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Mathematical modeling of macronutrient signaling in S. cerevisiae

Amogh Jalihal

(ABSTRACT)

In eukaryotes, distinct nutrient signals are integrated in order to produce robust cellular
responses to �uctuations in the environment. This process of signal integration is attributed
to the crosstalk between nutrient speci�c signaling pathways, as well as the large degree of
overlap between their regulatory targets. In the budding yeast Saccharomyces cerevisiae,
these distinct pathways have been well characterized. However, the signi�cant overlap be-
tween these pathways confounds the interpretation of the overall regulatory logic in terms of
nutrient-dependent cell state determination. Here, we propose a literature-curated molecu-
lar mechanism of the integrated nutrient signaling pathway in budding yeast, focussing on
carbon and nitrogen signaling. We build a computational model of this pathway to reconcile
the available experimental data with our proposed molecular mechanism. We evaluate the
robustness of the model �t to data with respect to the variations in the values of kinetic
parameters used to calibrate the model. Finally, we use the model to make novel, experi-
mentally testable predictions of transcription factor activities in mutant strains undergoing
complex nutrient shifts. We also propose a novel framework, called BoolODE for utilizing
published Boolean models to generate synthetic datasets used to benchmark the performance
of algorithms performing gene regulatory network inference from single cell RNA sequencing
data.



Mathematical modeling of macronutrient signaling in S. cerevisiae

Amogh Jalihal

(GENERAL AUDIENCE ABSTRACT)

An important problem in biology is how organisms sense and adapt to ever changing en-
vironments. A good example of an environmental cue that a�ects animal behavior is the
availability of food; scarcity of food forces animals to search for food-rich habitats, or go
into hibernation. At the level of single cells, a range of behaviors are observed depending
on the amount of food, or nutrients present in the environment. Moreover, di�erent types
of nutrients are important for di�erent biological functions in single cells, and each di�erent
nutrient type will have to be available in the right quantities to support cellular growth. At
the subcellular level, intricate molecular machineries exist which sense the amounts of each
nutrient type, and interpret this information in order to make a decision on how best to
respond. This interpretation and integration of nutrient information is a complex, poorly
understood process even in a simple unicellular organism like the budding yeast. In order to
understand this process, termed nutrient signaling, we propose a mathematical model of how
yeasts respond to nutrient availability in the environment. Our model advances the state
of knowledge by presenting the �rst comprehensive mathematical model of the nutrient sig-
naling machinery, accounting for a variety of experimental observations from the last three
decades of yeast nutrient signaling. We use our model to make predictions on how yeasts
might behave when supplied with di�erent combinations of nutrients, which can be veri�ed
by experiments. Finally, the cellular machinery that helps yeasts respond to nutrient avail-
ablity in the environment is very similar to the machinery in cancer cells that causes them
to grow rapidly. Our proposed model can serve as a stepping stone towards the construction
of a model of cancer's responses to its nutritional environment.
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Chapter 1

Introduction

1.1 Background and signi�cance of nutrient signaling

A long standing question in biology has been the relationship between cell growth and
metabolism [1, 2, 3, 4, 5, 6, 7]. Empirical models constructed for bacteria show that cell
growth is driven by scaling up protein translation [8]. However, in order to sustain high
translation rates, the cell needs to maintain an adequate supply of raw materials (amino
acids, also referred to as nutrients) and energy (ATP). The biochemical mechanisms that
sense and signal the levels of available raw materials, also known as nutrient signaling, are the
cornerstone of growth control. In prokaryotes, the nutrient signaling mechanisms coupling
nutrient availability to ribosome biogenesis and metabolism are well understood, and are
largely mediated by the second messenger ppGpp [9, 10, 11]. However, nutrient signaling is
far more complex in higher eukaryotes [12].

The investigation of the mechanism of growth control in yeast has its origins in the practical
utility of budding yeasts S. cerevisiae for fermentation1. Studies of the fermentation pathway
in yeast eventually lead to the elucidation of the biochemical pathways composing carbon
metabolism. In a departure from bacterial studies studying metabolism, the discovery of
yeast vacuoles motivated early studies that quanti�ed the storage levels of amino acid dis-
tributed across the cytoplasm and the vacuole [14, 15]. These observations provided impetus
to the study of transporters, as well as the regulation of amino acid distribution. Once a clear
picture of nitrogen and carbon metabolism emerged in the 1980s and 1990s [16, 17, 18, 19],
the focus of research shifted to the mechanisms of regulation of enzyme expression. The
last decade of the 20th century saw the beginnings of the description of three key regulatory
kinases (Protein Kinase A [20, 21], Snf1 [19], and TORC1 [22]) that de�ned the distinct
nutrient signaling pathways [23].

In essence, the nutrient signaling pathways gauge the su�ciency of environmentally derived
nutrient signals and integrate these signals in order to produce a robust adaptation response.
The consequences of this signal integration for cellular physiology include the remodeling of
global metabolism, modulation of cellular growth rate, as well as the mounting of stress re-
sponses and accumulation of storage nutrient reserves. The last two decades of yeast research
have uncovered the other roles of the nutrient signaling pathways. Current views place nu-

1For an early review of yeasts in fermentation processes, see Harden, 1911[13].
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2 Chapter 1. Introduction

trient signaling as the regulator for decision making of various stress responses [24, 25, 26],
the G1-S transition in the cell cycle [27], and autophagy [28, 29]. Finally, in all of the above
contexts, it has been recognized that crosstalk between various nutrient signaling pathways
is important to accomplish robust decision making in the face of �uctuating nutrient avail-
ability [30, 31, 32, 33].

The current picture of nutrient signaling and its relation to growth control is complicated by
the large number of interacting molecular players, and the diverse roles they play in various
cellular contexts. Multiple reviews have been published outlining the current state of our
knowledge of these pathways in yeasts and higher eukaryotes [23, 34, 35, 36, 37]. However,
it is unclear if these qualitative descriptions are consistent with, or are even su�cient to
explain, the vast body of experimental observations probing yeast's responses to the nutrient
environment. In particular, reasoning about the roles of speci�c molecular interactions is
confounded by multi-pronged environmental and genetic perturbations, such as nutrient shift
phenotypes in genetic mutants [38], strain-speci�c metabolic and regulatory di�erences [39],
as well as contradictory and controversial claims regarding molecular interactions.

In this dissertation, we directly interrogate the nutrient signaling system in S. cerevisiae,
restricting ourselves to the signaling components and the interactions between them. We
construct a literature curated interaction network representing the signaling pathway, which
we convert into a mathematical model. This model allows us to represent genetic and envi-
ronmental perturbation, which makes it easy to compare our proposed mechanism against a
variety of di�erent types of experimental data. Importantly, we are able to use our proposed
model to make novel predictions of S. cerevisiae's response to complex nutrient shifts in a
range of genetic mutants. We hope that this �rst model of integrated nutrient signaling will
serve as a step towards understanding the mechanism of growth control in S. cerevisiae and
higher eukaryotes.

1.2 Mathematical Modeling

Cell physiology, or the collection of cellular responses which emerge from biochemical inter-
actions at the subcellular level, is often described as being �complex�. The term �complexity�,
while di�cult to de�ne precisely, carries with it the notion that cell physiology is not simply
a sum of a cell's components. The property of cells that precludes an intuitive understand-
ing of cellular phenotypes is the (large) number of interacting molecules composing them,
and the time-varying, often non-linear interactions between these molecules [40]. Dynamical
modeling is a mathematical framework that has proven to be highly successful in provid-
ing insights into the emergence of cellular physiology from biochemical reactions.2 In this
dissertation, we will largely be concerned with dynamical models expressed as systems of

2From a physical perspective, a complete mathematical description of a cell, with all its time varying
molecular constituents, as well as �uxes of matter and energy, will fall in the domain of non-equilibrium
statistical mechanics. Work by Keizer and others demonstrated that even in non-equilibrium conditions, the
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di�erential equations. Such a formulation admits sophisticated analyses of the dynamical
process under study, such as stability analysis and bifurcation theory [44].

The construction of a dynamical model of a cellular process is done in stages. First, the
experimental evidence for the interaction and dynamics of the key molecular players is cu-
rated from the literature. Typically, the existing literature evidence will be summarized
as mechanistic hypotheses, represented as interaction diagrams [45]. Once high con�dence
mechanistic hypothesiss are constructed, they are converted to systems of Ordinary Di�er-
ential Equation (ODE), where each molecular interaction is represented as a biochemical
rate law. Further, the reaction rate laws have to be parameterized by kinetic rate constants
which govern the timescales of the molecular processes. These rate constants, which are
model parameters, are estimated by `�tting' the model to quantitative data curated from
the literature. This calibrated model can then be analyzed analytically or numerically to ex-
plore the implications of the initial mechanistic hypothesis on the observed model behavior.
Over the past decades, many dynamical models have been published, each providing great
insight into relationship between the underlying molecular mechanism and the resulting cel-
lular phenotype. Some successful mechanistic models of physiological processes include the
yeast cell cycle [46], circadian oscillations [47], bacterial motility [48], NF-κB signaling [49],
and insulin signaling [50].

1.3 Organization and Contributions

In this work, we construct a dynamical model of the macronutrient signaling pathway in the
budding yeast S. cerevisiae, integrating the pathways that respond to carbon and nitrogen
su�ciency. The objective of this model is to dissect the contributions of nutrient-speci�c
signaling pathways in the

1. integration of diverse nutrient signals derived from the environment, and, subsequently

2. the joint regulation of downstream adaptation responses that de�ne the cellular re-
sponse to a nutritional shift.

To this end, we constructed a literature curated `wiring diagram' representing the nutrient
signaling system in S. cerevisiae. We examined the primary literature in the area of carbon
and nitrogen signaling in recent decades in order to collect quantitative as well as qualitative
assay measurements in investigations of the molecular interactions relevant to short time
scale nutrient responses. This resulted in a collection of quantitative time course measure-
ments and quantitative perturbation data (end point measurements) that were used in model
calibration, as well as a collection of qualitative phenotype measurements that were used to
validate the model (Chapter 2).

steady states of the phenomenological rate laws remain valid; cf [41, 42, 43]
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Next, we converted our proposed `wiring diagram' into a system of coupled nonlinear Or-
dinary Di�erential Equations. We used the Standard Component Framework to de�ne the
form of the biochemical rate equations based on the interaction evidence. We calibrated the
model with the quantitative time series and perturbation data curated from the literature
(Chapter 3).

Having constructed and calibrated the model, we studied the relationship between the behav-
ior of the nutrient signaling model and the model parameterization by carrying out a model
robustness analysis. This analysis revealed the parts of the model that are constrained by
the data. One of the outcomes of this analysis is a collection of 18,000 alternate sets of
parameter values spanning a large region of parameter space that all provide an acceptable
quantitative �t to the curated data (Chapter 4).

We studied the predictions made by the nutrient signaling model. We compared model
predictions using the collection of parameter sets to a set of qualitative nutrient shift pheno-
types curated from the literature. Finally, we used the model to make novel, experimentally
testable predictions of the global transcriptional response of yeast undergoing complex nu-
trient shifts in 18 genetic mutants (Chapter 5).

In an exploration of automated construction of ODE models, one of the applications that
we came across was the use of models of gene regulatory networks to create benchmarking
datasets for algorithms that attempt to infer network structure from experimental time
courses. We identi�ed drawbacks in current approaches, and proposed a novel framework,
BoolODE, to harness manually constructed Boolean models to generate synthetic datasets.
These datasets were used in a benchmarking study to evaluate the performance of algorithms
that infer gene regulatory networks from single cell RNAseq data. BoolODE is discussed
in Chapter 6.



Chapter 2

Nutrient Signaling in Yeast

Jalihal, A.P., Kraikivski, P., Murali, T.M., Tyson, J.J., 2020. Modeling and analysis of
macronutrient signaling in budding yeast. Under review. Also available on bioRxiv (https:
//doi.org/10.1101/2020.02.15.950881)

Depending on the amounts derived from the environment, nutrients can be categorized as
macro- or micro-nutrients. Macronutrients are composed of compounds rich in carbon, nitro-
gen, phosphate, and sulphur, while micronutrients are composed of minerals and vitamins
which are typically scarce in the environment. In this work, we will be focusing on the
signaling pathways associated with macronutrients, speci�cally carbon and nitrogen signal-
ing. As discussed later in this chapter, these signaling pathways play signi�cant roles in the
adaptation of cellular metabolism, regulation of growth, and the decision to mount stress
responses.

The macronutrient signaling system in yeast is composed of three distinct signaling pathways.
Broadly, the TORC1-Sch9 pathway senses nitrogen su�ciency, the cAMP-PKA pathway
conveys the glucose status, and the Snf1 pathway regulates carbon adaptation responses.
The �rst part of this chapter will describe the details of these pathways as they relate to
nutrient signaling. In the second part of this chapter, we will outline the relevant mechanistic
interactions curated from the literature used to create our proposed interaction network of
nutrient signaling.

Carbon sensing and signaling The cAMP/Ras/PKA pathway is activated by up-
stream glucose sensing mechanisms. Subsequently, PKA rapidly carries out two main func-
tions, the inhibition of respiration pathway, and the activation of fermentation pathway. This
drastic response to glucose availability is referred to as �glucose rexpression� [51]. The ad-
dition of glucose to carbon-starved yeast cells activates Adenylate Cyclase (Cyr1) indirectly
via Ras2 and directly through the action of the glucose sensing G-protein Gpr1/Gpa2 [52].
This stimulation of Cyr1 activity results in a rapid increase in the intracellular concentration
of cyclic Adenosine Mono-Phosphate (cAMP) [20, 53]. The yeast Protein Kinase A (PKA)
exists as a heterotetramer, as a complex of two regulatory subunits, Bcy1, and two catalytic
subunits, which can be one of the three TPK genes Tpk1-3. cAMP subsequently binds to
the regulatory subunit Bcy1, freeing the catalytic subunits. The active Tpk subunits phos-
phorylate and activate the phosphodiesterases Pde1/2 (present in our mathematical model
but not shown in Figure 2.1), which degrade cAMP, implementing a negative feedback loop
[54]. Furthermore, PKA has been suggested to implement another negative feedback loop by

5
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inhibiting Ras2 activation, upstream of cAMP production. Putative PKA target sites have
been identi�ed on Ira1,2 the Ras2 GTPase activating proteins (GAPs) that inactivate Ras2.
PKA-mediated hyperphosphorylation of Cdc25, the Ras2 guanine nucleotide exchange factor
(GEF) has been proposed as another mechanism by which Ras2 activity is inhibited [55].

BOX 1: Convention used in cartoons of molecular mechanism

The network diagrams (molecular wiring diagrams) shown in this chapter follow a �xed
convention. Molecular species are represented by �lled black shapes, while the biochemical
reactions they participate in are represented by lines with arrow heads. A pair of curved,
reversible black arrows represents the interconversion between the active and inactive forms
of a molecular species by post translational modi�cation. A gray, dashed line represents
a regulatory interaction. Such a line can end in an arrow, representing the activation of
the process on which it is incident, or it can end in a blunt `T,' representing an inhibition
of the process on which it is incident. Straight, solid black lines represent production or
degradation of a species. Solid gray lines ending in gray circles represent complex formation.
The presence of a gray circle on a molecular species represents a subunit or a chemical moeity.
Phosphate groups are represented by red �lled circles. Degradation events are represented
using a red cross. In order to make the cartoon legible, multiple regulatory interactions
originating from a given molecular species are represented by forking lines, where the fork is
represented by a black �lled circle. Finally, black �lled rectangles represent transcriptional
states that lead to distinct cellular phenotypes. Note that some species may be left out in
the diagram in order to retain readability.

Activated PKA regulates cell growth in two distinct ways. First, PKA inhibits respiration
and upregulates the fermentation pathway. Speci�cally, PKA implements the glucose repres-
sion pathway by inhibiting carbon adaptation responses [56] and general stress responses [57].
This is an adaptation to the natural environment of the yeast, where glucose is nonlimit-
ing, and rapid energy production provides a �tness advantage. Second, PKA upregulates
the ribosome biogenesis (RIBI) pathway. PKA regulates expression of the RIBI regulon
by inhibiting transcriptional repressors like Dot6/Tod6 [58, 59]. Finally, PKA activates tre-
halase which triggers the consumption of storage carbohydrates like trehalose or glycogen
that are accumulated during starvation. This activation results in a rapid availability of
ATP for anabolic processes which further aids the transition to fermentative growth on the
re-availability of glucose in the environment. The interactions described above constitute
the �Fermentative Growth� block appearing on the let in Figure 2.1.

Carbon adaptation responses Early investigation into the mechanism of yeast adap-
tation to growth on sucrose (as compared to growth on glucose, a fermentable sugar) led to
the identi�cation of the Sucrose Non Fermenting (SNF) mutants. Of these, the Snf1 kinase
was shown to be essential for the activation of invertase in order to degrade sucrose to its
monosaccharide constituents. [18]. Snf1 was later shown to be the yeast homolog of mam-
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Figure 2.1: The carbon signaling pathway in yeast is composed of the glucose signaling
branch, i.e., the cAMP-Ras-PKA pathway depicted on the left, and the carbon adaptation
branch, i.e. the Snf1 pathway depicted on the right. The exact mechanism of inhibition of
Snf1 in the presence of glucose is not well understood, but is known to originate at Gpr1
(not shown), and is e�ected by the Reg1/Glc7 phosphatase. Here, we represent a direct
inhibition of Snf1 in the presence of glucose. Note that the Phosphodiesterases (PDE1/2)
which degrade cAMP to AMP are not shown on this diagram. The boxes at the bottom of
the �gure indicate the biological processes regulated by PKA and Snf1. The transcription
factors which implement the gene regulatory program leading to these cellular phenotypes
are discussed in the text.

malian AMP Kinase [19]. Interestingly, unlike in higher eukaryotes AMP binding does not
seem to be crucial for Snf1 activity, even though structural studies have shown that ADP
and AMP can bind to Snf1 in vitro [60].

In the presence of glucose, the Reg1-Glc7 phosphatase complex dephosphorylates and subse-
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quently inactivates Snf1. The relationship between glucose uptake/sensing and the activity
of Reg1/Glc7 remains unclear [61]. In the absence of glucose, the Sak1/Tos3/Elm1 kinases
phosphorylate and activate Snf1 [62, 63].

Activated Snf1 upregulates Carbon Stress Response (CSRE) genes which e�ect carbon source
dependent control of gluconeogenesis. This is achieved via the inhibition of the Mig1 tran-
scriptional repressor which implements the glucose repression pathway [64]. Apart from
mediating the post-diauxic shift (PDS) via the stimulation of Gis1 activity, Snf1 has been
implicated in the inhibition of general stress response regulators such as Msn2/4 [26] and the
nutrient dependent regulation of nitrogen adaptation response regulators like Gcn4 [65].(We
do not examine the mechanism of Msn2/4 regulation here. A mathematical investigation of
Msn2/4 nucleocytoplasmic oscillations was carried out by Garmendia-Torres et al. 2007 [66].)
Overall, the Snf1 pathway plays the crucial role of adapting cellular metabolism to non-
glucose environments. We believe that these molecular players and interactions that they
participate in are su�cient to describe the logic of carbon signaling; The right hand side of
Figure 2.1 illustrates these molecular interactions.

Nitrogen sensing and signaling TORC1 senses the quality and quantity of nitrogen
sources in the environment, the so-called amino acid su�ciency, in order to regulate growth
pathways. TORC1 is localized at the lysosome-like vacuolar membrane in yeast, and is
activated by a network of GTPases which directly or indirectly sense the concentrations
of various nitrogen sources inside and outside the cell [67]. The presence of rich nitrogen
sources results in the relocalization of TORC1 to the vacuolar membrane, followed by the
stimulation of TORC1 kinase activity, leading to the phosphorylation and activation of Sch9
(the yeast homolog of mammalian Protein Kinase B) [68]. Sch9 regulates a variety of growth
processes and inhibits stress responses. On the other hand, the TORC1 dependent activity
of the Tap42/Sit4 Phosphatase branch ensures the upregulation of nitrogen stress responses
and inhibition of growth responses in response to nitrogen starvation [69] ( Figure 2.2).

