell line genetic interaction scores. . . 105

viii



LIST OF TABLES

Table 2.1: Enriched non-mutually exclusive drug categories in the platelet model. 29

Table 4.1: SBML package status. . . . . . . . . . . . . . . . . . . . . . . . . . 55

ix



LIST OF ABBREVIATIONS

Abbreviations used in the text of the dissertation are denoted by chapter. For Chap-

ter 1: ATP: adenosine triphosphate, NADH: nicotinamide adenine dinucleotide, ChIP:

chromatin immunoprecipitation, DNA: deoxyribonucleic acid, RNA-sequencing: ribonu-

cleic acid. For Chapter 2: common three-letter amino acid abbreviations are used, BCAA:

branched chain amino acid (i.e. valine, leucine, isoleucine metabolism), ETC: electron

transport chain, PPP: pentose phosphate pathway, DAG: diacylglycerol, FA: fatty acid,

ROS: reactive oxygen species, TCA: tricarboxylic acid cycle, MBA: model building algo-

rithm, SNP: single nucleotide polymorphism, ATP: adenosine triphosphate. For Chapter

3: ASA: acetyl salicylic acid, NADP: nicotinamide adenine dinucleotide phosphate,

BCAA: branched chain amino acid (i.e. valine, leucine, isoleucine metabolism), ETC:

electron transport chain, PPP: pentose phosphate pathway, DAG: diacylglycerol, FA: fatty

acid, ROS: reactive oxygen species, TCA: tricarboxylic acid cycle, T XA2: Thromboxane

A2, 6PGC: 6-phospho-D-gluconate, Arachd: arachidonic acid, AKG: 2- oxoglutarate,

1pyr5c: 1-pyrroline-5-carboxylate, Q10: ubiquinone-10, Q10H2: ubiquinol-10, ETF:

electron transfer flavoprotein, LALD: lactaldehyde, G3P: Glyceraldehyde-3-phosphate,

Glyc-3P: Glycerol-3-phosphate, IMP: inosine monophosphate, GSH: reduced glutathione,

GSSG: oxidized glutathione. For Chapter 4: SBML: Systems Biology Markup Language,

XML: Extensible Markup Language, SBOL: Synthetic Biology Open Language, SBGN:

Systems Biology Graphical Notation. For Chapter 5: ATP: adenosine triphosphate, NAD:

nicotinamide adenine dinucleotide. For Chapter 6: gRNA: guide RNA, LOF: loss of

function, NGS: next-generation sequencing, LFC: log fold change, GLM: generalized

linear modeling, MLE: maximum likelihood estimation.

x



ACKNOWLEDGEMENTS

I would like to acknowledge Professor Nathan Lewis for his support as my mentor

and the chair of my committee. I would also like to acknowledge the members of the

Lewis, Palsson, and Zengler labs. I want to specifically thank Dr. Andreas Dräger,
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ABSTRACT OF THE DISSERTATION

Moving Towards Interpretable Mechanisms in Human Systems Biology

by

Alex Thomas

Doctor of Philosophy in Bioinformatics and Systems Biology

University of California, San Diego, 2015

Professor Nathan Lewis, Chair
Professor Glenn Tesler, Co-Chair

A detailed understanding of biomolecular mechanisms enables predictive mod-

eling in biological systems. In the late 1990’s, whole-genome sequencing and the

development of various high-throughput technologies led to the emergence of systems

biology, primarily in simple model organisms such as bacteria and yeast. Mechanisms

between biological components and processes were cataloged and placed in mathematical

frameworks to explain the role of genotype and environmental factors on phenotypes.

Some modeling formalisms, such as constraints-based modeling, have been shown to

accurately recapitulate biological findings, and provided new insights for applications

xiv



ranging from metabolic engineering to evolutionary landscapes. Recently, systems biol-

ogy of human cells, with the same aim of characterizing mechanisms, has been employed

to study drug off-target effects, host-pathogen interactions, cancer metabolism, and

multicellular interactions between brain cell types. However, mechanism-based systems

biology of human cells is still in its infancy and has not achieved the level of adoption

as systems biology in unicellular organisms. Therefore, a broad, mechanism-centric

approach to human systems biology is expounded in this dissertation, and was used to

address open problems concerning blood platelets and cancer cells to make inroads in the

study of disease, longevity, and phenotypic diversity with regard to human cells. Mecha-

nisms were cataloged into a computable database for blood platelet metabolism. This

systems-level assessment of the platelet was used to study the effects of aspirin resistance

and delineate pathway utilization during platelet storage. Computational methods were

developed to handle the scale of information in these systems biology applications with

the motivation of reporting digestible results. To this end, BioNetView was developed as

a clustering and visualization tool to utilize structural information to build interpretable,

data-influenced pathway maps. Discovery of new mechanisms for future systems biol-

ogy applications was also explored. Representing an initial foray towards large-scale

mechanistic discovery in human cells, a novel bioinformatics pipeline was developed

and deployed for processing and scoring genetic interactions in cancer cell lines via gene

knockout screens utilizing the unprecedented precision of CRISPR/Cas9 genome editing.

Therefore, in an effort to contextualize and understand mechanisms, several aspects are

presented, geared towards a comprehensive, interpretable systems-level perspective of

human biology.
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Chapter 1

Introduction

1.1 What is a mechanism?

One overarching goal of studying biology is to attain a detailed understanding of

the components and processes that participate in a biological system in order to better

predict its emergent outcomes. The biological system of interest, and its outcomes

(or phenotypes), can be extremely varied, representing the diversity of life on Earth.

However, if the behavior of the biological components and processes are known, the

system can be predictable. For instance, the conversion of the sugar, glucose, into energy

has been studied to the point of knowing more than just that one molecule of glucose can

theoretically yield 38 molecules of adenosine triphosphate (ATP), the energy currency

of the cell, but that glucose undergoes a series of chemical transformations which in

addition to producing ATP creates substrates for other crucial biological processes in the

cell. Although understanding the chemistry which converts glucose to ATP is a valuable

finding in its own right, the elucidation of how glucose is converted reveals connections

to other processes which contributes to the predictability of a more comprehensive

biological system. Each transformation in this example biochemical system can be

1
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deemed a ‘mechanism’, and it is the definition of how components and processes interact

which compose the mechanisms of a biological system.

Although the advent of whole-genome sequencing and various high-throughput

measurement technologies in biology have led to an explosion of data regarding biolog-

ical components and processes, the predictability of biological systems has not scaled

accordingly [Ste+15; Lie+13; Lee+10]. In order to improve predictability, the underlying

mechanisms of these components and processes need to be delineated. The importance

of mechanisms for predicting outcomes can be illustrated by one of the more successful

examples in predictive modeling of complex systems, weather forecasting. Although

weather forecasters do seem to regularly miss predictions, they are remarkably accurate

with respect to the number of predictions made and the dynamic complexity of weather

patterns: in 2012 the National Weather Service prediction of the high temperature, made

three days in advance, missed by an average of three degrees. The statistician Nate Silver,

in his book on predictive modeling, The Signal and The Noise, goes into the background:

For centuries, meteorologists relied on statistical tables based on histori-
cal averages — it rains about 45 percent of the time in London in March, for
instance — to predict the weather. But these statistics are useless on a day-
to-day level. Jan. 12, 1888, was a relatively warm day on the Great Plains
until the temperature dropped almost 30 degrees in a matter of hours and a
blinding snowstorm hit. More than a hundred children died of hypothermia
on their way home from school that day. Knowing the average temperature
for a January day in Topeka wouldn’t have helped much in a case like that.
The holy grail of meteorology, scientists realized, was dynamic weather pre-
diction programs that simulate the physical systems that produce clouds and
cold fronts, windy days in Chicago and the morning fog over San Francisco
as they occur. Theoretically, the laws that govern the physics of the weather
are fairly simple [Sil12].

Although weather patterns and life-based patterns are inherently different, there

are underlying mechanisms which can be enumerated that are simplistic with respect

to the overall behavior of the system. Thus, a mechanistic understanding of biology, in
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the context of this dissertation, suggests defining mathematical relationships between

biological components and processes which can be scaled to a systems level, and promotes

building models within a mathematical modeling paradigm, as opposed to understanding

biology at a non-mechanistic level with case studies and statistical associations.

1.2 Cataloging mechanisms

A set of mechanisms within a common mathematical framework enables scalable

modeling. In the example of converting glucose to energy, the chemical transformations,

or reactions, of various enzymes can be recorded, as shown in Figure 1.1A. Although

this represents numerous years of discovery and characterization, a stoichiometric rep-

resentation (Figure 1.1B) better contextualizes the interactions between reactions. The

resulting pathway, shown in Figure 1.1C, is glycolysis, and is now in a framework which

can utilize the law of the conservation of mass, as in, if 1 mole of glucose enters glycol-

ysis, 2 moles of ATP will be produced, in addition to pyruvate, nicotinamide adenine

dinucleotide (NADH), hydrogen, and water. One strength of mechanistic modeling is

that perturbations to the model can be easily simulated. For instance if more glucose

enters the system, proportionally more ATP will be produced. This can then be extended

to many pathways to encompass a cell-wide overview of metabolism. For instance,

if glycolysis is coupled to the pathways of aerobic metabolism (citric acid cycle and

oxidative phosphorylation) and anaerobic metabolism (ethanol or lactic acid fermen-

tation), one can couple the utilization of oxygen with glucose and account for a more

complete perspective of energy metabolism in the cell. Cataloging mechanisms in a

mathematically scalable fashion, thereby creating a computable database of biological

components and processes, is the principle behind systems biology. Although systems

biology has taken on many modeling approaches, all have different types of mechanisms
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Name Abbreviation Reaction 
Hexokinase HEX1 GLC + ATP → G6P + ADP + H 
Phosphoglucose isomerase PGI G6P ↔ F6P 
Phosphofructokinase PFK ATP + F6P → ADP + FDP + H 
Fructose-bisphosphate aldolase FBA FDP ↔ DHAP + G3P 
Triosephosphate isomerase TPI DHAP ↔ G3P 
Glyceraldehyde phosphate dehydrogenase GAPD G3P + NAD + PI ↔ 13DPG + H + NADH 
Phosphoglycerate kinase PGK 13DPG + ADP ↔ 3PG + ATP 
Phosphoglycerate mutase PGM 3PG ↔ 2PG 
Enolase ENO 2PG ↔ H2O + PEP 
Pyruvate kinase PYK ADP + H + PEP → ATP + PYR 

ATP -1 0 -1 0 0 0 1 0 0 1 
GLC -1 0 0 0 0 0 0 0 0 0 
ADP 1 0 1 0 0 0 -1 0 0 -1 
G6P 1 -1 0 0 0 0 0 0 0 0 
H 1 0 1 0 0 1 0 0 0 -1 
F6P 0 1 -1 0 0 0 0 0 0 0 
FDP 0 0 1 -1 0 0 0 0 0 0 
DHAP 0 0 0 1 -1 0 0 0 0 0 
G3P 0 0 0 1 1 -1 0 0 0 0 
NAD 0 0 0 0 0 -1 0 0 0 0 
PI 0 0 0 0 0 -1 0 0 0 0 
13DPG 0 0 0 0 0 1 -1 0 0 0 
NADH 0 0 0 0 0 1 0 0 0 0 
3PG 0 0 0 0 0 0 1 -1 0 0 
2PG 0 0 0 0 0 0 0 1 -1 0 
PEP 0 0 0 0 0 0 0 0 1 -1 
H2O 0 0 0 0 0 0 0 0 1 0 
PYR 0 0 0 0 0 0 0 0 0 1 
 HEX1 PGI PFK FBA TPI GAPD PGK PGM ENO PYK 

 

HEX1

PGI

PFK

FBA

GAPD

PGK

PGM

ENO

PYK

TPI

V2

A.

B.

C. D.

Figure 1.1: Cataloging mechanisms in constraints-based biology. (A) A table detailing
the reactions in glycolysis. (B) The representative stoichiometric matrix for glycolysis.
(C) Glycolysis pathway representation. (D) Constraints-based modeling steady-state
solution space. Adapted from [Bor+14].
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that are scaled to a systems-level. For this dissertation, constraints-based modeling is the

primary mechanistic modeling framework utilized. Constraints-based modeling was used

in Chapters 2, 3, and 5 to catalog the metabolic mechanisms of a cell and model cellular

states after various perturbations. The approach was primarily developed and validated

with Escherichia Coli [EP00], but has been extended to yeast [DHP04], mouse [SFN05],

and more recently, human [Dua+07; BP12]. Due to its extensive use and success in

model organisms, constraints-based systems biology will also be used to comment on the

human systems biology paradigm, as its application to human cell-types has introduced

nuances to the modeling approach originally conceived with E. coli.

1.2.1 Primer on constraints-based modeling

The foundation of constraints-based approaches is the stoichiometric representa-

tion, shown in Figure 1.1B, of the mass-balanced biochemical transformations of the cell

[OTP10]. The governing constraints for the model are given by,

S~v =
dx
dt

(1.1)

where S is the mxn stoichiometric matrix for m metabolites and n reactions. ~v is a nx1

vector which correspond to reaction fluxes, which is the amount of material undergoing

chemical transformation per unit time. And dx
dt is the change in metabolite concentrations

over time. Note fluxes are generally formulated in terms of the reaction rate constant

times the concentration of the reactants, or vi(k,x). For dynamic analysis approaches, the

following step would be to initialize a set of fluxes and concentrations to numerically

solve the above equation for a set of concentration and flux values given the initial

conditions. In addition to the initial conditions, the set of rate constants will also need

to be initially parametrized. However, for constraints-based modeling, the right hand



6

side of the equation is set to zero to explicitly solve for the reaction fluxes at steady

state. In order to simplify the equation system, vi can be a standalone variable with

no dependencies on rate constants or concentrations. This equation system has one or

zero solutions if m < n. However, the number of biochemical transformations in a cell’s

reaction system often exceeds the number of types of metabolites in the system. Which

means the set of linear equations in Equation 1.1 has more variables than constraining

equations and is under-determined, i.e. there is an infinite number of solutions. Although

this solution-space is infinite, it can still be constrained by setting bounds on the reaction

fluxes:

~vlb <~v < ~vub (1.2)

What this effectively does is build a closed solution space (technically, still with infinite

solutions) with edges and vertices, as shown in Figure 1.1D. Several approaches are

taken to find noteworthy solutions in this space. Flux balance analysis sets an objective

function on the reaction fluxes and solves the resulting linear programming problem, or:

max~cT~v (1.3)

with the full optimization problem being:

max~cT~v (1.4)

S~v = 0 (1.5)

~vlb <~v < ~vub (1.6)

where ~c is a vector of objective coefficients that correspond to the different reactions.

For bacterial and yeast systems, one of the reactions, usually denoted as the ‘biomass’
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reaction, adopts an objective coefficient of one while the other reactions have a coefficient

of zero. The biomass reaction represents the stoichiometry of metabolites for biomass

production and growth. The flux through this reaction is scaled to the exponential growth

rate of the organism, and thus can be used to predict growth when Equation 1.4 is

maximized. This optimization is especially valid for quickly growing organisms, such as

bacteria and yeast undergoing exponential growth. Note all reactions will have flux values

that correspond to the optimized objective function when Equation 1.4 solves. Also,

more complex objectives have been formulated [SKS07], as~c can have any combination

of real coefficients and can represent minimizing or maximizing flux through specific

reaction pathways or conceived metabolic objectives. Thus, solutions can be calculated

by initially setting a relatively small number of constraints, especially in contrast to the

parametrization required to solve dynamic modeling reaction systems.

1.2.2 Sampling of constraints-based models

Optimization using the biomass reaction is able to set reaction flux values ac-

curately for cells where the major metabolic driver is growth. This is appropriate for

most single-cell organisms and some fast growing cell types in higher order systems,

such as cancer cells, however, for slower growing cells this overarching biomass reaction

is not sufficient to predict reaction states. To predict reaction states for these systems,

enough constraints will need to be measured or inferred to constrain the solution space

of these systems further. One can then perform flux variability analysis (FVA) [MS03],

which minimizes and maximizes every reaction in the system to obtain the vertices of the

solution space, seen by the yellow points in Figure 1.1D. Although this approach is able

to describe the range of each reaction in the solution space, there is no assessment of the

solution space ‘shape’. Any attempt to define the shape of this high dimensional space (in

many situations on the order of thousands of different dimensions) is a difficult problem,
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however, a fair assessment of shape could provide information on the distribution of

fluxes for each reaction and be amenable for statistical analysis between solution spaces.

This is what is provided by Markov Chain Monte Carlo sampling of the steady state solu-

tions spaces [SP09], and is shown by the red points in Figure 1.1D. Both non-objective

based methods, FVA and sampling, have enabled the simulation and analysis of reaction

fluxes for human cells with unclear objective functions [BPP06; Bor+10; BP12]. For the

studies presented in this dissertation, sampling was the primary means of assessing the

reaction states of the constrained models.

1.3 Handling mechanisms

One limitation to systems biology is the amount of information collected and

processed. For instance, when sampling a constraints-based model, a distribution for one

reaction may have 10,000 fluxes, and may be a part of reaction systems with 1,000 to

3,000 reactions, resulting in 10 - 30 million sampled flux values for one model. Although

proper statistical approaches are able to work with these distributions [MPH09], there is

still a need for proper handling of the results. Most software written for handling systems

biology models do not address the issue of building a robust but versatile data object,

i.e. a computable data structure which specifies the mathematical and annotative details

of a model. However, this becomes of primary importance when creating pipelines that

process model information in a variety of ways [Mye+09]. The Systems Biology Markup

Language (SBML) is one way of handling systems biology information and improving

accessibility for different analysis components [Huc+03]. SBML is the de facto exchange

format for systems biology models, and is backed by an active community of users

and developers. Packages that extend the format have been released as new modeling

formalisms have been discovered. Thus, SBML provides a versatile format for building
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and exchanging systems biology information.

