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Abstract

Stochasticity is an inherent feature of complex systems with nanoscale structure. In such
systems information is represented by small collections of elements (e.g. a few electrons on a
quantum dot), and small variations in the populations of these elements may lead to big
uncertainties in the information. Unfortunately, little is known about how to work within this
inherently noisy environment to design robust functionality into complex nanoscale systems.
Here, we look to the biological cell as an intriguing model system where evolution has mediated
the trade-offs between fluctuations and function, and in particular we look at the relationships
and trade-offs between stochastic and deterministic responses in the gene expression of budding
yeast (Saccharomyces cerevisiae). We find gene regulatory arrangements that control the
stochastic and deterministic components of expression, and show that genes that have evolved to
respond to stimuli (stress) in the most strongly deterministic way exhibit the most noise in the
absence of the stimuli. We show that this relationship is consistent with a bursty 2-state model
of gene expression, and demonstrate that this regulatory motif generates the most uncertainty in

gene expression when there is the greatest uncertainty in the optimal level of gene expression.



Nanoscale science, engineering, and technology aspireto usher in a new level of technology
wher e engineer ed systems embody complex functionality such as self-or ganization, self-
repair, and adaptability. Theresearch community has aggressively pursued the science to
meet these expectations, with the most significant results seen in the synthesisand
characterization of nanoscale materialsthat exhibit extraordinary physical, chemical, or
biological functionality controlled by their nanoscale structure. Yet, the highest levels of
functionality are envisioned from the collective behavior s of interacting nanoscale
components, and the question shiftsto how these materials should be organized into
ensemblesthat exhibit the highest levels of functionality. The best examples of high levels of
functionality emerging from ensembles of nanoscale elements are found in biological cells
wher e complex functionality such as sensing, communication, navigation, and cooper ation,
has evolved. Aswe look to cellsto learn design principlesthat apply at such high levels of
scale and complexity, we see striking differences between natural and synthetic systems.
For example, most often in engineered systems fluctuations (or noise) are minimized to the
point of insignificance, yet these fluctuations are an inherent and inescapable featurein
cells. A typical cell may contain 50M molecules of a few thousand different types, and the
fluctuationsin any one molecular population could vary from negligibleto dominant. The
noise in any one molecular species could be made negligiblejust by the selection of a large
population for that species, but only at the cost of moving this noise to other molecular
gpecies. That is, thereisaloose sort of conservation of fluctuationsthat leavesthe
distribution of this conserved stochasticity acrossthe functional elements asthe choice left
to the system. At present there are no design rulesto guide how such a distribution should

be madein engineered systems, so here we look to the biological cell asan intriguing model



system wher e evolution has mediated the trade-offs between fluctuations and function. We
focus on therelationships and trade-offs between stochastic and deter ministic responsesin
the gene expression of budding yeast (Saccharomyces cerevisiae). We find gene regulatory
arrangementsthat control the stochastic and deter ministic components of expression, and
show that genesthat have evolved to respond to stimuli (stress) in the most strongly

deter ministic way exhibit the most noise in the absence of the stimuli. Thisstudy provides
another example of the exciting era that biological sciences have entered wher e extensive
experimental databases enable the mapping of complex system principles, which may be
the only approach to under standing therulesthat enable a new design science for synthetic

complex nanoscale systems.

I ntroduction

Advances in nanoscale fabrication, assembly and characterization are providing the tools to
construct dense, distributed, and highly interconnected information processing systems'.
However, as these synthetic systems approach such levels of density and complexity,
fluctuations become a major challenge to the representation and processing of information.
Stochasticity is an inherent feature at the nanoscale as information is represented by small
populations of objects. Unfortunately, very little is known about how to design robust function
into synthetic, dense, highly interconnected, and highly stochastic systems, and here we look to
the biological cell to understand how deterministic and stochastic responses are balanced to

achieve complex function.