Nitrogen adaptation responses The nitrogen adaptation response is intimately linked
to two metabolic processes: amino acid transport and amino acid biosynthesis. The molecu-
lar mechanism governing the nitrogen adaptation response, termed the General Amino Acid
Control (GAAC) response has been elucidated in great detail. In the presence of rich amino
acid sources like glutamine, amino acid biosynthetic pathways and high speci�city trans-
porters are downregulated in a process called Nitrogen Catabolite Repression (NCR). The
TORC1 pathway regulates the factors involved in the GAAC and NCR responses [16, 17, 70].
Gln3 is the primary transcriptional regulator that has been implicated in the NCR response.
In response to declining nitrogen status, a graded Gln3 response has been suggested to modu-
late amino acid consumption and increase the expression of non-speci�c amino acid permeases
like Gap1 [71] [72]. Gcn4 is another important transcription factor that is activated by the
Gcn2 kinase in response to amino acid starvation, which results in the derepression of amino
acid biosynthesis pathways. Finally, the retrograde pathway regulated by the transcription
factors Rtg1/3 are stimulated when ammonia derived from the environment can be used
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Figure 2.2: The nitrogen signaling system is represented by the TORC1 pathway. The
presence of rich nitrogen sources leads to the activation of TORC1 kinase, subsequently
leading to the activation of the Sch9 branch (left) and the inhibition of the Tap42-Sit4 branch
(right). Nitrogen starvation leads to the inhibition of TORC1 activity, in turn activating
nitrogen adaptation and stress responses and inhibiting growth responses.

in transamination of α ketoglutarate to produce glutamine and glutamate in response to
decline in amino acid availability. All the transcription factors described above are regulated
directly or indirectly by TORC1, usually by localization to the cytoplasm. The summary of
these interactions is presented in Figure 2.2.
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2.1 Pathway crosstalk

Extensive crosstalk has been documented between the pathways described above. This
pathway crosstalk has been implicated as being essential for integrating disparate nutrient
signals and coordinating nutrient availability with metabolic demands, in turn constraining
global transcription and translation.

Interactions between Sch9 and PKA have been reported multiple times in the literature, but
the signi�cance of these interactions remain uncertain [73, 74, 75]. Furthermore, Sch9 and
PKA share a large number of common targets. In fact, Sch9 was �rst identi�ed to be a PKA
homolog in a screen for mutants that could rescue the PKA− phenotype [76]. The stress
regulatory kinase Rim15 which regulates a variety of stress and nutrient adaptation factors
is jointly regulated by both Sch9 and PKA, and this overlap of regulation has been shown to
cause a diverse set of transcriptional responses downstream [77, 78, 79]. We do not consider
the regulation of Rim15 in our mathematical model.

Further, this crosstalk is also signi�cant for the regulation of ribosome biogenesis. The
Sch9 and PKA pathways jointly regulate the expression of rRNAs and the transcription of
Ribosomal Protein (RP) genes via the inhibition of transcriptional repressors like Dot6/Tod6
[30, 80] 1. Apart from the regulation of growth responses, the two pathways regulate global
cellular states in response to nutritional shifts [31, 32, 83, 84].

Unlike in mammals where AMPK has been shown to be upstream of mTOR, there is evi-
dence that the relationship between these regulators is di�erent in yeast. Crosstalk between
the Snf1 and TORC1 pathways has been documented, with major consequences for global
transcriptional regulation [85, 86]. However, the exact mechanism mediating the crosstalk
remains controversial (cf. [87] and [88]). Irrespective of the exact mechanism, Snf1 and
TORC1 also share common transcriptional targets, including the nitrogen adaptation factor
Gln3 [89]. The summary of the crosstalk between the carbon and nitrogen signaling path-
ways, along with the full carbon and nitrogen signaling pathways, is presented in Figure
2.3.

2.2 Perspective

Over the last half a century, the biochemistry of yeast metabolism has been studied in
great detail. In recent decades, the regulatory mechanisms governing transitions in global
cellular metabolism in response to nutrient shifts have been elucidated. These regulatory

1Sfp1 is another key transcriptional regulator that a�ects RP expression in response to nutrient shifts.
Results from Jorgensen et al. cemented the idea that Sch9 and Sfp1 were the global regulators of ribosomal
gene exression [81]. Unlike Sch9, Sfp1's primary role as a transcriptional regulator is activated when it
complexes with TORC1 and localizes to the nucleus [82]. For the sake of simplicity, we will consider only
the Sch9 branch of TORC1 signaling to the downstream regulation of ribosome biogenesis here.
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mechanisms are composed of multiple signaling pathways which integrate nutrient signals
from the extracellular environment, the vacuole, and the cytoplasm, and coordinate the
expression of hundreds of metabolic enzymes via the localization of transcription factors. The
structure of the signaling pathways exhibit feedback loops, and cross-talk interactions with
components of other signaling pathways including the cell cycle and autophagy pathways
[28, 90]. The nutrient signaling pathways are typically studied in speci�c media or under
speci�c drug treatments. The discovery of cross-talk interactions between nutrient signaling
pathways indicate roles of these pathways outside of the speci�c contexts in which they
have been described. As we have discussed in this chapter, the functional signi�cance of
the cross-talk interactions in signal integration remains unclear [30, 38, 91, 92]. We wish to
investigate the molecular interactions that govern the nutrient signal integration mechanisms
in yeast with the goal of reconciling disparate pathway-speci�c experimental data with the
dynamics demonstrated by the full integrated model. In particular, we wish to investigate the
combined regulation of the targets of the nutrient signaling pathways, namely the regulatory
transcription factors, and the e�ects of complex nutrient shifts and genetic perturbations of
the signaling molecules on this regulation. This chapter has discussed the major molecular
interactions in yeast that capture the complexity of the nutrient response pathway. The
regulatory interactions described here are summarized in the wiring diagram illustrated in
Figure 2.3.
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Figure 2.3: Literature-curated molecular regulatory network of nutrient signaling in yeast
cells. The cAMP-PKA pathway is depicted on the left (highlighted in purple), the Snf1
pathway in the middle (highlighted in green) and the TORC1 pathway on the right (high-
lighted in yellow). The readouts of the model are the activities of the transcription factors
towards the bottom of the diagram (highlighted in blue), whose target genes at the bottom of
the �gure comprise various regulons: GlcR, glucose-repressed genes; PDS, post-diauxic shift
element; NCR, nitrogen catabolite repression genes; RTG, retrograde genes; AAB, amino
acid biosynthesis; and RIBI, ribosome biogenesis. Each black icon represents a molecular
species. Post-translational modi�cations are represented by a pair of solid arrows pointing
in opposite directions. Phosphorylation is indicated by `P' in a red circle. The inactive form
of a species is indicated by the letter `i' in a gray circle. Guanidylation is indicated by `GTP'
in a grey circle. Regulatory signals are represented by dashed gray lines. Complex formation
is indicated by a solid gray line, with the binding partners indicated by gray circles. The
inputs to the model are shown at the top of the �gure, represented by one carbon input, and
three nitrogen inputs: glutamine, ammonia and proline. The intracellular amino acid pool
stored in the vacuole is represented by the membrane-bound structure on the top right.
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Model Construction and Calibration

Jalihal, A.P., Kraikivski, P., Murali, T.M., Tyson, J.J., 2020. Modeling and analysis of
macronutrient signaling in budding yeast. Under review. Also available on bioRxiv (https:
//doi.org/10.1101/2020.02.15.950881)

Dynamical models have proven to be very useful tools in reasoning and interrogating complex
biological systems. Since these models are easy to simulate numerically, multiple hypotheses
can be quickly tested by carrying out in silico experiments. This provides a method to
distinguish competing molecular mechanisms, interrogate contradictory experimental results,
and ultimately generate novel biological hypotheses that can be validated.

In this chapter, we will brie�y review previously published models that have explored various
aspects of nutrient signaling in eukaryotes. We will then describe the Standard Component
Modeling framework (Section 3.2) which we use to de�ne our proposed model of nutrient
signaling in yeast (Section 3.3).

3.1 Previously published models

This section presents a survey of the previously published models that have investigated
nutrient-speci�c signaling pathways. These models tend to focus on a small number of in-
teractions and on speci�c nutrient condition dependent phenotypes. The published methods
are organized by the pathway that they model. The cAMP-Ras-PKA pathway sense glu-
cose availability. The Snf1 pathway regulates carbon adaptation responses in the absence of
glucose. Finally, the TORC1 pathway senses amino acid su�ciency and regulates nitrogen
adaptation responses. A detailed description of these pathways is presented in Chapter 2.

The cAMP-PKA pathway. Using a nonlinear ODE model, Garmendia-Torres et al., 2007
investigated the PKA-mediated regulation of Msn2/4 nucleocytoplasmic oscillations,
capturing the essential feedback loops in the PKA activation mechanism [66]. Gonze
et al., 2008 proposed a stochastic version of this model [93]. Cazzaniga et al., 2008
investigated the guanine nucleotide exchange reactions in the PKA activation mecha-
nism but failed to capture the short time-scale behavior of cAMP dynamics [94, 95].
Stewart-Ornstein et al., 2017 presented a simpli�ed mechanism to investigate, both
computationally and experimentally, the upstream mechanism of cAMP activation [96].
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Williamson et al., 2009 created a full model of the PKA pathway, incorporating sub-
stantial mechanistic details with respect to alternative PKA activation mechanisms,
with a focus on understanding features of cAMP regulation [97]. In order to account
for experimental observations not captured by these models, Gonzales et al., 2013
used a simpli�ed mechanism to investigate strain-speci�c cAMP oscillatory dynamics
[39]. All the models described in this paragraph have focused on the mechanism of
cAMP regulation, or the regulation of Msn2/4 nucleocytoplasmic oscillations purely in
response to glucose abundance or starvation.

The Snf1 pathway. Garcia-Salcedo et al., 2014 systematically explored a series of hypo-
thetical interactions in the Snf1 pathway in order to identify a high con�dence network
topology that recapitulated experimentally observed phenotypes [98]. More recently
Welkenhuysen et al., 2017 [99] have investigated the structure of the Snf1 pathway in
the context of glucose starvation.

The TORC1 pathway. Many mathematical models of mTOR signaling have been pro-
posed. Of particular relevance to our work, Vinod et al. 2009 investigated the role of
mTOR in metabolic regulations in response to insulin signaling [50]. Sonntag et al.
2012 carried out a systematic investigation of regulatory mechanisms underlying the
interactions between AMPK and mTORC2 [100]. Pezze et al. 2016 expanded this
model to study its response to amino acids [101] . Thobe et al. 2017 studied the
regulation of mTORC2 using logical modeling [102].

Integrated pathway models. Sengupta et al., 2007 studied the steady-state properties
of an integrated model of the cAMP-PKA pathway and the MAPK signaling system in
regulating the pseudohyphal transition of yeast cells to response to nitrogen starvation
[103]. Recently Welkenhuysen et al., 2019 created a Boolean model of the crosstalk
between various signaling pathways [104], to show how the network confers robustness
to diverse nutrient environments.

3.2 The Standard Component Modeling approach

Dynamical modeling frameworks in biological systems are based on the biochemical details
of the system under consideration. Oftentimes, the actual biochemical mechanism might
remain elusive. Furthermore, the rate constants of enzyme catalyzed reactions are di�cult
to measure experimentally, and this poses a major hurdle for model parameterization. Here,
we use a general framework that circumvents the above mentioned problems by using generic
functions to describe biochemical reactions that occur at three qualitative timescales, slow
(eg. gene expression, protein synthesis and degradation), intermediate (eg. post-translational
modi�cation) and fast (eg. complex formation or dissociation). This approach is referred to
as the standard component modeling strategy [105].
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The slow timescale reactions, referred to as Class I reactions are represented by a Mass
Action Law.

d[A]

dt
= kp − kd[A] (3.1)

Here, kp represents the production rate and kd represents the degradation rate of A.

The intermediate timescale reactions, denoted the Class II equations are represented by a
generic sigmoidal Soft-Heaviside function.

d[P]

dt
= γ([PT ]H(σ, ω)− [P]) (3.2)

where PT represents the total amount of species P , and H is the Soft-Heaviside function,
given by

H(σ, ω) =
1

1 + e−σω
, ω = ω0 +

N∑
i=1

wi[Xi] (3.3)

is a generic sigmoidal function used to represent a switch-like biochemical mechanism. Here
the ω term is composed of a linear function of the activities of the regulators Xi of P with
appropriate signed coe�cients ωi.

In this work, the total amount of all variables (PT ) is assumed to be 1. Thus, variables
representing signaling components take values between 0 and 1, and denote the fraction of
the given regulator in a given post-translational modi�cation state.

Finally the reactions occurring on fast time scales such as protein complex formations are
represented by the Class III equations governed by the stoichiometric relationships between
the constituents of the protein complexes. Thus, the stoichiometric association of compo-
nents X and Y to produce a complex C would be represented as

C = min(X, Y ) (3.4)

3.3 Model Construction

In brief, we manually surveyed the literature related to the nutrient signaling system in
yeast, and codi�ed the consensus mechanism that emerged into the regulatory mechanism
represented in Figure 2.3. The literature support for the interactions used to construct the
molecular regulator network are summarized in Table 3.1.
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Table 3.1: Literature support for molecular interactions

Regulator Target Notes Citation
Snf1 Cyr1 phosphorylation [91]
PKA Snf1 via Sak1 inhibition [91]
PKA Snf1 [92]
PKA Ras2 via Cdc25 inhibition [106]
Ras2 Cyr1 phosphorylation
Glucose Cyr1 via Gap2, glycolysis [107]
Sch9 PKA via bcy1 stimulation? [74, 75]
Glutamine Gtr1/2 (EGO)
Snf1 TORC1 via PASk and Pbp1 [85]
Snf1 TORC1 [87]
TORC1 Sch9 phosphorylation, activation [68]
PKA Gis1 phosphorylation, inhibition [56]
Snf1 Mig1 phosphorylation, inhibition [99]
TORC1 Gcn2 phosphorylation, inhibition [65]
Snf1 Gcn2 phosphorylation [65]
PKA Pde1/2 phosphorylation, activation [54]
TORC1 Rtg1/3 phosphorylation [108]
TORC1 Gln3 phosphorylation [109]
Glucose Snf1 via Reg1/2-Glc7 [61]
Glucose/pH Sch9 [88]
Sch9 eIF2alpha phosphorylation [68]
PKA Gis1 via Rim15 [56]
Sch9 Gis1 via Rim15 [32]
Snf1 Gln3 Direct phosphorylation [89]

3.4 Kinetic expressions

We expressed the interactions curated in Section 3.3 as biochemical rate laws using the Stan-
dard Component Modeling framework described in Section 3.2. The system of equations is
subdivided into three subsections for the purpose of presentation. The components involved
in sensing and signal transduction are presented �rst, followed by the master regulatory
proteins, followed by the downstream responses which consist of the model readouts. The
equations are presented here in this order.
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3.4.1 Nutrient signal sensing and transduction

d[Glutamine]
dt

= (kacc−glu[Glutamineext] + kacc−proProline + kacc−nh4NH4[Gln1]Carbon)− kdegr[Glutamine]

d[Cyr1]

dt
= γcyr([Cyr1T]H(σcyr, ωcyr−gluCarbon[Ras]− ωcyr − ωcyr−snf [Snf1])− [Cyr1])

d[Ras]
dt

= γras([RasT]H(σras,−ωras−pka[PKA] + ωras−gluCarbon + ωras) − [Ras])

d[EGO]

dt
= γego([EGOT]H(σego, ωego−gap[EGOGAP]([Glutamine]ext+

0.5NH4 + 0.01Proline)− ωego(1− [Glutamine])− ωego−basal)− [EGO])

d[EGOGAP]

dt
= γgap([EGOGAPT]H(σgap, ωgap−N(1− [Glutamine])− ωgap−torc[TORC1])− [EGOGAP])

d[cAMP]

dt
= kcamp−cyr[Cyr1]ATP − kcamp−pde[PDE][cAMP]− kcamp−deg[cAMP]

d[PDE]

dt
= γpde([PDET]H(σpde, ωpde−pka[PKA]− ωpde) − [PDE])

d[Sak]

dt
= [SakT]H(σsak, ωsak − ωsak−pka[PKA])− [Sak]

3.4.2 Master regulators

d[TORC1]

dt
= γtor([TORC1T]H(σtor, ωtorc−glut[Glutamine]+

ωtorc−ego[EGO]− ωtorc−egoin(1− [EGO])− ωtorc − ωtorc−snf [Snf1])− [TORC1])

d[Snf1]

dt
= γsnf ([Snf1T]H(σsnf ,−ωsnf−glcCarbon + ωsnf−sak[Sak]− ωsnf) − [Snf1])

d[PKA]

dt
= γpka([PKAT]H(σpka, ωpka−camp[cAMP]− ωpka − ωpka−sch9[Sch9])− [PKA])

d[Sch9]

dt
= γsch9([Sch9T]H(σsch9, ωsch9−torc[TORC1]− ωsch9) − [Sch9])
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3.4.3 Downstream responses

d[Gcn2]

dt
= γgcn2([Gcn2T]H(σgcn2, ωgcn − ωgcn−torc[Sch9])− [Gcn2])

d[Gcn4]

dt
= γgcn4([Gcn4T]H(σgcn4,

ωgcn4−gcn2−trnamin([Gcn2], 74.5([tRNAtotal]−min([tRNAtotal], [Glutamine])))
− ωgcn4) − [Gcn4])

d[eIF]

dt
= γeif ([eIFT]H(σeif , ωeif − ωeif−gcn2[Gcn2])− [eIF])

d[Gln3]

dt
= γgln3([Gln3T]H(σgln,−ωgln3 + ωgln−snf [Snf1] + ωgln−sit(1− [TORC1]))− [Gln3])

d[Gln1]

dt
= γgln1([Gln1T]H(σgln1, ωgln1−gln3[Gln3]− ωgln1) − [Gln1])

d[Rtg13]

dt
= γrtg13([Rtg13T]H(σrtg,−ωrtg−torc[TORC1] + ωrtg) − [Rtg13])

d[Gis1]

dt
= γgis1([Gis1T]H(σgis1,−ωgis−pka[PKA]− ωgis−sch[Sch9] + ωgis) − [Gis1])

d[Mig1]

dt
= γmig([Mig1T]H(σmig1, ωmig−pka[PKA]− ωmig−snf [Snf1] + ωmig) − [Mig1])

d[Dot6]

dt
= γdot6([Dot6T]H(σdot,−ωdot−sch−pka[Sch9][PKA] + ωdot) − [Dot6])

d[Tps1]

dt
= γtps([Tps1T]H(σtps, ωtps−pka([PKAT]− [PKA])− ωtps) − [Tps1])

d[Trehalase]
dt

= γtre([TrehalaseT]H(σtrehalase, ωtre−pka[PKA]− ωtre) − [Trehalase])

d[Protein]

dt
= kpr[ATP]min(min([Rib], [eIF]),min([tRNAtotal], [Glutamine]))[Protein]

d[Rib]

dt
= ktranscription(1− [Dot6])− kmRNA−degr[Rib]

Heuristics and assumptions

While the equations related to the regulatory interactions re�ect the mechanism curated from
the literature, such a representation is outside the scope of the model for some components.
The heuristics used to represent such model components are summarized here.

1. Storage molecules In yeast, amino acids are stored both in the cytosol and the
lysosome-like vacuole[15, 110, 111, 112]. Since regulation of the these distinct, dy-
namic nutrient pools is complex, and since TORC1 has been shown to detect amino
acid levels by detecting glutamine concentrations [113], a single variable representing
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glutamine levels are used to represent the intracellular nitrogen su�ciency, depicted
as AA in Figure 2.3. Currently, this is modeled as a mass action law proportional
to the extracellular concentrations of Glutamine (Glutamineext), ammonia (NH4), and
proline. The consumption rate of gutamine currently is not proportional to growth
rate in this model.

d[Glutamine]
dt

=(kacc_glu[Glutamineext] + kacc_nh4[NH4][Rtg13][Carbon]

+ kacc_pro[Proline])− kdegr[Glutamine]

For maximal growth rate, the cell requires a non limiting amount of ATP. Instead of
modeling the dynamic regulation of the cellular energy charge (EC), we assume that the
EC is proportional to the carbon su�ciency of the environment while acknowledging
that the observed behavior is highly non-trivial [114]. The cellular EC is represented
by the parameter ATP, which is �xed to the value of the carbon input for a given
simulation. Finally, during glucose starvation, trehalose is synthesized as the carbon
storage molecule. During relief from starvation, the stored trehalose is rapidly degraded
to glucose by trehalase[115].