While handling systems biology results, especially in the context of human cellu-

lar systems [Uhl+15; Hol+12] that can be assisted via data objects which employ SBML,

tools are needed to properly contextualize the information in order to improve the inter-

pretability of the model results. Several strategies are taken to overlay information onto

existing knowledge structures in order to highlight known biology and novel mechanisms,

primarily through means of grouping data [BJ+03; Sub+05; Ash+00] and presenting

navigable visualizations [Kan+12; Sha+03; Kes+11]. The overlay of information onto

genome-scale networks, usually of signaling or metabolic pathways, presents a trade-off

between understanding data in the context of known biological mechanisms [Kin+15;

JP14] versus finding statistical relationships with little or no prior information on known

biology [Ide+02]. The strengths of one approach are usually the weaknesses of the

other. For instance, understanding data in the context of biological mechanisms, the

strengths are familiarity with the context’s biological processes, strong cases for causal

mechanisms, and presentation of different angles for further validation. However, for

understanding data via finding statistical relationships, the strengths are potential discov-

ery of new mechanisms, associating data variables without prior bias, and a dynamic

representation of the data. In Chapter 5, a compromise between these two paradigms is

explored in order to find novel, data-influenced pathways that can be visualized easily

to present interpretable mechanisms. Therefore, handling systems biology information,

through proper data structures and contextualization techniques, is an important factor

when scaling up mechanisms to a systems-level.
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1.4 Discovery of mechanisms

Although cataloging and handling mechanisms can elucidate the emergent prop-

erties of a biological system, the discovery and characterization of these mechanisms is

by itself an extensive and insightful process. For metabolic modeling, many mechanisms

are enzyme-based, and enzymes require proper isolation for analysis of the enzyme’s

substrate association and kinetic properties [MS90; PL84]. In signaling networks, the

function of different states of a biological component need to be understood, such

as alternative splice variants of a gene or post-translational modification of a protein

[Pap+05]. For transcriptional regulatory networks, a combination of sequencing data

(ChIP-sequencing and/or RNA-sequencing) over a time series yields a parametrization of

the transcription factor effect on the expressed genes for an experiment [BJGS12]. Each

of these approaches characterize the mechanism for a separate mathematical modeling

framework in systems biology, and do more than merely enumerating components and

processes. However, these approaches do require indications that different biological

components are associated, either through co-expression [DLS00], some form of physical

interaction (protein-protein interaction, DNA-DNA, or DNA-protein), or through com-

putational inference [Cam+14]. For a general means to discover mechanism in systems

biology, knockout studies have been used to probe the effects of genes on a phenotype

of interest. Knockout studies rarely develop a full mathematical mechanism, but can

indicate causal structures in systems biology. For instance, knockout studies are used to

determine signal transduction steps [Law09; WD02] and validate constraints-based mod-

els [Ort+11]. Therefore, a high-throughput method to conduct knockouts in biological

systems could be means of discovery. This methodology has been extensively executed

for yeast, and genome-scale single and double knockout studies have been conducted

to build a type of mechanism, genetic interactions [Cos+10]. Genetic interactions can
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be seen as a progenitor to deeper mechanistic characterization which involves contex-

tualization within a mathematical modeling framework, motivated above, but they can

be measured at a large-scale and can reveal new relationships which imply mechanistic

associations [KI05; Sza+11; Viz+13]. However, this genome-scale assessment of genetic

interactions with human cell types has not been accomplished. Studies which utilize RNA

interference (RNAi), a technology which inhibits gene expression, have been conducted

in human-derived cell types [Hor+11; Bas+13], but the low precision of RNAi has limited

its scalability towards genome-wide assessments of knockout phenotypes in human cell

types [Har+15]. Therefore, in Chapter 6, a new biotechnology tool, CRISPR/Cas9, is

motivated for the precise assessment of knockouts in human-derived cells for the enumer-

ation of genetic interactions, revealing novel mechanisms for further study. Mechanisms

motivated through studies of CRISPR/Cas9 double and single knockout screens on human

cells may potentially enable thorough characterization of human biological systems.

1.4.1 Primer on genetic interactions

Genetic interactions are derived by observing double knockout effects which

significantly deviate from the expected combined effect of two single gene knockouts.

The effect can be a variety of different phenotypes of interest, but for the aforementioned

studies, the phenotype is growth rate, measured by colony size. What this implies is

that certain gene combinations may exhibit a positive (i.e. alleviating) effect on growth,

where the double knockout grows faster than expected, whereas others exhibit a negative

(i.e. aggravating or synthetic sick/lethal) effect, where the double knockout grows slower

than expected or is lethal, as shown in Figure 1.2. Although several models have been

proposed to score the ‘expected effect’, the multiplicative model has been the most

commonly assumed with growth studies [Man+08]. This model has the following form:
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Figure 1.2: Discovering mechanisms using genetic interactions. (A) Example of a
positive interaction. (B) Example of a negative interaction.
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ε = Fab−FaFb, (1.7)

where Fa and Fb are the fitnesses with respect to wild type of the single gene knockouts a

and b, respectively, and Fab is the fitness for the corresponding double gene knockout.

Specifically, fitness values are defined as the change in a quantitative phenotypic indicator

after a gene knockout (or knockdown) with respect to the wild type measurement. For

example, the knockout of gene a may confer an 80% reduction in growth rate with respect

to the wild type growth rate, after accounting for batch effects and other sources of error

[Col+06]. Therefore, the fitness value for gene a would be 0.8. Note if either gene’s

individual fitness after knockout is a lethal phenotype (F∗ = 0), then the ε score would

be trivially zero. Therefore, genetic interactions are calculated between genes that are

not lethal. The model assumes the multiplication of the single gene fitness values is

equal to the double gene fitness value if the genes are “independent” (i.e. ε = 0), thereby

following the example of probability theory. Independence between genes imply that

they are in two disjoint biological processes with respect to the phenotypic indicator

being measured. For instance, in the case of growth rate, fitnesses are assessed by their

effect on growth rate, thus, any interaction between genes are in the context of their joint

effect on growth rate. Other quantitative traits have been used for fitness scores, classic

examples being wing size and eye color in fruit flies (Drosophila Melanogaster) [RC;

Mac15]. Important to note, if the multiplicative assumption is violated or one of the two

genes are lethal, the two genes may be dependent in some fashion with ε = 0. Therefore,

given the multiplicative hypothesis, if two non-lethal genes are also dependent, ε 6= 0. If

ε < 0, this indicates a negative genetic interaction and has been associated with genes that

are in two redundant pathways (the term ‘between pathway’ is commonly used), whereas

ε > 0 indicates a positive genetic interaction and has been associated with genes that

are a part of the same pathway (‘within pathway’). In either case, if fitness is properly
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assessed from a quantitative phenotype, the interaction between the genes can be used to

gain insight into the functional organization of the biological system.

1.5 Outline of Thesis

The organization of the chapters of this dissertation for the purpose of moving

towards interpretable mechanisms in human systems biology is as follows: Chapter

2 goes through the cataloging of metabolic mechanisms for the human blood platelet,

Chapter 3 presents a case study using the aforementioned model to hypothesize the role

of platelets in the resistance of aspirin, Chapter 4 develops a data object framework,

JSBML, which incorporates SBML and facilitates the handling of systems biology

models, Chapter 5 builds a mechanistic-modeling analysis toolbox, BioNetView, which

employs stoichiometric clustering coupled to data-influenced visualization perspectives,

Chapter 6 presents the analysis of a novel methodology to discover mechanisms between

genes derived from phenotypes of single and double gene knockouts using CRISPR/Cas9

in human cell lines, and finally Chapter 7 will provide recommendations for future

directions of research and conclude.
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Chapter 2

The Platelet Model of Metabolism

2.1 Introduction

Systems biology catalogs knowledge in a framework enabling mechanistic insight

into causes and effects of resulting biological phenotypes, allowing for the contextual-

ization of datasets which subsequently promote the predictive capabilities of biological

models. There has been demonstrated utility in using metabolic reconstructions as scaf-

folds for systems modeling of biological organisms [Ree12], with applications ranging

from metabolic engineering [OPP09] to studying human disease [VNN13] and predicting

responses to therapeutic drugs [Fre+11; Cha+10; Ahn+11; Jam+11].

Although it is one of the simplest and smallest human cells, the platelet has

a rich biochemical repertoire and likely plays an under-appreciated role in a range of

human diseases. Smaller models exist for platelets which define signaling cascades

[Ash89] or fluid dynamics [Blu+96]; however, in order to systematically assess the

characteristics of platelet metabolism we constructed iAT-PLT-636, a cell-scale, mass

and charge balanced representation of platelet metabolism that is built and functionally

verified from proteomic, metabolomic, fluxomic, and physiological data. iAT-PLT-636
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provides an assessment of platelet metabolism that heretofore has not been described

and further, may disclose a potential influence on a variety of acute and chronic disease

conditions. The global view of metabolism afforded by iAT-PLT-636 provides an ideal

scaffold for the analysis of high throughput datasets and understanding the systems-level

context of the outcome of small-scale experiments.

2.2 Methods
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Figure 2.1: Content curation and model building pipeline. The platelet reconstruction
was primarily built from proteomic and literature references on platelet metabolism.
The references were used to assign high and low evidence to reactions that could be a
part of platelet metabolism. This reaction specification and the human reconstruction
were used in conjunction with a modified version of MBA to build a model for platelet
metabolism. In addition, a metabolic reaction map was drawn and map-guided subsys-
tem verification was done until a concise, high-evidence model for platelet metabolism
was reconstructed.
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2.2.1 Bibliome content curation

In order to build iAT-PLT-636, literature information (a.k.a. bibliome) was com-

prehensively curated to assess all possible metabolic functions of the platelet (see Figure

2.1). 33 proteomic studies on platelets were used as a major source for evidence in enzy-

matic reactions in the model. Using the 1406 gene transcripts from a generalized human

reconstruction [Dua+07] as a reference for genes that participate in human metabolism,

the proteomic studies mapped onto 546 unique PDB IDs and their associated 459 Entrez

gene IDs in human metabolism. Also, if there was any delineation of the enzyme isoform

associated with the PDB ID, it was taken into consideration in the GPR construction.

Because platelets are cell fragments of megakaryocytes, it is conceivable that low levels

of megakaryocyte gene transcripts and proteins may contribute to noise between pro-

teomic studies. Therefore, mapped gene transcripts that were present in two or more

proteomic studies were considered to have enough evidence to be in the model, whereas

genes that were present in only one study were considered to have low evidence and

were not used in model building. When mapping protein and gene transcripts onto the

model, further curation was done to limit the presence of “generalist” enzymes, which

promiscuously catalyze reactions on a variety of substrates [Nam+12]. Reactions that

mapped from generalist enzymes were designated as medium evidence reactions whereas

the “specialist” enzyme with proteomic evidence yielded high evidence reactions. After

curation efforts were complete on the proteomic studies, 135 reactions had high evidence

and 379 reactions had medium evidence. Eventually, evidence indicators were used

in the model building algorithm as scoring criteria. In addition to proteomic studies,

289 bibliomic studies were used to justify 142 enzymes in platelet metabolism and 65

bibliomic sources were used to justify 85 extracellular transports. Because bibliomic

sources explicitly studied a specific reaction or pathway in platelet metabolism, usually

in the context of a disease (or related perturbation) study, the consequent reactions from
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these sources were all deemed to have high evidence and were included in iAT-PLT-636.

The logical GPR relationships for each reaction in the model were used to perform the

mapping to proteins, single nucleotide polymorphisms (SNPs), and individual genes.

2.2.2 Model construction and functional testing

After evidence was assigned to candidate reactions, Model Building Algorithm

(MBA) [JSR10] was used to build a draft model for platelet metabolism. In concordance

with the evidence structure for MBA, Ch is the set of high evidence core reactions, Cm is

the set of medium evidence core reactions, and Rp is the set of reactions in the resulting

partial model. MBA balances the trade-off between building a parsimonious model and

maximizing the number of reactions with high evidence by selecting the set of reactions

meeting the following criteria, Maximize ‖Rp ∩Cm‖− ε‖Rp/(Ch ∪Cm)‖ s.t. Ch ⊂ Rp.

The penalty parameter, ε, balances the trade-off between building a parsimonious model

(high value of ε) and maximizing the number of reactions with medium evidence in the

model (low value of ε). 300 candidate models were generated with MBA to account

for alternative reaction pathways that could fulfill the same objective and constraints.

In earlier versions of the model construction process, up to 1000 iterations were used,

however we observed that for a model of this size, the reaction content converged by 300

iterations. After the draft model was built, a topological map of the reaction subsystems

were drawn using SimPheny software (Genomatica, San Diego, CA) [Sch+05]. Reactions

with no evidence (used for gap-filling) were verified based on how many high and medium

evidence reactions they supported. Therefore, subsystems with low evidence were

removed, as they were most likely added as MBA iterated through alternate solutions.

The R-group representation of fatty acid metabolism was replaced with the explicit

representation of the five most abundant fatty acids in platelets: palmitic (16:0), stearic

(18:0), 9-octadecenoic (18:1), linoleic (18:2), and arachidonic (20:4) acids. 300 reactions
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were added to the model to account for the synthesis, degradation, and interconversion of

diacylglycerols, triacylglycerols, inositols, and phospholipids.

2.2.3 Characterization of network dependencies
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Figure 2.2: Cosets and flux coupling in iAT-PLT-636. (A) Perfectly correlated reaction
sets and coupled reaction sets were calculated for iAT-PLT-636. (B) Connectivity
between the hard coupled and partially correlated reaction sets reveal energy metabolism
related reactions and metabolites at the center, in terms of viewing degree connectivity
with a force-directed layout of reactions in the model (constructed with Cytoscape
[Sha+03]).

The different types of functional relationships between reactions shown in Figure

2.2A were derived by first calculating the flux variability [MS03] on the platelet model

under open constraints: -1 to 1000 µmol
1010cells·hr for all extracellular transporters and -1000

to 1000 µmol
1010cells·hr for intracellular reactions. Let vi be a flux through reaction i and let

vmin,i, vmid,i and vmax,i be the minimum, midpoint, and maximum of vi’s flux range. The

second step of the method sets the flux through vi at vmin,i, vmid,i and vmax,i separately and

calculate FVA. If the flux through another reaction, v j, is uniquely constrained (vmin, j

equals vmax, j) at the minimum, midpoint, and maximum of vi’s flux, then vi and v j are

correlated [JP06]. Otherwise, if vi constrains the flux v j at any point in its range, then
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the two reactions are coupled [KM09; Bur+04]. Sets of reactions that are perfectly

correlated or directionally coupled are in cosets (correlated reaction sets) or coupled

sets, respectively. This definition is inherently bi-directional (v j will constrain vi). The

heatmap in Figure 2.7A was created after denoting reaction cosets with a value of 1 and

coupled reactions with a value of -1. Hierarchical clustering is shown employing Jaccards

coefficient and Wards method. For Figure 2.2B, reactions in clusters larger than five

reactions with Jaccard similarity greater than 75% were used to represent a condensed

biochemical network. The resulting network had 520 of the 1008 reactions in the model.

2.3 Results

2.3.1 Scope and content of iAT-PLT-636

iAT-PLT-636 was constructed in a systematic, quality controlled manner with

quality control/quality assurance (QC/QA) measures using 33 human platelet proteomic

studies and 354 peer reviewed articles in the literature that were used to define the platelet

biochemical network based on the global reconstruction of human metabolism (Figure

2.1 and Methods). As the first large-scale, mass balanced model of platelet metabolism,

iAT-PLT-636 presents a breadth of platelet metabolism that has not been captured and

perhaps not even recognized before in previous studies, see Figure 2.3. Network content

includes 1008 reactions (biochemical transformations, intracellular transporters, and

extracellular transporters), 739 compartment-specific metabolites, 225 proteins, and

represents 636 genes contained in Recon1 [Dua+07]. Approximately one-third of the

reactions have proteomic as well as bibliomic support. Proteomic support for extracel-

lular and intracellular transport reactions is lacking, and thus primary literature sources

provided the majority of the evidence for transport reactions. Conversely, proteomic

studies provided further insight into the true scope of amino acid, carbohydrate, fatty acid
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Figure 2.4: Platelet GPR example. Example of a simple GPR for monoamine oxidase
(5-hydroxytryptamine:oxygen oxidoreductase) which metabolizes serotonin, demon-
strating the hierarchical levels of biological data integration in iAT-PLT-636. The thin
black arrows represent the hierarchical structure between genes, proteins, enzymes,
and metabolites. The block arrows highlight the identifiers used to query the different
databases.

(elongation, activation and oxidation), and nucleotide metabolism, providing potential

missing links in the energy metabolism of the platelet [Gup+90; CDV70].

Gene-protein-reaction (GPR) relationships define the association between genes,

metabolic enzymes, and the biochemical transformations that they ultimately facilitate

[Ree+06], see Figure 2.4. These relationships also serve as a scaffold, enabling the

integrated analysis of various high throughput data in iAT-PLT-636 [MJP07]. As shown

in Figure 2.5, 457 reactions have a disease associated SNP, many of which have known

therapeutic drug targets. 403 genetic variant diseases associated with 247 genes (Online

Mendelian Inheritance in Man[Amb+09]) are encompassed within the purview of the

model. Moreover, there are 231 FDA-approved drugs that are associated with model
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Figure 2.5: Platelet model properties. GPR (Gene-protein-reaction) relations from
gene to reaction via drug targets and SNPs are shown to provide the motivation for
conducting mechanistic omics-mapping studies on platelet metabolism. The innermost
ring (blue) denotes whether the reaction has an association with a gene. The second
(green) and third (yellow) rings highlight whether the associated gene with the reaction
has a disease-associated SNP, OMIM [Amb+09], or known drug target, DrugBank
[Kno+11], respectively.
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enzymes, of which 183 overlap with the set of disease-associated SNP reactions, see

Figure 2.5. The ratio of drug targets to the total number of reactions is 0.23 for iAT-

PLT-636 and 0.13 for the human reconstruction, indicating there is an increased density

of druggable targets in the platelet model (Fisher’s exact test, p = 3.3 ∗ 10−13). An

enrichment analysis for drug categories with targets in iAT-PLT-636 for FDA approved

drugs in the DrugBank database [Kno+11] reveals a set of categories that all have

literature-validated roles in affecting platelet metabolism identifying 20 non-exclusive

categories (Table 2.1).

