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Abstract

Microbial population growth measurements are widespread in the study of microor-
ganisms, providing insight into areas including genetics, physiology, and engineering.
The most common models of microbial population growth data are parametric, and
assume the underlying growth process has a sigmoidal functional form. While use-
ful in cases where these assumptions are valid, parametric models are inadequate in
many cases typically found in microbial growth studies, including presence of signif-
icant population death and the presence of multiple growth phases (e.g. diauxie).
Here, we explore the use of the Bayesian non-parametric model Gaussian processes
(GPs) on microbial population growth. We first develop a general hypothesis test
using GP regression and false discovery rate corrected Bayes factor scores. We then
explore a fully Bayesian model with GP priors that can capture the latent growth
processes of many population measurements under a single model. Finally, we de-
velop hierarchical Bayesian model with GP priors in order to capture random effects

in microbial population growth data.
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1

Introduction

\The study of the growth of bacterial cultures does not constitute a specialized
subject or branch of research: it is the basic method of Microbiology."
{ Jacques MonodThe Growth of Bacterial Cultures

Annual Review of Microbiology (1949)

\No nite amount of data will ever be able to narrow the possibilities down to
just a single function or indeed, any nite number of candidate functions, from
which the distribution of data points we have might have been generated."

{ Kyle Stanford Underdetermination of Scienti ¢ Theory,

The Stanford Encyclopedia of Philosophy, ed. Edward N. Zalta (2016)



In this dissertation, | discuss my ndings in developing statistical models of mi-
crobial physiology, with a focus on population growth measurements. Microbial
population growth (MPG) captures the ability an isogenic population of millions of
microbes to adapt all cellular processes, including metabolism, the cell cycle, and
stress response, to the nutrients and stress of a given environment. The composite
nature of MPG measurements is what makes these measurements such a versatile tool
in molecular microbiolgy, and is used in studies of genetics, metabolism, antibiotics,
and stress resistance.

Analysis of MPG measurements relies on accurate models that capture the growth
process and facilitate correct scienti ¢ conclusions about statistically signi cant ef-
fects due to external perturbation, such as genetic modi cation or stress. The mi-
crobiology research community primarily uses a set of parametric models for this
purpose. While they have had many successes, these models are limited in their
generality, which | discuss below. The primary goal of this dissertation is to develop

an alternative to these models with Bayesian non-parametric methods.
1.1 Microbial physiology

Modern microbiology began in part with the adoption of standardized techniques
for cultivating isogenic populations of microbial cells (Schaechter, 2015). Early pro-
ponents recognized that growth of microbial populations represented a fundamental
measure of cell survival, as a growing population requires proper functioning of all
cellular machinery (Klumpp and Hwa, 2014; Zaritsky and Woldringh, 2015). De cits

in one or more molecular processes can lead to cell and population death, and proper
population growth measurements can therefore capture a whole-cell view of tness.
Additionally, microbial population culturing in the lab is a necessary precursor to
any experimental procedure in molecular and biochemical microbiology (Egli, 2015).
Reproducible results in microbiology therefore require accurate quanti cation the
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culture state measured through population growth (Neidhardt, 2006).

Microbial population growth measurements are generated in a number of ways.
Batch culture involves growing a small inoculum of starter culture in a large quantity
of available nutrients (e.g. liquid media) until these nutrients are exhausted (Egli,
2009b; Wanner and Egli, 1990). One measure of batch culture growth is light scatter-
ing at 600 nm (optical density, OQyo0) measured by a spectrophotometer. Ofgo is
assumed to be proportional to population size (Stevenson et al., 2016). Alternatively,
the number of viable cells can be estimated via serial dilution of batch culture, plat-
ing on agar, and counting colony forming units (CFUs). Ok, measurements have
the advantage of being low cost and high-throughput, but have the disadvantage of
being only an indirect measure of growth. Factors such as the density of the culture
and cell shape can distort the relationship between population density and Q)
measurements in a non-linear way that is di cult to control under each experiment
(Stevenson et al., 2016). For this reason, CFUs are a more direct measure of cell
number of therefore population size, with the tradeo of being a lower throughput
measurement. In this work, | focus primarily on Oggomeasurements as they provide
a time and cost-e ective metric of MPG, although the statistical modeling techniques
developed here can readily be adapted to CFU measurements due to their related
nature to ODggp Measurements in terms of estimating population size.

In addition to culture cultivating techniques, early advances in microbial phys-
iology centered around theoretical models of population growth. This led to the
development of the concept obalanced growthwhich occurs when all cellular com-
ponents are being produced equally, on average, in the population (Campbell, 1957,
Schaechter, 2015). The importance of this concept lies in its impact on reproducible
results (Neidhardt, 2006). Populations in balanced growth can be directly compared
to others, but not those in other states.

Theoretical and measurement advances in microbial physiology were followed by
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improvements in parametric modeling. Monod proposed one of the rst models
of population growth rate that was dependent on limiting substrate concentration
(Monod, 1949). The microbial physiology community eventually converged on a set
of models derived from a core set of assumptions around the standard phases of
microbial population growth (Egli, 2009a). These main phases are: (1) exponential
growth, during which the population has achieved its maximum growth rate (nax,
which is determined by the organism and environment); (2) lag phase, which is the
time during which no growth occurs as the population adjusts to new conditions
and before the population has achieved,. ; and (3) stationary phase, wherein the
population ceases growth as either nutrients are depleted, toxic substrates dominate
the media, or both. These three phases of growth form a sigmoid curve, assumed in
all major population growth models, and as such the assumption of their presence
has in uenced microbial physiology greatly.

Parametric models of microbial population growth have relied on the growth as-
sumptions speci ed above to advance our understanding of MPG phenotypes. Mod-
els typically are built with three core parameters (Fig 1.1). First is max, the max-
imum growth rate of the population. Second is the lag time, representing the
amount of time before achieving max, and which is determined by the value of
x-intercept for a function with slope equal to ,,x and parallel to the population
growth at the time at which .« is achieved. Finally, the carrying capacityA is the
asymptotic growth level of the population.