2. Nitrogen sensing The precise mechanism of nitrogen sensing in yeast by TORC1
remains controversial. The TOR complex has been shown to interact with multiple
G-proteins at the vacuolar membrane which sense the levels of distinct intracellular
amino acids [23, 67] . The EGO complex comprising of the G-proteins Gtr1/2 with
the membrane anchors Ego1/2/3 (represented as EGO), along with their GTPase ac-
tivating proteins Lst4/7 (represented as EGOGAP) ultimately activate the TORC1
complex. This process occurs at the vacuolar membrane, represented in the dashed
box in Figure 2.3 (EGOGAP is not represented in the �gure). The activation of the
EGO by the various classes of nitrogen sources is represented as follows

d[EGO]

dt
= γego([EGOT ]H(σego, ωego_gap[EGOGAP]([Glutamineext] + 0.5[NH4] + 0.01[Proline])

− ωego(1−Glutamine)− ωego_basal)− EGO)

3. PKA activation Multiple published models have explored the complexity of Protein
Kinase A activation via the Ras-cAMP mechanism with a focus on cAMP dynamics.
In this model, we attempt to include the minimum number of interactions required to
explain the cAMP dynamics, and shift our attention to the interactions between the
PKA pathway and the rest of the nutrient signaling system. Glucose has been shown to
stimulate Adenylate Cyclase (Cyr1) activity both directly [21, 116] and via Ras2[117].
Cyr1 catalyzes the formation of cAMP from ATP, which binds to the regulatory subunit
Bcy1, thus activating the catalytic subunits Tpk1/2/3 of PKA, here represented as a
single species PKA. PKA activates the phosphodiesterases Pde1/2 which have been
shown to a�ect cAMP dynamics to di�erent degrees, while it is represented as a single
variable in our model.
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4. The Snf1 pathway While the exact mechanism remains unclear, it is known that
glucose-dependent phosphatases Reg1-Glc7 inhibit Snf1 activity. Snf1 activity is stim-
ulated by the Sak1/Elm3/Tos1 kinases [98]. In our model, we simplify the upstream
mechanism of glucose dependent Snf1 repression, and focus on the Sak1 mediated
interactions with the rest of the pathway.

d[Snf1]

dt
= γsnf ([Snf1T ]H(σsnf ,−ωsnf_glc[Carbon] + ωsnf_sak[Sak])− [Snf1])

5. Crosstalk between pathways By examining the available time series data, we have
retained controversial interactions depending on the ability to qualitatively demon-
strate experimentally observed dynamics. PKA and Snf1 have been shown to mutually
inhibit each other; Snf1 has been shown to inhibit Cyr1 activity, e�ectively inhibiting
PKA activation, while PKA has been shown to inhibit Sak1 kinase activity, inhibiting
Snf1 activation [91, 92]. The relationship between Snf1 and TORC1 is less clear. While
glucose dependent TORC1/Sch9 phenotypes have been reported in multiple publica-
tions, the mechanism by which TORC1 activity is modulated by the presence of glucose
remains unclear [68]. Based on data from Hughes-Hallett et al., 2015 and Prouteau
et al., 2018, we assume a direct negative interaction with Snf1 and TORC1 [87, 88].
Finally, the relationship between Sch9 and PKA is confounded by the complex and
overlapping regulation of their many shared downstream targets [32]. Early studies on
the PKA pathway found an apparent negative interaction between Sch9 and PKA [73],
however, the exact relationship between the related kinases remains unclear. Zhang
et al. claim that Sch9 interacts with, and inhibits PKA at multiple levels [74, 75], while
an older report implicates the role of a heat shock protein Sse1 in the regulation of
PKA activity by Sch9 [33]. Here, we assume the Bcy1 mechanism proposed by Zhang
et al. 2011, and use a direct inhibition of PKA by Sch9.

3.5 Model Calibration

We curated from the literature experimental measurements relevant to the molecular species
and nutrient conditions in our model. Typical experiments investigating the nutrient signal-
ing system, characterize the cellular phenotype at the end of a long term nutrient starvation
or drug treatment experiment, typically on the timescales of hours to days. This type of
long term growth data is not useful for a model studying the transient, short term molecular
responses after an environmental perturbation. We collected two types of short term exper-
imental measurements in order to calibrate model behavior, (1) time series measurements,
and (2) nutrient shift-dependent relative steady state levels. The former are predominantly
available for the molecular regulators, while the latter are predominantly available for tran-
scription factors.
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Time series Table B.1 lists the types, sources, and reported values of time series data
obtained from the literature. The methodology used to obtain the values was as follows: a
plot of the time series data of interest was obtained from the �gure made available on the
publisher's website, or was extracted out of the article document. Next, the WebPlotDigitizer
tool was used to extract the time points from the �gure [118]. These were stored in the
form of tab separated �les. The data thus obtained has the units speci�c to the relevant
experiment performed, and is not directly usable in our model. Therefore, the data was
min-max normalized between 0 and 1, since most model variables take values between 0 and
1. The model �t to data are presented in Figure 3.1(a)-(j).

Perturbation Table B.2 list the types, sources and reported values of steady state
activities of molecular species reported in the literature. The method of curation was similar
to that of the time series data, except ImageJ was used to extract relative expression from
blots [119]. The model �t to the curated perturbation data are presented in Figure 3.1(l).

3.5.1 De�ning a goodness-of-�t cost function

In order to �t the time dynamics to available data from the literature, parameters were �rst
hand-tuned to obtain qualitative �ts to the expected time course behavior, and were then
�ne tuned using Levenberg-Marquardt Least Squares Optimization. The leastsq function
in the Scipy library was used for least squares �tting. We observed that the least squares
method does not scale well for a problem of this size, on the order of 125 parameters. For
this, a quadratic cost function was constructed to measure the goodness of �t to the time
series and the perturbation data

C(p) =
1

N

N∑
i

(yti(p)− xti)2 +
1

M

M∑
i

(ypi (p)− xpi )2

where N is the number of timpoints and M the number of perturbations. p is the candidate
parameter vector, y(p) is the model prediction and x is the literature-derived activity of the
variable under consideration. An custom MCMC sampling scheme was carried out starting
from the hand tuned parameter set, and the parameter set p∗ associated with the least cost
Cmin was chosen. This parameter set was used as the starting point for further analysis. In
order to better understand the structure of the parameter space, we then performed a global
model robustness analysis. The details of the method are presented in Section 4.1.
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3.5.2 Comparing simulation results with experimental time-course
data.

In Figure 3.1 (a)�(j), we compare the experimental data (open circles) to time-series simu-
lations (in red) of the model using the optimal parameter values.

Our model includes molecular species that are common readouts in experiments investigat-
ing nutrient signaling. cAMP is a standard readout for the activity of the PKA pathway.
cAMP shows rapid transient changes, on the time scale of minutes, upon relief from glucose
starvation. Model simulations successfully capture the cAMP dynamics in wt cells as well as
sch9∆ mutant cells (Figure 3.1(a), (b)). Sch9 phosphorylation is a widely accepted readout
for TORC1 activity and displays changes on the time scale of tens of minutes upon relief
from nitrogen starvation [113]. Model simulations successfully capture the transient as well
as steady state behavior of Sch9 phosphorylation in wt and in gtr1,2∆ strains (Figure 3.1
(c), (d), and (e)). Moreover, we are able to capture changes in Sch9 phosphorylation in
response to glucose starvation and readdition (Figure 3.1(f), (g)), as reported by Prouteau
et al. [88]. Snf1 kinase activity is typically measured indirectly, by examining the phosphory-
lation of the SAMS peptide, a Snf1 target sequence [120]. The model successfully captures
the activation of Snf1 during glucose downshift (Figure 3.1(h)) leading to the expression of
glucose-repressed genes. Apart from assays of biochemical activities, subcellular localiza-
tion measured by �uorescence microscopy provides indirect information about the activity
of transcription factors. Mig1 nuclear localization upon relief from glucose starvation was re-
cently reported by Welkenhuysen et al. [104] (Figure 3.1(i)). Model simulations successfully
capture this response, if we identify Mig1 transcriptional activity with the experimentally
observed translocation of Mig1 into the nucleus. Direct information about transcription fac-
tor activity can also be obtained by measuring mRNA levels of the transcription factor's
target genes. For example, RPL32 mRNA, encoding the large ribosomal subunit, is down-
regulated in response to rapamycin treatment, and our model captures this e�ect nicely
(Figure 3.1(j)).

3.5.3 Capturing phenotypes of wt and mutant strains in response
to nutrient shifts.

To investigate the roles of regulators in nutrient signaling, experimentalists typically char-
acterize the phenotype of a strain in response to perturbations (nutrient shifts or drug
treatments). In order to parameterize our model we collected data from direct biochemical
assays of molecular responses to perturbations (see Supplementary Table 3).

An example of the type of perturbation data used to calibrate our model is illustrated in
Figure 3.1(k), where model simulations are compared to data reported in Beck et al., 1999
[109], who studied the phosphorylation of Gln3 by TORC1 and Sit4. Using Western blots
of Gln3 pull-downs, Beck et al. found that Gln3 is phosphorylated (inactive) in untreated
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wt cells (black dashed line), while treatment with rapamycin led to Gln3 dephosphorylation.
In contrast, Gln3 remained phosphorylated (inactive) in a sit4∆ strain even after rapamycin
treatment (red dashed line). The �gure shows simulated time courses of active (dephospho-
rylated) Gln3 under these conditions, and the markers (empty circles and empty triangles)
indicate the (pre- and post-shift) steady-state values of active Gln3 used to compare against
the experimental measurements.

Figure 3.1(l) visualizes such comparisons for a representative sample of experimental per-
turbations. For example, the results in Figure 3.1(k) are summarized in the �rst line of
Figure 3.1(l). The second line shows the results of 3-amino-1,2,4-triazole (3AT) treatment
on Gcn4 activity in wt cells (black) and in a gcn2 deletion strain (red). 3AT inhibits histidine
synthesis, resulting in induction of Gcn4 and an amino acid starvation response. There is
no induction of Gcn4 expression in a gcn2∆ strain.

The second and third blocks of Figure 3.1(l) show the results of `nitrogen shifts' and `carbon
shifts'; either a downshift (nutrient starvation) or upshift (relief from starvation). The �rst
two rows in the `Nitrogen Shift' block (call them N1 and N2) repeat the results in panels
(c) and (e), which report the phosphorylation of Sch9 in wt and gtr1∆gtr2∆ strains in
response to relief from starvation (i.e., addition of glutamine to nitrogen-starved cells). Row
N1 compares the pre-shift steady state (at time 0) to the post-shift steady state (at time 30
min). Row N2 compares the pre-shift steady state to the transient state (at time 4 min). Row
N3 makes a similar comparison of wt cells to lst4∆lst7∆ cells. Row N4 compares expression
levels of RPL25 (a ribosomal protein), as measured by [73] in wt and sch9∆ strains, with
model simulations.

In the `Carbon Shift' block, the �rst four rows report the results of readdition of glucose to
carbon-starved cells, while the last row summarizes a glucose starvation experiment. Row
C1, left column, repeats the results in panel (a). The pde1∆ strain shows an increase in
cAMP levels compared to wt [54]1, while the ras1∆ras2∆bcy1∆ strain shows a diminished
amount of cAMP compared to wt [53]. Row C3 depicts trehalase (Nth1) levels after a glucose
up-shift; trehalase levels remain low in a tpk1∆tpk2∆ mutant [20]. Row C4 demonstrates
that a mutation in the nitrogen signaling pathway (sch9∆) has a signi�cant e�ect on the
carbon stress response factor Gis1 [73]. Finally, row C5 shows that Snf1 activity increases in
response to a carbon down-shift in wt cells, but this response is absent in sak1∆tos3∆elm1∆
cells [63].

1Ma et al., 1999 showed that the pde1∆pde2∆ double mutant shows a lower cAMP level than wildtype
[54]. Gonzales et al., 2013 showed that a competitive inhibition model between Pde1, Pde2 and Ira1/2
explains this phenotype. However, our model does not explain this behavior since we do not explicitly model
the two Pde homologs as being distinct.
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Figure 3.1: The model successfully explains experimental data. (a)-(j) Time series �ts to
literature-curated time-course data. The red lines represent simulated trajectories from the
best-�t parameter set, while the gray lines represent simulations from 100 parameter sets
with comparable sums of squared errors. The experimental measurements are shown as
open circles. (a) and (b): relief from glucose starvation. (c), (d) and (e): relief from nitrogen
starvation by glutamine addition. (f) and (h): glucose starvation. (g) and (i): relief from
glucose starvation. (j) Rapamycin treatment of well-nourished cells. (k) Comparing model
simulations with data from a shift experiment [109] measuring Gln3 phosphorylation in
response to rapamycin treatment in well-nourished wt and sit4∆ strains. In the wt simulation
(black dashed line), we calculate the steady state value of Gln3 in rich medium in the absence
of rapamycin (black circle). Next, rapamycin is introduced (at the gray arrow), and the new,
postshift steady state is recorded (black triangle). The same simulation was repeated for
sit4∆ cells to yield preshift (red circle) and postshift (red triangle) steady states. (next page)
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Figure 3.1: (continued) (l) Visualization of perturbation analyses. The perturbations are
drug treatments or nutrient shifts carried out in wt cells (left column, black arrows) and
mutant strains (right column, red arrows). The labels on the left indicate the molecular
species being assayed, and the labels on the far right indicate the gene(s) deleted in the
mutant strains. Experimental results are represented by solid arrows, and model simulations
by dashed arrows. For each molecular species under consideration, the arrow's tail and head
indicate (respectively) the pre- and post-perturbation steady-state values, as measured on
the relative scale (0 to 1) at the bottom of the column. As an example, the rapamycin
treatment in panel (k) is reproduced in the �rst line of panel (l). Note that the y-axis in
panel (k) is now the x-axis in panel (l).



Chapter 4

Model Robustness analyis

Jalihal, A.P., Kraikivski, P., Murali, T.M., Tyson, J.J., 2020. Modeling and analysis of
macronutrient signaling in budding yeast. Under review. Also available on bioRxiv (https:
//doi.org/10.1101/2020.02.15.950881)

In the previous chapter, quantitative data obtained from the literature was used to estimate
the numerical values of the parameters in the model. Since the available data is sparse and
the number of parameters is large, we expect that many parameter values will be poorly
constrained by the data. Since any particular set of parameter estimates will be unreliable
in this situation, we would like to obtain a representative ensemble of sets of parameter
values that all give acceptable �ts to the data. One approach to obtaining such an ensemble
would be to randomly sample parameter values, evaluate the model for goodness-of-�t, and
accept those parameter sets that meet some standard of acceptable �t. However, sampling
parameter values in a completely random fashion is not an e�cient way to �nd alternate
parameter sets because small random perturbations will not e�ectively explore the param-
eter space, whereas large random perturbations are not likely to �nd an acceptable set of
parameter values. Instead, we use the fact that the region of acceptable parameter values in
a high-dimensional parameter space is characterized by `sti�' and `sloppy' directions [121],
and a random parameter search has to respect these directions. In order to carry out this
search we used a method of `model robustness analysis' described by Tavassoly et al. [122].

In this chapter we wish to investigate the dependence of our proposed model on the model
parameterization. After going over the mathematical preliminaries, we present the results
of a systematic investigation of the goodness-of-�t cost surface. We outline an approach to
constructing an approximation of the curvature of the cost surface. We use this approxima-
tion (the Hessian matrix) to generate alternate sets of parameter values with comparable �t
to the data. We �nally explore the properties of the constructed Hessians, as well as the the
ensemble of parameter sets.

4.1 Robustness analysis

This section describes the details of the parameter robustness analysis to investigate the
dependence of model dynamics on model parameterization. The motivation for this analysis
is the concept of model sloppiness developed by Gutenkunst et al., 2007 [121] who inves-
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tigated the characteristics of a cost function quantifying the deviation of model predictions
from a set of experimental data. The value of the cost function depends on the values of the
parameters in the model. In their investigations Gutenkunst et al. found that the cost as a
function of model parameters typically exhibits a `sti�/sloppy' structure, i.e., while one can
identify a few parameter combinations that tightly constrain the cost function, a majority
of parameter combinations do not signi�cantly constrain the cost function. Here, we are
interested in the so-called sti� parameter directions, which are highly constrained by data.
We carry out this investigation in the following stages:

1. We de�ne a cost function that measures the �t between the experimental data and
model predictions, described in Section 4.1.1.

2. We use the cost function to improve the global �t of the model to the data using an
MCMC sampling strategy described in Section 4.1.2.

3. We approximate the structure of this cost function in parameter space by computing the
Hessian of this surface around the optimal parameter set using the method described
in [122]. Details of this method are provided in Section 4.1.3.

4. We generate a sample of parameter sets constrained by the eigenvectors of the Hessian
matrix, and iteratively re�ne the Hessian, as described in Sections 4.1.4 and 4.1.5.

5. Finally, we study the properties of this re�ned Hessian to identify the sti� and sloppy
parameter directions in our model, given the set of curated experimental data used to
constrain the model. This is described in Sections 4.1.6 to 4.1.9.

4.1.1 The goodness-of-�t cost function

This quadratic cost function C(p), which includes both the time series data and the steady-
state perturbation data as described in `Results', is de�ned as follows:

C(p) =
1

N

N∑
i

(yti(p)− xti)2 +
1

M

M∑
i

(yui (p)− xui )2, (4.1)

where N is the number of time points (t) and M the number of perturbations (u), p is
the candidate parameter vector, y(p) is the model prediction and x is the literature-derived
activity of the variable under consideration. While the number of time points exceed the
number of perturbation data points, we do not preferentially weight one type of data over
the other.
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Figure 4.1: Results of MCMC sampling. The black line shows the total model cost. The
contributions from the time course term and from the perturbation term are shown in pink
and blue, respectively. The lowest cost, designated by the green circle at iteration 2900,
de�nes the `optimal' parameter set.

4.1.2 MCMC sampling to improve estimate of parameter values

Having de�ned the quadratic cost function, we used a Markov Chain Monte Carlo (MCMC)
sampling strategy to improve the �t to the data. Brie�y, in every MCMC iteration, the last
accepted parameter set is perturbed as follows: for each parameter with value p in the last
accepted set, a new value p′ is sampled from a normal distribution N (µ = p, σ = 0.025p).
The cost function is evaluated for this new parameter set and this set is accepted with
probability e−β∆C , where ∆C = C(p′) − C(p). We chose β = 3.6 based on the magnitude
of the change in cost that we observed in each iteration. Starting from the hand-tuned
parameter set, we repeat MCMC sampling 10,000 times. The change in cost across the
iterations is shown in Figure 4.1.

4.1.3 De�ning a Hessian approximation based on a sample of pa-
rameter sets

The proofs presented in this section are due to Dr. William Baumann. These results are
the basis for the analysis published in Tavassoly et al., 2015, and are presented here for
completeness.

In this section, we derive the expressions used to compute the Hessian.
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Let p∗ denote the parameter set that minimizes C(p), i.e., C(p∗) = Cmin, then

∇C(p)|p∗ = 0.

Thus, for every p in the neighborhood of p∗, we can carry out a Taylor series expansion
around p∗. Omitting the higher order terms:

C(p) ≈ C(p∗) + (p− p∗)TH(p− p∗) = C(p∗) + ∆pTH∆p, (4.2)
where 2H = ∇2C is the Hessian of the cost function.

Next, we de�ne some notation as introduced in Magnus and Neudecker [123]. For an m× n
matrix A, the vectorization operation vec(A) results in a mn× 1 column vector that stacks
the columns of A. If A is an n × n symmetric matrix, then the operation vech(A) stacks
the lower triangular columns, yielding an n(n+1)

2
× 1 column vector. There exists a unique

matrix D, called the duplicator matrix, with dimensions n× n(n+1)
2

, and a unique matrix L
called the eliminator matrix with dimensions n(n+1)

2
× n2, such that

vec(A) = D vech(A)

vech(A) = L vec(A)

The Kronecker product (denoted by ⊗) of an m × n matrix A and an s × t matrix B is an
mn× st matrix

A⊗B = (aij)B,
where aij is the ijth entry of A. For any three matrices A, B and C the following holds true

vec(ABC) = (CT ⊗ A)vec(B)

Suppose we choose S parameter sets pi, 1 ≤ i ≤ S in the neighborhood of p∗. We can
construct a quadratic error function EH which will be minimized when H approximates the
true Hessian of the function.

EH =
1

2

S∑
i=1

(
C(pi)− C(p∗)− (pi − p∗)TH(pi − p∗)

)2

Using ∆Ci = C(pi)− C(p∗) and ∆pi = (pi − p∗), we have

∂EH
∂H

= 0 =
S∑
i

(∆Ci −∆pTi H∆pi)∆pi∆pTi (4.3)

We wish to solve for H given a set of parameter vectors p. For a model with k parameters,
we will have to solve for k2 terms in H. However, we can decrease the size of this problem
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by considering the fact that the Hessian should be a symmetric matrix. Thus, we need to
solve only for the terms in the lower triangle.

Simplifying Equation (4.3), we have

S∑
i

∆Ci∆pi∆pTi =
S∑
i

∆pTi H∆pi∆pi∆pTi

S∑
i

∆Civech(∆pi∆pTi ) =
S∑
i

(∆pTi H∆pi)vech(∆pi∆pTi )

=
S∑
i

(∆pTi ⊗∆pi)vec(H)vech(∆pi∆pTi )

=
S∑
i

vec(∆pi∆pTi )Tvec(H)vech(∆pi∆pTi )

=
S∑
i

vech(∆pi∆pTi )DTDvech(H)vech(∆pi∆pTi )

=
S∑
i

vech(∆pi∆pTi )vech(∆pi∆pTi )TDTDvech(H)

=
S∑
i

QDTDvech(H) where Q = vech(∆pi∆pTi )vech(∆pi∆pTi )T

If we de�ne R =
∑

i ∆Civech(∆pi∆pTi ), we have that
R = QDTDvech(H)

In other words,
vech(H) = (QDTD)−1R

and
vec(H) = D(QDTD)−1R (4.4)

Here, R is symmetric and D is the appropriate duplicator matrix.