Table 2.1: Enriched non-mutually exclusive drug categories in the platelet model. These
were significantly enriched with respect to a Fisher-exact test with Bonferroni-Hochberg
correction (α < 0.05) in the platelet model with respect to all other approved drugs in
DrugBank

Drug Category Corrected-pvalue
Cyclooxygenase Inhibitors 2.76E-18
Phosphodiesterase Inhibitors 5.15E-11
Adrenergic Uptake Inhibitors 6.48E-11
Vasodilator Agents 7.92E-10
Nonsteroidal Anti-inflammatory Agents (NSAIAs) 1.24E-09
Serotonin Uptake Inhibitors 7.18E-07
Antidepressants 4.04E-06
Antidepressive Agents 6.62E-05
Cardiotonic Agents 1.96E-04
Antidepressive Agents, Second-Generation 6.04E-04
Thiadiazines 1.24E-03
Dopamine Uptake Inhibitors 1.24E-03
Diuretics 1.26E-03
Antidepressive Agents, Tricyclic 5.41E-03
Antipyretics 7.68E-03
Monoamine Oxidase Inhibitors 7.68E-03
Diuretics, Thiazide 7.70E-03
Carbonic Anhydrase Inhibitors 7.70E-03
Anesthetics, Inhalation 7.70E-03
Norepinephrine-Reuptake Inhibitors 7.70E-03
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2.3.2 Hierarchical characterization of iAT-PLT-636

The size and complexity of iAT-PLT-636 as assessed by the dimensions of the

stoichiometric matrix and the size of the steady state flux solution space, places the

platelet model in between two other human blood related cell metabolic networks, mature

erythrocytes and macrophages Figure 2.6. In addition, the model lies on the same trend

with other human tissue-specific reconstructions [BJP11; Bor+12; Dua+07; Mar+13;

WEP12]) and micro-organisms ([Bro+12; JP07; Oh+07; Ort+11; Ree+03]).

The reaction dependencies within iAT-PLT-636 are too numerous and complex to

fully appreciate simply from looking at a pathway map; objective, analytical and simula-

tion based methods are needed to characterize the dependencies in the model. Functional
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relationships between reactions in metabolic networks can be calculated in numerous

ways [LNP12]; we employed established methods to identify perfectly correlated as

well as partially correlated (or coupled) sets of reactions [Bur+04; LB06] (see Methods,

Figure 2.2A). Perfectly correlated reaction sets are groups of reactions in which the

reactions are correlated (or anti-correlated) for a specified set of conditions. Coupled

reactions account for the set of relationships in which a non-zero flux in one reaction

implies a non-zero flux in another, although the range and magnitude of the fluxes may

vary independently. Network content in iAT-PLT-636 was the assessed in terms of these

relationships between different reactions. Reaction set connectivity between reactions

was defined as the inclusion of a reaction in a coset (correlated reaction set) [JP06] or

coupled with other reactions (Figure 2.2A). iAT-PLT-636 has 179 cosets and 460 coupled

reaction sets, with an average of 3.39 reactions and 83.57 reactions, respectively. While

perfectly correlated cosets are mutually exclusive sets of reactions, coupled reactions

are not. On average, 16.43 reactions were shared between coupled reaction sets and 38

reactions per coupled set (median of 28). Figure 2.2B illustrates the numerous complex

dependencies of reactions in the model which largely center around transport reactions

for substrates and products related to ATP generation. Clustering the set of cosets and

flux coupled reaction sets resulted in three principle clusters of reaction subsystems

(Figure 2.7A). Cosets are colored red and appear adjacent to the diagonal, whereas cou-

pled reactions are colored green and appear in the farther off-diagonal entries. The first

cluster of reactions is highly interconnected, with many connections to other reactions

in the network. The second cluster contains key reaction systems in platelet hemostatic

cascades (prostaglandin and serotonin synthesis) as well as specialized metabolism (neu-

rotransmitter reuptake, glutathione synthesis, and mitochondrial exchange). Canonical

pathways involve groups of reactions, some of which may be coupled, others of which

may be in cosets, and still other reactions which are in neither. An example of this is the
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prostaglandin anabolic pathway (Figure 2.7B), which includes cosets, coupled reactions,

as well as non-coupled reactions. Associated reactions contributing substrate precursors

to the pathway involve reactions coupled to central metabolic pathways. In Figure 2.7B,

coset reactions are colored in red and coupled reactions are green. The last cluster in

Figure 2.7A, cluster three, consists of phospholipid metabolism and is dominated by fatty

acid metabolism, and the redundancies amongst these reactions make them uncoupled

from most of the metabolic network, however many of these reactions are linked to ATP

maintenance in the energy exchange group.

2.4 Discussion

In this chapter we provide a systems characterization of platelet biochemistry

through the accomplishment of four objectives; 1) construction of a data-driven, manually

curated, high quality network reconstruction of platelet metabolism, iAT-PLT-636, 2) as-

sessment of network content by mapping to SNP associated diseases and drug targets, 3)

elucidation of the hierarchical functional dependencies within the network. Although the

platelet has a central role in the blood coagulation cascade, the broad spanning biochemi-

cal and metabolic capabilities allude to a potentially profound influence on organismal

physiology and possible role in acute as well as chronic diseases. This is highlighted

by the broad range of SNP associated diseases that have enzymes within core platelet

metabolism, see Figure 2.3. Moreover, there is a broad scope of drug categories that

span medications used in cardiology, rheumatology, psychology, neurology, nephrology,

infectious disease, and anesthesiology. These results suggest potential “off-organ” drug

effects, including side-effects that may be important when evaluating existing and/or new

medications [Ahn+11; Cha+10].

A frequent challenge in the analysis of biochemical networks is the characteri-
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zation of reaction and metabolite dependencies under specified conditions; there exist

numerous ways to express these dependencies at feasible flux states of the networks

[LNP12; PRP04]. For the platelet we focus on identification of perfectly correlated

reaction sets (which simplify the network by collapsing reactions into modules), but also

consider their interactions with other reactions that are coupled to them [Bur+04; JP06;

Dav+11]. iAT-PLT-636 contains 1008 reactions and transporters with a 289 dimension

(right) null space, indicating of a richness of metabolic capabilities. The cosets assist in

reducing this complexity by creating reaction modules highlighting where the degrees of

freedom within the solution space of the network lie. The coupled set of reactions (Figure

2.7A off diagonal elements) then allows one to see which reactions affect one another.

The hierarchical structure and dependencies within the network highlighted in Figure

2.7 illustrate that it is not a trivial task to determine an intervention by simply blocking a

particular reaction. The interplay of reactions must be taken into account when trying

to identify new potential therapeutic targets. For instance, the role of neurotransmitters

on platelet metabolism has been largely unexplored [AT96] and the second reaction

cluster highlights some different areas which may affect neurotransmitter re-uptake in

the platelet, including the metabolism and transport of tyrosine, ascorbate, urea cycle

intermediates, and high energy phosphate metabolites.

2.5 Conclusion

iAT-PLT-636 represents the current state of knowledge of platelet metabolism.

Although the platelet is comparatively simple relative to other human cell types, there is

a rich and complex biochemical complement within these cells, and findings in this study

and other work suggest that the platelet has an under-appreciated role in a wide scope of

disease processes. We hope that this functionally integrated, hierarchically structured
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model of platelet metabolism supports and stimulates further analyses of the platelet and

its role in human health and disease.

Chapter 2, in full, is a partial reprint of the material as it appears in Network

Reconstruction of Platelet Metabolism Identifies Metabolic Signature for Aspirin Resis-

tance in Scientific Reports. Alex Thomas, Sorena Rahmanian, Aarash Bordbar, Bernhard

Ø. Palsson, and Neema Jamshidi, Nature Publishing Group, 2014. The dissertation/thesis

author was the primary investigator and author of this paper.
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Chapter 3

Aspirin Resistance and The Platelet

3.1 Introduction

Herein we focus on the role platelet metabolism plays in the incompletely under-

stood phenomenon of aspirin resistance. Aspirin (acetyl salicylic acid, ASA) is one of the

most common medications taken today and is available over the counter, but is also pre-

scribed at higher doses as a prophylactic, “first line” anticoagulant, as it has been shown

to reduce vascular mortality, myocardial infarction, and stroke among high-risk patients

with atherothrombotic disease [Ant02]. Aspirin inhibits cyclooxygenase-1 (COX-1)

in platelets, inhibiting the potent vasoconstrictor and platelet agonist thromboxane A2

(T XA2). Although the pharmacological mechanism of aspirin has been identified and its

health benefits are widely accepted, it has been estimated that 10—20% of aspirin-treated

patients may experience diminished or absent response to aspirin treatment [WA09].

Various studies have explored the prevalence of aspirin resistance in patient populations

[Eik+02; Mue+97], but there have not been any cell-scale, quantitative, mechanistic delin-

eations of the effect of diminished cyclooxygenase activity on platelet metabolism. Thus,

a biochemical, cell-scale signature for ASA-resistance was derived using iAT-PLT-636

40
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with physiological constraints simulating ASA response, ultimately providing a mech-

anistic overview of the shifts in flux through reaction pathways for the ASA-resistant

platelet.

3.2 Methods

3.2.1 Construction of ASA-sensitive and -resistant platelet models

The uptake of four carbon sources ([14C]glucose, [14C]acetate, [14C]oleate, and

[14C]palmitate) and oxygen, secretion of lactate, and intracellular ATP turnover were

used from [Gup+97]. Uptakes of [14C]citrate [CCH97], [14C]adenine [EM90], pyruvate

[Gup+90] , and [14C] glutamine[Mur+92] as well as secretion of [14C]hypoxanthine

and [14C]xanthine [EM90] from other studies in human plasma were used as additional

constraints to better characterize energy metabolism in the resting platelet. In order to

determine the intracellular flux state of energy metabolism while limiting the total number

of participating reactions, MBA [JSR10] was once again used to enumerate possible

parsimonious flux states for platelet metabolism which enforced the aforementioned

exchange constraints and maintained intracellular constraints with respect to measured

pathways in platelet energy metabolism. This enumeration allowed for the selection

of high likelihood reaction states which could then be used to define minimal media

(input reactions), platelet demands (output reactions), and energy pathways (intracellular

reactions) that maintained basal platelet energy metabolism. Further constraints on

T XA2 secretion and hydrogen peroxide uptake were enforced to define the ASA-s and

ASA-r (ASA-sensitive and ASA-resistant, respectively) models, with and without an

ROS load. To model ASA-r, 95% of the maximum T XA2 secretion (1.102 µmol
1010cells·hr )

was set as the lower bound to mimic experimental observations on T XA2 production

and ASA-resistivity [Eik+02], whereas the upper bound for T XA2 secretion in ASA-s
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platelets was set to 1% of the maximum rate (0.011 µmol
1010cells·hr ) to replicate the irreversible

inhibitory effect on T XA2 [VB03]. The resulting magnitude of the thromboxane secretion

constraint lies within physiological limits, as previous studies have measured 0.451

to 17.3 µmol
1010cells·hr [BSS80] as the rate of secretion. In order to model the effect of

the same reactive oxygen species load in the context of ASA-resistivity, the upper

bound of hydrogen peroxide uptake for both models was set to 95% of the maximum

hydrogen peroxide uptake for the ASA-resistant model, which was 13.82 µmol
1010cells·hr ,

as the theoretical maximum uptake for the ASA-s model was 6.7% higher at 14.75

µmol
1010cells·hr hydrogen peroxide.

3.2.2 Model sampling parameters

Markov Chain Monte Carlo sampling using artificial centering hit-and-run (ACHR)

algorithm was used to uniformly sample the solution space of the constrained platelet

models [SP09]. 5,000 sampling points, each representing a feasible flux solution, were

simulated over the course of six hours and had a resulting mixed fraction cutoff of 0.5130.

Mixed fractions close to 0.5 indicate uniform sampled points around the median flux

value, thus, the sampling of platelet models achieved uniform distributions over the

solution spaces. The different sampled distributions represent the different phenotypes

and significant reaction flux differences were determined using a Wilcoxon signed rank

sum test, p < 0.05. A basis for the left null space of iAT-PLT-636 was calculated and

positive row reduction was performed in order to identify metabolite pools (i.e., sets

of metabolites whose sum totals are constant due to the conservation of a particular

moiety, e.g. NADP+/NADPH). There were 18 of these pools for iAT-PLT-636. Pools

with significantly changing reactions determined through the sampling analysis were

extracted and were used in the maps for Figure 3.1B.
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3.3 Results

Identifying an ASA-resistant metabolic signature. iAT-PLT-636 was used to in-

vestigate the differences between platelet metabolism in normal (ASA-sensitive, ASA-s)

and ASA-resistant (ASA-r) individuals. Time course metabolomic and fluxomic ([14C]-

labeled metabolites, see Methods) datasets generated from platelets in human plasma at

37°C were incorporated into iAT-PLT-636 as constraints on the metabolic reaction fluxes

thereby constraining the feasible solution space of the metabolic network. Two different

models were built for ASA-s and ASA-r individuals by varying the thromboxane A2

(T XA2) secretion flux, whose urinary byproduct is believed to be a clinically measurable

indicator of ASA resistance [Eik+02] (Methods). Reaction flux phenotypes were calcu-

lated via randomized sampling of the feasible flux states for the ASA-s and ASA-r platelet

models [MPH09; SP09]. Reaction fluxes that were significantly different (Wilcoxon

rank-sum test, p < 0.05) between the two conditions defined the ASA-r signature (Figure

3.1 and Methods). Significant flux fold changes are shown as blue reactions and represent

reactions with higher flux in the ASA-s phenotype while red reactions have a higher

flux in the ASA-r phenotype. There is an observed diversion of NADPH and oxygen for

prostaglandin synthesis which induces increased flux through the oxidative PPP while

decreasing flux through aerobic ATP generation pathways in ASA-r platelets.

In order to further validate and test the model predictions, we analyzed targeted

proteomic data from ASA-s and ASA-r patient cohorts with stable coronary ischemic

heart disease [MC+10], by determining if the reaction flux changes in the models could

predict the measured proteomic differences in the clinical samples. During coronary

ischemic insults, one consequence of decreased cardiac perfusion is an acute increase in

oxidative stresses via elevated hydrogen peroxide levels [Bec04]. Disease phenotypes

can be evoked through biochemical flux demands [JP09], so an increase in the hydrogen
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Figure 3.1: Cell-scale view of flux changes in ASA resistant platelet metabolism. (A)
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defined in the key at the bottom of the figure.
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peroxide uptake was applied to the ASA-s and ASA-r models in order to simulate an

increased ROS (reactive oxygen species) load. 150 metabolic reactions were significantly

altered between ASA-s and ASA-r due the same ROS load (Figure 3.1). Left null

space pools of stoichiometric matrices represent groups of metabolites with conserved

moieties in the network (i.e., metabolites or functional groups that are neither synthesized

nor degraded), so the sum totals of the metabolites do not change [FP03; JP08; SI04].

Thus the left null space can be used to decipher seemingly unrelated changes in fluxes

within the network. We analyzed the left null space metabolite pools to characterize

the differences between the ASA-s and ASA-r flux states (Methods and Figure 3.1).

In Figure 3.1, input/output relations are with respect to the first metabolite listed in

the label. The sizes of the reaction arrows represent the flux magnitudes in the ASA-r

state. The connection between T XA2 inhibition and the altered redox state is through

the link between the NADP+ moiety in the cytoplasm and the endoplasmic reticulum

(which is independent of the mitochondrial NADPH/ NADP+ pool). Changes in the

NADH/NAD pools in the cytoplasm and mitochondria move in opposite directions,

a result of the increased diversion of flux for prostaglandin synthesis in the ASA-r

model. Shifts in the CoA, Ubiquinone 10, and glutathione pools (i.e. changes in

the “charge ratios”), indicate flux diversions from fatty acid metabolism, oxidative

phosphorylation, and redox management, respectively. In addition to the increased

prostaglandin synthesis, ASA-r exhibits increased flux through glycolysis and nucleotide

salvage pathways with corresponding decreases in redox management compared to ASA-

s (Figure 3.1). Patient data presented by Mateos-Cáceres et al. showed an increase in

glyceraldehyde 3-phosphate dehydrogenase (GAPD), a decrease in 1,6-bisphosphate

aldolase (FBA), a decrease in glutathione S-transferase (GST), and a non-significant

decrease in triose phosphate isomerase (TPI) for ASA-resistant platelets. These results

were consistent with ASA-r model predictions, which exhibited increased fluxes through
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GAPD and TPI (Wilcoxon rank-sum test, p < 0.05); the flux through FBA decreased,

but was not significant. Simulation results predicting a significantly reduced flux through

glutathione ROS metabolism and superoxide dismutase in ASA-r platelets and an inability

of ASA-r platelets to sustain the same degree of hydrogen peroxide insults as ASA-

sensitive platelets were confirmed with reduced GST expression.