This dissertation is focused on developing statistical models of microbial growth
that are appropriate under both standard and non-standard conditions. Non-standard
conditions are important for understanding microbial systems, as the nutrient rich,
non-stressful environment of standard growth does not represent the typical condi-
tions under which microbes survive. Additionally, non-standard growth conditions
often violate the assumptions made by parametric growth models. The goal of this
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Figure 1.1 : Parametric microbial population growth model. Example MPG
curve (black) speci ed by three parameters - o, , and A. ax is derived from
the slope of the tangent line when maximum growth rate is achieved (blue line).
is the distance between the y-axis and the x-intercept of thena line (red line). A
is the asymptotic growth level (green line). This gure is adapted from Zwietering
et al. (1990).

dissertation is to overcome these issues by developing a non-parametric statistical
model of microbial growth and validate this model in multiple microbial systems,

with a focus on the extremophilic archaeonH. salinarum.
1.2 Halophilic Archaea

Salt loving, or halophilic, Archaea are a focus of this dissertation. These organ-
isms inhabit a broad spectrum of salt-rich environments, including solar salterns and
salt lakes, and can even survive prolonged dessication inside of salt crystals (Schu-

bert et al., 2010). In addition to the variety of salt niches they inhabit, halophiles



also display diverse metabolic capabilities, including aerobic heterotrophy requir-
ing carbon from amino acids or carbohydrates, anaerobic fermentation of arginine,
and phototrophic growth through a light-driven proton pump (Andrei et al., 2012).
Halophiles are also typically highly resistant to various stressors, for example ra-
diation and starvation, making them excellent models of extremophiles (DeVeaux
et al., 2007; Oren, 2014; Stan-Lotter and Fendrihan, 2015; Moran-Reyna and Coker,
2014). Haloarchaea are excellent model organisms of Archaea and extremophiles due
to their easy cultivation in the lab, growing body of genomic datasets, and genetic
tractability (Soppa, 2006; Leigh et al., 2011).

In this work, we study the halophilic archaeorHalobacterium salinarumin order
to further our understanding of transcriptional regulation in response to extreme
stress. H. salinarum inhabits salt lakes at near saturation, and is exposed to a
battery of environmental stresses (Ng et al., 2000H. salinarum adapts to its harsh
environment through a combination of metabolic, transcriptomic, and proteomic
responses, that have been studied extensively as a model for survival under extreme
stress (Whitehead et al., 2006, 2009; Bonneau et al., 2007; Schmid et al., 2009, 2011,
Kaur et al., 2006, 2010; Baliga et al., 2004).

Of particular interest is the transcriptional regulation employed byH. salinarum
for surivival. Transcription in Archaea comprises general transcriptional factors
(GTFs) resembling that of Eukaryotes, speci cally the proteins transcription factor
[IB (TFB) and TATA-binding proteins (TBPs) (Facciotti et al., 2007). Conversely,
the condition speci c transcription factors (TFs) resemble those of Bacteria (Karr,
2014; Geiduschek and Ouhammouch, 2005). This hybrid system provides a unique
contrast between regulatory systems of the two other domains, and has the poten-
tial for bridging the transcriptional regulation knowledge gap between them. If.
salinarum both the general transcriptional machinery and specic TFs have been

studied under a number of stressful environments for its transcriptional response,
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including UV radiation, oxidative stress, and oxygen shifts (Baliga et al., 2004; Kaur
et al., 2010; Schmid et al., 2007). The GTFs dfl. salinarum, with 7 and 6 copies
of TFB and TBP, respectively, have been shown to selectively target certain genes
(Facciotti et al., 2007). TF regulation ranges from narrow, targeted responses, to
complex, multilayered systems impacting transcripts on a similar level of the GTFs
(Tonner et al., 2015). For this reason, elucidation the transcriptional program of
H. salinarum is of particular importance to understanding its physiology. However,
many TFs remain uncharacterized irH. salinarum, leaving a large gap in our knowl-
edge of regulation in response to stress.

Population growth provides a rigorous test oH. salinarum stress resistance, and
as such is widely adopted as a foundational experiment in physiology studies (Beer
et al., 2014). Additionally, through H. salinarum's tractable genetics, TF knockouts
can be quickly generated and tested under matching stress conditions (Peck et al.,
2000; Darnell and Schmid, 2015). The advances in microbial growth modeling pre-
sented in this thesis, combined with targeted experiments of TF mutant strains in
H. salinarum greatly expand our understanding of the regulatory mechanismid.

salinarum employs to survive under diverse, stressful conditions.
1.3 Gaussian processes

Gaussian processes (GPs) are in nite dimensional random processes, with a joint
multivariate normal distribution for nite observations (Rasmussen and Williams,
2006). GPs are fully de ned by a mean function pxq and covariance function
Px1; X20 Typically, pxqis setto O for allx, but alternatively functions of x can also
be introduced. The covariance function de nes the covariance between two function

observations:

X1;X2q  covf pxig f px20q (1.1)



Many covariance functions exist for this purpose, with varying purposes and inter-
pretations. In this work, we primarily focus on the radial basis function (RBF) kernel

(alternatively referred to as the squared exponential kernel):

2 | X1 X2l |

wiX1X2| 2°q  Zexp ————— (1.2)

The parameters 2 and * are the variance and length-scale, respectively, and are
typically referred to as the hyperparameters The RBF kernel can be interepreted
as representing an inner product space of an in nite dimensional basis (Rasmussen
and Williams, 2006). Therefore, regardless of the functional form of the underlying
growth process, a RBF kernel can capture the true function. Additionally, the RBF
kernel is in nitely mean-square di erentiable, leading to smooth function observa-
tions (Rasmussen and Williams, 2006). This smoothness is valuable for estimating
the the latent population growth process, as we expect it to be smooth as well.