4.1.4 Sampling new parameter sets constrained by the approximate
Hessian

Using the approximate Hessian matrix computed as described in Equation (4.4), we next
wish to use the eigenvectors of this matrix to constrain the search for new parameter vectors.
Intuitively we wish to avoid the eigenvector directions corresponding to `large' eigenvalues
which are the sti� directions. We know that the dimensions of the cost ellipsoids are propor-
tional to 1

λ1/2
where λ is an eigenvalue of the Hessian. Thus we can weight the eigenvectors
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by a factor of 1
λ1/2

, which favors the sloppiest eigenvector directions. In practice we want a
candidate parameter vector to respect all the sti� and sloppy directions. We �rst generate
a random vector α, which we then transform to respect the sti� and sloppy directions. We
describe the transformation matrix below.

We start by translating the frame of reference our system to p∗ so that we can generate
vectors ∆p = p − p∗ which produce a relative increase in model cost ∆C = C − Cmin.
Rewriting Equation (4.2),

∆C(p) ≈ ∆pTH∆p
To avoid an ill-conditioned Hessian, where the eigenvalues span many orders of magnitude,
we choose ∆lTpH∆lp = ∆C where ∆lp = log(p) − log(p∗), with the logarithm of a vector
being taken element-wise.

To sample from this new ellipsoid, we �rst create a random vector α which will lie inside
the cost ellipsoid. we sample a vector α̃ of random numbers drawn from N (0, 1). Next, we
compute α

α =
α̃√
α̃T α̃

u
√
ε,

where u is a scalar drawn from the uniform distribution on [0,1] and ε = 2Cmin = 2× 0.026
is the maximum value of ∆C we wish to consider. The factor

√
ε scales the magnitude of the

unit vector α̃√
α̃T α̃

to the edge of the ellipsoid. The �nal factor u ensures that the vector lies
inside the ellipsoid, as we want to sample the volume, not just the surface of the ellipsoid.

The �nal step needed to generate a candidate parameter vector is to transform it to respect
the sti� and sloppy directions. Using an eigenvalue decomposition, we write H = V ΛV T

(where V is the eigenvalue matrix and Λ is the eigenvector matrix). (Note that we compute
the absolute values of the eigenvalues and replace every eigenvalue that is less than 0.1 by
0.1. This step ensures that H is positive de�nite, but limits the length of the longest ellipsoid
axes.) Our constrained parameter vector should take the form ∆lp = V Λ−1/2α. This will
satisfy the cost constraint as follows

∆lTpH∆lp = αTΛ−1/2V TV ΛV TV Λ−1/2α = αTα ≤ ε

Reordering terms, we have

p = elogp∗+V Λ1/2α = p∗ .∗︸︷︷︸
elem-wise multiplication

elem-wise exponentiation︷ ︸︸ ︷
eV Λ−1/2α (4.5)

4.1.5 Iterative re�nement of the approximate Hessian

The following steps describe our methodology to initialize a approximation to the Hessian
and then re�ne this approximation iteratively.

1. To compute an initial approximation of the Hessian, we used Latin Hypercube Sam-
pling around 2.5%ranges around p∗ in order to sample parameter vectors close to p∗.
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We evaluated the cost for each parameter set. For each range explored, we recorded
the parameter sets with cost less than 2Cmin.

2. Next, using Equation (4.4), an approximate Hessian was constructed using the accepted
parameter sets from the Latin Hypercube sample. This step was designated as iteration
0.

3. Using the approximate Hessian generated in the previous step, 30,000 parameter sets
were generated using Equation (4.5). The goodness-of-�t cost was evaluated for each
parameter set and any parameter set satisfying a cost cuto� of 3Cmin was accepted.

4. Using these accepted parameter sets, the approximate Hessian was recomputed, a
new ensemble of 30,000 parameter sets was generated, and the cost evaluation and
parameter set acceptance procedure was repeated, while continually expanding the
ensemble of accepted parameter sets.

5. The previous step was repeated four times.

The above scheme was repeated on two di�erent lists of parameters. In our parameter
search we �x the values of the total amounts of protein, the PT parameters to 1.0 since we
currently do not have accurate abundances of the regulators in the model, accounting for 21
parameters. We also set the sigma parameters in each Class II equation to their nominal
values presented in Table A.1, accounting for another 21 parameters. Lastly, 5 parameters
serve as model inputs, namely ATP, Carbon, Glutamineext, Ammonia, and Proline. Thus we
�x the values of 49 of the 128 kinetic parameters. The remaining parameters that were varied
in this analysis constitute the Full set, consisting of 81 parameters. At the end of the four
iterations, we obtained a total of 24,066 parameter sets in the Full set.By virtue of using
the soft-Heaviside functions to represent the regulatory interactions, the switch between
activation and inactivation of a target depends on the ratio of parameters governing the
strengths of inputs from the regulators. We wanted to investigate the e�ect of �xing one ω
parameter per soft-Heaviside expression, essentially exploring the range of acceptable ratios
of parameters. This resulted in a second, truncated list with 56 parameters, constituting the
Partial set. At the end of the 4 iterations, the size of the ensemble for the Partial set was
37,116.

4.1.6 Fewer than 16% of the eigenvectors are required to capture
all the sti� directions

We studied the eigenvector of the re�ned-approximate Hessian H in order to identify the
parameters that contribute to the sti� directions. We deemed a parameter as making a
substantial contribution to an eigenvector if the absolute value of its `loading' ( i.e., its
weight in the eigenvector) was greater than one standard deviation of all the loadings across
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all eigenvectors. Figure 4.2(a) shows the number of unique parameters with substantial
contributions to the ordered eigenvectors of H. Considering the matrix for the Full (Partial)
run, we obtain 81 (56) eigenvectors. We observe that we require 13 (18) eigenvectors to
capture 90% of the parameters, and 21 (25) eigenvectors to capture all parameters with
signi�cant weights in at least one eigenvector. Thus, all parameters contribute signi�cantly
in the �rst 16% (42 %) of the sti� directions.

Finally,x we observe an initial slump in the number of unique parameters, implying that in
the Full run, only 28 parameters contribute substantially to the �rst seven sti� directions, i.e.,
around 34% of the parameters contribute to the sti�est directions, as shown in Figure 4.2(a).
Interestingly, these parameters were very similar to the Partial run, as indicated by the fact
that the intersection is close to the circles in Figure 4.2 (a).

(a) Eigenvectors of H sorted in decreasing

order of their corresponding eigenvalue

(b) PCs sorted in increasing order of their

explained variance ratio

Figure 4.2: Comparison between the parameters with high weights in eigenvectors. On the
x-axis are the sorted eigenvectors, such that the eigenvector corresponding to the largest
eigenvalue gets a rank of 1. Each plot shows the number of unique parameters with sub-
stantial coe�cients in the each eigenvector. The plots show the results for the two runs of
our iterative scheme on the Full (81) and the Partial (56) list of parameters as described in
the text, with the horizontal black lines marking the number of parameters in each list. The
gray lines mark the number of eigenvectors required to capture 90% of the parameters. The
black horizontal line marks the total number of parameters varied in our analysis, namely
81 and 56 in the Full and Partial run respectively. The vertical lines mark the size of the
intersection between the sets of parameters between the two runs for each eigenvector. The
plot on the left is derived from the eigenvectors from the approximate Hessian, whereas the
plot on the right represents the results from the principal components resulting from carrying
out PCA on the collection of parameter sets, i.e., the eigenvectors of the covariance matrix
sorted by the inverse of their eigenvalues.
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(a) Partial set (56 parameters) (b) Full set (81 parameters)

Figure 4.3: We compared the eigenvectors of the approximate Hessian with the principal
components of the ensemble of parameter sets. The eigenvectors were sorted in descending
order of their corresponding eigenvalue. The PCs were sorted in ascending order of their
corresponding explained variance ratio (which is proportional to their eigenvalue). The heat-
map shows the dot product of the eigenvectors and the PCs, with a brighter color implying
a higher value.

4.1.7 Comparison between the eigenvectors of the Hessian and the
inverse covariance matrix

We also compared the quality of the approximate Hessian derived from our iterative scheme,
with the inverse of the covariance matrix (Σ−1) of the ensemble of parameter sets [124]. Since
the eigenvectors of the Σ−1 matrix are identical to those of Σ, we obtained the principal
components (PCs) of the ensemble of parameter sets (i.e. the eigenvectors of the covariance
matrix). We then sorted the PCs in increasing order of the explained variance such that the
PC with the smallest explained variance (proportional to its eigenvalue) received a rank of 1.
Figure 4.2 (b) shows the parameters with substantial weights in these sorted eigenvectors. We
note that the trends displayed by the PCs are qualitatively similar to those of the eigenvectors
of the approximate Hessian in Figure 4.2 (b). We next examined if the eigenvectors and PCs
were actually identical by studying their pairwise dot products. Figure 4.3 presents a heat-
map of the pairwise dot products. A brighter color indicates a number closer to 1, indicating
greater similarity. There is a very good correspondence between the �rst 8-10 eigenvectors
and PCs, indicating that our iterative scheme is able to con�dently estimate the sti�est
directions in parameter space.
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4.1.8 The relative ranges explored agree with the amount of data
used to constrain the corresponding variable

Motivated by the success of our iterative Hessian-directed search in identifying the sti� di-
rections of the cost function, we next examined the relationship between the sti� parameters
and the data constraining the model. We �rst studied the relative ranges of parameter val-
ues explored for each parameter. These are visualized as ratios of parameter values with
respect to p∗ on a log10 scale in Figure 4.4. The parameters are sorted according to the
relative ranges explored. The ensemble of parameter sets was further analyzed. The param-
eter ranges vary from< 1 to 2 orders of magnitude. Figure 4.4 summarizes these parameter
ranges. One feature that stands out from this sorting is that the gamma parameters which
govern the time scales are mostly found in the top half of the plot, with broad ranges. This
is likely a consequence of the lack of time series data used to constrain most of the variables
in the model. Examining the parameters with narrower ranges, at the bottom of the plot,
we notice that while many parameters do occur in the equations of variables that are con-
strained by data, this is not the case for other parameters. Examples include ωcyr (regulates
basal dynamics Cyr1), ωtorc_ego (regulates the stimulation of TORC1 by Gtr1/2) and ωgis
(regulates basal dynamics of Gis1) ( Figure 4.4) While the ranges in the �gure indicate that
the model is very sloppy in general, the occurrence of these `unconstrained' parameters at the
bottom of the �gure was surprising. In order to investigate the in�uence these parameters
had on the model, we decided to carry out a detailed parameter perturbation analysis.

4.1.9 Model structure exerts an important in�uence on the sti�/s-
loppy classi�cation of parameters

In order to study the relationships among parameters, the model structure and the model
constraints, we �rst ranked the parameters in the model by their contribution to the sti�
directions. For this, an arbitrary cuto� of one standard deviation of the distribution of
weights for parameters across all eigenvectors was chosen. Then, the parameters with abso-
lute weights greater than the chosen cuto� were designated to contribute substantially to a
given eigenvector. Finally, a cumulative list of parameters was constructed, where the rank
of a given parameter is the eigenvector number in which it �rst appears with signi�cant
weight.

From the comparison of the eigenvectors of the covariance matrix and the approximate
Hessian, it can be observed that there is a good correspondence between the �rst 8 or 9
eigenvectors (Figure 4.3). These were designated the high con�dence directions, and the
parameters occurring in these directions are marked in bold in Table C.1 respectively. A
striking �nding from this table is that among the top-ranked parameters, many are not
constrained by data, i.e., they do not appear in equations whose dynamics are constrained
by data.
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(a) Partial set (56 parameters) (b) Full set (81 parameters)

Figure 4.4: Ranges of parameters explored over all parameter sets at the end of four itera-
tions. The smallest and largest value of each parameter over the ensemble were chosen, and
the log10 value of the ratio with respect to the p* value was used to de�ne the range.

While the ranks of parameters in Table C.1 indicate a complex relationship between model
constraints and model structure in�uencing the structure of the cost surface, we were inter-
ested in the distribution of parameters that do appear in equations constrained by data. To
investigate this distribution, starting from p∗ we picked each parameter one at a time and
perturbed its value in a ±2.5%, ±10%, and ±10-fold range and obtained the �tting cost in
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each instance. We also measured the model cost when the parameter was set to 0. Figure 4.5
shows the results of this analysis. The color of the heat-map is the log 10 fold increase in
cost over Cmin. The cost values are truncated to a 10-fold increase so that smaller costs are
visible. We observe that while a perturbation of up to ±10% has little e�ect on model cost,
a 10-fold change produces a dramatic increase in model cost for the parameters on top of
the ranked list, while those at the bottom of the list show a decreased e�ect, in agreement
with the ranking of sti�ness. The arrows in Figure 4.5 indicate the parameters which occur
in equations constrained by data. We observe that these parameters do not exhibit any type
of clustering, and are distributed across the entire list.

These observations indicate that, despite a small amount of data available to constrain the
model, the model structure (in particular the pathway crosstalk and feedback interactions)
might play an important role in indirectly constraining other parts of the model that are not
directly constrained by data.

4.2 Perspective

Examining the ranked parameters in Tables C.2 and C.1, we notice that there is no relation-
ship between presence of experimental data constraining the dynamics of an equation, and
the ranks of parameters appearing therein. In fact, in Table C.2, the �rst 6 sti�est parame-
ters appear in an equation (TORC1) that is unconstrained by data. This suggests that the
relationship between model constraints and parameter sloppiness is nonlinear. In the origi-
nal investigation into parameter sloppiness by Gutenkunst et al., synthetic continuous time
course data is generated to constrain all model variables, and the conclusions about universal
parameter sloppiness are drawn from this analysis. In our work, with a sparsely constrained
cost function, it is unclear if we are identifying the `true' sloppy directions. Consequently the
the reason for a parameter to be designated as sloppy can arise from both structural reasons
as well as the lack of model constraints. Moreover, the approach of sloppy model investigation
is fundamentally based on the assumption that the model topology is a good representation
of the `true' system topology. The relationship between model constraints, model topology,
and parameter sloppiness remains unclear and warrants a systematic investigation.
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Figure 4.5: Parameter robustness is governed by model topology and experimental data. The
plot shows a heat map of relative increase in model cost when parameters are perturbed one
at a time. The parameters along the y-axis are ordered by their rank, i.e., their contribution
to the sti� directions. The arrows indicate the parameters that occur in equations constrained
by data.
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Model predictions

Jalihal, A.P., Kraikivski, P., Murali, T.M., Tyson, J.J., 2020. Modeling and analysis of
macronutrient signaling in budding yeast. Under review. Also available on bioRxiv (https:
//doi.org/10.1101/2020.02.15.950881)

In the previous chapter, we described the approach we employed to use the quantitative
literature curated data to create a collection of alternate parameter sets. In this chapter,
we will describe our investigations of using the calibrated nutrient signaling model to make
novel, experimentally testable predictions.

5.1 Testing the model against observed phenotypes of

mutant strains

In this section, we test the behavior of the parameterized model against qualitative ex-
perimental observations of the responses of wt and mutant strains to environmental per-
turbations. These `test case' data were not used in the previous section to constrain the
parameters.

From the literature we collected a list of 40 experiments (provided in Supplementary Table 4,
Appendix D) describing the qualitative phenotypes of mutant strains, typically colony growth
phenotypes. We selected strains whose cellular states under nutrient shifts can be adequately
characterized in terms of the transcription factors (TFs) in our model. To compare these
experiments with our model predictions, we used the following strategy. For each colony
growth experiment, we interpreted the observed phenotype in terms of the state (ON or
OFF) of the nutrient responsive TFs in our model. Next we simulated each nutrient-shift or
drug-treatment protocol for the speci�c mutant strain. We recorded the predicted steady-
state values of the six TFs in our model, and converted these values into binary form (0 or
1) using thresholds corresponding to the half-maximal values in the wt simulation; thereby
obtaining a Boolean vector of predicted TF states. Finally, we compared the predicted states
of the relevant TFs to those interpreted from the experiment.

An important assay in the investigation of the nutrient signaling response is rapamycin
treatment, constituting 22 of the 40 experiments in our collection. In wt cells, rapamycin
treatment inhibits TORC1 activity, consequently activating nitrogen stress responses via TFs
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Figure 5.1: Dependence of model cost on explanatory capacity, across the entire collection of
18,000 alternative sets of parameter values. Model predictions of the 40 qualitative phenotype
experiments were repeated for the collection of acceptable parameter sets. Each boxplot
shows the distribution of cost-of-�t (to the quantitative measurements) for a given level of
explanatory capacity (i.e. the number of qualitative phenotypes explained). Each point
represents a parameter set. The cost, on the y-axis, is reported as a multiple of Cmin, the
best observed cost across all parameter sets. The boxplot shows the median cost, and the
whiskers extend to 1.5 times the interquartile range (IQR), or the last data point less than
1.5xIQR. Note that only parameter sets with a cost less than or equal to twice the Cmin are
reported.

like Gln3, Gcn4, and Rtg1/3 (via the Tap42-Sit4 branch), inhibiting ribosome biogenesis via
transcriptional repressors like Dot6/Tod6 (via the Sch9 branch), and indirectly causing a cell
cycle arrest in the G1 phase. It appears that decoupling either one of these branches from
TORC1 is su�cient to confer rapamycin resistance (cf. rapamycin treatment of gln3∆gcn4∆
double mutant [125], and the Sch9DE and tap41-11 TORC1 insensitive strains [126]). Taking
these observations into account, we attempted to carry out in silico experiments to explain
our collection of experiments by examining di�erent potential e�ects of rapamycin treatment,
including upregulation of nitrogen adaptation responses and downregulation of ribosome
biogenesis. Using either of these de�nitions, the model could explain only about half of the
rapamycin experiments that we have collected. We present this investigation in Section 5.6.
Below, we focus on experiments not involving rapamycin treatment.

In order to characterize our con�dence in model predictions, we recorded statistics on the
number of times an experiment is predicted correctly across the representative collection of
parameter sets (Table 5.1). Across all parameter sets, the model is able to correctly simulate
up to 17 of 18 experiments. Five of these 18 experiments are explained by all of the parameter
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Exp ID Con�dence Exp ID Con�dence
26-gcn2 snf1 100.0 2-rho0 96.12
12-gln3 gat1 100.0 29-rph1 gis1 94.68
24-gcn2 100.0 3-rtg1 80.64

41-sch9 gis1 100.0 23-wt 76.6
31-mig1 snf1 pde2 100.0 1-rho0 72.39
33-mig1 snf1 pde2 99.99 11-gln3 67.31
32-mig1 snf1 pde2 99.94 40-sch9 8.23

30-rph1 gis1 96.89 5-snf1 9.28
13-wt 96.12 4-rtg1 0.94

Table 5.1: Con�dence in qualitative predictions expressed as the percentage of parameter
sets that make the correct prediction. The experiments are ordered in decreasing order of
prediction con�dence. The in silico experiments corresponding to the experiment IDs are
presented in Chapter D.

sets, and three of 18 are predicted by fewer than half of the parameter sets. The following
sections discuss some of the experimental observations that our model succeeds in explaining
and some that our model fails to explain. The predictions described here are made using
the optimal parameter set. Details of simulations are provided in Chapter D.

5.2 Nitrogen adaptation responses.

An important function of the tricarboxylic acid cycle (TCA cycle) in central carbon metabolism
is diverting the carbon backbone to amino acid biosynthesis pathways via α-ketoglutarate.
Since the genes coding for the TCA cycle enzymes are present in the mitochondrial genome,
mitochondrial dysfunction can severely a�ect respiration, resulting in the so-called ρ0 petite
strains. Conceivably, these strains have a diminished capacity to divert carbon �ux into
amino acid biosynthesis. In yeast, the Rtg1/3 transcription factors control the expression
of the CIT2 gene, a TCA cycle enzyme encoded by the nuclear genome, which allows the
diversion of carbon �ux to amino acid biosynthesis pathways, under nuclear control (the so
called retrograde pathway). Liu et al. studied wt (ρ+) and ρ0 strains to characterize the
activity of the Rtg1/3 transcription factors by systematically varying the carbon and nitro-
gen content in the growth medium [127]. While the ρ0 strains can grow on media containing
glucose only, ra�nose only, and glucose supplemented with glutamate, the rtg strains in a
ρ0 background only show growth on glucose + glutamate medium.