3.4 Discussion

ASA resistance was analyzed from the expanded view of metabolism provided

by iAT-PLT-636. Although platelet turnover has been suggested to be a mechanism for

ASA resistance [Hot+13; Job+08; Gup+90; Pas+12], the observed altered flux states

from the simulations, as well as measured changes in platelet fluxes, suggest that ASA

resistance is attributable to more than just increased turnover of otherwise normally

functioning platelets. Fluxomic data generated under physiological conditions (human

plasma at 37°C) was incorporated as quantitative flux constraints in order to generate

aspirin sensitive and resistant models, ASA-s and ASA-r, respectively. With these models

in hand, clinical data was analyzed from patients with coronary ischemic heart disease

[MC+10]. The ASA-r model predicted increases in GAPD and TPI, decreased FBA,

and reduced ROS disposition via glutathione related pathways (compared to the ASA-s

model). These predictions were confirmed through targeted proteomic measurements of

GAPD, TPI, and GST by Mateos-Cáceres et al.. Interestingly, the aforementioned study

did not have a clear rationale for the seemingly contradictory concentration changes of

the glycolytic enzymes. However, with iAT-PLT-636, the resulting flux pattern was easily

accounted for as a redirection of carbon flux through the PPP. These results also affirm

the proposed mechanism for reduced protection against ROS species in ASA-r platelets

compared to ASA-s platelets from Mateos-Cáceres et al., although model simulation
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results show additional propagated effects with reduction in flux through superoxide

dismutase reactions and an almost significant (p = .054) decrease in flux through catalase.

Mateos-Cáceres et al. purified and measured five oxidative stress proteins, of which

GST had a significant decreased protein expression. Predictions of the model simulations

reached a similar conclusion, supporting the role of glutathione metabolism in redox

management. This finding is also consistent with the current understanding of cellular

responses to oxidative stresses and the need for high concentrations of glutathione in cells,

in part for their critical role in counteracting ROS [TTT03]. Furthermore, the results from

Mateos-Cáceres et al. showed no significant change in thioredoxin expression between

phenotypes, suggesting intracellular protein oxidants were not a large source of ROS. An

analysis of the left null space pools assisted in the interpretation of the alterations in ASA

sensitive versus resistant cases by identifying the flux constraint linking prostaglandin

synthesis and central metabolic pathways via the conserved NADP+ moiety (Figure 3.1).

3.5 Conclusion

The aspirin resistance phenomenon was studied and a characteristic biochemical

signature for blood platelets was identified. The results of this study suggest that the

metabolic consequences of ASA-resistance on platelet metabolism are elicited by the

diversion of metabolites to prostaglandin synthesis and the consequent flux decrease in

oxidative metabolism and flux increase in the PPP with corresponding shifts in redox

pathways, glycolysis, nucleotide salvage pathways, and lipid metabolism. These path-

ways have not been previously implicated in ASA-resistance and they present targets for

delineating the origins of ASA-resistance.

Chapter 3, in full, is a partial reprint of the material as it appears in Network

Reconstruction of Platelet Metabolism Identifies Metabolic Signature for Aspirin Resis-
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tance in Scientific Reports. Alex Thomas, Sorena Rahmanian, Aarash Bordbar, Bernhard

Ø. Palsson, and Neema Jamshidi, Nature Publishing Group, 2014. The dissertation/thesis

author was the primary investigator and author of this paper.
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Chapter 4

JSBML 1.0

4.1 Introduction

JSBML (Java™ SBML) is a programming library for the SBML format, written

in the Java™ language, and is able to represent the variety of components that SBML

encodes for. JSBML builds a data object which follows the rules given by the SBML

format. Thus, any model built with JSBML can be output in the SBML standard and can

be used by software tools which accept the SBML format. This also means that one can

use the JSBML data object as a foundation in a software application handling systems

biology models, and becomes very useful when interfacing the model components with

other SBML features, such as encoding visual representations of models. This is how

JSBML is utilized in Chapter 5.

The Systems Biology Markup Language (SBML) is a widely used format that

enables easy distribution of systems biology data, models and diagrams, and it allows

the easy exchange of data and models between a variety of software systems [DP14;

Huc+03]. Given the wide coverage of the latest SBML version, it is unsurprising that

the standard is relatively complex. An appropriate computational architecture greatly

51
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simplifies the work that software developers need to do in order to support importing and

storing SBML-based information for computational analysis. JSBML [Drä+11] is the

official, pure Java-based application programming interface (API) library for SBML. It

enables systems biology information to be expressed in Java data structures patterned

after the SBML format for fast access. JSBML 1.0 implements the ability to encode,

exchange and use all parts of SBML, up to the current release, SBML Level 3 (L3),

including all community-approved (and prototype) SBML packages for L3, as described

later. One important aspect of SBML is its ability to provide additional capabilities to

encode specific types of systems biology models. These capabilities are extensions of the

core SBML L3 format and are known as packages. Although many models can be fully

represented using only the core set of SBML constructs, these extensions support (i) other

model features that cannot be formulated with the SBML core standards and (ii) additional

constructs that enable users in specific fields to formulate, interface and use the SBML

framework more easily within their modeling approaches. SBML packages enable the

ability to build models that encompass several formalisms within one overall framework.

Several tools today use JSBML 1.0 in this way and encode multiple types of systems

biology models; examples include iBioSim [Mad+12], KEGGtranslator [WDZ11], and

GINSim [Gon+06]. In addition, because JSBML is built to be an interpreter for SBML,

this functionality, represented by a single data structure, can easily be embedded into

existing Java programs. Since its inception, JSBML has fostered a community of active

developers who aim to provide regular code updates, provide major and minor bug fixes

to releases, and partake in discussions on standards for the systems biology modeling

community (COMBINE [Wal+14]). These community interactions have helped improve

JSBML substantially since its launch.
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4.2 Results

4.2.1 Improvements

JSBML’s first public release was in 2011 [Drä+11] and it has since undergone

considerable change and expansion. A major goal of the initial release was to present

a software package which differentiated itself from libSBML, JSBML’s C++ language

counterpart [Bor+08], and its Java-language bindings. Since then, JSBML has maintained

compatibility with SBML and libSBML and has introduced extra functionalities. In

addition to support for SBML L3 core and packages, JSBML 1.0 has incorporated im-

provements to software efficiency. For instance, improvements to internal interfaces now

speed up model input/output operations. The different identifier namespaces in SBML

are now managed with an IdManager interface which is able to reconcile redundant

identifiers among packages. A new Math infix parser is able to mimic the same behavior

as the libSBML L3 Math parser and can handle complex mathematical formulas. The

manipulation and merging of Units in SBML has also been greatly improved. Also,

several features have been added to JSBML 1.0 to improve end-user convenience and

accessibility. For instance, various utility methods have been added that allow users

to manipulate JSBML’s in-memory data object. Furthermore, user-defined objects can

be temporarily added to the JSBML data structure for any model component. XML

annotations in SBML are read as XMLNode object instead of Strings, making it easier

to manipulate non-standard annotations in SBML. Advanced logging functionalities via

the Apache log4j project allows users to monitor JSBML actions. Finally, JSBML has

been better integrated with other software such as Apache Maven, a dependency manage-

ment tool, BioJava 3 [Prl+12], a bioinformatics toolbox, and CellDesigner [Fun+08], a

biochemical network modeling and visualization tool.
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4.2.2 Support for SBML packages

Approved packages

At the time of writing, all approved SBML L3 extensions are supported by JSBML

1.0. We describe the support below, and provide insights into the mapping between

modeling formalisms and the corresponding JSBML data objects. An abbreviated version

of the JSBML class hierarchies are presented in Supplementary Figure S1. The JSBML

User Guide has figures that lay out the JSBML class hierarchy for each SBML package,

displaying the full capabilities of the JSBML data objects that encode each package.

In Table 4.1, approved SBML packages constitute the first four rows. The Qualitative

Models package (qual, for short) allows species in a model to have non-quantitative or

non-continuous levels [Cha+13]. This may manifest as Boolean or discrete values, and is

primarily employed in modeling gene regulation, signaling pathways, logical/Boolean

networks [SDW02], and Petri nets [Bre+08]. Flux Balance Constraints (fbc, [OB13])

encodes components for constraints-based modeling [LNP12], which employs a class of

models in which the canonical stoichiometric relations between reactions and metabolites

are specified as constraints for mathematical optimization. Layout provides the ability to

encode graphical information for model diagrams. The structure for this extension mirrors

the SBML core hierarchy by introducing graphical counterparts to reactions and species.

The fourth approved package, Hierarchical Model Composition (comp) provides a

generic framework to encode models as hierarchical entities in SBML [Smi13]. JSBML’s

comp implementation provides access to elements within sub-models and interfaces with

other models.
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Table 4.1: SBML package status.

Name Id Description JSBML support
Qualitative models qual Qualitative values for species Full
Flux balance constraints fbc Constraints based parameters Full
Layout layout Network layout topology Full
Hierarchical model composition comp Modular, hierarchical entities Full
Spatial processes spatial Location and geometries Full
Groups groups Grouping elements Full
Arrays arrays Values and entities in arrays Full
Required elements req Required model elements Full
Distributions distrib Model values as statistical distributions Full
Dynamic structures dyn Dynamic model entities Full
Rendering render Network layout style Full
Multistate and multicomponent species multi Rule based modeling Partial

Draft packages

Draft specifications are available for the remaining SBML packages; they are

encoded in JSBML with varying maturity. JSBML fully supports the current specifi-

cations of seven packages whose community approvals are pending: Spatial Processes

(spatial, [Sch+15]) specifies geometric descriptions of biochemical models’ components

using a cellular coordinate system that can describe non-uniform molecular distributions,

diffusive transport and spatially localized reactions; Groups [HS13] agglomerates SBML

model elements and can be linked to annotations and SBO terms [Cou+11] to contextual-

ize sets of objects for other programmers and modelers; Arrays [WMS15] extends SBML

variables to include arrays of values, thereby representing repeated or regular model

structures more efficiently; Required Elements (req, [SH13]) allows a model to indicate

which components have had their mathematical meanings changed by (e.g.) the use of

another SBML package; Distributions (distrib, [MS13]) encodes statistical distributions

and their sampling; Dynamic Structures (dyn, [Gom14]), which supports the definition

of dynamical behaviors for model entities; and Rendering (render, [GSW06]), used in

conjunction with layout to provide symbol and style information for diagrams. The last

package, Multistate and Multicomponent Species [ZMS13] is still under development.
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1 p u b l i c c l a s s JSBMLExample {

3 p u b l i c JSBMLExample ( ) t h ro ws E x c e p t i o n {
/ / C r e a t e a new SBMLDocument o b j e c t , u s i n g SBML Leve l 3 V e r s i o n 1 .

5 Mode lBu i lde r b u i l d e r = new Mode lBu i lde r ( 3 , 1 ) ;
/ / C r e a t e a new SBML model , and add a compar tment t o i t .

7 Model model = b u i l d e r . bu i ldMode l ( ” t e s t ” , ” Simple t e s t model ” ) ;
FBCModelPlugin mode lP lug in = ( FBCModelPlugin ) model . g e t P l u g i n ( FBCConstants . s h o r t L a b e l ) ;

9 / / C r e a t e some sample c o n t e n t i n t h e SBML model .
S p e c i e s specOne = model . c r e a t e S p e c i e s ( ” t e s t s p e c 1 ” ) ;

11 S p e c i e s specTwo = model . c r e a t e S p e c i e s ( ” t e s t s p e c 2 ” ) ;
R e a c t i o n r e a c t i o n = model . c r e a t e R e a c t i o n ( ” r e a c t i o n i d ” ) ;

13 S p e c i e s R e f e r e n c e subs = r e a c t i o n . c r e a t e R e a c t a n t ( specOne ) ;
S p e c i e s R e f e r e n c e prod = r e a c t i o n . c r e a t e P r o d u c t ( specTwo ) ;

15
/ / Add f b c lower and uppe r bound c o n s t r a i n t s t o t h e r e a c t i o n .

17 FBCReac t ionP lug in r e a c t i o n P l u g i n = ( FBCReac t ionP lug in ) r e a c t i o n . g e t P l u g i n ( FBCConstants . s h o r t L a b e l ) ;
P a r a m e t e r lowerFluxBound = b u i l d e r . b u i l d P a r a m e t e r ( ” l b ” , ” lower f l u x bound ” , 0d , t r u e , model . g e t E x t e n t U n i t s ( ) ) ;

19 P a r a m e t e r upperFluxBound = b u i l d e r . b u i l d P a r a m e t e r ( ” ub ” , ” uppe r f l u x bound ” , 100d , t r u e , model . g e t E x t e n t U n i t s ( ) ) ;
r e a c t i o n P l u g i n . se tLowerFluxBound ( lowerFluxBound ) ;

21 r e a c t i o n P l u g i n . se tUpperF luxBound ( upperFluxBound ) ;

23 / / Wr i t e t h e SBML document t o a f i l e .
SBMLWriter . w r i t e ( b u i l d e r . getSBMLDocument ( ) , ” t e s t . xml ” , ” JSBMLexample ” , ” 1 . 0 ” ) ;

25
}

27
p u b l i c s t a t i c vo id main ( S t r i n g [ ] a r g s ) t h r ow s E x c e p t i o n {

29 new JSBMLExample ( ) ;
}

31
}

Figure 4.1: Code example using JSBML extensions.

The JSBML project is committed to support all SBML packages as their specifications

come out and are deemed stable by the community.

4.2.3 JSBML and package formation

Some package specifications have been influenced by JSBML development. For

example, protocols for validation and flattening of array constructs in the arrays pack-

age. Prior to the development of arrays in JSBML, the specification lacked important

validation rules that serve as quality controls for math operations done with arrays data

structures. JSBML also provided the environment to ensure arrays was compatible

with other SBML L3 packages, helping to build a more robust specification. Finally,

JSBML development of the arrays package was used to generate simulatable examples

for the SBML L3 arrays specification. Therefore, JSBML provides a means to test and

implement new package development for future versions of SBML.
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1 <? xml v e r s i o n = ’ 1 . 0 ’ e n c o d i n g = ’UTF−8 ’ s t a n d a l o n e = ’ no ’ ?>
<!−− C r e a t e d by JSBMLexample v e r s i o n 1 . 0 on 2015−00−27 a t 19 : 0 0 : 4 5 PST wi th JSBML v e r s i o n 1 . 1 . −−>

3 <sbml xmlns=” h t t p : / /www. sbml . o rg / sbml / l e v e l 3 / v e r s i o n 1 / c o r e ” l e v e l =” 3 ” f b c : r e q u i r e d =” f a l s e ” x m l n s : f b c =” h t t p : / /www.
sbml . o rg / sbml / l e v e l 3 / v e r s i o n 1 / f b c / v e r s i o n 2 ” v e r s i o n =” 1 ”>

<model i d =” t e s t ” name=” Simple t e s t model ”>
5 <l i s t O f S p e c i e s>

<s p e c i e s i d =” t e s t s p e c 1 ” />
7 <s p e c i e s i d =” t e s t s p e c 2 ” />

</ l i s t O f S p e c i e s>
9 <l i s t O f P a r a m e t e r s>

<p a r a m e t e r i d =” l b ” c o n s t a n t =” t r u e ” name=” lower f l u x bound ” v a l u e =” 0 ” />
11 <p a r a m e t e r i d =” ub ” c o n s t a n t =” t r u e ” name=” uppe r f l u x bound ” v a l u e =” 100 ” />

</ l i s t O f P a r a m e t e r s>
13 <l i s t O f R e a c t i o n s>

<r e a c t i o n i d =” r e a c t i o n i d ” f b c : l o w e r F l u x B o u n d =” l b ” f b c : u p p e r F l u x B o u n d =” ub ”>
15 <l i s t O f R e a c t a n t s>

<s p e c i e s R e f e r e n c e s p e c i e s =” t e s t s p e c 1 ” />
17 </ l i s t O f R e a c t a n t s>

<l i s t O f P r o d u c t s>
19 <s p e c i e s R e f e r e n c e s p e c i e s =” t e s t s p e c 2 ” />

</ l i s t O f P r o d u c t s>
21 </ r e a c t i o n>

</ l i s t O f R e a c t i o n s>
23 </ model>

</ sbml>

Figure 4.2: SBML output file from code example.

4.2.4 JSBML usage

The data object models underlying packages are shown in Figure 4.3. JSBML

uses object-oriented inheritance structures in order to simplify the encoding of these

complex hierarchies, however this remains hidden to the end-user. The means by which

an end-user encodes a model within this framework is relatively straightforward with

respect to each modeling formalism. Figure 4.1 shows a code example which utilizes

the SBML core and fbc package for a model with one reaction and two substrates. The

Java constructor (line 3) is where most of the work is being done. A ModelBuilder

class is initialized in line 7, providing an easy means of creating the classes required to

build up an SBML model. The next few lines instantiate the model and the fbc extension

used, and in line 10 — 14, the model is built up with one reaction composed of two

species, one reactant being converted to one product. Line 17 calls the fbc version of

the reaction object, and the boundary constraints are initialized in the subsequent lines.

These constraints are then set for the fbc reaction object, in lines 20 and 21. Finally, the

model is written to an XML file as shown in Figure 4.2. The modularity of the SBML

packages are highlighted in this example, as this allows for users to extend the core data
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Figure 4.3: Graphical representation of package support in JSBML 1.0. Packages of
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to approval and have more support and darker shades of green indicate packages with
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objects with different extensions that remain independent from parameters that were set

on the original object (the reaction upper and lower bounds in this example). Many times

this modularity is preserved in the SBML file: objects that use packages have tags that

indicate where extended elements reside. For instance, in the example of Figure 4.2, the

lowerFluxBound id of “lb” is located in the list of parameters of lines 9 — 12. The

reason the SBML extensions were designed in this way is that it enables transferability of

models between different SBML versions, as new extensions will not overwrite previous

data structures. In addition, this design is amenable towards software developers that use

this library, as updating the code base requires adding relatively independent modules

instead of reworking existing software. Therefore, converting existing systems biology

pipelines to use new SBML packages via JSBML 1.0 will be straightforward for both

developers and modelers.