A common use for GPs are to model an unknown functiohpxg The model
yxq fmxq pxqgfor f pxgwith GP prior and pxq NDO; §q iid noise is called
GP regression. In this framework the functiorf pxq can be marginalized from the
model due to the induced multivariate normal prior onf pxg and the multivariate
normal likelihood onymq yielding a closed form likelihood orypxqgiven the kernel

hyperparameters:
»

pva  pylfopf o Npl0; xq g (1.3)

whereNz|; qis the multivariate normal density on random variablez with mean
and covariance , and g t pX;;X;| % “quis the matrix of covariance between
observations off pxq The advantage of the marginal distribution is the likelihood

of ypxq can be computed exactly, which provides a predictive distribution of pxq



conditional on observationsypxg
2. 2.~ 2 1
fxayxg 5 57 N mxapmxg g 'yxqg
(1.4)

g mapmq gt g

Additionally, the likelihood of ypxqis now a function of the hyperparameters 2,
°, and 5 This is useful in performing maximum likelihood optimization ofppyq,
typically by gradient descent (Rasmussen and Williams, 2006). The computational
cost of this optimization is dominated by the inversion of then n matrices in the
likelihood, which has costOm3qg For this reason, GP regression does not scale to
large datasets without applying approximation methods that reduce the inversion

cost (Hensman et al., 2013a).
1.3.1 Bayesian Gaussian process models

Rather than approximating GP kernel hyperparameters with maximum likelihood,
a full Bayesian model specifying priors on all model parameters can instead be used.
A proper posterior for models containing Gaussian processes requires priors on all
model hyperparameters (Gelman et al., 2013). The prior for variance hyperparame-
ters should be chosen to balance the degree to which prior expectations inform the
model while minimizing the in uence of the prior over posterior inference (Gelman,
2006). Lengthscale is more challenging, as di erent lengthscale values imply di erent
latent process behavior | short lengthscales more exactly interpolate between data-
points while longer lengthscales attribute more variance tid noise (Rasmussen and
Williams, 2006). While exact interpolation does lead to a higher data likelihood, this
is often not representative of our beliefs for the underlying process, therefore priors
that encourage smoother functions should be used. One possibility is to choose a
prior that penalizes complexity (Fuglstad et al., 2015).

In addition to the choice of hyperparameter priors, many options exist for infer-

9



ence of model posteriors. Markov chain monte carlo (MCMC) samples from a markov
chain whose stationary distribution is the posterior of interest (Diggle et al., 2013).
These samples can then be used to compute expected posterior quantities of inter-
est. Within MCMC methods there are choices of how to generate samples from the
markov chain. Kaufman and Sain (2010) constructed a Bayesian functional ANOVA
using Gaussian process priors by performing Gibbs sampling of latent functions and
Metropolis Hastings updates of kernel hyperparameters (Kaufman and Sain, 2010).
The latent functions can only be marginalized from the model to improve inference
speed (Eqg. 1.4) (Poynor and Munch, 2017). An additional inference possibility exists
in the use of Hamiltonian Monte Carlo (HMC), in which a \momentum" variable

is added for each model parameter (Betancourt, 2017). A HMC implementation is
available through the programming language Stan, which also makes available a No-

U-Turn sampler algorithm for e cient posterior traversal (Carpenter et al., 2017).

1.4 Outline of dissertation

The remainder of the dissertation is structured as follows. Chapter 2 describes
a hypothesis-testing style framework for detecting statistically signi cant e ects of
genetic and stress perturbations on microbial population growth using GP regression.
Chapter 3 describes the use of functional ANOVA with GP priors to systematically
determine the e ect of stress and genetics in a single, unied model. Chapter 4
describes modeling hierarchical sources of variation in microbial population growth
data. Both chapters 2 and 3 have been published previously and report the results of
a collaborative study with experimental data provided by CK Darnell (Tonner et al.,
2016; Darnell et al., 2017). Chapter 4 will be submitted for publication in the near

future.
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2

Detecting di erential growth of microbial
populations with Gaussian process regression

The work in this chapter is published in Tonner et al.,Genome Research2016,
reproduced here under the Creative Commons Attribution 4.0 international license.
Tonner et al. 2016 was the report of collaborative work with Cynthia Darnell. Exper-
imental data was generated by Cynthia, and computational modeling was performed

by myself.

Microbial growth curves are used to study di erential e ects of media, genetics,
and stress on microbial population growth. Consequently, many modeling frame-
works exist to capture microbial population growth measurements. However, cur-
rent models are designed to quantify growth under conditions for which growth has a
speci ¢ functional form. Extensions to these models are required to quantify the ef-
fects of perturbations, which often exhibit non-standard growth curves. Rather than
assume speci ¢ functional forms for experimental perturbations, we developed a gen-

eral and robust model of microbial population growth curves using Gaussian process
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(GP) regression. GP regression modeling of high resolution time-series growth data
enables accurate quanti cation of population growth and allows explicit control of
e ects from other covariates such as genetic background. This framework substan-
tially outperforms commonly used microbial population growth models, particularly
when modeling growth data from environmentally stressed populations. We apply
the GP growth model and develop statistical tests to quantify the di erential e ects

of environmental perturbations on microbial growth across a large compendium of
genotypes in archaea and yeast. This method accurately identi es known transcrip-
tional regulators and implicates novel regulators of growth under standard and stress
conditions in the model archaeal organisrilalobacterium salinarum For yeast, our
method correctly identi es known phenotypes for a diversity of genetic backgrounds
under cyclohexamide stress, but also detects previously unidenti ed oxidative stress
sensitivity across a subset of strains. Together, these results demonstrate that the
GP models are interpretable, recapitulating biological knowledge of growth response,
while providing new insights into the relevant parameters a ecting microbial popu-

lation growth.

2.1 Introduction

Quanti cation and prediction of microbial growth is a central challenge relevant to in-
dustrial production of value-added chemicals, food safety, and microbe-environment
interactions (Lewis et al. 2012; McKellar and Lu 2003; Ross and Dalgaard 2003;
Nichols et al. 2011). Parametric models of microbial population growth assume a
sigmoid growth function with three characteristic growth phases captured by three
parameters:lag phase timglag phase; ), during which no growth occurs;maximum
growth rate during logarithmic growth(log phase; max), @ phase of rapid growth;
and asymptotic carrying capacity(stationary phase;A), reached when nutrients are
exhausted in stationary phase (Baranyi and Roberts 1995; Monod 1949; Zwietering

12



et al. 1990; Egli 2009a). Another quanti cation of growth is the area under the
growth curve (AUC), also known asgrowth potential (Todor et al. 2014).