We simulated wt and rtg strains in such ρ0 petite strains. We assume that ρ0 strains
have a lower level of glutamine pool replenishment than ρ+ strains. The rtg1∆, rtg3∆
and rtg1∆rtg3∆ strains in ρ0 backgrounds do not grow on media lacking glutamate, while
supplementing the medium with glutamate results in wt growth [128]. Model predictions
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recapitulate the observations made by Liu et al. in media with and without glutamate
(Sections D.1 to D.3).

5.3 The Snf1 pathway.

While investigating the regulation of Gis1, Balciunas et al. studied the mig1∆snf1∆pde2∆
triple-mutant strain in various carbon sources and found that this strain is viable when grown
on glucose and is inviable when grown on ra�nose [129]. In order for this strain to grow
on ra�nose, Gis1 will have to be expressed. Our model predicts that Gis1 will be inactive
during growth on both glucose and ra�nose in this strain, indicating that the strain will
show no growth on ra�nose (Sections D.31 and D.32).

5.4 Model mismatches

The majority of parameter sets (> 50%) in our model succeed in explaining 15 of the 18
`test-case' experiments (Table 5.1). We discuss the reasons for the three model mismatches
below.

Gasmi et al. [130] reported that a snf1∆ strain cultured on minimal medium supplemented
with ethanol grows slowly. In our model the glucose repression factor Mig1 will remain
active in a snf1∆ strain, inhibiting any carbon adaptation responses, indicating no growth
(Section D.5). Liu et al. [127] showed that an rtg1∆ single deletion strain does not grow on
medium containing a low amount of glutamate (0.02%). Our model predicts that this strain
will still mount an Rtg1/3 response (Section D.4). This might indicate a problem with the
representation of nitrogen su�ciency in the model. Roosen et al. [32] showed that an sch9∆
strain grows when cultured on medium containing glycerol as a carbon source. In order to
grow on glycerol, the Gis1 transcription factor must be activated via inhibition of PKA.
Since our model assumes an inhibition of PKA via Sch9, an sch9∆ strain, with hyperactive
PKA, will result in repression of Gis1 (Section D.40).

5.5 Predictions of global cellular responses to nutrient

states

Motivated by our model's success in predicting the qualitative phenotypes of 15 out of
18 mutant yeast strains, we used it to predict global cellular responses to nutrient condi-
tions in a variety of mutant strains. We chose a list 16 mutant strains a�ecting all three
nutrient signaling pathways: thirteen of these strains are gene deletion mutants including
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Figure 5.2: Global cellular responses to nutrient conditions. (a) Illustration of cellular states
in response to various nutrient environments. The nutrient input is shown in the circles: L,
H indicate low and high, respectively; C, G, N, P represent carbon, glutamine, ammonia
and proline, respectively. The cellular state, de�ned by the set of transcription factor (TF)
readouts, is shown by the upward pointing green (on) and downward pointing red arrows
(o�). The order of TFs is: Gis1, Mig1, Dot6, Rtg1/3, Gcn4, Gln3. Each nutrient input is
connected to a cellular state by an edge. The �gure shows a comparison between the predicted
states for two strains, wt (black edges) and sch9∆ (red edges), using the optimal parameter
set. Qualitative descriptions of the cellular states in the wt simulations are provided on
the far left. (b) Representation of the consensus prediction of cellular state across 18,000
alternative parameter sets. The example shows the prediction for wt cells under HCHG
condition. The height of a red/green bar represents the fraction of parameter sets that
predicted the corresponding state to be o� and on, respectively. We consider the prediction
to be robust if greater than 90% of parameter sets are in agreement, shown using light green
or red. As shown, most parameter sets are in agreement regarding the states of the readouts
for wt cells under high carbon, high glutamine. (c) The robustness of global state predictions
across 17 strains and 8 nutrient conditions. Fragile predictions are indicated in bright green
and red. Additionally, direct measurements of TF activities obtained from the literature
are indicated using �lled and empty circles below the corresponding readouts; a �lled circle
indicates that model prediction agrees with experimental data while empty circles represent
a model mismatch. Green and red circles indicate that the readout is on or o�, respectively.
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lst4∆lst7∆, sch9∆, gcn2∆, snf1∆, tpk1∆tpk2∆tpk3∆, cyr1∆, pde1∆pde2∆, sak1∆, tor1∆,
ras2∆, gtr1∆gtr2∆, bcy1∆, ira1∆ira2∆. and three are protein-sequence mutants: GCN2-
S577A has lost the phosphorylation site for TORC1, and the two hypothetical strains GLN3-
∆ST and GLN3-∆TT lack the phosphorylation sites for Snf1 and TORC1, respectively (see
Figure 5.2).

We characterized each strain's response to eight nutrient conditions (qualitatively low and
high inputs for `Carbon', `Glutamine', `Ammonia', and `Proline'). In Figure 5.2, these qual-
itative states are denoted using `H' and `L' respectively for high and low, and the nutrient
input is denoted using `C', `G', `N', and `P' for Carbon, Glutamine, Ammonia and Pro-
line, respectively. (Note that `LN' represents nitrogen starvation.) For each simulation, we
recorded the steady state values of the six transcription factors (TFs) in our model and
thresholded the TF activities using their half-maximal values in the wt simulations. We thus
obtained a Boolean vector describing the phenotypic state of a cell under di�erent nutrient
conditions, with each TF taking a value 0 (o�) or 1 (on). The predicted states for the
17 strains (including wt) over all nutrient conditions (as predicted by the model using the
optimal parameter set) are provided in Supplementary Table S5.

Figure 5.2(a) provides an example of the predicted cellular states for wt and sch9∆ cells for
each of the eight nutrient conditions. We observed that, for each nutrient input, the state of
the wt strain was di�erent from that of the sch9∆ strain. Repeating these simulations across
the 17 strains and the 8 nutrient conditions yielded a total of 136 predicted cellular states. In
order to gain con�dence regarding model predictions, we repeated these in silico experiments
for each of the 18,000 alternative parameter sets. Using two parameter sets, if the predicted
activity of a particular TF in a given experiment is identical, the two sets are considered
to agree on the prediction. We de�ne fragile predictions to be the experiments where fewer
than 90% of the parameter sets were in agreement about the outcome of a simulation. The
results of this analysis are summarized in panel (c) of Figure 5.2, where the consensus of the
predictions across all tested parameter sets is indicated by the brightness of the bars. We
observed that, in the HCHG simulations, the predictions exhibited consensus across most
strains for all TFs. Note that in Figure 5.2(c) there is signi�cant disagreement between the
predictions made by the parameter sets regarding the state of Dot6, the repressor of RIBI,
in the case of high carbon (HC) irrespective of the nitrogen su�ciency. This is likely due
to the lack of experimental data constraining Dot6 dynamics. Furthermore, we observe that
the HP and LN columns are identical for both HC and LC, implying that the model fails to
distinguish between the high proline and nitrogen starvation conditions, whereas proline, a
poor source of nutrients would still be expected to serve as a substrate in order to maintain
intracellular amino acid reserves. We believe that this failure is a consequence of the fact
that our model does not include the e�ects of metabolic feedback on nutrient signaling, thus
rendering the two poor-nitrogen conditions indistinguishable.

Finally we observe that the alternative parameter sets disagree about the state of Gis1
across most strains during nitrogen stress under carbon starvation (LCHN, LCHP and LCLN
columns in Figure 5.2(c)). Gis1 is jointly regulated by Sch9 and PKA. However, the data
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used to calibrate the model come from experiments related to the PKA pathway only [73].
In order to re�ne our predictions for Gis1, the model will need to be recalibrated with Gis1
data obtained from nitrogen-shift experiments, when they become available.

5.6 Alternative interpretations of rapamycin treatment

As discussed in the section �Testing the model against observed phenotypes of mutant
strains�, 22 experiments that we collected from the literature relate to rapamycin treat-
ment in various mutant strains. There are three ways of interpreting the immediate e�ect of
rapamycin on a strain grown in rich medium. First, via the Sch9 branch of TORC1 signal-
ing, rapamycin can lead to an inhibition of ribosome biogenesis. In our model, this would
be represented as an upregulation of Dot6 activity. Second, via the Tap42-Sit4 branch of
TORC1 signaling, the activities of Gln3 and Gcn4 can result in an upregulation of nitrogen
starvation and adaptation responses. Finally, via mechanisms not currently present in the
model, TORC1 can directly or indirectly impinge on the cell cycle machinery to cause a G1
arrest [131]. We considered the �rst two de�nitions of the e�ect of rapamycin on cells. As
shown in Figure 5.3, both the Dot6 and Gln3Gcn4 de�nitions show a trend of decreasing
median cost until 11 of 22 experiments are explained. However, using the Dot6 de�nition, a
large number of high cost parameter sets succeed in explaining up to 16 of 22 experiments.

We �rst describe the causes of model mismatch across both de�nitions of rapamycin. Finally,
we investigate the basis of the 2000 parameter sets that explain up to 16 experiments using
the Dot6 de�nition.

Model mismatches Eleven of the 22 experiments are explained by less than 50% of
the parameter sets using either de�nition of rapamycin treatment (Table 5.2). Four of the 11
rapamycin treatment experiments involve strains carrying mutations downstream of TORC1.
SCH9DE encodes a constitutively active Sch9 kinase. tap42-11 is a temperature sensitive
allele of TAP42, which encodes a protein involved in transmitting the TORC1 signal to Sit4
and other stress response TFs. The single mutant strains SCH9DE and tap42-11 are slightly
resistant to rapamycin treatment, whereas the double mutant strain SCH9DEtap42-11 is
fully resistant [84]. Using our de�nition of rapamycin treatment based on Gln3 and Gcn4
activities, strains involving tap42-11 are predicted to be rapamycin resistant. However, since
neither of these TFs are regulated by Sch9, the SCH9DE strain is predicted to be rapamycin
sensitive. Additionally, three strains, namely gln3∆gat1∆, gcn4∆, and an overexpression
mutant 2µ URE2 are all predicted to be rapamycin sensitive as a consequence of our chosen
de�nition (Sections D.6, D.7 and D.28).

Seven of the 11 rapamycin treatment experiments that we have curated include mutants of
the carbon signaling pathway. These experiments clearly indicate that mutations a�ecting
the carbon signaling pathways in�uence the nitrogen adaptation response, and the model's
failure to explain these results give us insight into the crosstalk between carbon and nitro-
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gen pathways. As mentioned in the description of the PKA pathway in the Results section
of the main text, our model supports some results from Schmelzle et al., but not from
Zurita-Martinez et al., originating from strain speci�c di�erences. These observations ac-
count for three of the eight mismatches (`14-bcy1', `15-ira1', and `16-ira1ira2' described in
Sections D.14 to D.16). Schmelzle et al. examined three hyperactivating PKA strains in a
gln3∆gat1∆ background, (`19-RAS2v19gln3gat1', `20-TPK1gln3gat1', and `22-bcy1gln3gat'
described in Sections D.19, D.20 and D.22). These strains were shown to be rapamycin
resistant. However, our model predicts that these strains are sensitive to rapamycin. Our
model does not currently include a direct interaction between PKA and TORC1. Similarly,
the last rapamycin treatment mismatch relates to a snf1∆ strain which was observed to
show rapamycin resistance [89]. While our model assumes that Snf1 inhibits TORC1, Snf1
will be inactive during growth on YPD, hence the model predicts that a snf1 deletion will
not a�ect Gln3 activity in this nutrient condition. Further mechanistic details of crosstalk
between PKA, Snf1 and TORC1 will be needed in order to resolve these mismatches.

The mechanism of Dot6 regulation explains the distribution of number of
experiments explained We investigated the cause of the spread of number of experiments
using the Dot6 de�nition, shown in Figure 5.3. We termed the parameter sets that explained
11 or fewer experiments as the �low� set, and those that explained more than 11 as the �high�
set. We observed that the �low� set failed to explain the experiments starting from row 3 (`20-
TPK1 gln3 gat1') in the �rst column of Table 5.2. These experiments constitute the model
mismatches pertaining to claims by Schmelzle et al. and Zurita-Martinez et al. regarding
the role of the PKA pathway in rescuing the rapamycin treatment induced growth arrest
phenotype. We hypothesized that the cause for this bimodal distribution of experiments
explained was related to the representation of Dot6 in the model. Dot6 is regulated by both
Sch9 and PKA. In order for rapamycin treatment to be su�cient for Dot6 activation, the
Sch9 and PKA must regulate Dot6 via an AND gate. If this condition is not satis�ed, the
fact that rapamycin treatment experiments are carried out in glucose medium will imply that
PKA can independently repress Dot6. The parameters that regulate Dot6 are w_dot, the
basal activation term, and w_dot_sch_pka, the strength of inhibition by the sum of PKA
and Sch9 activities. Since PKA and Sch9 take a maximum value of 1.0, Dot6 is maximally
repressed for any combination of parameters satisfying the following relation

w_dot
w_dot_sch_pka

< 2

Figure 5.4 shows that qualitatively a majority of the parameter sets in the �high� set indeed
satisfy this relationship.
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Figure 5.3: Dependence of model cost on explanatory capacity, across the entire collection
of alternative sets of parameter values. Rapamycin experiments are de�ned using Dot6
as a model readout. The collection of parameter sets explaining less than or equal to 11
experiments are termed the �low� set, and those explaining more than 11 are termed the
�high� set.

5.7 Discussion

Since the default state of yeast cells in the presence of nutrients is exponential growth, the
coordination of various nutrient levels within the cell is of paramount importance. The inte-
gration of extracellular nutrient signals is distributed broadly across the cAMP/PKA (glu-
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Exp ID Dot6 Gln3Gcn4
20-TPK1 gln3 gat1 13.13 0.74

6-gln3 gat1 13.63 0.74
7-2µ URE2 13.63 0.7
37-tap42-11 13.63 71.41
34-snf1 13.63 0.0

27-gln3 gcn4 13.63 100.0
14-bcy1 13.64 0.0

22-bcy1 gln3 gat1 13.65 0.74
19-RAS2v19 gln3 gat1 13.65 0.74

16-ira1 ira2 13.65 0.0
15-ira1 13.65 0.0
10-gat1 85.44 84.81
28-gcn4 86.37 0.0
9-gln3 86.37 84.81
35-reg1 86.37 99.26
36-ure2 86.37 99.26
8-wt 86.37 98.91

18-tpk1 86.67 99.06
17-ras2 86.78 99.17
21-bcy1 86.87 99.22

38-SCH9DE 88.18 0.18
39-SCH9DE tap42-11 88.18 100.0

Table 5.2: List of rapamycin treatment experiments, with con�dence in model predictions.
Con�dence in qualitative predictions is expressed as the percentage of parameter sets that
make the correct prediction. The in silico experiments corresponding to the experiment IDs
are presented in Chapter D.

cose signaling), Snf1 (carbon adaptation) and TORC1 (nitrogen signaling) pathways, along
with many crosstalk interactions among members of these pathways and their downstream
targets. These interactions comprise the nutrient-signaling and decision-making system in
budding yeast. In this paper we have proposed a mathematical model of this system, based
on well-studied interactions of the individual pathways and less-studied crosstalk between the
pathways (Figure 2.3). Our results demonstrate that the proposed mechanism can account
for many aspects of nutrient signaling in budding yeast, as observed in diverse nutrient-shift
experiments (Figure 3.1).

Global cellular responses to nutrient shifts Two experimental observations high-
light the crosstalk between nutrient signaling pathways: (1) cells facing nitrogen stress in the
context of carbon abundance can redirect carbon �ux from the TCA cycle into amino acid
biosynthesis [132], and (2) acute nitrogen starvation results in down-regulation of glucose
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Figure 5.4: Distribution of ratios of kinetic parameters of Dot6. The "high" set is represented
by the red points, and the "low" set is represented by the blue points. The scatter plot shows
the ratio of the Dot6 parameters on the x-axis, and the cost associated with the parameter
set on the y-axis

fermentation [133]. These interactions are regulated by metabolic enzymes that are under
the regulation of various transcription factors (TFs) included in our model. To get a sense
of the cell's response to complex nutrient shifts, we thus need to examine the activities of
the TFs spanning carbon and nitrogen responses.

In our model, we use the Boolean states of the TFs to de�ne the state of a cell. Each of these
predicted states is deemed `robust' or `fragile' based on the consensus among predictions
from a representative collection of 18,000 alternative sets of parameter values (see Figure 5.2
(c)). Robust predictions that are subsequently shown to be incorrect indicate parts of the
model that need further re�nement. Fragile predictions, on the other hand, indicate those
parts of the model that are poorly constrained by available data. Experimental tests of a
fragile prediction can invalidate those `alternative' parameter sets that make the incorrect
prediction. Hence, both robust and fragile predictions suggest potentially informative ex-
periments that can be used to further constrain the model. In the following paragraphs, we
propose experiments that we deem informative based on some fragile predictions.

The Rtg1/3 transcription factors play the crucial role of diverting carbon �ux into amino
acid biosynthesis. Rtg1/3 are expected to be activated during nitrogen stress in carbon-rich
conditions. Figure 5.2 (c) indicates that the model makes fragile predictions for Rtg1/3
activity in the HCHG condition in three mutant strains, namely tpk1/2/3∆, cyr1∆, and
ras2∆. In these three strains PKA is inactive. Because, in our model, PKA activates TORC1
(via Sak1 and Snf1), TORC1 activity should be low in these mutants. However, since high
glutamine activates TORC1, this protein receives contradictory signals from the carbon and
nitrogen pathways. As a result, Rtg1/3 may be either active or inactive, depending on the
values of the parameters in our model simulations. Hence, data pertaining to Rtg1/3 activity
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in these strains will help to narrow down the acceptable sets of parameter values.

The Mig1 transcriptional repressor implements glucose repression, i.e., in the presence of
glucose, Mig1 inhibits expression of genes involved in carbon adaptation responses. During
glucose starvation, Snf1 inhibits Mig1 by localizing it to the cytoplasm. Interestingly, our
model predictions for the state of Mig1 are fragile in LCHN, LCHP, and LCLN conditions in
two separate strains, sch9∆ and bcy1∆. (Note: Sch9 inhibits PKA via Bcy1.) In this case,
the fragile predictions of Mig1 activity are consequences of contradictory signals received by
Snf1. In LC, Snf1 should be active and Mig1 inactive. However, in these mutants, despite
LC conditions, PKA is active, Sak1 is inactive, and there is little or no activation of Snf1.
Hence, whether Snf1 is active or inactive depends sensitively on precise parameter values.
Therefore, measurements of Mig1 activity under glucose starvation conditions in the bcy1∆
strain will also help to narrow down the acceptable sets of parameter values.

An important determinant of cell growth under diverse nutrient conditions is ribosome bio-
genesis, which in our model is regulated by the Dot6/Tod6 repressors. Interestingly, Fig-
ure 5.2 (c) shows that Dot6 predictions are fragile under HCHN, HCHP, and HCLP condi-
tions across most mutant strains, indicating that the strength of crosstalk between carbon
and nitrogen signaling pathways is crucial in determining Dot6 activity. Measurements of
Dot6 activity in the mutant strains identi�ed by Figure 5.2 (c) will provide important con-
straints on these crosstalk interactions. However, we must bear in mind that other factors
controlling ribosome biogenesis, such as Sfp1, are not yet included in our model.

Nutrient adaptation responses and global metabolic feedback Our proposed
mechanism successfully recapitulates many features of the nutrient response system in bud-
ding yeast over short timescales (30 minutes). During nutrient stress, the cell mounts a
variety of adaptation responses in order to maintain intracellular nutrient pools. Our model
captures the activation of stress TFs immediately after a nutrient shift. However, on longer
time scales of about 50 minutes, data from Granados et al. reveal that many of these stress
TFs are eventually turned o� [134]. Our model simulations do not capture this feature. How
can this inactivation of TFs be explained? The stress TFs activate various biosynthetic path-
way enzymes which restore the �ux of metabolites through anabolic processes. Consequently,
the starvation signals are turned down, inactivating the stress TFs themselves. Metabolic
processes are known to play important roles in cell growth and division [90]. Because the
mechanisms by which metabolic responses feedback on the nutrient signaling network are
complex and poorly understood, we have not yet tried to include these e�ects in our model
(Figure 5.5).

In general, how to incorporate metabolic �uxes in nutrient signaling networks is a di�cult
challenge. Three aspects stand out: (1) the accurate representation of intracellular nutri-
ent pools, (2) the metabolic �uxes spanning carbon and nitrogen metabolism, and (3) the
dynamics of regulation of metabolic enzymes by the upstream signaling network. By provid-
ing a mechanistic model of the nutrient signaling system in yeast, our model is well poised
to serve as a bridge between global metabolism and a wide range of cellular adaptation
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responses ranging from ribosome biogenesis to autophagy.