4.3 Conclusion

JSBML version 1.0 marks the maturation of this software library as an essential

component for any systems biology pipeline that runs in the Java Virtual Machine,

and joins other biological exchange format interpreters: Paxtools [Dem+13]; CellML

API [Mil+10]; SED-ML [Wal+11]; SBOL [Gal+14]; libSBGN [Ier+12] to support

users’ ability to disseminate models in a diverse array of modeling formalisms. In

addition, as SBML is updated and novel modeling techniques arise, the active, open-

source community behind JSBML will continue to provide a comprehensive, computable

interface for systems biology models.

Chapter 4, in full, is a reprint of the material as it appears in JSBML 1.0: Providing

a Smorgasbord of Options to Encode Systems Biology Models in Bioinformatics. Nicolas

Rodriguez, Alex Thomas, Leandro Watanabe, Ibrahim Y. Vazirabad, Victor Kofia, Harold



60

F. Gómez, Florian Mittag, Jakob Matthes, Jan Rudolph, Finja Wrzodek, Eugen Netz,

Alexander Diamantikos, Johannes Eichner, Roland Keller, Clemens Wrzodek, Sebastian

Fröhlich, Nathan E. Lewis, Chris J. Myers, Nicolas Le Novère, Bernhard ØPalsson,

Michael Hucka, and Andreas Dräger, Oxford Journals, 2015. The dissertation/thesis

author wrote the manuscript, provided support for the development and documentation

of the software package, and was a co-first author of this paper.
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Chapter 5

BioNetView

5.1 Introduction

Biochemical reactions have been traditionally visualized with maps akin to the

artistic renderings of reaction pathways (a.k.a. glycolysis, citric acid cycle, etc.) presented

in biochemistry textbooks. These maps aim to memorably contextualize important chemi-

cal relationships which occur in a cell. Therefore, as knowledge of biochemical reactions

grow, so do the accompanying pathway maps. It becomes an important task for creators

and maintainers of biochemical reaction databases, such as KEGG [Kan09], BioCyc

[Cas+10], and REACTOME [JT+05], to diligently curate and manually incorporate new

reactions into pathway maps. However, the reaction sets that are assembled together do

not necessarily capture the comprehensive set of relationships between enzyme catalysts

and metabolites and may not highlight the key reaction systems in a given biological con-

text. Generalized network visualization can be used to display all possible biochemical

relationships and potentially highlight important ones. Network visualization software

such as Cytoscape [Sha+03], especially with plugins [KDH12; GISR13], can automate

biochemical pathway layout. However, although the visualization is comprehensive,

64
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biochemical pathways tend to be highly connected through cofactor metabolites (such as

ATP or hydrogen) and automated layout tends to adopt a “hairball” configuration. By

accounting for these highly-connected metabolites MetDraw [JP14] builds more compre-

hensible, automatically-generated reaction maps, and other methods have been proposed

to reduce biochemical network complexity by displaying meaningful nodes/edges (hive

plots [Krz+12]) or adding a zoom in/zoom out functionality which follows semantic

patterns (Mimoza, [ZS15]). Although pathway maps and reaction networks provide

contrasting visualizations of biochemical reactions, both build large-scale displays that

require supervised approaches to highlight important reaction subnetworks/pathways,

especially in the context of different biological settings.

Clustering is used as a primary means to highlight statistically significant relation-

ships from high-throughput data, and can effectively be used to study multiple biological

backgrounds at once. However, the statistical relationships found are frequently difficult

to interpret and rely on methods to indicate enriched, annotated keywords or pathways to

ascribe biological meaning. Although there are methods to make clustering more inter-

pretable without introducing secondary information [BJGJ01], it becomes the onus of

the researcher to contextualize the grouped variables and samples. Nevertheless, deriving

statistical relationships from biological data presents a necessary analysis step even when

in the context of structured information, such biochemical reaction connections.

One means of incorporating data into an a priori biological context is to use

mathematical modeling of biological systems. Constraints based modeling is a method-

ology which has characterized the dependencies between genotypes and phenotypes

via mapping a diversity of high-throughput datasets onto genome-scale, mass-balance

models of cells [OTP10; LNP12]. Omics data, such as expression level of the associated

genes/proteins or concentrations of metabolites, have been used to infer constraints for

the biochemical reactions of these models to generate reaction fluxes which can be used
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Figure 5.1: Motivating guided network visualization with BioNetView. (A) Pathway
map of platelet metabolism with one steady-state solution highlighted with blue edges.
(B) shows data mapped onto reactions and clustered and (C) shows the reactions and
their metabolites. For (B) and (D), red indicates a high magnitude flux and blue
indicates a low magnitude flux. (D) is after performing stoichiometric clustering, and
(E) takes advantage of the metabolites connecting reaction sets from (D) and builds an
interpretable mechanistic pathway.
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to highlight important pathways. Several tools have been developed to map data and

highlight reactions from existing pathway maps, such as Simpheny [Sch+05] and Escher

[Kin+15]. However, the correspondence between the resulting significant reactions in

pathways with the statistical relationships from the mapped data is often non-obvious.

This creates a disconnection between the input data and model output which subsequently

promotes the perspective of treating the constraints-based model as a black box. Addi-

tionally, because calculated or measured fluxes through reactions may not necessarily

follow pre-set pathways, the resulting visualization can be disconnected, not highlighting

the important flow of metabolites.

For example, Figure 5.1A shows a map of platelet metabolism from [Tho+14]

with a particular flux solution mapped onto the reactions. Although parts of several

known reaction pathways are highlighted, the pre-set layout of the pathway map prevents

reaction subsystems connected with cofactors to be associated with each other. On the

other hand, an unstructured, data-centric perspective for the toy model in Figure 5.1B-E

is presented in Figure 5.1B and shows constraints-based results after flux distributions

have been calculated for each reaction. The resulting heatmap shown shows different

shifts between the control and treatment samples for the set of reactions, where blue

denotes a low magnitude flux and red denotes a high magnitude flux. The reactions

are drawn in Figure 5.1C, where each metabolite is represented by different colored

circles and the edge represents the reaction’s biochemical transformation. The size of the

circles indicates whether the metabolite is a primary metabolite (traditionally denoted

as the means by which carbon is being biochemically transformed) or a secondary

metabolite (traditionally co-factors such as ATP, NADH, water, hydrogen, or other

small metabolites). Note the implicit connectivity amongst the reactions, as one can

imagine any number of configurations to build a pathway map analogous to Figure 5.1A.

Also note the purely statistical relationships do not necessarily result in a mechanistic
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interpretation, as reactions 3 and 4 do not have any shared metabolites. However, if

the stoichiometry of the reactions can be used to constrain the clustering, as in Figure

5.1D, a pathway map can be built which is directly associated with a biochemical

layout, Figure 5.1E, which relates back to the statistical relationships derived from

the input high-throughput data used as constraints. To this end, BioNetView builds a

partitioned network visualization based on the hierarchical, stoichiometric clustering

of the reaction fluxes. This clustering is easily interpretable and can be used for novel

biochemical pathway exploration. By focusing on the metabolites used to bring reaction

sets together, shown on the dendrogram in Figure 5.1D, no subjective selection of

metabolites needs to occur in order to build a clean pathway map. Therefore, BioNetView

is a method to characterize biochemical relationships under different biological settings in

an unsupervised manner which preserves novel, statistical associations between clustered

reactions while presenting an interpretable mechanism amenable to guided visualization.

BioNetView is presented via a case study which derived constraints from time-

course extracellular metabolomics and sampled the possible fluxes through the metabolic

models (see Methods). BioNetView is used to visualize shifts in the metabolism of

platelets during blood storage under two different blood collection procedures [Pag+14;

Pag+15].

5.2 Methods

5.2.1 Case study: platelet storage

Extracellular metabolomics from platelets collected during 10-day blood storage

experiments are used for the platelet storage case study with BioNetView. Two blood

transfusion protocols are compared, buffy coat extraction [Pag+14] and apheresis extrac-

tion [Pag+15]. Motivated by their originating studies, singular value decomposition was
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done across the time points and the metabolite concentration data was grouped into early

(days 0-2), middle (days 3-6), and late (days 7-10) stage blood storage. Linear splines

were fit to the concentration values over time and the corresponding derivatives were

used to calculate a set of input/output fluxes [MPH09], as shown in Figure 5.2B, which

were applied to a model of platelet metabolism [Tho+14]. As per [Mur+92], amino acids

were removed if they were seen to increase in platelet-free plasma and not in platelet

concentrates after 5 days, indicating proteolytic effects from residual plasma and not

active cell metabolism. One model was built for each stage of platelet storage and the

set of possible reaction states for each model was sampled. These sampled reaction

fluxes were then input to the BioNetView pipeline for stoichiometric clustering and

visualization.

5.2.2 Constraining and sampling flux distributions

Both case studies used calculated flux values of exchange reactions to constrain

the models. After models were constrained, the convex solution space of the models

were sampled [SP09; MHM14], shown in Figure 5.2B. As described in [Bor+10], the

number of Markov Chain Monte Carlo (MCMC) steps was increased until mix fractions

less than .52 were attained, in order to ensure uniform sampling. After sampling was

performed, each reaction may have a distribution with 10,000 fluxes for each constrained

model. In order to compare the fluxes of one reaction between two models, kernel density

estimation was used to parametrically fit to the distribution of fluxes per reaction of

the two models. Then an overlapping coefficient [CB00] was calculated between the

distributions, and was treated as a p-value against the null hypothesis the reactions came

from the same distribution. This approach is easily extensible to comparing distributions

of many reactions. To test whether reactions were significantly different across more

than one model (for instance, several time point models), Fisher’s method [MF48] was
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Figure 5.2: BioNetView pipeline using metabolomics.
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incorporated to test whether the set of p-values altogether indicate a significant shift

across models. Fisher’s method does not make any guarantee of a direction or magnitude

of the shift; therefore, it can be liberal in deeming significant shifts. Thus, the resulting

p-value from Fisher’s method was run through false discovery rate correction using

the method proposed by [BH95]. The assessment of significance using kernel density

estimation, overlapping coefficient, Fisher’s method, and Benjamini-Hochberg FDR

correction calculated p-values for an arbitrary set of reaction flux distributions across an

arbitrary number of models relatively quickly, which enabled the statistical testing of the

many reaction associations produced by hierarchical clustering.

5.2.3 Stoichiometric clustering

The python back-end for BioNetView takes a constraints-based model encoded

as an SBML file [Huc+03] and reaction fluxes. Structured hierarchical clustering is

performed using the stoichiometric matrix of the model as the connectivity, providing

additional topology constraints. This is done to ensure that every branch point in the

hierarchical clustering has at least one metabolite connecting the reaction or reaction

sets, as seen in Figure 5.1D. The distance between the reactions is calculated as the

Euclidean distance between their corresponding flux value(s) and the Ward distance is

computed to link clusters. Therefore, the output hierarchical clustering tree clusters

the reactions by their flux values while maintaining stoichiometric connectivity. This

hierarchical clustering linkage is then fed back to build a new SBML file which keeps

connections between the reactions that have been clustered together. While traversing

the linkage tree, network associations between reaction(s) are split into three classes,

1) one-to-one, 2) one-to-many, and 3) many-to-many. For one-to-one and one-to-many

connections, as many common metabolites are connected as possible, whereas in many-

to-many connections, the shared metabolite with the lowest degree is connected. This
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ensures the network has pathway-like structures which are influenced by the data and

stoichiometry. In addition, users can go through and annotate specific linkages with a

color, perhaps indicating significantly shifting groups of reactions. For this study, an

overlap empirical p-value for the sampled flux distributions was calculated [CB00] for

each linkage in the hierarchical clustering and FDR corrected p-values less than .05 were

deemed to be significant, and were used to select the sets of shifting pathways. It is

recommended that replicate samples are collapsed to make the clustering visualization,

and there is an option to automatically do this. The output of this back-end is a re-built

SBML file and GTR/CDT files, file-types used in the clustering programs Cluster 3.0

[Hoo+04] and Java™ TreeView [Sal04]. The back-end uses COBRApy [Ebr+13] for

model manipulation, scikit-learn [Ped+11] for clustering, and python scientific computing

libraries numpy and scipy [WCV11].

5.2.4 Visualization

BioNetView employs a Java™ front-end to display the results of the stoichiomet-

ric clustering. The user first uploads the CDT file and BioNetView displays a forked

version of Java™ TreeView [Sal04]. As shown in Figure 5.2C, the clustering program

provides an intuitive means to navigate a large hierarchical tree and select sub-clusters

for further network analysis. After selecting a sub-cluster, the user can link to the output

SBML file from the stoichiometric clustering back-end. The result is seen in Figure 5.3B,

with the TreeView diagram (from Figure 5.1B) on the left and the reaction subnetwork

on the right. BioNetView uses yWorks yFiles® for automatically laying out the reaction

subnetwork and JSBML [Rod+15] provides the data object for the communication layer

between the components.
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A. B.

All metabolite connections Clustered connections

Figure 5.3: BioNetView results. The blue edges belong to reactants and red edges
belong to products. Shows a BioNetView network that is unfiltered (A) and stoichiomet-
rically clustered (B). The colored boxes indicate previously annotated reaction pathway
names (such as glycolysis, pentose phosphate pathway, fatty acid metabolism, etc.).
These previous pathway associations have not been used to build the clustered reaction
networks shown, indicating known structural associations are conserved even when
performing a more unsupervised method for grouping sets of reactions.

5.3 Results

5.3.1 Case study: platelet storage

Figure 5.4 focuses on significantly shifting metabolic pathways for the platelet

during storage. The general trend is that a concerted increase of anaerobic metabolism

occurs at late stage storage, Figure 5.4B and D, and aerobic metabolism peaks at either

early or middle stage, depending on the extraction procedure. The metabolomics data

suggests this difference is due to glucose uptake and lactate production [Pag+15], and

is confirmed by our flux measurement calculations in Figure 5.5A and B. For apheresis

platelets the aerobic peak is at early stage storage, Figure 5.4A, and primarily consists

of citric acid cycle and oxidative phosphorylation, with accompaniment by the urea

cycle and glutamate metabolism. The pentose phosphate pathway, although it is not

significantly coupled to aerobic metabolism, does also peak at early stage, and is bound
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Figure 5.4: Platelet storage BioNetView results. Stoichiometrically clustered flux
distributions for platelet storage after (A and B) apheresis and (C and D) buffy coat
extraction procedures. Sets of reactions that are associated with peaks at different stages
are shown below the stoichiometric clustering of relative flux values, determined by
standardizing the absolute flux values. Ellipses (...) in (A) and (C) indicate borders
between disjoint clusters that are shown in the figure, as in, there are reactions that are
clustered between the sets of reactions shown. Consequently, the reaction networks that
are displayed are also disjoint. In (B) and (D), the blue edges belong to reactants and
red edges belong to products.
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to play a role in reactive oxygen species (ROS) management. Buffy coat platelets,

in addition to urea cycle and glutamate metabolism, have pentose phosphate pathway

significantly coupled to aerobic metabolism. Metabolite connectivity within and between

oxidative phosphorylation and citric acid cycle are similar for both extraction procedures,

however, connections to peripheral pathways vary. One reason for the differences is

most likely due to the difference in magnitudes of flux through this set of pathways. For

apheresis platelets at early stage, the average level of oxygen uptake is .01039 mmol
109cells·day

whereas it is .00573 mmol
109cells·day in buffy coat platelets. As per Figure 5.5C, the levels of

aerobic metabolism reach the same magnitude for apheresis and buffy coat platelets at

middle and late stage storage, and the peak in aerobic metabolism for buffy coat platelets

during the middle stage is shown to be a small increase in relation to the absolute flux

magnitude.

For the late stage of storage we observe an increase in anaerobic metabolism

(indicated by lactic acid production and increased flux through lower glycolysis) for both

apheresis and buffy coat platelets, acting as a metabolic marker for platelet deterioration.

For apheresis platelets, fluxes through lower glycolysis were decoupled from upper

glycolysis. Additionally, flux through upper glycolysis peaked at early stage with aerobic

metabolism, albeit, not significantly. Buffy coat platelets, in contrast, show a significant

increasing trend in glycolysis, including upper and lower parts of the pathway, throughout

storage, and a peak at late stage storage. In Figure 5.4A, B, and Figure 5.5D, purine

catabolism is shown to closely couple with lactate production, as NADH is produced by

inosine monophosphate (IMP) dehydrogenase and used by lactate dehydrogenase. The

magnitude of flux through purine catabolism is 100 times smaller than the magnitude

of flux through lactate production, so it is unlikely to play a role in driving the flux of

anaerobic metabolism, but can be shown to be closely coupled source of NADH for

lactate dehydrogenase.
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acid production and purine degradation (D). In (D), the blue edges belong to reactants
and red edges belong to products.
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5.4 Discussion

5.4.1 Case study: platelet storage

The BioNetView pipeline was applied to analyzing the metabolic shifts of platelet

metabolism during 10 days of blood storage. Although the platelet life span in vivo

is up to 10 days, platelets are approved by the U.S. F.D.A. to be stored for 5 days to

reduce the risk of bacterial contamination and maintain platelet viability [DV03]. Due

to their short shelf life, it is estimated that 30% of platelet blood component inventory

is discarded by the blood supplier or hospital blood bank [DS10]. Metabolic studies of

platelets have shown decreases in metabolic rate and pH accompanied by increases in

lactate and platelet activation, but studies of platelet metabolism during storage primarily

focus on very few metabolites with respect to the breadth of the metabolic capability

of the platelet. [Pag+14] and [Pag+15] present a comprehensive metabolomics panel

of the storage media from platelets derived from two different transfusion extraction

procedures, apheresis and buffy-coat extraction. Therefore, by inferring fluxes through

the time-course metabolomics, these datasets present an opportunity to examine platelet

metabolism during the storage process and understand differences between the extraction

procedures.