Microbial populations encounter shifts away from optimum growth conditions in
their environment that require adaptation in order to survive. These shifts, generally
referred to asstress conditions include reactive oxygen species (ROS) accumulation,
temperature variation, and osmotic uctuation. These conditions chemically damage
or denature macromolecules such as proteins, nucleic acids, and lipids, compromising
cellular viability (Imlay 2003; Verghese et al. 2012; Kiuhn and Klipp 2012). During
stress response, the cell state changes from a growth-centric to a survival-centric
con guration in which the transcriptional and translational programs are redirected
to regulate alternative pathways that repair damage and restore homeostasis (Lu
et al. 2009). When stress is severe, the repair program becomes overwhelmed. In
this case, the population growth rate observed by optical density decreases, plateaus,
and may even become negative upon cell lysis.

Existing methods used to model and predict microbial population growth from
time series measurements are parametric functions known psmary or secondary
models(McKellar and Lu 2003; Ross and Dalgaard 2003; Peleg and Corradini 2011).
Primary models are used to t data from a population growing on a single main nu-
trient source (e.g., sugar carbon source) and often assume a sigmoid growth function.
This functional assumption leads to inaccurate ts for growth data that do not have
a characteristic sigmoid growth function (Palacios et al. 2014; Sekse et al. 2013gc-
ondary modelswere developed to incorporate additional parameters a ecting growth
and to capture stress e ects (Peleg and Corradini 2011). The signi cance of di eren-
tial growth across conditions can be quanti ed through statistical hypothesis testing
(Gommers et al. 1988). However, incorporating condition-speci ¢ deviations to the
sigmoidal growth function requiresa priori knowledge of how stress perturbations
a ect growth. For example, a common assumption is that population growth rate

13



follows an Arrhenius equation in response to temperature changes (Barsa et al. 2012).
As an alternative to parametric models of population growth, non-parametric models
have been developed to capture microbial growth (Palacios et al. 2014; Cao et al.
2010; di Sciascio and Amicarelli 2008); however, many of these models still depend
upon parametric primary models, parameters that require knowledge of the biologi-
cal response to growth perturbations, or complicated tting procedures of the non-
parametric model, such as optimization of neural network weights (Palacios et al.
2014). Current models of microbial growth are therefore limited in their general
application to novel microbial growth phenotypes.

Across all domains of life, stress response mechanisms at the level of gene tran-
scription have been identi ed that regulate cellular protection and repair (Gasch
et al. 2000; Bonneau et al. 2007; Fiebig et al. 2015). These regulatory programs
are induced in response to stress conditions and protect cells exposed to one type of
stress against others (Jenkins et al. 1988; Lu et al. 2009). Conversely, cells also in-
duce stress-speci ¢ responses to aid survival for a particular condition (Stephen et al.
1995; Zuber 2009). The hypersaline-adapted, or halophilic, archaedalobacterium
salinarum is a model organism uniquely suited to study microbial stress response be-
cause it survives extremely high levels of ultra-violet (UV), reactive oxygen species
(ROS), heat shock, and other stressors in its desert salt lake niche (Ng et al. 2000;
Oren 2008). As suchH. salinarum has been extensively studied as a model sys-
tem for transcription regulatory network architecture and function in response to
stress (Schmid et al. 2009, 2011; Tonner et al. 2015; Todor et al. 2013, 2014). A gene
regulatory network inferred from transcriptomic data predicts that over 70 transcrip-
tion factors (TFs) may regulate genes whose products adjust physiology and repair
damage incurred by stress (Bonneau et al. 2007; Brooks et al. 2014). Network predic-
tions have been used to characterize the full set of TF target genes and physiological
roles of transcription factors that control the response to oxidative stress through
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RosR and AsnC (Sharma et al. 2012; Tonner et al. 2015; Plaisier et al. 2014), nutri-
ent availability through TrmB (Todor et al. 2014; Schmid et al. 2009; Todor et al.
2013), metals through SirR (Kaur et al. 2006), iron homeostasis through Idrl and
Idr2 (Schmid et al. 2011), and copper response through VNG1179C (Kaur et al.
2006; Plaisier et al. 2014). Despite this knowledge, the cellular regulators of growth
that respond to environmental perturbation remain understudied inH. salinarum
and other archaeal species. In particular, the phenotypic impact of mutations to
known transcription factors under alternate stress conditions|and the downstream

e ect of those mutations on the function of the global regulatory network|remain
unclear forH. salinarum (Brooks et al. 2014) and many other understudied microor-
ganisms (Yoon et al. 2011, 2013).

Here, we develop a Gaussian process (GP) regression model of microbial growth
to overcome the limitations of parametric growth modeling. GPs are distributions on
arbitrary functions, where any nite number of observations of the function are dis-
tributed as a multivariate normal (MVN) in a computationally tractable framework
(Rasmussen and Williams 2006). Because GP regression ts an arbitrary functional
form, it is able to model growth curves that deviate from a sigmoid form. We com-
pare our model with several primary parametric models and establish the ability of
GP regression to accurately model growth curves frol. salinarum under standard
and stress treatments across genetic backgrounds. We show that the tted GP model
recovers biologically interpretable measures of microbial growth. We develop statisti-
cal tests of di erential growth response between two experiments via data likelihoods
computed from the tted GP regression model. We call this model and testing frame-
work Bayesian Growth Rate E ect Analysis and Test(B-GREAT). To demonstrate
the general utility of B-GREAT, we applied it to yeast population growth data un-
der diverse stress conditions and genetic backgrounds (Liti et al. 2009). In badth
salinarum and yeast applications, B-GREAT recapitulates known di erential growth
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phenotypes and enables discovery of novel phenotypes.

2.2 Results

We developed a GP regression model to capture population growth data, and applied
this model to data from from severH. salinarum transcription factor (TF) mutants
(Table 2.1). The growth of these strains was compared to theura3 parent strain
from which the mutants were derived under optimum nutrient conditions (referred
to as \standard conditions") and chronic oxidative stress (see Materials and Meth-
ods). Optical density (OD), which quanti es cell density, was measured using a high
throughput plate reader (Fig. 2.1, Supplemental Fig. S1). Population growth phe-
notypes were measured in a minimum of twelve samples per mutant per condition,
sampled every thirty minutes over forty-eight hours for a total of 12,720 data points
(Supplemental Table S2.1). Chronic oxidative stress was induced by the addition of
0:333 mM paraquat (PQ) when the culture was inoculated. The growth rate of these
TF strains under standard conditions during log phase has been tested previously
(Plaisier et al. 2014; Kaur et al. 2006; Schmid et al. 2009; Schmid et al. 2011; Sharma
et al. 2012), but only the growth rates of TF knockout mutants asnC, trmB,
and rosR have been tested under PQ conditions (Plaisier et al. 2014; Schmid et al.