At the extremes of density and complexity, the biological cell presents an intriguing model

system where evolution has mediated the trade-offs between fluctuations and function. For



example, a typical cell may contain 50 million molecules of a few thousand different types, and
the fluctuations (noise) in any one molecular population could vary from negligible to dominant.
The fluctuations in any one molecular population could be made negligible just by the selection
of a large population for that molecular species. However, because of the bounded, crowded
environment of the cell, such a selection made in favor of one molecular species comes at the
cost of moving this stochasticity to other species. Consequently, the choice made at the system
level is the distribution of stochasticity across the functional elements. Although selection
processes have optimized the distribution of stochasticity across elements in natural biological
systems, at present there are no design strategies to guide how such a distribution should be
made to enhance function in engineered systems. Conversely, over the last several years the new
field of Noise Biology has started to uncover some of the fundamental principles of noise
structure and function in cellular systems with the eventual goal of implementing these design

principles in engineered systems.

Noise Biology focuses on the sources, processing, and functional consequences of the
inherent stochastic fluctuations in the molecular populations that store and process information in
individual cells®. In these systems there is competition between the benefits of low noise and
those of low population that has produced an uneven distribution of stochasticity across the
molecular components of cells. In contrast to stochastic gene expression is phenotypic plasticity,
the ability of an organism with a given genotype (genetic sequence) to change its phenotype
(represented here as gene expression profile) in response to changes in the environment.
Plasticity is a deterministic response to a stimulus, while stochasticity is a random response. In
the former, the gene network of the organism has evolved to respond with deterministic and

optimized expression levels to a specific perturbation. On the other hand, stochastic gene



expression does not necessarily respond to a given perturbation. It is ‘un-programmed’ and
perhaps provides the mechanism for an organism to hedge its bets against sudden changes in the
environment by distributing diverse gene expression profiles across a cellular population. Here
we examine the system-wide distribution and structure of noise in Saccharomyces cerevisiae

(budding yeast) and focus on the relationships between gene circuit plasticity and stochasticity.

Noisein genetic circuits

A simple birth-death process (e.g. constitutive protein expression; Fig. la) illustrates the
origin of intrinsic noise in genetic circuits. In this example the time evolution of the population
of molecule M, M(t), may be modeled using (Fig. 1b)

dM (1)
dt

M@y=ZL(i-e
() 7( )
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where a is the average rate of production and vy is the rate constant for decay of molecule M (rate
of decay = yM(¢)). However, this continuous representation neglects the random timing and
discrete nature (integral numbers of molecules) of molecular transitions (Fig. 1b), while an actual
time evolution could follow any one of a number of possible trajectories (Fig. 1c). Here we
define the noise in any individual trajectory as the difference between that trajectory and the

average of all trajectories (Fig. 1c).

The magnitude of this noise is most often quantified using the square of the coefficient of

variation, or CV?, which is the variance of the noise divided by the square of the population



mean. It can be calculated by examining an ensemble of many trajectories at a single point in
time, as given by flow cytometry, or from single trajectories over time, as given by fluorescence
microscopy. If we assume that molecules are produced in processes governed by Poisson

statistics (an assumption that tends to underestimate the magnitude of the noise) we find that

oy =(M)
1, )
CVi=—to~ —

(M) (M)

where o;, and <M> are the variance and mean population of molecule M.

A particularly important question in noise biology is the extent to which stochastic
fluctuations are used for a functional benefit. There are three possible consequences of noise
within a specific gene circuit: (1) noise plays little or no role in function; (2) noise is detrimental
to function; or (3) noise is an important functional component. Some studies have supported a
noise picture consistent with the first two of these consequences. For example, Fraser et al.
found that the production of essential and complex-forming proteins involved lower levels of
noise than the production of most other genes °, implying that natural selection has distributed
the noise to populations where it will do the least harm while minimizing noise in protein
populations where it may be detrimental. Conversely, biological systems have found strategies
to make functional use of the noise, including the control of the swimming and tumbling periods
of bacteria during chemotaxis *, stochastically-driven phenotype variability in the response to
mating pheromone in yeast >, and fitness enhancing phenotypic individuality in microbial

6-8
cultures .