Figure 5.4 summarizes the clustering and map highlights after running the

BioNetView pipeline on platelet models representing buffy coat and apheresis platelets

during early, middle, and late stage blood storage. Overall, Figure 5.4 shows several

common sets of pathways which peak at different times between the two extraction proce-

dures. A group of aerobic, energy pathways which consist of oxidative phosphorylation

and citric acid cycle peak at early stage storage for apheresis platelets and middle stage

storage for buffy coat platelets. In addition, another set of pathways, primarily driven by

lower glycolysis (also known as the “pay-off” phase of glycolysis from glyceraldehyde-
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3-phosphate to pyruvate) peak at late stage for both apheresis and buffy coat platelets.

The definitive factor for both of these shifts is due to the interplay between aerobic and

anaerobic metabolism during platelet storage. For apheresis platelets, there is an initial

high uptake in glucose that is not matched by a corresponding increase in lactic acid

production, thereby indicating allocation of flux to high-energy pathways and or aerobic

metabolism. The extent of these initial changes in glucose and lactic acid concentrations

were not observed in buffy-coat platelets [Pag+15]. The resulting drop-off was greater

for apheresis platelets than the same reaction fluxes for buffy coat platelets, however,

the flux magnitudes were roughly equivalent at middle and late stage storage, thereby

indicating buffy coat platelets initially have stunted aerobic capabilities. This result may

confirm previous studies which show mitochondrial integrity, as measured by membrane

potential, to be lower for buffy coat platelets than apheresis platelets [Pag+15; SS10], as

the use of aerobic metabolism corresponds to healthy mitochondrial activity. However,

despite these differences in energy management, it is interesting to note that in a major-

ity of comparative studies, although differences are found when comparing metabolic

factors, no difference in platelet viability is found between the extraction procedures

[SS10; AHM09], suggesting platelet deterioration via blood storage insult has multiple

routes in metabolism. Nevertheless, pathways linked to oxidative metabolism reveal

an accompaniment of reaction pathways which are stimulated in both buffy coat and

apheresis platelets in Figure 5.4B and D, such as urea cycle and glutamate metabolism.

Particularly, it has been shown that increases in nitric oxide production within the urea

cycle and its superoxide scavenging effects has been shown to inhibit platelet activation

and ROS production [GP08]. The pentose phosphate pathway also peaks with aero-

bic metabolism, but are coupled differently between apheresis and buffy coat platelets,

however the reducing role has important implications in ROS maintenance [KS80].

Despite the different metabolic states comparing apheresis and buffy coat platelets,
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the set of synchronized pathways at late stage storage may suggest insights to elongate

platelet storage longevity can be gleaned from understanding the processes surrounding

the late stage metabolic phenotype. It has been shown that lactic acid accumulation,

and subsequent reduction in pH, is not a cause of platelet storage lesion [Ber+93], but a

significant marker of deterioration. The peak in anaerobic metabolism for both extraction

procedures is closely coupled to purine catabolism, and increased secretion of xanthine

and hypoxanthine. BioNetView is able to show both pathways are significantly connected

via NADH; lactate dehydrogenase uses NADH to produce lactate, and inosine monophos-

phate dehydrogenase produces NADH and precursors for xanthine and hypoxanthine,

while in the process of breaking down purines (AMP and adenosine). Although previous

studies have shown an increase in xanthine and hypoxanthine and associated this with

platelet deterioration [EM90; Amo+13], the mechanistic link to subsequent increases

in lactic acid production has not been previously observed. Because the production of

xanthine and hypoxanthine are directly linked to degradation of high energy phosphates

during storage [EM90], perhaps maintaining aerobic metabolism, thereby reducing the

flux through lactic dehydrogenase, will detract from this mechanism. Previous studies

have shown addition of glucose dampens the increases in lactic acid, xanthine, and hy-

poxanthine [Amo+13], however the addition of glucose to storage media is problematic

for sterilization procedures and has not been associated with in vivo viability [GI11].

Other strategies which maintain oxidative metabolism via alternative fuel sources, such

as acetate, pyruvate, and fatty acids [Gup+90], suggest promising avenues of research.

5.5 Conclusion

The ability to delve into the biochemical mechanisms underlying platelet deteri-

oration during storage in the framework of a dynamic visualization of the biochemical
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network unveils novel biochemical associations that would have been previously difficult

to contextualize from a pure statistical association approach or discover through over-

laying fluxes onto a biochemical reaction map. Thus, BioNetView provides one means

of combining statistics with the mechanism of biochemical models via stoichiometric

clustering. In addition, this approach is amenable towards large-scale visualization,

therefore a Java™ front-end was developed to visualize the results after performing

stoichiometric clustering. Because significant statistical associations can be directly

coupled to both the underlying biochemical structure and the data utilized to influence

the association, the BioNetView approach ascribes more confidence to the resulting

discoveries and future hypotheses to validate. Specifically, BioNetView was able to use

metabolomics and a model of platelet metabolism to show an underlying deteriorative

link between the depletion of high energy phosphates and lactic acid formation, which

suggests the importance of maintaining oxidative metabolism for platelets during blood

storage. Further studies should be conducted to test this hypothesis and explore alternate

carbon sources for oxidative phosphorylation. BioNetView could potentially be used to

simulate the effects of these carbon sources by visualizing the pathways these alternate

routes would take and benchmark the flux uptakes needed to maintain platelet longevity

during storage. Overall, the BioNetView pipeline can be used with other types of data and

mass balance models of metabolism to explore biochemical mechanisms in a data-driven

fashion.

Chapter 5, in full is currently being prepared for submission for publication of

the material. Delineating metabolic drivers visually using BioNetView. Alex Thomas,

Andreas Dräger, and Nathan Lewis. The dissertation/thesis author was the primary

investigator and author of this material.
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Chapter 6

Genetic Interactions from

CRISPR/Cas9

6.1 Introduction

CRISPR/Cas9 is a new genomic editing technology which has shown to be more

precise than previous editing methods [Har+14], thereby enabling genomic engineering

for mammalian cell systems. Over the last two years, lentiviral-based loss of function

screens using CRISPR/Cas9 have shown to be effective in assessing single-knockout

effects for many genes at once in human-derived cell lines [SSZ14; Wan+14] and mice

[KY+14; Par+15]. Multiplexing this genome-scale editing system and performing several

knockouts at once has been proposed, but never presented. In order to introduce this

technological advancement, a set of 73 oncogenes and tumor suppressor genes and their

double knockout combinations, i.e., 2,628 double knockouts + 73 single knockouts

= 2,701 total gene constructs, were designed to target 3 cancer cell lines in order to

uncover shared genetic interactions. Genetic interactions are deviations from the expected

combined effect of multiple genetic variants [Dix+09]. Genetic interactions have been

86
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primarily studied in yeast and worm, which are simpler platforms for administering

combined genetic perturbations and assessing the phenotypic consequences at a large

scale. For yeast, this has been done by crossing genome-scale libraries of mutant alleles

using robotics and measuring phenotypic effects via the resulting colony sizes [Cos+10;

Sch+05]. The scale achieved by yeast-based genetic interaction studies, even with

respect to the smaller variants, has not been achieved before for human cells. Therefore,

this study presents an initial foray in large-scale genetic interaction characterization in

human cells. The design of these libraries and subsequent bioinformatics analysis of the

next-generation sequencing data will be built for analyzing this new advancement while

maintaining a rigorous statistical scoring framework to yield top genetic interaction hits

for further validation. Specifically, two methods will be used to assess the phenotypic

indicator for assessing double and single knockout fitness, fold changes, in this study

and future studies using CRISPR/Cas9 double knockouts. Fold changes are calculated

between the number of cells that have grown with the genetic variant over a specified

time period versus the initial number of cells with the genetic variant. The fold change

calculations will be directly used to infer fitness values and genetic interaction scores

across each cell line, and these will be combined to yield a set of top hits for further

validation.

6.2 CRISPR/Cas9 multiplexed loss of function screen

6.2.1 CRISPR/Cas9 primer

CRISPR/Cas9 is a new technology that utilizes an adaptive immune defense

mechanism of bacteria and archaea in order to conduct RNA-mediated genome editing

[MEC13]. Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) and

CRISPR-Associated (Cas) nucleases natively degrade foreign DNA that have been saved
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from a previous interaction with the foreign agent [WSD12]. The saved DNA is recog-

nized by Cas and combine with the Cas nuclease to assemble a surveillance complex

which performs double-strand breaks on invading genetic material. For eukaryotic organ-

isms, this system needs to be transfected and optimized. The most popular transfected

system for eukaryotic organisms today is that of Streptococcus pyogenes, which utilizes

the Cas9 nuclease. The analogous CRISPR sequence for the engineered system is a guide

RNA (gRNA) which encodes the sequence to target and has the sequencing components

that mediate the assembly of the Cas9-based surveillance complex. For applications in

mammalian systems, gRNAs are packaged into lentiviral vectors that infect the popula-

tion of cells at a low multiplicity of infection (MOI of 0.3) to ensure that each cell has

at most one construct [Sha+14]. Consequently, the population of cells with constructs

undergo Cas9 transfection (via similar lentiviral packaging) and subsequent selection to

determine gRNA constructs which exhibit positive or negative selection. This is done via

sequencing before and after selection; gRNA constructs which increase or decrease in

frequency, correspond to positive or negative selection, respectively. In this study, the

single-knockout experimental framework is extended to build dual-gRNA constructs to

perform double-knockouts of sets of genes in cell populations.

6.2.2 Design

A panel of 73 oncogenes and tumor suppressor genes were selected and gRNAs

were designed to target each gene in three locations, particularly early and constitutive

exons. For each gene, of the set of putative gRNAs for the Cas9 protein, which are 23 bp

sequences that end in NGG, the three gRNA designs per gene were obtained ensuring

the earliest exon targeting, no poly-T sequence (more than two consecutive T’s), and

enforcing sequence similarity that is at least 3 bp away from any other location in the

genome to reduce off-target effects [JW08]. After filtering for the aforementioned criteria,
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two of the three gRNAs per gene were obtained from a previous genome-scale loss of

function screen [Sha+14], where gRNAs were filtered for constitutive exon targeting

to increase the likelihood of loss of function. Dual gRNA constructs were synthesized

for all pairwise gRNA combinations between genes. In addition, twelve gRNAs were

designed to be non-targeters that should not target any specific site in the genome. Three

of these were randomly selected and paired with all targeting gRNAs to provide single

knockout constructs. In addition, pairs of non-targeting gRNAs were included as negative

controls. In total this resulted in 23652 double gene knockout constructs, 657 single gene

knockouts, and 600 negative controls.

Improving design of gRNAs

There are several means of improving the 20-bp sequence that was used for gRNA

designs. The quickest verification can be done by employing several machine learning

models that have been built to predict the efficacy of gRNAs [Cha+15; Doe+14], thereby

attaching a metric to each potential gRNA-based on previous scoring methodologies.

This may be a means of breaking ties between gRNAs after assessing for off-target

effects. The method to assess off-targets is generally sufficiently stringent, therefore, any

inclusion of less stringent gRNAs (more potential off-target interactions) must be offset

by criteria indicating the gRNA would be an excellent, specific design for targeting the

genome. One means of accomplishing this would be through first doing an assessment

of expression of genes for the cell population that will be targeted. This could be done

using RNA-sequencing or microarray data, and abundantly expressed exons and genes

could be targeting criteria for putative gRNAs. In addition, exons that correspond to

functional regions of the gene product can also be used as filtering criteria to indicate

specific gRNAs. If a specific set of gRNA constructs will be used in several experiments,

as was done for this study of cancer cell lines, one of the best means of indicating gRNA
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quality may be to do a post-processing analysis which flags poor gRNAs. This is further

explored in the section of “Improving the fitness and π score”.

6.2.3 Experimental overview

All double gRNA constructs were packaged into lentiviruses and each cell line

was infected at an MOI of 0.1 — 0.4 to ensure that each cell had 0 — 1 double gRNA

constructs. Puromycin selection was done to eliminate cells without gRNAs. To demon-

strate the utility of this approach, we conducted a negative selection screen by measuring

the depletion of gRNAs targeting the pairs of oncogenes and tumor suppressor genes

in 3 cancer cell lines, representing different tissue sources with different genetic bases

for cancer. Specifically, we measured the impact of single and double knockouts in the

U2OS, LN229, and HCT116 cell lines, representing bone osteosarcoma, glioblastoma,

and colorectal carcinoma, respectively. The gRNAs were amplified at several time points

over the course of four weeks of maintenance in exponential growth, and amplicons

were subjected to next-generation sequencing to assess the frequency of gRNAs before

and after the selection. Once the selection is conducted on a library, the integrated

DNA encoding the gRNA sequence is PCR amplified and prepared for sequencing on a

MiSeq, following manufacturer recommended protocols. Custom primers were employed

for library prep, and sequencing was conducted, generating 150 base-pair reads in a

paired-end fashion. Following sequencing, data quality was assessed using FastQC.

Improving the experimental design

The design of the experiment used in this study was a proper exploratory analysis

of a dual-gRNA CRISPR/Cas9 experiment. Several improvements can be made, however,

to improve the power of the resulting set of significant genetic interactions that are

eventually calculated. The first means of doing so would be by adding experimental
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replicates. As will be discussed later, the three cancer cell lines were not sufficient

replicates as they did not share any significant genetic interactions. Therefore, biological

replicates are key to improve the significance of the top hits and include more hits. Other

experimental design changes can be done to improve the estimation of ‘bias’ coefficients

in our study. For instance, gRNAs that did not target any region of the genome were

negative controls in our experiments. However, an additional negative control could

target a specific, non-functional, non-coding region in the genome, whose effect should

utilize the CRISPR/Cas9 surveillance mechanism but not ultimately exhibit a selection

pressure. However, this may be a means of determining the baseline effect of an active

CRISPR/Cas9 system. A set of these non-coding targets could be incorporated into the

set of dual-gRNAs that are designed to assess the multi-factorial effects of gRNAs that

target no region in the genome, non-coding regions, and exon sequences of genes.

6.2.4 Bioinformatics pipeline

Reads from CRISPR/Cas9 loss of function screens are processed using a pipeline

to ensure accurate measurement of cells that adopt double and single knockout gRNA

constructs. The initial set of sequencing results undergo Lighter [SFL14] error correction

to avoid data loss from sequencing errors. Sequencing reads are then aligned to the library

design, with the forward and reverse paired-end reads containing the first and second

gRNA sequences, respectively. Due to high sequence similarity in the gRNA scaffolds,

common next-generation sequencing (NGS) alignment methods (e.g., BWA [LD09] and

Bowtie2 [LS12]) yield false positive alignments for the reverse strand sequences. Thus,

we used Smith-Waterman [SW81] to exactly align the 20bp-targeting region of each

gRNA sequence to the paired sequencing reads. BLAT [Ken02] or BLAST [Alt+90]

may be alternatives to the NGS alignment methods that were used in this study, as they

have been previously used for amplicon sequencing, which is the closest analogue to the
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sequencing problem posed in this study. Nonetheless, the Smith-Waterman aligned reads

are quantified, resulting in the gRNA abundances. Each gRNA design corresponds to

an ordered configuration of a pair of spacers, therefore, gRNAs were assigned to paired

reads using the aligned spacers on the forward and reverse reads. Frequencies of the

gRNA designs represent the frequency of the cells with the conferred single or double

knockout in the population of cells. One can also customize parameters, enabling the

use of moderately truncated gRNAs missing 5 bases from sequencing or synthesis errors,

since such gRNAs are still effective [Fu+14]. However, for this study, an exact match to

the designed 20-bp gRNA sequences was only considered.

6.3 Calculating Fold Changes

6.3.1 Statistical distributions for count data

Most statistical methods used for read counts assume the data follow certain

statistical assumptions. For many statistical tests and machine learning algorithms a

normal (or gaussian) distribution is a foundational assumption. However, the normal

distribution assumes the data are continuous and can have negative values, whereas

read count data are discrete and can only be non-negative. This manifests for normal

distributions as an impaired ability to model probabilities close to zero. Quantile plots

(Q-Q plots) were used to test distributional assumptions, and Figure 6.1A show that the

normal distribution does a poor job of fitting the read counts for the BRCA1 knockout

gRNA construct. Therefore, count-based statistical distributions are explored. In RNA-

sequencing analysis methods, which use read count for certain gene transcripts, this

focus on count-based statistics led to the evolution of algorithms which initially focused

on modeling read counts with the Poisson distribution to inferring parameters for more

robust models using the negative binomial distribution [LHA14; Rit14]. For the case
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Figure 6.1: Motivating correct statistics to analyze CRISPR/Cas9 loss of function
screens. Q-Q plots of BRCA1 for (A) normal, (B) log-normal, (C) Poisson, and (D)
negative binomial distributions.
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of the BRCA1 knockout, the Figure 6.1C and D show the fit of Poisson and negative

binomial distributions to the counts. The negative binomial distribution is able to account

for overdispersion in the count data, i.e. the effect that µ > σ2, whereas the Poisson

distribution assumes µ = σ2. This is seen in Figure 6.2A, where the mean-variance

relationship for a representative CRISPR/Cas9 experiment is shown. Clearly mean 6=

variance, violating the assumption of the Poisson distribution and thus using a more

generalized model that can capture this relationship would also be appropriate for this

data. Several CRISPR/Cas9 loss of function (LOF) studies have already resorted to

count statistics to model knockout efficiencies [Li+14; Zho+14; Par+15]. Despite the

historical tendency to use count-based distributions to model read counts, it is important

to note simply adding one (to account for log(0) = ∞) and logging the count data fits

well to a normal distribution. Because methods using normal distributions are, generally,

more accessible than those using count-based distributions, two approaches will be

taken to calculate fold changes between experiments, one motivated by count statistical

distributions and another using simple log fold changes.