2009; Sharma et al. 2012; Table 2.1).
2.2.1 Gaussian process (GP) regression model of microbial population growth

In order to model the diverse growth phenotypes observed under both standard

and oxidative stress conditions, a probabilistic model of population growth was con-

structed using Gaussian process (GP) regression (Fig. 1; Supplemental Fig. S1).
GP regression is a Bayesian non-parametric model that describes the distribution
over a function f pxg of which any nite humber of observationstx;f pcquhave a

multivariate normal (MVN) distribution (see Materials and Methods) (Rasmussen
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Table 2.1: Strains used in this study and their known phenotypes and

functions.

strains analyzed are described in (Liti et al. 2009).

All phenotypes were previously quanti ed only in log phase. Yeast

Strain name Genotype standard paraquat Pathways Reference
growth exposure regulated

ura3 Parent strain n/a n/a n/a (Peck et al.
2000)

trmB ura3 slow growth | none Metabolism | (Schmid et al.

trmB 2009; Todor

et al. 2014

Todor et al.
2013)

roskR ura3 rosR | none slow growth | Oxidative (Sharma et al.

?ngasi? 2012; Tonner

et al. 2015)

idr 1 ura3 idrl | none not mea- | Iron home- | (Schmid et al.
sured ostasis 2011)

idr 2 ura3 idr2 | none not mea- | Iron home- | (Schmid et al.
sured ostasis 2011)

sirR ura3 sirR | none not mea- | Manganese | (Kaur et al.
sured uptake 2006)

VNG117C ura3 none not mea- | Copper up- | (Kaur et al.
VNG117C sured take 2006)

asnC ura3 slow growth | slow growth | Oxidative (Plaisier et al.
asnC %gfgi? 2014)

and Williams 2006). The GP model is described by its prior mean and covariance
functions ( pxgand px;xg respectively). In this study, prior mean pxqwas set
to 0, as is standard (Rasmussen and Williams 2006). The kernel function was set to
a radial basis function (RBF), ;xg de ning the covariance matrix of this MVN
distribution.

GP regression places a prior on all arbitrary functions mapping time to opti-
cal density, where the kernel function and parameterization encourages a specic
smoothness of the function. Independent and identically distributed (I1ID) Gaus-

sian noise with mean 0 and variance ? is assumed in each function observation
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y fmxg Np; 2g Estimating parameters of a GP regression model on micro-
bial growth data is performed by maximizing the data likelihood with respect to the
kernel function parameters (Rasmussen and Williams 2006). We refer to our model
(and associated tests, described below) Bayesian Growth Rate E ect Analysis and

Test (B-GREAT).
Evaluating kernel function choice for GP growth modeling

In order to ensure that our choice of RBF kernel function accurately represented
the data, we tested the use of Maern and linear kernel functions compared to the
RBF kernel function. Matrn kernels are stationary, like RBF kernels, and model the
covariance of data points as a function of their distance ix. Linear kernels are of the

o

form kpx; yq P . iXiyi, and the covariance increases with the magnitude of the
covariates (Rasmussen and Williams 2006). The GP model with each of the three
kernels was used to t growth data for the ura3 parent strain under standard
conditions. Model ts were assessed by the Bayesian information criterion (BIC,
Neath and Cavanaugh 2012). GPs with Maern and RBF kernels have lower BIC
scores than those with linear kernels, indicating that GP models with these kernels
are more likely than those with a linear kernel (Supplemental Fig. S2, Neath and

Cavanaugh 2012). From this we conclude that our use of RBF kernel functions is

su cient for these data.
B-GREAT outperforms primary growth models.

B-GREAT was used to t time series growth data fromH. salinarum ura3 par-

ent strain populations under both standard and oxidative stress conditions. In or-
der to benchmark GP regression as a model of microbial population growth, GP
prediction error was compared to those from four primary growth models: Gom-

pertz (Zwietering et al. 1990), population logistic regression (Zwietering et al. 1990),
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Schnute (Schnute 1981), and Richards (Richards 1959) (see Materials and Methods).
All of these primary growth models depend on parametersand ., correspond-
ing to lag time and maximum growth rate, respectively (Zwietering et al. 1990;
Baranyi and Roberts 1995), of a sigmoidal growth curve. Gompertz, logistic re-
gression, and Richards models also include a parameter for carrying capacig).(
Both the Richards and Schnute models include parameters that modify the sigmoidal
shape of the growth curve but do not have direct biological interpretations (Zwieter-
ing et al. 1990). The computational time to estimate classical growth parameters
was somewhat smaller for primary growth models than for GP regression, but the
di erence in time is negligible to the researcher (Supplemental Fig. S3).

To test model accuracy of GP regression against primary growth models, data
were randomly split into training and test sets including 80% and 20% of the data,
respectively. We calculated mean squared error (MSE) between test data and model
prediction given training data for each model under both standard conditions and
oxidative stress. The t to the data from all models was qualitatively (Fig. 2.1A)
and quantitatively (Fig. 2.1B) accurate under standard conditions. However, chronic
oxidative stress modi ed the growth trajectory ofH. salinarum populations such that
the data deviated from primary model assumptions (Fig. 2.1C), and MSE increased
by an order of magnitude across all methods besides GP regression (Fig. 2.1D). GP
regression MSE under both standard and stress conditions was signi cantly lower
than MSE for each of the primary models (one-sidetttest, p @ 10 °; Fig. 2.1 B
and D). Unlike primary models, the di erence in MSE between standard and stress
conditions for GP regression was only 2.6% (one-sidedest, p  0:90). This shows
that B-GREAT models growth data from populations grown under standard and
stress conditions with equivalent accuracy.

We next tested the accuracy of GP regression as a function of sampling den-
sity, both in the number of observed time points and the number of experimental
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replicates. We found that GP regression accuracy, measured using MSE, was rela-
tively stable as sampling density decreases, and error did not increase until less than
twelve replicates or eight time points were used for training (Fig. 2.1 E and F). The
maximum di erence in MSE as a function of replicate number was 10.5%, while the
maximum error as a function of time points was nearly ve times higher with eight
time points than with the original 96 time points. The increase in error as a func-
tion of a decrease in replicate number was gradual, while the error as a function of
time points had a sharp in ection point when less than eight time points were used.
Generally speaking, these error estimates are useful to guide experimental design for

time series growth data.
GP regression recovers parameters of primary growth models.