Figure 5.5: During nutrient stress, upstream sensing mechanisms transduce stress signals to
downstream transcription factors. Stress signals can originate from both the extracellular
environment and intracellular nutrient reserves. The latter are sensed indirectly via the
levels of uncharged tRNAs (in the case of amino acids) or metabolic intermediates that are
directly sensed by signaling molecules. The drops in �ux through metabolic pathways result
in upregulation of speci�c biosynthetic pathways and other adaptation responses, indicated
in red at the bottom of the �gure. Subsequently, metabolic �uxes are remodeled, leading to
inactivation of stress responses. This `metabolic feedback', which is currently not included
in our model, determines the long-term responses of the nutrient signaling network.
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BoolODE

Pratapa, A., Jalihal, A.P., Law, J.N., Bharadwaj, A. and Murali, T.M., 2019. Benchmark-
ing algorithms for gene regulatory network inference from single-cell transcriptomic data.
Nature Methods, 17, 147�154 (2020). https://doi.org/10.1038/s41592-019-0690-6

6.1 Background

Improvements in sequencing technologies in the past decade have led to a surge in the avail-
ability of single cell RNAseq (scRNAseq) data of high quality and throughput. scRNAseq
data, while increasing the resolution of measurement to the single cell level, are typically
characterized by noise and `dropouts'. The promise and challenges of scRNAseq data have
caused a renewed interest in the problem of gene regulatory network (GRN) inference, where
the transcription factor (TF) interactions underlying a biological process are inferred from
transcriptomic data. More than ten new algorithms have been proposed since 2015 to tackle
this challenge, which accept a scRNAseq dataset as input and return a network of interac-
tions as output (LEAP [135], PIDC [136], SINCERITIES [137], SCNS [138], GRNVBEM
[139], SCRIBE [140], GRNBOOST2 [141], GRISLI [142], SINGE [143]). However, since
there is no commonly accepted framework for assesing the the performance of these algo-
rithms, end users have no criterion to select one method over the other. There is thus a need
for benchmarking the performance of these algorithms for the accuracy of their proposed
reconstructions. There are two commonly used strategies in benchmarking GRN inference
methods:

1. Evaluation on a published scRNAseq dataset. Since the �true� TF-TF interactions
underlying the measured biological process are usually unknown, a database of global
TF-TF interactions (curated from experiments such as ChIP-seq) is used to create a
�ground truth� network. The problem with this approach is that many of the interac-
tions in such a network might not be relevant to the process under study [144].

2. Starting from some TF-TF interaction network, and creating a synthetic dataset from
this network. This approach has the advantage that the �ground truth� network is
known, which raises the con�dence of any evaluation performed using these datasets.
The challenge in this approach is to �nd an appropriate method to create a synthetic
scRNAseq dataset starting from a TF-TF interaction network.
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Here, we use the second approach. Before we describe the details of our proposed framework
for generating a benchmarking dataset, we brie�y review other methods that have attempted
to use this simulation-based approach.

6.2 Survey of published methods

Before describing the various frameworks proposed to simulate both bulk- and scRNAseq
datasets, we will �rst de�ne some terms that are commonly used in the scRNAseq literature.

Dimensionality reduction This is the process of converting a high-dimensional data set
to a low (typically two or three) dimensional dataset to aid in visualization or analysis
[145]. An scRNAseq dataset takes the form of a cell×gene matrix. Each sequencing
experiment can measure on the order of thousands of cells and hundreds to thousands
of genes. Dimensionality reduction using methods such as principal component analy-
sis, t-distributed stochastic neigbor embedding (tSNE) [146], multidimensional scaling
(MDS) [147] or uniform manifold approximation and projection (UMAP) [148] are
frequently used to make the analysis of these large datasets more tractable.

Trajectory Cells undergoing a biological process can be ordered based on the similarities in
their gene expression patterns [149]. This ordering is referred to as a gene expression
trajectory. Using trajectory inference methods, the gene expression trajectories can
be computed from scRNAseq datasets. Dimensionality reduction of these trajectories
typically reveal continuous, branching trajectories, corresponding to the various cellular
di�erentiation processes.

Pseudotime A biological sample may contain cells at di�erent points along a gene expres-
sion trajectory, representing di�erent stages of the biological process. Cells can thus
be ordered along a trajectory, and can be positioned `early' or `late' in the biological
process depending on their position in the trajectory. This ordering, analogous to the
notion of �real� time in a biological process, is de�ned as pseudotime.

RNA velocity The single cell resolution of scRNAseq datasets now allows for the di�eren-
tiation of mature and unprocessed transcripts and their abundances in each cell. This
knowledge allows the estimation of relative rates of transcript maturation. In a low
dimensional projection of the vector of transcript maturation rates de�nes a vector
for each cell called RNA velocity. Estimation of RNA velocity transforms the static
�trajectory� view of low dimensional embeddings to a more dynamic ��ux� view, where
the future gene expression state of each cell can be estimated.

Importantly, in order for a method to successfully generate a synthetic scRNAseq dataset,
a low dimensional representation of such a dataset must exhibit trajectory structures that
re�ect the traversal of cells from �early� to �late� stages in a process.
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GeneNetWeaver (gnw). This is original evaluation framework used in the DREAM4
community challenge for GRN inference methods using bulk RNAseq data [150]. gnw relies
on the the background TF-TF interaction networks from E. coli and S. cerevisiae in order to
sample �ground truth� networks of di�erent topologies. These sampled networks are directed
graphs. Next, the TF-TF interaction network is represented as a set of coupled Ordinary
Di�erential Equations (ODEs). The form of the equations proposed by gnw is used by
other methods, including BoolODE, and is described in detail in Section 6.3. Importantly,
the background networks do not carry any information regarding Boolean logic rules gov-
erning the regulation of a given gene. gnw solves this problem by assigning a Boolean
rule to a set of regulators. The resulting dynamical model is parameterized by sampling
kinetic parameter values from prede�ned ranges, and this model is simulated as a system
of Stochastic Di�erential Equations. gnw de�nes the notion of an external perturbation,
where a randomly chosen variable in the model receives an input for the �rst half of the
numerical simulation. In summary, gnw relies on random sampling at four stages:

1. Sampling of the background network,

2. Assignment of Boolean logic to combinations of regulators,

3. Sampling of kinetic parameter values,

4. Selection of the variable that receives an external perturbation.

The consequence of these decisions is that it is unclear if the synthetic dataset generated using
gnw can correspond to a biologically meaningful time course experiment. Furthermore, there
is no reason to believe that the output generated from gnw captures any of the characteristics
of scRNAseq datasets, such as discernible trajectories and distinct steady state clusters, even
qualitatively.

Splatter. Single cell RNAseq datasets are characteristically noisy, and the origins
of this noise have been decomposed broadly as biological noise (originating from noisy gene
expression, causing cell to cell variability) and technical noise (arising from problems with
sequence capture). An understanding of the statistical distributions of these various noise
contributions can be used to create synthetic datasets. Zappia et al. [151] combined previous
approaches such as Lun, scDD, and BASIcS, along with a novel method called Splat, to create
the Splatter framework which provides a uni�ed interface to simulate statistically realistic
scRNA seq datasets. (For a comprehensive review of other previous statistical approaches,
please see Zappia et al., 2017.) The major drawback of using the Splatter is that it
is not possible to represent complex regulatory relationships between genes. For example,
to create trajectories between (user de�ned) steady state clusters, Splatter interpolates
between de�ned gene expression states by using a Brownian bridge. While, this method can
arti�cially create �paths�, the variation in gene expression along such trajectories does not
capture any regulatory relationship between genes.
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dyngen. In a recent benchmarking e�ort, Saelens et al. adapted the gnw framework
in order to generate synthetic scRNAseq datasets [152]. The objective of this benchmarking
e�ort was to evaluate the performance of algorithms that create a �pseudotime� ordering of
cells in an scRNAseq datasets. In short, each cell in the dataset is ordered based on measures
of similiarity de�ned in gene expression space such that cells with similar expression pro�les
are closer in the �nal ordering. In practice, the scRNAseq datasets are �rst transformed from
high dimensional gene expression space into a low dimensional projection using techniques
like tSNE or UMAP [153]. Such a projection often reveals �trajectories�, namely structures
corresponding to the temporal progression through a biological process, for example through
a developmental program. A challenge in pseudotime inference is handling branching tra-
jectories. dyngen solved the problem of creating synthetic datasets that exhibit diverse
trajectory structures by modifying the �rst stage of the gnw framework: instead of sam-
pling a subnetwork from a background network, dyngen relies on a set of manually created
�toy� networks, each of which is constructed such that visualizing the simulation output after
dimensionality reduction yields trajectories displaying various qualitative structures (linear,
linear long, cycle, bifurcating, bifurcating converging and trifurcating, show in Figure 6.1).

g2g6

g4

g5 g3

g1

Bifurcating Converging

g2

g7

g8

g3

g9

g10

g6

g1

g4

g5

Trifurcating

g6

g4

g2

g1

g8

g5

g7

g3

Bifurcating

g8

g2

g1

g6g7

g4

g3

g1

g8g9

g2

g18

g7

g6

g3

g4

g5g13

g14

g16

g17

g12

g10

g15

g11

g6

g7g1

g2

g3 g5

Cycle Linear LongLinear

g4

Figure 6.1: The six synthetic networks from dyngen. These manually created networks
were originally used to create qualitatively di�erent trajectories to benchmark pseudotime
inference methods.
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Beyond the approach to sampling the initial network, there are other di�erences in imple-
mentation between dyngen and gnw:

1. dyngen carries out SSA (the Stochastic Simulation Algorithm [154]) simulations, while
gnw carries out SDE (Stochastic Di�erential Equations) simulations.

2. dyngen treats the nodes in toy networks as node groups. Each node group can be
composed of multiple `genes', each of which inherit the interactions attributed to the
node group. In this manner, dyngen can generate regulatory networks with arbitrary
numbers of genes while still guaranteeing that the resulting trajectories still display
the appropriate qualitative structures.

In terms of applications, dyngen claims that the datasets generated using their framework
can be used to evaluate methods for predicting RNA velocity, inferring pseudotime, as well
as inferring gene regulatory networks. A major drawback of the approach used by dyngen
is that it assumes a limited set of network topologies, each of which is constructed by hand.
Each network is de�ned by a set of interactions between nodes speci�ed by interaction sign
and interaction strength. In the default setting, each node is interpreted as a gene, and the
network topology then de�nes a �ground truth� interaction network. More generally, users
can specify arbitrary numbers of genes to be simulated. In this case, each node is interpreted
as a module, which can be composed of multiple genes. �Genes� are randomly assigned to
each of these modules until the regulatory network has the user speci�ed size. (For more
details, please see Saelens et al., 2020.) The rationale for such a module centric approach
is based on the observation that real GRNs maybe be composed of gene modules. However
the drawback of this approach is that dyngen-de�ned modules are not (and cannot be)
exhaustive when it comes to network topologies, and many di�erent topologies can achieve
similar trajectories. There is no easy way that dyngen provides for adding new network
topologies.

sergio. Dibaeinia et al. propose sergio as a framework in anticipation of benchmarking
new methods that estimate RNA velocity from scRNAseq data [155]. This framework is
identical to gnw, except instead of representing each node in the initial interaction network
as a gene and a protein variable, the node is represented as an unprocessed and mature
transcript respectively. Since their approach to sampling subnetworks from the background
and creating Boolean rules between regulators is the same as that used by gnw, this approach
su�ers from the same drawbacks as gnw, even though the model parameters used in sergio
result in the discernible trajectories in the low dimensional projections.

6.3 Methodology

We start by describing the framework proposed in gnw. This method starts with a network
of regulatory interactions among transcription factors (TFs) and their targets. It computes a
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connected, dense subnetwork around a randomly selected seed node and converts this network
into a system of di�erential equations. To express this network in the form of Ordinary
Di�erential Equations (ODEs), it assigns each node i in the network a `gene' variable (xi)
representing the level of mRNA expression and a `protein' variable (pi) representing the
amount of transcription factor produced by protein translation as follows:

d[xi]

dt
= mf(Ri)− lx[xi]

d[pi]

dt
= r[xi]− lp[pi],

where m is the mRNA transcription rate, lx is the mRNA degradation rate, r is the protein
translation rate, and lp is the protein degradation rate. In the �rst equation, Ri denotes the
set of regulators of node i. The non-linear input function f(Ri) captures all the regulatory
interactions controlling the expression of node i [150];we specify it below.

If there are N regulators for a given gene, there are 2N possible con�gurations of how the
regulators can bind to the gene's promoter. Considering cooperative e�ects of regulator
binding, the probability of each con�guration S ∈ 2Ri , the powerset of Ri, is given by the
following equation [156]:

Pr(S) =

∏
q∈S ([q]/k)n

1 +
∑

S

∏
q∈S ([q]/k)n

, (6.1)

where k and n are the Hill threshold and Hill coe�cient respectively. Here, we use q to
denote a regulator in the con�guration S. In the summation in the denominator of this
equation, the set S ranges over all members of the powerset 2Ri other than the empty set.

The product in the numerator ranges over all regulators that are present (bound) in a speci�c
con�guration S, and the sum in the denominator runs over all con�gurations in the powerset,
other than the empty set.

gnw further introduces a randomly-sampled parameter αS ∈ [0, 1] to specify the e�ciency of
transcription activation by a speci�c con�guration S of bound regulators. Thus, the function
f(Ri) takes the following form:

f(Ri) =
∑
S∈2Ri

αS Pr(S) (6.2)

Next, gnw adds a noise term to each equation to mimic stochastic e�ects in gene expression
[157]. In addition, in order to create variations among individual experimental samples,
gnw recommends adopting a multifactorial perturbation [157] that increases or decreases
the basal activation of each gene in the GRN simultaneously by a small, randomly-selected
value. gnw removes this perturbation after the �rst half of the simulation. Simulating this
system of SDEs generates the requisite gene expression data.
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BoolODE uses Boolean models to create simulated datasets. In order to
generate simulated time course data for our analysis, we used the gnw framework with one
critical di�erence and one minor variation. The form of the equations used by BoolODE is
identical to that of gnw. The critical di�erence is that we do not sample the αS parameters
in Equation 6.2 randomly, i.e., we do not combine the regulators of each gene using a random
logic function. Instead, we use the fact that in both the arti�cial networks and the literature-
curated models, we know the Boolean function that speci�es how the states of the regulators
control the state of the target genes. Moreover, we can express any arbitrary Boolean
function in the form of a truth table relating the input states (i.e., activities of transcription
factors) to the output state (the activity of target gene). For a gene with N regulators in its
Boolean function, we explore all 2N combinations of transcription factor states and evaluate
the transcriptional activity of each speci�c regulator con�guration. Since the value of the
Boolean function is the logical disjunction (`or') of all these values, we set the α value to one
(respectively, zero) for every con�guration that evaluates to 'on' (respectively, 'o�'). The
following example illustrates our approach. Consider a gene X with two activators (P and
Q) and one inhibitor (R), represented by the following rule:

X = (P ∨Q) ∧ ¬(R)
The truth table corresponding to this rule along with the α parameters appears below.

P Q R X Parameter name Parameter value
0 0 0 0 α0 0
1 0 0 1 αP 1
0 1 0 1 αQ 1
0 0 1 0 αR 0
1 1 0 1 αPQ 1
1 0 1 0 αPR 0
0 1 1 0 αQR 0
1 1 1 0 αPQR 0

Therefore, the ODE governing the time dynamics of gene X is

d(X/k)n

dt
= m


α0 + αP (P/k)n + αQ(Q/k)n + αR(R/k)n + αPQ(P/k)n(Q/k)n+
αPR(P/k)n(R/k)n + αQR(Q/k)n(R/k)n + αPQR(P/k)n(Q/k)n(R/k)n

1 + (P/k)n + (Q/k)n + (R/k)n + (P/k)n(Q/k)n

+ (P/k)n(R/k)n + (Q/k)n(R/k)n + (P/k)n(Q/k)n(R/k)n

− lx(X/k)n

= m

 (P/k)n + (Q/k)n + (P/k)n(Q/k)n

1 + (P/k)n + (Q/k)n + (R/k)n + (P/k)n(Q/k)n

+ (P/k)n(R/k)n + (Q/k)n(R/k)n + (P/k)n(Q/k)n(R/k)n

− lx(X/k)n,

since only αP , αQ, and αPQ have the value one and every other parameter has the value zero.

Next, we discuss the minor variation of BoolODE from gnw, which is in how we sample ki-
netic parameters. The gnw equations use four kinetic parameters: one each for mRNA tran-
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scription, protein translation, and mRNA and protein degradation rates. Saelens et al. [149]
sample them uniformly from parameter-speci�c intervals.

Independently for every dataset, we sample each parameter from a normal distribution using
the value shown in Table 6.1 as the mean and a standard deviation of 10% of this mean value.
Within a single dataset and for all simulations for that dataset, we �x each parameter (e.g.,
mRNA degradation rate) for all genes.

Parameter Symbol value
mRNA transcription rate m 20
mRNA degradation rate lx 10
Protein translation rate r 10
Protein degradation rate lp 1

Hill threshold k 10
Hill coe�cient n 10

Table 6.1: Kinetic parameters used in BoolODE.

In order to create stochastic simulations, we use the formulation proposed by Saelens et al. [149]
to modify the ODE expressions as follows:

d[xi]

dt
= mf(Ri)− lx[xi] + s

√
[xi]∆Wt

d[pi]

dt
= r[xi]− lp[pi] + s

√
[pi]∆Wt

∆Wt = N (0, h),
where s is the noise strength. We use s = 10 in our simulations. We use the Euler-Maruyama
scheme for numerical integration of the SDEs with time step of h = 0.01.

De�ning a single cell. We de�ne the vector of gene expression values corresponding to
a particular time point in a model simulation as a single cell. For every analysis, we sample
one time point, i.e. one cell from a single simulation. Using this procedure, for a dataset
generated from 5000 simulations, we can obtain up to 5000 cells.

Creating gnw simulations for comparison with BoolODE. In order to simulate
a synthetic network using gnw, we used its the edge list as the input network to gnw. In
order to create the simulations, we used the default options of the noise parameter (0.05)
and multifactorial perturbations. We only performed wildtype simulations and used the
DREAM4 time series output format for comparison with the BoolODE output.

Alternative formulation of activation function using a soft-Heaviside expres-
sion. While BoolODE re-implements the gnw approach of representing the gene activa-
tion function f as a combination of Hill functions of its regulators, a potential drawback of
this formulation is that the number of terms constituting the converted ODE will grow as
2|R|, where |R| is the number of regulators of a given gene. This exponential growth in the
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number of terms makes this formulation practically infeasible for two reasons when working
with Boolean models of TF-TF interaction networks inferred from ChiP-seq experiments or
large models of signal transduction pathways (eg [158]).

1. The enumeration of all 2|R| states is computationally intensive to the point that even
the time for conversion of a system of Boolean rules to the system of ODEs grows
exponentially in the number of regulators of genes.

2. The large number of Hill expressions with a high value of the Hill exponent (n = 10)
contribute to numerically instability.

An alternative approach to representing a Boolean rule as an ODE is to use soft-Heaviside
functions [105]. This formulation does not make assumptions about the underlying mech-
anism of promoter-binding of the regulators, while accomplishing the nonlinear activation
dynamics exhibited by the Hill functions. Moreover, the representation of the Boolean rule
for each gene does not require the enumeration of each of the 2|R| con�gurations regulators;
rather, the Boolean expression is represented directly as a polynomial. The `AND', `OR',
and `NOT' relationships would then be represented as follows:

Boolean Operator Example Polynomial form
`or' x1 ∨ x2 1− (1− x1)(1− x2)
`and' x1 ∧ x2 x1x2

`not' ¬x1 1− x1

Using these forms, a Boolean function B can be represented as a polynomial P (B) In this
formulation, Equation (6.2) takes the form1

f(Ri) = H(σP (B)) (6.3)

where H(x) =
1

1 + e−x

Here, σ is a scaling factor that governs the steepness of the response. This formulation
guarantees that the polynomial representing the Boolean rule will take values between 0
and 1 as long as the continuous variables x (representing the activities of proteins) are
appropriately scaled to this range. Thus, under the appropriate conversion of a Boolean
rule to a polyomial, this formulation provides a practical alternative to the Hill function
formulation for larger Boolean systems. BoolODE provides users with the option of using
either formulation.
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Figure 6.2: Comparison of BoolODEoutput and gnwoutput for the synthetic networks

6.4 Simulation results

Comparison to gnw. We �rst wished to compare the output from BoolODE and
gnw. We used six synthetic networks from dyngen, shown in Figure 6.1. The linear
and linear-long models display one steady state. The bifurcating and bifurcating-converging
models display bifurcations due to a mutual inhibition motif, but exhibit two and one steady
states respectively. The trifurcating model exhibits three steady states. The cycle model
exhibits a limit cycle. We used the following rule to convert the synthetic networks to Boolean
models: the target gene is turned on if all its activators are on and none of the inhibitors
are on. We provided BoolODE and gnw with the same Boolean models as input. We
ran gnw using the default settings. Finally, we visualized the simulation output from both
methods by carrying out dimensionality reduction using tSNE. The comparison is show in
Figure 6.2. The dark colors (blue) correspond to early time points in the simulation, while
the light colors (yellow) represent late timepoints.