6.3.2 Read count normalization

Normalization was done per experimental batch (in our case, each time point),

not per sample. We use the median-of-ratios method to normalize replicates, the default

method in DESeq and DESeq2 [LHA14; AH10]. It is calculated as follows:

s j = median
xi j

xi
(6.1)

where s j is the size factor for experiment j, i is the index for the gene construct, xi j is the

raw count, and xi is the geometric mean of the N experiments run with gRNA i:
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xi =

(
N

∏
j=1

xi j

)(1/N)

(6.2)

The resulting size factors are used to scale the count data for fold change calculations,

accounting for varying sequencing depths between experiments.

6.3.3 Simple fold change calculation

Fold changes between cells before Cas9 transfection and cells that have undergone

Cas9 selection for several days were used as the indicator for the phenotypic effect for

each of the gene constructs. Fold changes are calculated by dividing the mean of treatment

replicate counts by the mean of control replicate counts:

Rabk or Rak or Rbk =
Cday28,k +1
Cday0,k +1

(6.3)

Where Rabk, Rak, Rbk are the fold changes for the corresponding gene targets (gene a

and b, gene a, or gene b, respectively). These fold changes are logged to produce log

fold changes (LFCs) that are amenable to the genetic interaction score formulation. One

was added to each of the gRNA counts to prevent taking the log of zero. The final LFC

estimate was used as the phenotypic indicator in the π-score formulation.

6.3.4 Negative binomial fold change calculation

LFCs calculated using DESeq2 [LHA14] were also used as phenotypic indicators

of double and single knockout effect. Figure 6.2A shows probability distributions that

can model overdispersion (σ2 > µ), such as negative binomial distributions, may be better

suited to model CRISPR/Cas9 LOF screen data. DESeq2 performs negative binomial

regression, a type of generalized linear modeling (GLM) framework especially used to
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Figure 6.2: Inferring the underlying negative binomial distribution for the read counts
using DESeq2. (A) mean-variance relationship of representative CRISPR/Cas9 experi-
ment. (B) Mean-dispersion plot using DESeq2. Each point is the dispersion estimate
for a gene construct, and the blue line indicates the median dispersion value across the
gene constructs.

do statistics on count-based data, such as RNA-sequencing data. A simplified DESeq2

pipeline was run after observing some tendencies of the CRISPR/Cas9 data.

Due to the low number of samples per gene construct (nine in the case of our

experiment), a parametrized function can be used to infer variance estimates for experi-

ments with similar mean read counts, thereby reducing the noise with experiment-specific

variance estimates. For negative binomial distributions, the mean-variance relationship is

parameterized as follows:

σ
2 = µ+αµ2 (6.4)

where α is the dispersion estimate. In Figure 6.2B, the points represent the dispersion

estimates for the gene constructs used for the LN229 cell line. For other count-based

data, this trend shows a dependence on the mean per experiment, however, this is not

the case in this dataset and thus one study-wide dispersion estimate can be estimated, as

shown with the blue line in Figure 6.2B.



97

After moderating dispersion, DESeq2 uses the aforementioned GLM framework

to model the counts, using the negative binomial distribution inferred from the mean-

dispersion relationship per gene construct to specify the expected counts for regression.

GLMs allow users to model experimental factors that may account for different sources

of variability in the data. The standard GLM design for experiments has one factor

with the treatment and control replicates specified. The coefficient DESeq2 fits in the

subsequent regression will be the LFC between the treatment and control replicates.

Multiple factors can be added to account for different sources of experimental bias to

refine the LFC for a factor of interest. For instance, the gRNAs per experiment will

compose another factor in our experimental design in order to control for gRNA-specific

effects for the LFC coefficient between treatment and control samples. DESeq2 uses

maximum likelihood estimation (MLE) for the negative binomial regression using the

specified design to calculate LFCs. The standard error of the LFC estimate is also used in

the π-score formulation to calculate significance. Also, no gene constructs were removed

based on DESeq2’s outlier detection or experiment rejection protocols, although outlier

detection was used to remove certain gRNA pairs using Cook’s method [Coo77].

6.3.5 Fold change method comparison

The calculated fold changes were verified using several methods. In order to

assess the robustness of the two calculations, the log fold changes between the two

methods were compared using a replicate analysis. For the LN229 cell line, five of the

nine gRNAs per gene construct were randomly selected twice, with replacement, to

create two pseudo-replicates. The LFCs between the replicates should ideally be the

same, however, the information from the different gRNA pairs per construct can vary

significantly. Therefore, the R2 value after fitting a linear relationship to replicate gene

construct LFCs is evaluated. Figure 6.3A, B show that both methods perform similarly



98

A. B.

Figure 6.3: Fold changes between pseudo-replicates. A density scatter plot is shown,
where red indicates the highest point density and blue indicates the lowest point density.
(A) Simple fold change. (B) DESeq2 fold change.

and seem robust to down-sampling. The slightly larger r2 value for the simple LFC is

partially attributed to more calls close to zero for the LFC, thereby trivially reducing the

residual weights for the fit.

In addition to the within-replicate analysis, LFCs between day 28 and day 0 across

the three cancer cell lines were assessed in Figure 6.4. Despite the genetic diversity of the

three cancer cell lines, there are small correlations observed. Particularly, the R2 value

between LN229 and HCT116 for the DESeq2 LFC is greater than the corresponding R2

value for the simple LFC. In addition, the simple LFC seems overly influenced by the

distribution of read counts of the U2OS cell line. Particularly, the distribution of counts

for the U2OS cell lines revealed potential under-sampling of day 28, thereby explaining

the high number of negative selection calls for the simple LFC. DESeq2, on the other

hand, was able to normalize out the effects of negatively selected gRNAs, although the

distribution of LFCs is still skewed toward negative selection.

Gene constructs that knocked out at least one gene that is a known cancer drug

target were also assessed for selection with the different LFC calculations. The expecta-

tion is that these constructs would overall ascribe negative selection when compared to
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Figure 6.4: Correlation across cell lines for the two log fold change methods. A density
scatter plot is shown, where red indicates the highest point density and blue indicates
the lowest point density. (A) Simple fold change. (B) DESeq2 fold change.
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Figure 6.5: Fold changes for gene constructs with drug targets. (A) Simple fold change.
(B) DESeq2 fold change.

gene constructs that have oncogenes or tumor suppressors. LFC frequency histograms

are plotted in Figure 6.5A, B for the two different LFC calculation methods. Overall,

the simple and DESeq2 LFCs consistently showed significant negative selection of gene

constructs with drug targets (“Drug” label) compared to gene constructs without drug

targets (“Non-drug” label). Although proper replicate analysis and further consideration

of samples from other time points may change the LFC calculations, further downstream

analysis using LFCs as the phenotypic indicator will use simple LFCs.

6.4 Genetic interaction score

6.4.1 Calculation

Phenotypic effects of CRISPR/Cas9 gene edits were assessed with the calculated

LFCs. We found the use of a π score representation [Hor+11], as opposed to the traditional
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ε score representation [Col+06; Bar+10], to be more amenable for these measurements,

as log fold changes have a large range when exponentiated to normal fold changes and

rarely have a putative wild type upper limit, which was common for other phenotypic

assessments for genetic interactions such as growth rate. LFCs also provide a linearized

space to infer gene fitness and interactions. The Π and ε scores are as follows:

Πab =
Fab

FaFb
(6.5)

εab = Fab−FaFb (6.6)

Where Fab, Fa, and Fb are the fitness measurements for the double knockout of gene A

and B, single knockout of gene A, and single knockout of gene B, respectively. The π

and ε scores both assume the expected fitness of the double knockout of genes A and B

to be equal to the multiplied effect of the single knockout fitnesses of genes A and B.

This results in a null “interaction” term of 1 for π score and 0 for the ε score. The log of

the above π score is:

πab = fab− ( fa + fb) (6.7)

The logged terms are shown as lower case values, i.e. f∗ now represents the log fitness

value. Assuming all terms are given in log-2 values, a π-score of +1 indicates a double

mutant whose fitness is twice as large as expected with respect to the multiplicative

model, and a π-score of -1 indicates a double mutant whose fitness is half as large as

expected. The following derivation of fitness values and π scores from LFCs is very

similar to the approach presented in [Hor+11], but deviations from that analysis will be

noted. Following the reasoning of [Hor+11; Bar+10], we set our phenotypic indicator,

fold change (Rab), to be proportional to the fitness:
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Rab ∝ Fab. (6.8)

Particularly,

Rabk =WEabkFab (6.9)

where W is associated with the fold change for unperturbed (wild-type phenotype) cells

and Eabk refers to the systematic errors associated with the fold change estimate for the

gRNA pair replicate of the gene construct ab. Following the convention that lower case

terms are logged, the log of the double knockout fold change is

rabk = w+ eabk + fab (6.10)

Substituting equation 6.7 gives:

rabk = w+ eabk +πab + fa + fb. (6.11)

Therefore, the LFC is now a linear combination of the logged terms from above, and

the interaction term (πab) is included as a predictor of the LFC. There are some notable

assumptions to this formulation. The fitness values of a specific gene, let’s say BRCA1,

is expected to be constant across the experiment, where differences between gRNA pair

replicates or gene constructs are due to the contribution of a double knockout partner,

genetic interaction, or error in the fold change measurement, which will be inferred

simultaneously. Therefore, the singular effect of BRCA1 will be inferred from all the

gene constructs that BRCA1 participates in, including single and double knockout gene

constructs. To calculate πab, the subsequent non-interacting model for ab needs to be

defined. The non-interacting model for gene double knockout ab will be the combination
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of the fitness of gene a and b with the fold change associated with the unperturbed

phenotype, w:

πab =
1
K ∑

k
rabk−NIMab (6.12)

where,

NIMab = w′+ f ′a + f ′b. (6.13)

Where f ′a, f ′b, and w′ are the fitted values. Linear regression was used to infer f ′a, f ′b, and

w′ by setting πab = 0 and minimizing the error terms. In [Hor+11], robust regression

was used instead, but we found robust regression to be poor in replicate analysis whereas

ordinary least squares linear regression to be sufficient. πab = 0 reflects the assumption

that most gene pairs do not have genetic interactions. This omission also significantly

reduces the number of terms that are being learned in the model. In effect, the πab term is

grouped with the error and minimized to the same extent. The resulting πab term will be

estimated by averaging the error terms associated with ab (eabk) and subtracting out the

non-interacting model. For calculating the DESeq2 LFCs, the variance associated with

the k gRNA pair replicates are accounted for in the calculation of LFCs, so only one LFC

for each dual-gRNA construct was used in the regression. Therefore, the residual term

will equal the πab term after the regression, i.e. eab = πab. Because gRNA effects were

taken into consideration during the DESeq2 LFC calculation, this simplification will be

similar to averaging the residuals, and is another deviation from [Hor+11]. Additionally,

w is inferred by setting the fitness values, fa and fb, to zero for the negative control

measurements:

f ′a, f ′b,w
′ = argmin

fa, fb,w
∑

a,b,k
||rabk− (w+ fa + fb)||, s.t. fneg = 0 (6.14)
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The standard errors for the fitness measurements are estimated by the method in [Hor+11]:

s.e. fa = 1.48∗ 1√
∑bk 1

∗median
bk
|rabk− f ′a− f ′b−w′| (6.15)

Finally, the π-score is calculated as the mean across the different rabk terms minus the

non-interacting model:

πab =
1
K ∑

k
πabk =

1
K ∑

k
rabk− ( f ′a + f ′b +w′) (6.16)

Significance was assessed using a one sample t-test with K - 1 degrees of freedom against

the null hypothesis that πab = 0, where K is the total number of replicates for πab. This

was either evaluated using the πabk values from above or the statistic was calculated

using:

t statistic =
πab−0√

s.e.2rab
+ s.e.2fa + s.e.2fb

(6.17)

The resulting p-values were corrected for false discoveries using the method proposed in

[BH95].

6.4.2 Validation of the genetic interaction score

Several methods were used in order to evaluate the performance of this genetic

interaction score formulation. Because genetic interactions are a more abstract concept

than simple selection represented by LFCs and much sparser [Dix+09], rigorous verifica-

tion of the interaction values will not be possible given the context of the cancer cell lines.

Therefore, the means of verification will resort to replicate analysis introduced above

and any correspondence between the cancer cell lines. For replicate analysis in Figure

6.6A and B, the π score using the simple fold change performed slightly better than the
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A. B.

Figure 6.6: Genetic interactions between pseudo-replicates. A density scatter plot is
shown, where red indicates the highest point density and blue indicates the lowest point
density. (A) Simple fold change derived genetic interactions. (B) DESeq2 fold change
derived genetic interactions.
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Figure 6.7: Correspondence between the genetic interaction scores across the cell lines.
(A) Simple GI score correlation between cell lines, where red indicates the highest point
density of gene construct GI scores and blue indicates the lowest point density. (B)
Histogram of combined score. (C) Table of top hits with an FDR adjusted p < .2.
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corresponding DESeq2 LFC derived π score. This reinforces the use of simple LFCs

for subsequent analyses. For Figure 6.7A, the density scatter plots of π scores between

the different cell lines are shown. Overall, very little correlation is seen between the cell

lines, however, this is expected as significant genetic interactions are rare. Therefore, the

correspondence between the top hits were assembled by adding the π scores for each gene

construct across cell lines to create a composite score. The cell-line-specific π scores

were then shuffled and a permuted composite score was calculated. This permutation

was conducted one hundred times and empirical distribution of composite π scores was

calculated to determine whether existing top hits were significant, as shown in Figure

6.7B. In order to ensure top hits across cell lines manifest after a strict adjustment for

false positives, a Benjamini-Hochberg adjustment for false discoveries yielded three

genetic interactions that correspond across the cell lines with an adjusted empirical

p− value < .2, Figure 6.7C. The top hits yield interesting combinations. One of the top

significant positive interactions across the cell lines are between known tumor suppressor

genes, PI3KR1 and PTEN, which indicate that these genes may participate in the same

pathway to confer resistance to cancer phenotypes. The tumor suppressor TSC1 and drug

target BCL2 have the strongest negative interaction across the cell lines. This indicates

TSC1 as a drug target candidate to work in conjunction with the drug targeting BCL2,

Obatoclax. The top dual drug target hit, not shown in the table in Figure 6.7C as it did

not pass the FDR cutoff, but interesting nonetheless, is the double knockout of FNTA and

DHFR, which has a negative genetic interaction across the three cancer cell lines, which

suggest that, at least in the context of these cancer cell lines, drugs targeting both FNTA

and DHFR (i.e. Tipifarnib and Methotrexate, respectively) may combine to form a more

lethal phenotype than expected by the phenotype of the individual drugs, and would be a

candidate for combination drug therapy. Although these specific interactions make sense,

large scale genetic interaction patterns following the same patterns seen after selection,



107

as in LFCs of different gene types, should not be expected because genetic interactions

are rare and embody deviation from the expected phenotype. Nonetheless, the alignment

of these targets with known effects, even after filtering through three different cancer cell

lines, adds confidence for immediate validation.

Improving the fitness and π score

The scores that were derived from regressing on the log fold change between the

frequencies of gRNA constructs before and after Cas9 transfection employed a simplistic

model to explain variance in the data. Deriving a more informative model will lead to

adding more predictors to the linear regression, but this often leads to overfitting the

model to the data in question. Therefore, some type of regularization will be needed

to moderate the effects of the predictors. More specifically, ridge regression (a penalty

on the L2-norm of the coefficients) will be the most suited to this type of problem, as

the magnitude of a subset of predictors should recapitulate the data. The key parameter

for regularization, usually denoted as α, controls the amount of coefficient shrinkage.

Properly defining α is best done using cross-validation techniques, therefore, more

replicates may be needed for effective estimation. Nevertheless, if there are enough

replicates to determine a suitable α parameter, several predictors can be added to improve

the regression. In this study, the effects of the genetic interaction is minimized with the

error, and this could be one predictor that can be added back in with proper regularization.

This would unify the estimation of single knockout coefficients and π scores, instead of

doing a post-processing analysis to derive π scores, as is done currently. Another means

of assessing the significance of these coefficients will be required, and one way would

be through empirical estimation after randomly permuting samples and recalculating

the regression coefficients. Significant fitness and π scores would lie on the edge of the

distribution of possible coefficient values. The effects of individual gRNAs per gene are
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not assessed in this study, and adding these factors as predictors would be one means

of assessing if there are gRNAs whose effects account for a disproportionate amount

of error in the log fold change. The distribution of gRNA coefficients could be used

to then filter out any outlier gRNAs from the formulation. No external information

was used in this regression framework, but one useful predictor could be derived from

existing expression data for the cell type in the experiment. A penalty term can be used

to weight the log fold change and predictors for genes that are lowly-expressed. The

reasoning behind this is that knockouts of low-expressed transcripts may not be indicative

of any type of selection. In fact, evaluating the expression data of the three cancer cell

lines used in this experiment may yield a set of genes that are being knocked out but

are not expressed, acting as another negative control that indicates the effects of the

non-functional targeting of the CRISPR/Cas9 surveillance mechanism (which would be

similar to the negative control proposed in a previous section on targeting non-functional,

non-coding regions of the genome). One could also reformulate the regression problem

entirely by predicting for log counts instead of log fold changes. This would mean that

each of the predictors would also be split to one corresponding to before selection (day

0) and one corresponding to after selection (day 28). This formulation would account

for effects (if any) of gRNA frequency magnitude. Presumably, gRNA constructs that

overall have lower counts could be penalized. As it has been shown in [Law+14], the

mean-variance trend of the logged count data could be used to penalize constructs with

low counts. This would be the main way of using simple LFCs and incorporating the

fold change moderation of DESeq2 without resorting to negative binomial distributions.
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6.5 Conclusion

Top hits across the cancer cell lines will be validation targets for further studies,

and more network level analysis can be performed on the resulting genetic interactions

from this scoring methodology. Although experimental validation of the top hits is not

currently presented, several means were shown to validate the phenotypic indicator of log

fold change and ascribe confidence to the genetic interaction scoring methodology. Log

fold changes via DESeq2 or the simple calculation account for noise from gene construct

replicates and are made more robust by setting them as an indicator of fitness when

calculating π scores, instead of being a direct measure of fitness. The linear regression

framework for calculating π scores can also be extended to incorporate other sources

of experimental variation. For instance, the three gRNAs per gene could be separated

to account for gRNA specific effects. Adding predictors to a linear regression problem,

however, may overfit the π score inference, so regularization or alternate optimization

methods may need to be explored to ensure robust π scores are calculated. Nevertheless,

the assumptions underlying this formulation of π scores and its computational complexity

is easily scalable for experiments that may use many more gene constructs. Overall, this

study presents the initial step towards building a genome-scale genetic interaction study

for human cell lines and reaching the scale of enumeration and characterization that has

been only been available in yeast and worms.