To enable a biological interpretation of GP growth curves and a quantitative compar-
ison with primary parametric model output, growth parameters of primary models|
A, max,» and AUC|were extracted from tted GP models (see Materials and Meth-
ods). GP estimates of these parameters under standard growth conditions for the
ura3 parent strain were well correlated with those from Gompertz regressior?(
0:903 for . andr?  0:947 forA, po 10 °, Pearson correlation; Fig. 2.2A and B).
Estimates of A from Gompertz regression were slightly higher than those from GP
regression for a subset of samples (Fig. 2.2B, Supplemental Fig. S4A). Conversely,
estimates of ,ax from GP were higher than those from Gompertz for three growth
curves due to instrument noise in the rst few time points (Supplemental Fig. S4B).
Despite these exceptions, the correlation in parameters was high across models.
GP regression estimates oA, ax, and AUC for the ura3 parent strain were
then compared with parameter estimates from seven TF deletion strains under both
standard and oxidative stress conditions. According to these parameters, some mu-

tant strains di ered from the ura3 parent under standard conditions, while others
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Figure 2.1 : GP regression outperforms primary growth models. (A) Com-
parison of GP regression and primary growth models (Gompertz, population logistic,
Schnute, and Richards) on microbial growth data under standard conditions. (B)
Logarithm of mean squared error (MSE) for primary growth models compared to
GP regression on microbial population growth under standard conditions. Bars with
an asterisk indicate a signi cant di erence between GP MSE and primary growth
model MSE as determined by a one-sidedtest. P-values of the signi cance are
indicated above the bars. (C) Comparison of GP regression and primary growth
models on microbial growth data under oxidative stress. (D) Logarithm of MSE for
primary growth models compared to GP regression on microbial population growth
under oxidative stress. Bars with asterisks as in (B). Measure of MSE as a function
of the number of replicates (E) and of time points (F) for GP regression. Solid lines
represent mean MSE and shaded regions represent empirical 90% con dence regions
calculated from three random samplings of data at each number of replicates or time
points.
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di ered under oxidative stress. For example, nax forthe trmB strain, a known nu-
trient responsive regulator, was lower than 5 for the ura3 strain under standard
conditions as expected from previous studies (Schmid et al. 2009; Todor et al. 2013;
Todor et al. 2014). Estimates ofA and AUC for the rosR strain were lower than

A and AUC for the other strains. We found signi cant di erences for one or more
parameters estimated from the Gompertz model betweenura3 and TF mutant
strains, except for asnC under paraquat stresst(-test, p @ 0:01; family-wise error
rate, FWER & 0:25; Supplemental Fig. S5, S6, Supplemental Table S2.2). Under
both standard and oxidative stress conditions, all strains were considered signi cant
for at least one growth parameter (Supplemental Figs. S5 and S6). Far sirR was
the only strain that was not signi cant under both conditions (Supplemental Figs.
S5 and S6). These results demonstrate that growth parameters estimated from GP
models are biologically relevant and comparable to those estimated using primary
models under standard conditions. GP has the added benet of estimating these
parameters accurately for stress conditions, although the biological interpretation

may di er from parameters estimated for standard conditions.

2.2.2 B-GREAT identi es known and novel di erential growth phenotypes under
standard conditions.

We next sought to identify di erential growth phenotypes of TF mutants versus the
ura3 parent strain under standard conditions. Testing for di erences in growth
phenotypes across strains using classical growth model parameters was di cult: a)
a separate test was conducted for each parameter; b) comparing variation between
multiple parameters was not straightforward because of di erences in magnitude
(Fig. 2.2C); and c) t-tests of classical growth parameters were overly sensitive, call-

ing nearly all strains signi cant for multiple parameters across conditions (Supple-

mental Figs. S5 and S6). To overcome these limitations, we developed a statisti-

22



Figure 2.2 : Growth parameters estimated using GP regression. Correlation
of parameter estimates of o« (A) and carrying capacity A (B) between Gompertz
and GP regression. Dotted line represents the lilig  x. (C) Posterior represen-
tations of growth parameters na, carrying capacity, and AUC are shown for each
strain under standard conditions (blue) and oxidative stress (red). Points represent
posterior mean, and error bars indicate 95% credible regions.

cal test using Bayes factors (BFs) based on our GP regression model. B-GREAT
was designed to capture di erences across the entire time series, irrespective of the
magnitude and shape of the deviation. Speci cally, B-GREAT compares the data
likelihood under two models, the null and alternative models. For the sake of e -
ciency, point estimates of the GP regression hyper-parameters are computed instead
of integrating over their uncertainty, making our BF estimates approximate (Kass

and Raftery 1995; Stephens and Balding 2009). For the null modét;, we used
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f pgimeqg which indicates that the population growth under the condition of interest
is the same between parent and mutant strain. For the alternative modeH », we
usedODpime, straing f gime, straing which represents the function of the optical
density at a given time and for a speci ¢ strain, where a strain value of 0 or 1 indi-
cates parent strain or mutant strain, respectively. The covariatstrain was added to
the model by extending the RBF kernel of the GP to an additional input dimension
(Rasmussen and Williams 2006). The alternative model assumes that a given mutant
population has a di erent growth response phenotype than the parent strain, while
sharing some characteristic shape through thi#me covariate (Fig. 2.3A). Typically,
larger BFs indicate evidence for the alternative hypothesis, suggesting di erential
growth across the covariate (Kass and Raftery 1995).

In order to compute the statistical signi cance for our test of di erential growth,
we used permutations to calibrate the false discovery rate (FDR) of our BFs (Stephens
and Balding, 2009). To do this, we developed a permutation framework to quan-
tify the distribution of the test statistic under a null hypothesis (see Materials and
Methods). Speci cally, across growth data for both parent and mutant strains, the
label of strain background was randomly permuted for each time point. Values were
permuted so as to maintain the underlying distribution of strain labels present in
the original data. We performed 100 permutations that represent an empirical null
distribution for each BF test, and BF scores corresponding to FDR 20% were
considered signi cant (Stephens and Balding 2009). Using an estimate of the dis-
tribution of the test statistic under the null hypothesis, we quanti ed the FDR for
a given test statistic threshold (Mangravite* et al. 2013). We performed calibration
via permutation in lieu of using a test statistic that has an approximate 2 distri-
bution for more precise calibration at the cost of additional computation (Fusi and
Listgarten 2016).