1There are various approaches to expressing a Boolean function as a polynomial, cf.[159].
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We observe that gnw does not meaningfully capture the qualitative trajectories from the
synthetic networks. We attribute this to the fact that gnw uses the interaction network
from the input, but assigns random logic to interactions. This result provides a strong moti-
vation to use an approach such as BoolODE which can capture the qualitative trajectories
expected from an underlying network.

Performance on Boolean models. Having shown that BoolODE can capture
qualitative trajectories from synthetic networks, we next investigated if the same holds true
for Boolean models whose steady states have been characterized. We used four Boolean
models of TF-TF interactions in various developmental contexts curated from the literature.
The details of these models are provided in Table 6.2.

Name Source # Genes # Steady States
mammalian Cortical Area
Development (mCAD)

Giacomantonio
et al., 2010[160]

5 2

Ventral Spinal Cord Devel-
opment (VSC)

Lovrics et al.,
2014 [161]

8 5

Hematopoeitic Stem Cell
Development (HSC)

Krumsiek et al.,
2011[162]

11 4

Gonadal Sex Determination
(GSD)

Rios, et al. 2015
[163]

19 2

Table 6.2: Summary of Boolean models

For each of these models, we �rst veri�ed if the BoolODE simulations could capture the
appropriate number of steady states as reported in the original publication. Figure 6.3
shows the results of the BoolODE simulation. In each of the four models, we found that
BoolODE was able to recover the number of steady state clusters as the number of Boolean
steady states reported in the original publication. In Figure 6.3 (b), the simulation time is
indicated by the color - darker colors indicate early time, and bright (yellow) colors indicate
late time. Examining the yellow- green clusters, we �nd that counting the number of clus-
ters captures the number of steady states expected from each model. In order to con�rm
the above observation, we additionally carried out k-means clustering on the `experiments',
i.e., each individual time course simulation, with k set to the expected number of steady
states. The results of this clustering are shown in Figure 6.3(c). This visualization con-
�rms trajectories originating at the early time points (the initial conditions), which diverge
into the �nal steady state clusters. Finally, we wished to see if the output datasets from
BoolODE can be used as input to trajectory inference methods. For this, we picked the
best-performing trajectory inference method, SlingShot, from a recent benchmarking study
[149]. Figure 6.3(d) shows the results of running the SlingShot pseudotime computation
method on the datasets generated from the Boolean models. We �nd that the pseudotime
ordering computed by SlingShot is in good agreement with the true simulated time points.
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Figure 6.3: BoolODE output from published Boolean models. (a) The interaction network
corresponding to the Boolean model. (b) tSNE visualization of BoolODE output. (c)
Simulations clustered by the expected number of steady states. (d) Slingshot output on
the dataset generated by BoolODE. mCAD is the mammalian Cortical Area Development
model, VSC is the Ventral Spinal Cord development model, HSC is the Hematopoeitic stem
cell development model, GSD is the Gonadal Sex Determination model.

Correspondence of steady states. Having observed that the number of steady
state clusters from BoolODE simulations recapitulated the number of steady states under
asynchronous Boolean updates, we next asked whether the steady state clusters corresponded
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with the biologically meaningful steady states reported in the Boolean models. Speci�cally,
we wished to see if the qualitative gene expression patterns (low or high expression) in the
steady state clusters corresponded to the Boolean gene expression patterns from the Boolean
model steady states (OFF or ON, respectively). We plotted the strength of gene expression
for each gene in a model. The results are shown in Figures 6.4 to 6.7. We �nd that the gene
expression patterns re�ect those reported in the original Boolean models in every case.

Application to gene regulatory network inference algorithms. The BoolODE
framework was used in the BEELINE benchmarking study to generate simulated scRNAseq
datasets. Datasets of varying number of cells, gene expression dropouts, and shu�ed pseu-
dotimes were generated as benchmarking datasets from the synthetic and boolean models
described above. These datasets were used as input to various GRN inference algorithms.
The major conclusion of the benchmarking e�ort was that the performance of most methods
was close to random.

6.5 Outlook

This chapter has outlined a novel framework for harnessing expert knowledge on biological
processes expressed as Boolean models in order to automatically generate simulated datasets.
While this framework currently focuses on Boolean models of TF-TF interaction networks,
models of other molecular interaction processes can easily be used.

Some of the ways in which BoolODEcan be improved are:

• BoolODE currently carries out SDE simulations. However, stochastic chemical reac-
tions are more realistically simulated using the SSA algorithm [154]. BoolODE can
be extended to use this simulation framework.

• There are various formulations to convert a set of Boolean rules to ODE equations.
BoolODE currently o�ers a Hill function and a soft-Heaviside function formulations.
This framework can be extended by incorporating other approaches to representing
Boolean expressions.

• An observation from Figures 6.4 to 6.7 is that the number of cells in the steady state
clusters varies. This is likely an outcome of the model parameterization. The kinetic
parameters used in BoolODE are currently �xed. The dependence of the size of
steady state clusters on the kinetic parameters remains to be investigated.

BoolODE is available at https://github.com/murali-group/BoolODE

https://github.com/murali-group/BoolODE
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Anterior

Posterior

Figure 6.4: t-SNE visualizations of simulated trajectories from the mCAD model. The bar
on the right of each plot displays the mapping between the expression value of a gene and
the corresponding color. The model has two steady states corresponding to the anterior and
posterior compartments during cortical area development[160]. The anterior compartment
is characterized by high transcriptional activity of Fgf8, Pax6 and Sp8, while the posterior
compartment is characterized by the high transcriptional activity of Coup-t� and Emx2.
The steady states corresponding to the two compartments appear as two distinct clusters in
the t-SNE visualizations.
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p0 p1

p2 p3

pMN

Figure 6.5: t-SNE visualizations of simulated trajectories from the VSC model. This model
exhibits �ve distinct steady states corresponding to �ve distinct cell types in the neural
tube[161]. Each of these cell types appears as a distinct cluster in the tSNE visualizations
shown above. The transcription factors speci�c to the p0 (Dbx1), p1 (Nkx6.2), p2 (Olig2),
and p3 (Nkx2.2) states are shown in the four plots on top. The pMN state shown in the
lower plot is characterized by high activity of Nkx6.1, Pax6 and Irx3.
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Erythrocyte Megakaryocyte

Granulocyte

Figure 6.6: t-SNE visualizations of simulated trajectories from the HSC model. In the ini-
tial state, which corresponds to the Common Myeloid Progenitor (CMP), the activities of
GATA-2. PU.1 and C/EBPα are high[162]. There are two main branches of di�erentia-
tion. The branch leading to the monocyte-granulocyte progenitors is characterized by the
inactivation of GATA-2, followed by the activation of either G�1 (granulocyte) or cJun and
EgrNab (monocyte) [162]. The clusters in the t-SNE visualization that correspond to these
states are shown in the plots on top. Similarly, the branch leading to the megakaryocyte-
erythrocyte progenitors is characterized by the inactivation of C/EBPAα and PU.1 along
with the concomitant activation of GATA1, FOG1 and SCL [162]. The subsequent inacti-
vation of GATA2 along with activation of Fli1 leads to the megakaryocyte state while that
wit the activation of EKLF leads to the erythrocyte state [162]. These states are shown at
the bottom.
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Sertoli

Granulosa

Figure 6.7: t-SNE visualizations of simulated trajectories from the GSD model. This model
has two steady states corresponding to Sertoli cells (male gonads) or Granulosa cells (female
gonads)[163]. The clusters on the tSNE plots correspond to these two states. SRY and
FGF9 show male-gonad-speci�c activity while WNT4 and FOXL2 show female gonad-speci�c
activity. Except for GATA4 and WT1mKTS, which are active in both branches, all other
transcription factors in the model belong to one of the two clusters shown above.
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Name Value
Cyr1_T 1.00e+0
Dot6_T 1.00e+0
EGO_T 1.00e+0
EGOGAP_T 1.00e+0
Gcn2_T 1.00e+0
Gcn4_T 1.00e+0
Gis1_T 1.00e+0
Gln1_T 1.00e+0
Gln3_T 1.00e+0
Mig1_T 1.00e+0
PDE_T 1.00e+0
PKA_T 1.00e+0
Ras_T 1.00e+0
Rtg13_T 1.00e+0
Sak_T 1.00e+0
Sch9_T 1.00e+0
Snf1_T 1.00e+0
TORC1_T 1.00e+0
Tps1_T 1.00e+0
Trehalase_T 1.00e+0
eIF_T 1.00e+0
gamma_gcn2 4.71e+0
gamma_mig 6.56e-1
gammacyr 8.96e+0
gammaego 5.07e+1
gammaeif 4.71e-1
gammagap 5.62e-1
gammagln1 6.35e-2
gammagln3 8.09e-2
gammapde 2.82e-1
gammapka 2.68e+0
gammaras 1.82e+0
gammasch9 4.63e+0
gammasnf 8.20e-1
gammator 7.55e+0
gammatps 4.71e-1
gammatre 3.42e-1
k_acc_glu 4.92e-2
k_acc_nh4 1.47e-3
k_acc_pro 2.15e-4
k_camp_cyr 1.09e+1
k_camp_deg 8.38e-2
k_camp_pde 1.41e+1

Name Value
k_degr 8.98e-2
k_mRNA_degr 7.30e-2
k_pr 2.02e-2
k_transcription 2.36e-1
sigma_cyr 3.50e+0
sigma_dot 2.00e+1
sigma_ego 5.00e+0
sigma_eif 1.00e+0
sigma_gap 1.00e+0
sigma_gcn2 2.00e+1
sigma_gcn4 5.00e+0
sigma_gis1 1.00e+1
sigma_gln 1.00e+1
sigma_gln1 1.00e+0
sigma_mig1 2.70e-1
sigma_pde 1.90e+0
sigma_pka 1.00e+0
sigma_ras 1.00e+0
sigma_rtg 1.00e+1
sigma_sak 2.00e+1
sigma_sch9 8.00e+0
sigma_snf 3.00e+0
sigma_tor 5.00e+0
sigma_tps 5.00e+0
sigma_trehalase 1.00e+1
tRNA_scale 7.45e+1
tRNA_total 2.47e+0
w_cyr 1.35e+0
w_cyr_glu 5.13e+0
w_cyr_snf 1.19e-1
w_dot 2.93e-1
w_dot_sch_pka 1.63e-1
w_ego 2.84e-1
w_ego_basal 1.10e-2
w_ego_gap 2.21e+0
w_eif 3.73e+0
w_eif_gcn2 2.76e-1
w_gap_N 7.76e+0
w_gap_torc 8.83e+1
w_gcn 1.15e-1
w_gcn_torc 1.29e+0
w_gcn4 7.43e-1
w_gcn4_gcn2_trna1.53e+0

Name Value
w_gis 1.30e+0
w_gis_pka 3.30e+0
w_gis_sch 8.42e-1
w_gln_sit 8.61e-1
w_gln_snf 3.90e+0
w_gln1 2.22e-1
w_gln1_gln3 5.20e-1
w_gln3 6.39e-1
w_mig 1.06e+1
w_mig_pka 2.31e+0
w_mig_snf 1.21e+0
w_pde 3.83e-1
w_pde_pka 2.89e+0
w_pka 5.81e-2
w_pka_camp 1.02e+2
w_pka_sch9 1.75e+1
w_ras 2.08e-2
w_ras_glu 2.07e-1
w_ras_pka 1.87e+0
w_rtg 1.86e-1
w_rtg_torc 8.77e-1
w_sak 2.05e-1
w_sak_pka 3.75e-1
w_sch9 5.65e-1
w_sch9_torc 1.96e+0
w_snf 5.38e-1
w_snf_glc 1.15e+0
w_snf_sak 1.52e+0
w_torc 5.39e-1
w_torc_ego 8.77e-1
w_torc_egoin 3.03e-1
w_torc_glut 8.63e-1
w_torc_snf 4.37e-1
w_tps 5.30e-2
w_tps_pka 5.74e-1
w_tre 1.07e+0
w_tre_pka 3.07e+0
ATP 1.0
Carbon 1.0
Glutamine_ext 1.0
NH4 0.00e+00
Proline 0.00e+00

Table A.1: Parameter values constituting the optimal parameter set, obtained from 10,000
steps of MCMC sampling. This set of values is used to de�ne the simulation of a wt strain
under HCHN conditions. Four time scale parameters describing the activation of transcrip-
tion factors namely γgcn4, γrtg13, γgis1, γdot6 are set to 1, since there is no short time scale data
available to constrain their dynamics.
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76 Chapter C. Ranked parameters in stiff directions

# Parameter Rank Data?
1 w_sch9 1 Yes (T,P)
2 w_cyr_glu 1 No
3 w_cyr 1 No
4 k_degr 1 Yes (T,P)
5 w_sch9_torc 1 Yes (T,P)
6 w_torc_snf 1 No
7 w_torc_glut 1 No
8 w_torc_egoin 1 No
9 k_acc_glu 1 No
10 w_ego 1 No
11 w_torc_ego 1 No
12 w_torc 1 No
13 w_gln3 2 Yes (T,P)
14 k_camp_pde 2 Yes (T,P)
15 k_camp_cyr 2 Yes (T,P)
16 w_ras_pka 2 No
17 w_mig 2 Yes (T,P)
18 w_gln_sit 3 Yes (T,P)
19 gammagap 4 No
20 w_ego_gap 4 No
21 w_snf_glc 6 Yes (T,P)
22 w_snf 6 Yes (T,P)
23 w_gap_torc 6 No
24 w_sak_pka 6 No
25 w_sak 6 No
26 w_pka_sch9 6 No
27 w_pka_camp 7 No
28 w_gcn4 8 Yes (P)
29 w_gis 8 Yes (P)
30 w_ego_basal 8 No
31 w_gis_pka 8 Yes (P)
32 w_ras 8 No
33 gamma_gcn2 8 No
34 w_rtg 8 Yes (P)
35 k_transcription 8 No
36 k_mRNA_degr 8 No
37 gammasnf 8 Yes (T,P)
38 gammasch9 8 Yes (T,P)
39 gammapde 8 No
40 gammagln1 8 No
41 gammaeif 8 No

# Parameter Rank Data?
42 gammaego 8 No
43 gammacyr 8 No
44 w_tps 8 No
45 w_gln1_gln3 8 No
46 w_snf_sak 9 Yes (T,P)
47 w_pde 9 No
48 w_mig_snf 9 Yes (T)
49 w_ras_glu 9 No
50 w_tre_pka 9 Yes (P)
51 w_gap_N 9 No
52 w_tre 9 Yes (P)
53 w_gcn 10 No
54 w_dot 10 No
55 gammatps 10 No
56 w_pde_pka 10 No
57 w_dot_sch_pka 10 No
58 w_gcn_torc 10 No
59 w_gcn4_gcn2_trna 10 Yes (P)
60 w_pka 11 No
61 k_acc_nh4 11 No
62 gammaras 11 No
63 k_camp_deg 11 Yes (T,P)
64 tRNA_sensitivity 11 No
65 gammator 11 No
66 w_gln_snf 11 Yes (T,P)
67 w_eif 11 No
68 gamma_mig 11 Yes (T)
69 w_cyr_snf 12 No
70 w_eif_gcn2 12 No
71 w_tps_pka 12 No
72 w_gln1 12 No
73 gammatre 13 Yes (P)
74 gammagln3 14 Yes (T,P)
75 w_gis_sch 14 Yes (P)
76 k_acc_pro 14 No
77 tRNA_total 14 No
78 gammapka 16 No
79 w_mig_pka 16 Yes (T)
80 w_rtg_torc 18 Yes (P)
81 k_pr 20 No

Table C.1: (next page)
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Table C.1: Ranked list of parameters for the `Full' parameter run with 81 parameters. The
`Data?' column indicates whether or not the equation in which a parameter appears is
contrained by any type of data. If it is constrained, the column further indicates the type
of data, `T' for timecourses or `P' for perturbations. The parameters highlighted in bold
indicate those appearing in the �rst 10 sti� directions.
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# Parameter Rank Data?
1 wego 1 No
2 wtorcsnf 1 No
3 wtorcglut 1 No
4 wtorcegoin 1 No
5 wtorcego 1 No
6 kaccglu 1 No
7 wsch9torc 1 Yes (T,P)
8 kcamppde 2 Yes (T,P)
9 wglnsit 2 Yes (T)
10 wegogap 2 No
11 wraspka 2 No
12 wsnfsak 2 Yes (T,P)
13 gammagap 2 No
14 wcyrglu 2 No
15 wsnfglc 4 Yes (T,P)
16 wpkasch9 5 No
17 wpkacamp 6 No
18 wgcn4gcn2trna 6 Yes (P)
19 wsakpka 7 No
20 wpdepka 7 No
21 wgln1gln3 7 No
22 wgapN 7 No
23 weifgcn2 7 No
24 wrtgtorc 7 Yes (P)
25 gammagcn2 7 No
26 gammacyr 7 No
27 gammaras 7 No
28 gammasch9 7 Yes (T,P)
29 kcampdeg 7 Yes (T,P)
30 wgispka 8 Yes (P)
31 gammatps 9 No
32 gammamig 9 Yes (T)
33 gammator 9 No
34 wgissch 9 Yes (P)
35 wtrepka 9 Yes (P)
36 kaccnh4 10 No
37 wdotschpka 11 No
38 gammagln3 11 Yes (T,P)
39 gammapka 11 No
40 tRNAtotal 11 No
41 wcyrsnf 11 No

# Parameter Rank Data?
42 wglnsnf 11 Yes (T,P)
43 gammasnf 13 Yes (T,P)
44 wmigpka 13 Yes (T,P)
45 gammaeif 13 No
46 wrasglu 14 No
47 gammaego 14 No
48 wgcntorc 15 No
49 gammagln1 15 No
50 tRNAsensitivity 15 No
51 wmigsnf 17 Yes (T,P)
52 ktranscription 18 No
53 wtpspka 18 No
54 kaccpro 19 No
55 gammatre 19 Yes (P)
56 gammapde 22 No

Table C.2: (next page)
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Table C.2: Ranked list of parameters for the `Partial' parameter run with 56 parameters.
The `Data?' column indicates whether or not the equation in which a parameter appears is
contrained by any type of data. If it is constrained, the column further indicates the type
of data, `T' for timecourses or `P' for perturbations. The parameters highlighted in bold
indicate those appearing in the �rst 10 sti� directions.



Appendix D

Comparison to qualitative experimental

data

This section records the curated qualitative experiments, along with the model simulations
using the optimal parameter set. Each experiment has a unique experiment ID, a table
containing the interpreted and predicted states of transcription factors, along with the sim-
ulated values at steady state, a description of the experiment containing a reference to the
original publication, the strain used, and the experiment performed, and the parameters
used to represent the strain and the shift experiment in the model. Finally, the simulated
time courses of the six model readouts and the interpretation of the simulation are described.

As described in Section 5.6, we use two de�nitions of rapamycin experiments. The sample
simulations here use the Gln3Gcn4 de�nition of rapamycin treatment. Experiments involving
rapamycin treatment are thus indicated using the text Readout used is Gln3 Gcn4. For
the general trend of predictions using the alternate de�nition using Dot6, please see Table 5.2.
(Note that the results shown here only correspond to one parameter set of our collection of
18,000 alternate sets of parameter values.)

D.1 1-rho0

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.487
Dot6 - - 0.312
Gcn4 - - 0.024
Rtg13 O� O� 0.274
Gln3 - - 0.983

Description: Liu et al, 1999 studied a rho0 strain (PSY142 ρ0) grown in YP + 5% glucose.

Representation:
Preshift Parameters
ATP 0.1
Carbon 0.1
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Initial Conditions

80



D.2. 2-rho0 81

Figure D.1: Qualitative state comparison - rho0 petites in YP + 5% glucose

Mutant de�nition
Parameters

kaccglu 0.0369
kaccpro 0.0002
kaccnh4 0.0011

Initial conditions

Model agrees with experiment.