Chapter 6, is currently being prepared for submission for publication as Unravel-

ing genetic vulnerabilities in cancer cells via combinatorial CRISPR-Cas9 screens. John

P. Shen, Dongxin Zhao, Alex Thomas, Kristin T. Klepper, Samuel J. Roth, Brian Hsu,

Chih Chung Kuo, Nathan E. Lewis, Trey Ideker, and Prashant Mali. The dissertation/the-

sis author was responsible for the computational processing and contributed to the figures

and methods for the publication and was a co-investigator and co-author of this paper.



110

References
[AH10] S. Anders and W. Huber. “Differential expression analysis for sequence

count data.” In: Genome biology 11.10 (2010), R106.

[Alt+90] S. F. Altschul, W Gish, W Miller, E. W. Myers, and D. J. Lipman. “Basic
local alignment search tool”. In: J Mol Biol 215.3 (1990), pp. 403–410.

[Bar+10] A. Baryshnikova, M. Costanzo, Y. Kim, H. Ding, J. Koh, K. Toufighi, J.-Y.
Youn, J. Ou, B.-J. San Luis, S. Bandyopadhyay, M. Hibbs, D. Hess, A.-
C. Gingras, G. D. Bader, O. G. Troyanskaya, G. W. Brown, B. Andrews,
C. Boone, and C. L. Myers. “Quantitative analysis of fitness and genetic
interactions in yeast on a genome scale.” In: Nature methods 7.12 (2010),
pp. 1017–1024.

[BH95] Y Benjamini and Y Hochberg. “Controlling the false discovery rate: a
practical and powerful approach to multiple testing”. In: J. Roy. Stat. Soc.
Ser. B (Methodological) 57 (1995), pp. 289–300.

[Cha+15] R. Chari, P. Mali, M. Moosburner, and G. M. Church. “Unraveling CRISPR-
Cas9 genome engineering parameters via a library-on-library approach”. In:
Nature Methods July (2015), pp. 1–7.

[Col+06] S. R. Collins, M. Schuldiner, N. J. Krogan, and J. S. Weissman. “A strategy
for extracting and analyzing large-scale quantitative epistatic interaction
data.” In: Genome biology 7.7 (2006), R63.

[Coo77] R. D. Cook. “Detection of Influential Observation in Linear Regression”.
In: Technometrics 19.1 (1977), pp. 15–18.

[Cos+10] M Costanzo, A Baryshnikova, J Bellay, Y Kim, E. D. Spear, C. S. Sevier,
H Ding, J. L. Koh, K Toufighi, S Mostafavi, J Prinz, R. P. St Onge, B
VanderSluis, T Makhnevych, F. J. Vizeacoumar, S Alizadeh, S Bahr, R.
L. Brost, Y Chen, M Cokol, R Deshpande, Z Li, Z. Y. Lin, W Liang, M
Marback, J Paw, B. J. San Luis, E Shuteriqi, A. H. Tong, N van Dyk, I. M.
Wallace, J. A. Whitney, M. T. Weirauch, G Zhong, H Zhu, W. A. Houry,
M Brudno, S Ragibizadeh, B Papp, C Pal, F. P. Roth, G Giaever, C Nislow,
O. G. Troyanskaya, H Bussey, G. D. Bader, A. C. Gingras, Q. D. Morris,
P. M. Kim, C. A. Kaiser, C. L. Myers, B. J. Andrews, and C Boone. “The
genetic landscape of a cell”. In: Science 327.5964 (2010), pp. 425–431.

[Dix+09] S. J. Dixon, M. Costanzo, A. Baryshnikova, B. Andrews, and C. Boone.
“Systematic mapping of genetic interaction networks.” In: Annual review of
genetics 43.August (2009), pp. 601–625.



111

[Doe+14] J. G. Doench, E. Hartenian, D. B. Graham, Z. Tothova, M. Hegde, I. Smith,
M. Sullender, B. L. Ebert, R. J. Xavier, and D. E. Root. “Rational design of
highly active sgRNAs for CRISPR-Cas9-mediated gene inactivation.” In:
Nature biotechnology 32.12 (2014), pp. 1262–7.

[Fu+14] Y. Fu, J. D. Sander, D. Reyon, V. M. Cascio, and J. K. Joung. “Improving
CRISPR-Cas nuclease specificity using truncated guide RNAs.” In: Nature
biotechnology 32.3 (2014), pp. 279–84. arXiv: 29.

[Har+14] T. Hart, K. R. Brown, F. Sircoulomb, R. Rottapel, and J. Moffat. “Measuring
error rates in genomic perturbation screens: gold standards for human
functional genomics.” In: Molecular systems biology 10.7 (2014), p. 733.

[Hor+11] T. Horn, T. Sandmann, B. Fischer, E. Axelsson, W. Huber, and M. Boutros.
“Mapping of signaling networks through synthetic genetic interaction analy-
sis by RNAi.” In: Nature methods 8.4 (2011), pp. 341–346.

[JW08] H. Jiang and W. H. Wong. “SeqMap: mapping massive amount of oligonu-
cleotides to the genome.” In: Bioinformatics (Oxford, England) 24.20
(2008), pp. 2395–6.

[Ken02] W. J. Kent. “BLAT–the BLAST-like alignment tool.” In: Genome research
12.4 (2002), pp. 656–64.

[KY+14] H. Koike-Yusa, Y. Li, E.-P. Tan, M. D. C. Velasco-Herrera, and K. Yusa.
“Genome-wide recessive genetic screening in mammalian cells with a lentivi-
ral CRISPR-guide RNA library.” In: Nature biotechnology 32.3 (2014),
pp. 267–73.

[Law+14] C. W. Law, Y. Chen, W. Shi, and G. K. Smyth. “Voom: precision weights
unlock linear model analysis tools for RNA-seq read counts.” In: Genome
biology 15.2 (2014), R29.

[LD09] H. Li and R. Durbin. “Fast and accurate short read alignment with Burrows-
Wheeler transform”. In: Bioinformatics 25.14 (2009), pp. 1754–1760.

[LHA14] M. I. Love, W. Huber, and S. Anders. “Moderated estimation of fold change
and dispersion for RNA-Seq data with DESeq2”. In: bioRxiv (2014), pp. 1–
21.

[Li+14] W. Li, H. Xu, T. Xiao, L. Cong, M. I. Love, F. Zhang, R. a. Irizarry, J. S. Liu,
M. Brown, and X Liu. “MAGeCK enables robust identification of essential
genes from genome-scale CRISPR/Cas9 knockout screens”. In: Genome
Biology 15.12 (2014), p. 554.

http://arxiv.org/abs/29


112

[LS12] B. Langmead and S. L. Salzberg. Fast gapped-read alignment with Bowtie
2. 2012. arXiv: {\#}14603.

[MEC13] P Mali, K. Esvelt, and G. Church. “Cas9 as a versatile tool for engineering
biology”. In: Nature methods 10.10 (2013), pp. 957–963.

[Par+15] O. Parnas, M. Jovanovic, T. Eisenhaure, R. Herbst, A. Dixit, C. Ye, D.
Przybylski, R. Platt, I. Tirosh, N. Sanjana, O. Shalem, R. Satija, R. Ray-
chowdhury, P. Mertins, S. Carr, F. Zhang, N. Hacohen, and A. Regev. “A
Genome-wide CRISPR Screen in Primary Immune Cells to Dissect Regula-
tory Networks”. In: Cell 162.3 (2015), pp. 675–686.

[Rit14] M. Ritchie. “Analysing data from pooled genetic sequencing screens using
edgeR”. In: October (2014).

[Sch+05] M. Schuldiner, S. R. Collins, N. J. Thompson, V. Denic, A. Bhamidipati,
T. Punna, J. Ihmels, B. Andrews, C. Boone, J. F. Greenblatt, J. S. Weissman,
and N. J. Krogan. “Exploration of the function and organization of the yeast
early secretory pathway through an epistatic miniarray profile”. In: Cell
123.3 (2005), pp. 507–519.

[SFL14] L. Song, L. Florea, and B. Langmead. “Lighter: fast and memory-efficient
error correction without counting”. In: bioRxiv (2014), pp. 0–16.

[Sha+14] O. Shalem, N. Sanjana, E Hartenian, and X Shi. “Genome-scale CRISPR-
Cas9 knockout screening in human cells”. In: Science 84 (2014).

[SSZ14] N. E. Sanjana, O. Shalem, and F. Zhang. “Improved vectors and genome-
wide libraries for CRISPR screening”. In: Nature Methods 11.8 (2014),
pp. 783–784.

[SW81] T. F. Smith and M. S. Waterman. “Identification of common molecular
subsequences.” In: Journal of molecular biology 147.1 (1981), pp. 195–
197.

[Wan+14] T. Wang, J. J. Wei, D. M. Sabatini, and E. S. Lander. “Genetic screens in
human cells using the CRISPR-Cas9 system.” In: Science (New York, N.Y.)
343.6166 (2014), pp. 80–4. arXiv: NIHMS150003.

[WSD12] B. Wiedenheft, S. H. Sternberg, and J. a. Doudna. “RNA-guided genetic
silencing systems in bacteria and archaea”. In: Nature 482.7385 (2012),
pp. 331–338.

http://arxiv.org/abs/{\#}14603
http://arxiv.org/abs/NIHMS150003


113

[Zho+14] Y. Zhou, S. Zhu, C. Cai, P. Yuan, C. Li, Y. Huang, and W. Wei. “High-
throughput screening of a CRISPR/Cas9 library for functional genomics in
human cells.” In: Nature 509.7501 (2014), pp. 487–91.



Chapter 7

Recommendations and Conclusion

7.1 Recommendations

7.1.1 Connecting genetic interactions to modeling formalisms

From Chapter 6, the enumeration of genetic interactions in different cancer

cell lines revealed mechanistic links in cancer-related genes that have been otherwise

unobserved. Although the genetic interactions have a probabilistic mechanism associated

with the phenotype of growth (represented by the fold change with respect to wild type),

it would be useful if these interactions could be translated to a mathematical framework

with more realizable simulation capabilities. As in, in silico perturbations to a genetic

interaction network do not translate to a particular phenotype. Knockout studies have

been used to construct signaling pathways and validate metabolic networks, as mentioned

in the introduction, and genetic interactions can continued to be utilized in the same

capacity to assist building mechanistic models. However, genetic interactions could be

used to define a structure which could assist data clustering or enrichment tests, similar to

what was done in Chapter 5 with stoichiometric clustering. Similar work has been done

constructing gene ontologies from genome-wide genetic interaction and chemogenetic

114
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assays [Dut+12]. Perhaps the beginnings of a focused cancer gene ontology can be

developed via the interactions from Chapter 6.

Due to the cost and accessibility of conducting single and double gene knockouts

via CRISPR/Cas9 and measuring phenotypes via next-generation sequencing techniques,

factors that were lacking with the specialized robotic technologies for yeast knockouts and

RNA-interference knockout studies, more labs can participate in discovering mechanism

in human cell types. The release of software to process these experiments will further

reduce the barrier of entry for these studies. This democratization of knockout studies

in human cells has far ranging implications. For the most part, large-scale knockout

studies have been limited to several environment settings (for instance, yeast rich media

[Ton+01]), but studies matching the scale of the study in Chapter 6 can be easily done

for various cell types in different environments. For instance, one study currently being

conducted using the same platform will aim to delineate transcription factor mechanisms

during stem cell differentiation to mature hepatocytes. In addition, the scale of different

human cell types and environments to test can potentially be alleviated by the ease

to conduct and analyze these experiments. With the current experimental approach

employing lentiviral vectors, the set of human genes alone would require nearly 200

million gene constructs where only one guide RNA was used per gene; in our experiments

at least three is recommended. The cost to synthesize these arrays would be in the

tens of millions, therefore, the design of the vectors itself would be prohibitive for one

scientific laboratory to accomplish. And this genome-wide study could occur for only one

experimental background. Therefore, these limitations will likely empower a community-

generated (or crowd-sourced) genetic interaction database of human cells, rather than a

lab-specific, genome-wide genetic interaction map, another potential difference from the

previous generation of large-scale knockout experiments. With the potential of extensive

adoption of CRISPR/Cas9 knockout studies, a challenge will manifest of quality control,
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organization, and contextualization of the ensuing data.

7.1.2 Call for standardized systems biology information handling

As new high-throughput data methodologies are developed, both the information

storage and analysis will need to quickly incorporate quality and transparency standards

in order to build robust repositories of datasets to enable large-scale meta-analysis. To

build stable databases of similar experimental results, gold standards and other quality

assurance metrics should be added as filtering metrics or at least be used to assign quality

scores to different datasets. For genetic interactions from the methods described in

Chapter 6, incorporation into interaction databases such as BioGrid [Sta+06] would also

enable future meta-analysis. The goal of curated, robust databases for meta-analysis is

mainly suggested due to the likelihood that genome-scale genetic interactions for human

cells are cost-prohibitive at this point. Although the need for dataset repositories is

apparent for emerging experimental methods, such as CRISPR/Cas9 loss of function

screens, standards for modeling or analysis is as important. More often than not, models

remain within the confines of the progenitor lab and are not distributed in standardized

formats. Furthermore, data analysis procedures are usually not reviewed for further

development. The new Big Data to Knowledge initiative of the National Institutes

of Health will encourage transparency to improve data accessibility and recommend

appropriate analysis tools. However, admittedly, scientific output will reflect this endeavor

only through an organic cultural shift in bioinformatics towards transparent analysis

methods and modeling standards rather than policy changes.

In addition to handling data and modeling formalisms, there is room for improve-

ment of reporting results in systems biology. For instance, other forms of structural

considerations for clustering, similar to stoichiometric clustering as done in Chapter 5,

can be coupled with generalized visualization frameworks, such as Cytoscape [Sha+03].
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In addition, pathways discovered through data-influenced pathway generation can be

used to build pathway maps [Kin+15]. The trade-off between mining novel statistical

associations between biological components and understanding component relationships

in a strict pathway map context has been initially explored in this dissertation, but the idea

is other formalisms besides constraints-based modeling can incorporate these principles,

especially considering comprehensive data object models, as presented in Chapter 4,

exist to present the results of these efforts in an interpretable fashion for systems biology.

7.1.3 Using platelets as a model cell for human systems biology

In efforts to model complex systems in humans, the idea of studying blood cell

systems biology may be overlooked. For constraints-based modeling, the red blood cell

was one of the first modeled cells [LP92] and was one of the few dynamic modeling

systems with experimentally derived parameters [MK99]. With the first systems biology

characterization of the platelet done in Chapter 2, platelets can be another model cell

type for human cells. One of the advantages of these blood cells is that they do not

grow and lack organelles involved in transcription and translation. What this enables is

a smaller model scope in several areas. First, cell maintenance is the primary driver in

metabolism. However, the platelet is still energetically active with high mitochondrial

utilization, thus the platelet could be used to study the effects of mitochondrial use in

human cells while ignoring effects of growth. Second, the scope of signaling pathways

are reduced as transcription factor regulation is completely removed, limiting signaling

to primarily allosteric binding and post-translational modifications. This does not mean,

however, platelets have trivial signaling pathways, as these cells still have complex

cascades to respond to external stimuli. Third, platelets use lipids to a certain extent,

such as thromboxane production via arachidonic acid and beta-oxidation of free fatty

acids for acetyl-CoA, but the means of modeling lipid metabolism and signaling are
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combinatorially expensive, with little understanding of the drivers for the utilization

of certain lipid moieties. However, due to the relatively small number of fatty acids

actively used in platelets, all the combinatorial reactions in lipid metabolism have been

reconstructed in the platelet model presented. Therefore, modeling the combinatorial

explosion of lipid metabolism and signaling in human cells can be simplified in the

context of platelets. For platelet systems biology, the limited number of mechanisms to

catalog creates a controlled alternative to more complex human cell types, which have

limited efforts in human systems biology. However, the cell is not that simple. Models

expounding mechanisms in oxidative energy metabolism and surface receptor signaling

cascades can still be built, and present an opportunity to characterize the nature of these

mechanisms further in human cells.

7.2 Conclusion

Eventually, predictive modeling of human cell types may attain the accuracy and

precision of routine prediction frameworks, such as weather forecasting, but there is much

that needs to be done to assess and contextualize the mechanisms in human systems. This

dissertation utilized an interpretable, mechanistic approach to make inroads in the study

of disease, longevity, and phenotypic diversity with regard to human cells. Several factors,

initially explored in this dissertation, could significantly change human systems biology

in the upcoming years: 1) the discovery of new mechanisms via CRISPR/Cas9-based

genome editing, 2) the cataloging of these mechanisms into computable databases using

mechanistic modeling formalisms, and 3) the handling of models and mechanisms to

promote digestible computational results. By considering a systems approach for human

cell biology, computational methods were developed to further a mechanism-centric

paradigm with the intent of ultimately attaining a complete, interpretable characterization



119

of human biology.
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