BF scores calculated from B-GREAT ts on growth curves for each mutant
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Figure 2.3 : H. salinarum  mutants with signi cant growth phenotypes

under standard conditions.  (A) Population growth data and GP model t of H.
salinarum parent strain ura3 (top) and trmB (bottom) under standard growth.
Light grey curves represent growth samples of each strain in di erent wells. Solid
black lines and shaded grey region indicate mean and 95% credible region of the GP
model t to the growth data, respectively. A single GP model was t (Eq. 2.16) and
separate growth predictions made for ura3 and trmB (see Materials and Meth-
ods). (B) Bayes factors for each mutant strain are shown as blue bars. Permuted
BF scores representing an FDR: 20% is indicated by the green line. Strains with

a BF score with FDR & 20% are in red italics. (C) The di erence in growth level
between trmB and ura3 using the prediction of growth from the GP model. The
solid line indicates mean di erence and the shaded region is the 95% credible region.
Regions where the 95% credible region does not include 0 suggest that the growth
between the two strains is di erent at that time point with high probability. (D)
Predicted di erence between mutant and parent strain population growth using pos-
terior function distributions as in the previous panel. Red and blue regions indicate a

i 95% probability that the mutant population growth is either higher or lower than
the parent strain, respectively. Strains with OD 95% credible region not including

0 at any time point are in red italics. 25



strain represent the overall e ect of the strain background on population growth.
B-GREAT found that ve of the seven TF mutants had signi cant BFs under stan-
dard growth conditions, meaning that the mutant strain showed di erential growth
compared with the parent strain (FDRa 20%), including asnC, trmB, rosR,

idr2, and idr 1 (Fig. 2.3B). To gain further biological insight into the phenotypes
of the ve strains with di erential growth, we developed a second metric, OD, that
guanti es the di erence in parent and mutant strain population growth at each time
point (see Materials and Methods, Eqg. 2.20; Supplemental Fig. S7; Benavoli and
Mangili 2015). This di erence is computed using the posterior estimates of parent
and mutant strain growth of the tted B-GREAT model. As we are interested in dif-
ferences in the actual growth of strain populations, and not di erences arising from
noise in growth measurements, OD is computed using posterior estimates of the
underlying growth function without local Gaussian noise. Speci cally, we computed
the probability of the mutant strain growth conditioning on the parent strain growth
at each observation time point according to the MVN distribution. We thresholded
this probability at 95% to quantify a growth di erence between parent and mutant
strain at each time point.

As in previous work (Schmid et al. 2009), OD showed that trmB grows more
slowly than the ura3 parent strain throughout the time course (Fig. 2.3C and D).
In contrast, idr1 and idr2 grow more slowly than the parent strain during expo-
nential phase, but reach higher cell densities during the latter portion of the growth
curve (Fig. 2.3D). rosR exhibits the opposite growth pattern. The fth strain with
a novel di erential growth phenotype, asnC, is impaired for growth throughout the
time course. Although the growth of idr1, idr2, rosR, and asnC strains has
been studied during log phase under standard growth conditions previously (Schmid
et al. 2011; Sharma et al. 2012; Plaisier et al. 2014), these represent novel stationary

phase phenotypes. Taken together, these results demonstrate that B-GREAT and
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the OD metric provide a simple, biologically interpretable test of signi cance of

di erential growth that captures the complexity of growth phenotypes.
2.2.3 ldenti cation of di erential growth phenotypes in response to oxidative stress.

We next used B-GREAT to quantify the change in population growth of the TF
mutants and ura3 under chronic oxidative stress. The previous model of growth,
f gime, straing was extended to include an e ect of PQ and an interaction term be-
tween strain and PQ stressf gime, strain, mM PQ, (mM PQ strain)q(Eq. 2.17).
Here, mM PQ P t0; 1u represents the presence or absence of oxidative stress in the
culture (Fig. 2.4A and B, green curves). The interaction term mM PQ  strain P
t0; 1u is equal to 1 only for the mutant strain under oxidative stress, and O other-
wise, and was included to test for di erential growth of each mutant strain specic
to oxidative stress (Fig. 2.4B, purple and green curves). The BF for this condition
calculates the relative likelihood of the data with or without the interaction term mM
PQ strain (alternative and null models, respectively). This test statistic quanti es
di erential strain growth under oxidative stress while controlling for di erences in
growth between parent and mutant strain under standard conditions. The OD test
was computed as the di erence between mutant strain growth with or without the
interaction term mM PQ  strain (Fig. 2.4C).

This extended B-GREAT framework detected signi cantly reduced growth rela-
tive to the parent strain for sirR during the later stages of the time series under
oxidative stress (OD 95% CI; BF FDR & 20%; Fig. 2.4C, D, E). sirR was previ-
ously implicated in regulating genes involved in metal ion uptake (Kaur et al. 2006),
but not in oxidative stress. No other strains were determined to have a signi -
cant growth impairment or improvement under PQ stress when di erences in strain
growth under standard conditions were controlled for in the model (Supplemental

Fig. S8). These results indicate that it is straightforward to extend B-GREAT to
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Figure 2.4 : H. salinarum  mutants with signi cant growth phenotypes

under oxidative stress. Example of population growth data fromH. salinarum

for mutant strain  ura3 (A) and sirR (B) under standard conditions (black) and
chronic oxidative stress (green). Each curve represents a di erent sample of an exper-
imental condition. Gaussian process predictions for these conditions are shown as a
solid line (mean) and shaded region (variance). The purple line represents the growth
prediction when the Strain mM PQ interaction term is 0. (C) Di erence computed
between the mutant growth level with interaction term (Strain mM PQ 1) and
mutant growth without interaction (Strain ~ mM PQ 0), solid lines represent
mean and shaded regions indicate 95% credible regions. (D) Functional di erence
and permuted BF scores for mutant strains in response to oxidative stress. Func-
tional di erence is computed between mutant strain with and without an interaction
term between mutant and stress condition. (E) BF score and permuted BFs for each
strain are shown, where blue bars and green line represent observed BF and FDR
a 20% threshold, respectively. Strains with FDRa 20% are in red italics.
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control for known di erential conditions to enable the discovery of novel di erential

growth phenotypes for previously characterized TF mutant strains.
2.2.4 Meta-analysis improves di erential growth phenotype detection.