D.2 2-rho0

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.482
Dot6 - - 1.121
Gcn4 - - 0.722
Rtg13 On On 0.683
Gln3 - - 0.999

Description: Liu et al, 1999 studied a rho0 strain (PSY142 ρ0) grown in YP + 2% ra�nose.
Representation:

Preshift Parameters
ATP 0.1
Carbon 0.1
Glutamineext 1.0

Postshift Parameters
ATP 0.7
Carbon 0.7
Glutamineext 0.5

Postshift Initial Conditions

Mutant de�nition
Parameters

kaccglu 0.0369
kaccpro 0.0002
kaccnh4 0.0011

Initial conditions

Model agrees with experiment.
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Figure D.2: Qualitative state comparison - ρ0 in YP + 2% ra�nose

D.3 3-rtg1

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.498
Dot6 - - 0.532
Gcn4 - - 0.024
Rtg13 O� O� 0.279
Gln3 - - 0.992

Description: Liu et al, 1999 studied a rtg1 strain (PSY142 ρ0) grown in YNBD + 0.02%
Glutamate.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.9

Postshift Initial Conditions

Mutant de�nition

Parameters
Rtg13T 0.75
kaccglu 0.0369
kaccpro 0.0002
kaccnh4 0.0011

Initial conditions

Model agrees with experiment.
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Figure D.3: Qualitative state comparison - rtg1 in YNBD + 0.02% glutamate

D.4 4-rtg1

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.094
Gcn4 - - 0.945
Rtg13 O� On 0.613
Gln3 - - 1.000

Description: Liu et al, 1999 studied a rtg1 strain (PSY142 ρ0) grown in YNBD.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.0

Postshift Initial Conditions

Mutant de�nition

Parameters
Rtg13T 0.75
kaccglu 0.0369
kaccpro 0.0002
kaccnh4 0.0011

Initial conditions

Model does not agree with experiment.
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Figure D.4: Qualitative state comparison - rtg1 in YNBD.

D.5 5-snf1

TF Interpreted Simulated Simulation
Gis1 O� On 0.884
Mig1 On O� 1.325
Dot6 - - 1.977
Gcn4 - - 0.872
Rtg13 - - 0.728
Gln3 - - 0.999

Description: Gasmi et al, 2014 studied a snf1 strain (BY4741) grown in Minimal +
(0.2%casa) + 2% Ethanol.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 0.1
Carbon 0.1
Glutamineext 0.2

Postshift Initial Conditions

Mutant de�nition
Parameters
Snf1T 0.0

Initial conditions
Snf1 0.0

Model does not agree with experiment.

D.6 6-gln3 gat1

Readout used is Gln3 Gcn4
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Figure D.5: Qualitative state comparison - snf1 in Minimal + (0.2%casa) + 2% Ethanol.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 O� On 0.955
Rtg13 - - 0.866
Gln3 O� O� 0.000

Description: Beck et al, 1999 studied a gln3 gat1 strain (wt) grown in YPD + rapamycin.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
Gln3T 0.0

Initial conditions
Gln3 0.0

Model does not agree with experiment.

D.7 7-2µ URE2

Readout used is Gln3 Gcn4

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 O� On 0.955
Rtg13 - - 0.866
Gln3 O� On 0.999
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Figure D.6: Qualitative state comparison - gln3 gat1 in YPD + rapamycin.

Figure D.7: Qualitative state comparison - 2µ URE2 in YPD + rapamycin.

Description: Beck et al, 1999 studied a 2µ URE2 strain (wt) grown in YPD + rapamycin.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
wgln3 1.2784 Initial conditions

Model does not agree with experiment.

D.8 8-wt

Readout used is Gln3 Gcn4
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Figure D.8: Qualitative state comparison - wt in YPD + rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 On On 0.955
Rtg13 - - 0.866
Gln3 On On 1.000

Description: Beck et al, 1999 studied a wt strain (wt) grown in YPD + rapamycin.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters Initial conditions
Model agrees with experiment.

D.9 9-gln3

Readout used is Gln3 Gcn4

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 On On 0.955
Rtg13 - - 0.866
Gln3 On On 0.650



88 Chapter D. Comparison to qualitative experimental data

Figure D.9: Qualitative state comparison - gln3 in YPD + rapamycin.

Description: Beck et al, 1999 studied a gln3 strain (wt) grown in YPD + rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
Gln3T 0.65

Initial conditions
Gln3 0.0

Model agrees with experiment.

D.10 10-gat1

Readout used is Gln3 Gcn4

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 On On 0.955
Rtg13 - - 0.866
Gln3 On On 0.650

Description: Beck et al, 1999 studied a gat1 strain (wt) grown in YPD + rapamycin.

Representation:
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Figure D.10: Qualitative state comparison - gat1 in YPD + rapamycin.

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
Gln3T 0.65

Initial conditions
Gln3 0.0

Model agrees with experiment.

D.11 11-gln3

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.037
Gcn4 - - 0.806
Rtg13 - - 0.702
Gln3 O� On 0.649

Description: Crespo et al, 2002 studied a gln3 strain (TB123) grown in SD + 1mM MSX.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
kaccglu 0.0

Postshift Initial Conditions

Mutant de�nition
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Figure D.11: Qualitative state comparison - gln3 in SD + 1mM MSX.

Parameters
Gln3T 0.65

Initial conditions
Gln3 0.0
Glutamine 0.01

Model does not agree with experiment.

D.12 12-gln3 gat1

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.037
Gcn4 - - 0.806
Rtg13 - - 0.702
Gln3 O� O� 0.000

Description: Crespo et al, 2002 studied a gln3 gat1 strain (TB123) grown in SD + 1mM
MSX.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
kaccglu 0.0

Postshift Initial Conditions

Mutant de�nition

Parameters
Gln3T 0.0

Initial conditions
Gln3 0.0
Glutamine 0.01

Model agrees with experiment.
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Figure D.12: Qualitative state comparison - gln3 gat1 in SD + 1mM MSX.

D.13 13-wt

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.037
Gcn4 - - 0.806
Rtg13 - - 0.702
Gln3 On On 0.999

Description: Crespo et al, 2002 studied a wt strain (TB123) grown in SD + 1mM MSX.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
kaccglu 0.0

Postshift Initial Conditions

Mutant de�nition

Parameters Initial conditions

Model agrees with experiment.

D.14 14-bcy1

Readout used is Gln3 Gcn4
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Figure D.13: Qualitative state comparison - wt in SD + 1mM MSX.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 O� On 0.955
Rtg13 - - 0.866
Gln3 O� On 1.000

Description: Zurita-Martinez et al, 2005 studied a bcy1 strain (S1278b) grown in YP
Glucose + 50nM rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters
wpkasch9 0.0 Initial conditions

Model does not agree with experiment.

D.15 15-ira1

Readout used is Gln3 Gcn4
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Figure D.14: Qualitative state comparison - bcy1 in YP Glucose + 50nM rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 O� On 0.955
Rtg13 - - 0.866
Gln3 O� On 1.000

Description: Zurita-Martinez et al, 2005 studied a ira1 strain (S1278b) grown in YP
Glucose + 50nM rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters
wraspka 0.9362 Initial conditions

Model does not agree with experiment.

D.16 16-ira1 ira2

Readout used is Gln3 Gcn4
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Figure D.15: Qualitative state comparison - ira1 in YP Glucose + 50nM rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 O� On 0.955
Rtg13 - - 0.866
Gln3 O� On 1.000

Description: Zurita-Martinez et al, 2005 studied a ira1 ira2 strain (S1278b) grown in YP
Glucose + 50nM rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters
wraspka 0.1872 Initial conditions

Model does not agree with experiment.

D.17 17-ras2

Readout used is Gln3 Gcn4
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Figure D.16: Qualitative state comparison - ira1 ira2 in YP Glucose + 50nM rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.001
Mig1 - - 1.399
Dot6 - - 1.637
Gcn4 On On 0.955
Rtg13 - - 0.866
Gln3 On On 1.000

Description: Zurita-Martinez et al, 2005 studied a ras2 strain (MLY41a) grown in YP
Glucose + 50nM rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters
RasT 0.0 Initial conditions

Model agrees with experiment.

D.18 18-tpk1

Readout used is Gln3 Gcn4
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Figure D.17: Qualitative state comparison - ras2 in YP Glucose + 50nM rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.411
Dot6 - - 1.578
Gcn4 On On 0.955
Rtg13 - - 0.866
Gln3 On On 1.000

Description: Zurita-Martinez et al, 2005 studied a tpk1 strain (MLY41a) grown in YP
Glucose + 50nM rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters
PKAT 0.66 Initial conditions

Model agrees with experiment.

D.19 19-RAS2v19 gln3 gat1

Readout used is Gln3 Gcn4
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Figure D.18: Qualitative state comparison - tpk1 in YP Glucose + 50nM rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 O� On 0.955
Rtg13 - - 0.866
Gln3 O� O� 0.000

Description: Schmelzle et al, 2003 studied a RAS2v19 gln3 gat1 strain (TB50a) grown in
YPD + 200ng/mL rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters
Gln3T 0.0
wraspka 0.0

Initial conditions

Model does not agree with experiment.

D.20 20-TPK1 gln3 gat1

Readout used is Gln3 Gcn4
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Figure D.19: Qualitative state comparison - RAS2v19 gln3 gat1 in YPD + 200ng/mL ra-
pamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.177
Mig1 - - 1.338
Dot6 - - 1.874
Gcn4 O� On 0.955
Rtg13 - - 0.866
Gln3 O� O� 0.000

Description: Schmelzle et al, 2003 studied a TPK1 gln3 gat1 strain (TB50a) grown in
YPD + 200ng/mL rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
Gln3T 0.0
wpkacamp 0.0

Initial conditions

Model does not agree with experiment.

D.21 21-bcy1

Readout used is Gln3 Gcn4
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Figure D.20: Qualitative state comparison - TPK1 gln3 gat1 in YPD + 200ng/mL ra-
pamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.177
Mig1 - - 1.338
Dot6 - - 1.874
Gcn4 On On 0.955
Rtg13 - - 0.866
Gln3 On On 1.000

Description: Schmelzle et al, 2003 studied a bcy1 strain (TB50a) grown in YPD+ 200ng/mL
rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters
wpkacamp 0.0 Initial conditions

Model agrees with experiment.

D.22 22-bcy1 gln3 gat1

Readout used is Gln3 Gcn4
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Figure D.21: Qualitative state comparison - bcy1 in YPD + 200ng/mL rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 O� On 0.955
Rtg13 - - 0.866
Gln3 O� O� 0.000

Description: Schmelzle et al, 2003 studied a bcy1 gln3 gat1 strain (TB50alpha) grown in
YPD + 200ng/mL rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters
Gln3T 0.0
wpkacamp 1021.0983

Initial conditions

Model does not agree with experiment.
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Figure D.22: Qualitative state comparison - bcy1 gln3 gat1 in YPD + 200ng/mL rapamycin.

D.23 23-wt

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.037
Gcn4 On On 0.806
Rtg13 - - 0.702
Gln3 - - 0.999

Description: Cherkasova et al, 2010 studied a wt strain (H1642) grown in SC + 10mM
3AT.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.0
NH4 2.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.0
NH4 2.0
kaccnh4 0.0001

Postshift Initial Conditions

Mutant de�nition

Parameters Initial conditions

Model agrees with experiment.
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Figure D.23: Qualitative state comparison - wt in SC + 10mM 3AT.

D.24 24-gcn2

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.037
Gcn4 O� O� 0.024
Rtg13 - - 0.702
Gln3 - - 0.999

Description: Cherkasova et al, 2010 studied a gcn2 strain (H1895) grown in SC + 10mM
3AT.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.0
NH4 2.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.0
NH4 2.0
kaccnh4 0.0001

Postshift Initial Conditions

Mutant de�nition

Parameters
Gcn2T 0.0 Initial conditions

Model agrees with experiment.
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Figure D.24: Qualitative state comparison - gcn2 in SC + 10mM 3AT.

D.25 25-snf1

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.504
Dot6 - - 1.037
Gcn4 O� On 0.806
Rtg13 - - 0.702
Gln3 - - 0.999

Description: Cherkasova et al, 2010 studied a snf1 strain (HQY343) grown in SC + 10mM
3AT.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.0
NH4 2.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.0
NH4 2.0
kaccnh4 0.0001

Postshift Initial Conditions

Mutant de�nition

Parameters
Snf1T 0.0 Initial conditions

Model does not agree with experiment.
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Figure D.25: Qualitative state comparison - snf1 in SC + 10mM 3AT.

D.26 26-gcn2 snf1

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.504
Dot6 - - 1.037
Gcn4 O� O� 0.024
Rtg13 - - 0.702
Gln3 - - 0.999

Description: Cherkasova et al, 2010 studied a gcn2 snf1 strain (HQY344) grown in SC +
10mM 3AT.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.0
NH4 2.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.0
NH4 2.0
kaccnh4 0.0001

Postshift Initial Conditions

Mutant de�nition
Parameters
Gcn2T 0.0
Snf1T 0.0

Initial conditions

Model agrees with experiment.

D.27 27-gln3 gcn4

Readout used is Gln3 Gcn4
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Figure D.26: Qualitative state comparison - gcn2 snf1 in SC + 10mM 3AT.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 O� O� 0.000
Rtg13 - - 0.866
Gln3 O� O� 0.000

Description: Valenzuela et al, 2001 studied a gln3 gcn4 strain (CLA-303) grown in YPD
200ng/mL rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters
Gcn4T 0.0
Gln3T 0.0

Initial conditions

Model agrees with experiment.

D.28 28-gcn4

Readout used is Gln3 Gcn4
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Figure D.27: Qualitative state comparison - gln3 gcn4 in YPD 200ng/mL rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 On O� 0.000
Rtg13 - - 0.866
Gln3 On On 1.000

Description: Valenzuela et al, 2001 studied a gcn4 in YPD 200ng/mL rapamycin.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 0.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
Gcn4T 0.0 Initial conditions

Model does not agree with experiment.

D.29 29-rph1 gis1

TF Interpreted Simulated Simulation
Gis1 O� O� 0.000
Mig1 On On 1.465
Dot6 - - -0.048
Gcn4 - - 0.024
Rtg13 - - 0.061
Gln3 - - 0.755
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Figure D.28: Qualitative state comparison - gcn4 in YPD 200ng/mL rapamycin.

Figure D.29: Qualitative state comparison - rph1 gis1 in SD glucose -ura.

Description: H. Ronne et al, 1999 studied a rph1 gis1 in SD glucose -ura.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Initial Conditions

Mutant de�nition

Parameters
Gis1T 0.0 Initial conditions

Model agrees with experiment.
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Figure D.30: Qualitative state comparison - rph1 gis1 in YP ethanol.

D.30 30-rph1 gis1

TF Interpreted Simulated Simulation
Gis1 O� O� 0.000
Mig1 O� O� 1.168
Dot6 - - 2.078
Gcn4 - - 0.608
Rtg13 - - 0.664
Gln3 - - 1.000

Description: H. Ronne et al, 1999 studied a rph1 gis1 in YP ethanol.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 0.1
Carbon 0.1
Glutamineext 1.0

Postshift Initial Conditions

Mutant de�nition
Parameters
Gis1T 0.0 Initial conditions

Model agrees with experiment.

D.31 31-mig1 snf1 pde2

TF Interpreted Simulated Simulation
Gis1 O� O� 0.000
Mig1 - - -45.173
Dot6 - - -0.256
Gcn4 - - 0.024
Rtg13 - - 0.058
Gln3 - - 0.661
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Figure D.31: Qualitative state comparison - mig1 snf1 pde2 in SD glucose.

Description: H. Ronne et al, 1999 studied a mig1 snf1 pde2 in SD glucose.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Initial Conditions

Mutant de�nition
Parameters
Mig1T 0.0
PDET 0.2
Snf1T 0.0

Initial conditions

Model agrees with experiment.

D.32 32-mig1 snf1 pde2

TF Interpreted Simulated Simulation
Gis1 O� O� 0.000
Mig1 - - -45.182
Dot6 - - -0.145
Gcn4 - - 0.024
Rtg13 - - 0.058
Gln3 - - 0.661

Description: H. Ronne et al, 1999 studied a mig1 snf1 pde2 in SD ra�nose.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 0.7
Carbon 0.7
Glutamineext 1.0

Postshift Initial Conditions
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Figure D.32: Qualitative state comparison - mig1 snf1 pde2 in SD ra�nose.

Mutant de�nition
Parameters
Mig1T 0.0
PDET 0.2
Snf1T 0.0

Initial conditions

Model agrees with experiment.

D.33 33-mig1 snf1 pde2

TF Interpreted Simulated Simulation
Gis1 O� O� 0.000
Mig1 - - -45.159
Dot6 - - -0.254
Gcn4 - - 0.024
Rtg13 - - 0.058
Gln3 - - 0.661

Description: H. Ronne et al, 1999 studied a mig1 snf1 pde2 in SD galactose.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 0.8
Carbon 0.8
Glutamineext 1.0

Postshift Initial Conditions

Mutant de�nition
Parameters
Mig1T 0.0
PDET 0.2
Snf1T 0.0

Initial conditions

Model agrees with experiment.
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Figure D.33: Qualitative state comparison - mig1 snf1 pde2 in SD galactose.

D.34 34-snf1

Readout used is Gln3 Gcn4

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.504
Dot6 - - 1.108
Gcn4 O� On 0.955
Rtg13 - - 0.866
Gln3 O� On 1.000

Description: Bertram et al, 2002 studied a snf1 in YPD + rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
Snf1T 0.0 Initial conditions

Model does not agree with experiment.

D.35 35-reg1

Readout used is Gln3 Gcn4
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Figure D.34: Qualitative state comparison - snf1 in YPD + rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.478
Dot6 - - 1.108
Gcn4 On On 0.955
Rtg13 - - 0.866
Gln3 On On 1.000

Description: Bertram et al, 2002 studied a reg1 in YPD + rapamycin.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
wsnfglc 0.0 Initial conditions

Model agrees with experiment.

D.36 36-ure2

Readout used is Gln3 Gcn4

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 On On 0.955
Rtg13 - - 0.866
Gln3 On On 1.000
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Figure D.35: Qualitative state comparison - reg1 in YPD + rapamycin.

Figure D.36: Qualitative state comparison - ure2 in YPD + rapamycin.

Description: Bertram et al, 2002 studied a ure2 in YPD + rapamycin.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
wgln3 0.0 Initial conditions

Model agrees with experiment.

D.37 37-tap42-11

Readout used is Gln3 Gcn4
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Figure D.37: Qualitative state comparison - tap42-11 in YPD + rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.503
Dot6 - - 1.108
Gcn4 O� O� 0.398
Rtg13 - - 0.866
Gln3 O� On 0.570

Description: Huber et al, 2009 studied a tap42-11 in YPD + rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition

Parameters
wgcn 0.0
wglnsit 0.0

Initial conditions

Model does not agree with experiment.

D.38 38-SCH9DE

Readout used is Gln3 Gcn4
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Figure D.38: Qualitative state comparison - SCH9DE in YPD + rapamycin.

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.467
Dot6 - - -0.103
Gcn4 O� O� 0.024
Rtg13 - - 0.866
Gln3 O� On 1.000

Description: Huber et al, 2009 studied a SCH9DE in YPD + rapamycin.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
Sch9T 1.0
wsch9 -10

Initial conditions
Sch9 1.0

Model does not agree with experiment.

D.39 39-SCH9DE tap42

TF Interpreted Simulated Simulation
Gis1 - - 0.000
Mig1 - - 1.467
Dot6 - - -0.103
Gcn4 O� O� 0.024
Rtg13 - - 0.866
Gln3 O� On 0.596
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Figure D.39: Qualitative state comparison - SCH9DE tap42 in YPD + rapamycin.

Description: Huber et al, 2009 studied a SCH9DE tap42 in YPD + rapamycin.

Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0
TORC1T 0.0

Postshift Initial Conditions

TORC1 0

Mutant de�nition
Parameters
Sch9T 1.0
wsch9 -10
wgcn 0.0
wglnsit 0.0

Initial conditions
Sch9 1.0

Model does not agree with experiment.

D.40 40-sch9

TF Interpreted Simulated Simulation
Gis1 On O� 0.046
Mig1 - - 1.264
Dot6 - - 1.825
Gcn4 - - 0.963
Rtg13 - - 0.577
Gln3 - - 1.000

Description: Roosen et al, 2005 studied a sch9 in YP + glycerol.

Representation:
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Figure D.40: Qualitative state comparison - sch9 in YP + glycerol.

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 0.01
Carbon 0.01
Glutamineext 1.0

Postshift Initial Conditions

Mutant de�nition
Parameters
Sch9T 0.0

Initial conditions
Sch9 0.0

Model does not agree with experiment.

D.41 41-sch9 gis1

TF Interpreted Simulated Simulation
Gis1 O� O� 0.000
Mig1 - - 1.264
Dot6 - - 1.825
Gcn4 - - 0.963
Rtg13 - - 0.577
Gln3 - - 1.000

Description: Roosen et al, 2005 studied a sch9 gis1 in YP + glycerol.
Representation:

Preshift Parameters
ATP 1.0
Carbon 1.0
Glutamineext 1.0

Postshift Parameters
ATP 0.01
Carbon 0.01
Glutamineext 1.0

Postshift Initial Conditions

Mutant de�nition
Parameters
Gis1T 0.0
Sch9T 0.0

Initial conditions
Gis1 0.0
Sch9 0.0

Model agrees with experiment.
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Figure D.41: Qualitative state comparison - sch9 gis1 in YP + glycerol.
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