The strain  rosR is a known oxidative stress regulator that has previously been
shown to regulate oxidative stress under both paraquat and hydrogen peroxide ex-
posure (Sharma et al. 2012; Tonner et al. 2015). Surprisingly, this strain did not
exhibit a signi cant di erential growth phenotype versusthe parent strain under
oxidative stress in our study (Fig. 2.4D, E). In order to determine the source of
this discrepancy, we compared the growth data for rosR generated for this study
to data from a previous study (Sharma et al. 2012) (Supplemental Fig. S9). We
observed that ura3 reached a higher cell density in stationary phase thanrosR
under standard conditions, showing a signi cant BF score (FDR 20%) in our study
(Fig. 2.3B). Thus, controlling for the di erential growth of the strain under standard
conditions removed the di erential stress condition phenotype. This di erence dur-
ing stationary phase under standard conditions was observed but not quanti ed in
the previous study because only log phase was considered (Sharma et al. 2012).
To combine data from this study and from the previous study, we built a hier-
archical GP model of growth that corrects for di erences arising between batches of
experiments (see Materials and Methods) (Hensman et al. 2013b). Under this model,
an shared growth functiongp gis estimated using a GP whose covariates match those
in Eq. 2.17. Then systematic variation between the two studies was modeled as two
GPsf, and f,, whose means are given by the shared growth functigp q Under
this design, g represents the true growth phenotype of rosR when corrected for
study e ects, and f; and f, represent the growth phenotype with study-speci c ef-
fects included (Fig. 2.5A, B). From this model, we calculated the di erence in rosR

growth with and without the (mM PQ strain) interaction term. Once the varia-
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Figure 2.5 : B-GREAT model of rosR growth in response to oxidative
stress across multiple studies. ura3 (A) and rosR (B) growth data under
standard conditions (black) and oxidative stress (green). Individual samples from this
study (left) and previously published data (center, Sharma et al. (2012)) are shown
as shaded lines. B-GREAT model prediction for each condition is shown as solid
line and shaded region for mean and 95% credible region, respectively. The growth
prediction for the underlying growth function estimated across studies is shown in
the right column. (C) The dierence between rosR and ura3 growth for the
underlying growth function corrected for batch e ects, which shows an increased
susceptibility of rosR to oxidative stress relative to the parent strain. (D) logBF q
compared to permuted scores from the null distribution. Bar and line represent
observed BF and FDRa 20% threshold, respectively.

30



	Abstract
	List of Tables
	List of Figures
	List of Abbreviations and Symbols
	Acknowledgements
	1 Introduction
	1.1 Microbial physiology
	1.2 Halophilic Archaea
	1.3 Gaussian processes
	1.3.1 Bayesian Gaussian process models

	1.4 Outline of dissertation

	2 Detecting differential growth of microbial populations with Gaussian process regression
	2.1 Introduction
	2.2 Results
	2.2.1 Gaussian process (GP) regression model of microbial population growth
	2.2.2 B-GREAT identifies known and novel differential growth phenotypes under standard conditions.
	2.2.3 Identification of differential growth phenotypes in response to oxidative stress.
	2.2.4 Meta-analysis improves differential growth phenotype detection.
	2.2.5 B-GREAT identifies significant growth phenotypes across strains of yeast.

	2.3 Discussion
	2.4 Materials and Methods
	2.4.1 H. salinarum growth data
	2.4.2 Yeast population growth data
	2.4.3 Gaussian process regression of microbial population growth data
	2.4.4 GP growth curve metrics
	2.4.5 Primary growth models
	2.4.6 Testing for differential growth using Bayes factors
	2.4.7 Differential mutant growth phenotypes
	2.4.8 Differential response to stress conditions across strains
	2.4.9 Modeling batch effects and testing for differential effects across studies
	2.4.10 Computing differences between population growth across time series (OD)
	2.4.11 Applying B-GREAT to yeast population growth data

	2.5 Data Access

	3 Systematic discovery of archaeal transcription factor functions in regulatory networks through quantitative phenotyping analysis
	3.1 Importance
	3.2 Introduction
	3.3 Results and Discussion
	3.3.1 Identification of transcription factor candidates
	3.3.2 Quantification of significant differential growth of TF knockout strains under stress
	3.3.3 Phenotype network analysis reveals extensive cross-regulation of stress responses by TFs.
	3.3.4 The structure of the gene regulatory network corresponds strongly with TF physiological functions
	3.3.5 Validation and characterization of novel TF functions

	3.4 Conclusions and Perspectives
	3.5 Materials and methods
	3.5.1 Culturing and construction of transcription factor mutants
	3.5.2 Growth curve assays
	3.5.3 FANOVA growth curve model framework
	3.5.4 Determination of significant growth phenotypes
	3.5.5 Transcript quantitation with qRT-PCR
	3.5.6 CspD1 validation experiments
	3.5.7 General statistical methods used for analysis of validation experiments.
	3.5.8 Data availability

	3.6 Funding and Support

	4 Hierarchical Bayesian Modeling of Functional Phenotypes
	4.1 Introduction
	4.2 Results
	4.2.1 A Hierarchical Bayesian Model of Functional Phenotypes
	4.2.2 Random effects in population growth data
	4.2.3 Control of random effects under a single condition
	4.2.4 Control of random effects under multiple conditions

	4.3 Discussion
	4.4 Materials and Methods
	4.4.1 Experimental Growth Data
	4.4.2 Parametric model estimation
	4.4.3 Gaussian Processes
	4.4.4 Source Code

	4.5 Supplementary Material

	5 Conclusion
	5.1 Summary
	5.2 Future Directions
	5.2.1 Extensions of Gaussian process population growth modeling
	5.2.2 Joint model of microbial population growth and gene expression
	5.2.3 Alternative measures of microbial population growth

	5.3 Conclusion

	Bibliography
	Biography