Along these lines, following from an earlier theoretical study from the same lab ° Acar et al.
used an engineered S. cerevisiae strain that stochastically switched between two environmental
growth phenotypes and revealed a fitness advantage when stochastic properties were matched
between phenotypic stochastic switching and environmental fluctuations '°. This result suggests
that in nature, cells may tune the stochastic fluctuations in gene expression to match the
stochasticity of environmental variations, and that under the right conditions a population derives
an advantage by stochastic phenotype switching compared to the energy and resources required
to sense and respond when challenged by a varying environment ®°. That is, there is a trade-off
between the costs and benefits of stochastic and deterministic strategies for responding to
fluctuating environments. Understanding these trade-offs requires an examination of the system-

wide distribution of stochasticity and plasticity.

System-wide noise

Over the last several years there has been a significant body of work focused on quantifying

. . . . . . . . 11-1 17-1
stochastic fluctuations in gene expression, including measurements with bacterial '''®, yeast '""'°,

20-22

and mammalian cells. While much of this work has focused on individual or small networks

11-13,15-19

of synthetic or natural > gene circuits, some studies have started to look at the

242 .
% One of the most extensive

distribution of noise across larger systems of gene circuits
genome-wide noise magnitude studies to date was reported by Newman e al. in 2006 ». Using
both rich (YPD) and minimal (SD+) growth media, Newman et a/. measured the noise in the
populations of more than 2000 proteins in yeast using flow cytometry and found that most

proteins displayed the inverse relationship between protein abundance and noise described in

equation (2).



For our study of the relationship between noise and plasticity we focus on proteins that
exhibit noise that exceeds the level predicted by the protein abundance. Newman et al.
quantified this ‘excess’ noise as the difference (DM) between the measured noise and the noise
expected at that protein abundance. In our current study we use the minimal medium (SD) DM

measurements reported by Newman ef al.

System-wide plasticity

While stochasticity is defined as variation that occurs irrespective of the presence of a
stimulus, plasticity is defined with respect to variation in gene expression that occurs in concert
with stimuli. We begin by considering a system consisting of genes i=1, 2..../ whose
transcription level (as measured by mRNA abundance) is determined in environments j=1,

2.....J. We define the relative transcriptional response of gene i to environment j, e;;, as

m,,
e; = logz[—”J
o

where m;y is the mRNA level in some reference (unstressed) environment. Using a definition

3)

similar to Promislow’s 2005 phenotypic plasticity study *’ we define the average transcriptional

response, E;, and environmental transcriptional plasticity, Pl;, of gene i, as follows:

(4)

Z €
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where Teiy 1 the variance of e; across the J environments. P/; then is a measure of how much

gene i changes expression in response to environmental variation. Low plasticity implies that
expression either remains fairly constant regardless of environmental condition, or that any
significant changes in expression occur in very few different environments. Conversely, high

plasticity suggests significant expression changes in response to many different environments.

For our study, we extract measures of plasticity from the report of Gasch et al. that describes
an extensive genome-wide stress response microarray study in yeast **. The study employed 13
stressors that included heat shock, hydrogen peroxide, amino acid starvation, and nitrogen
depletion. All of the stressors were applied at various strengths for a total of 173 measured
environments. Each environment had a separate microarray containing the ~6200 genes of the
yeast genome. In brief, when the budding yeast is subjected to stress it stops growth by
repressing ~600 genes and reallocates its expression capacity to the induction of ~300 stress
response genes. This large-scale switching between the growth and stress states was coined the
environmental stress response (ESR) and is executed by highly coordinated gene regulation.
Expression from non-ESR yeast genes clustered in the region defined by near zero average
transcriptional response and low plasticity (~5k genes, Fig. 2a), i.e. the region where expression
is little changed by environmental stimuli. The minority of genes with the highest levels of
plasticity (the ~900 ESR genes) are most often found associated with either highest or lowest

average transcriptional responses (Fig. 2b).

Regulatory arrangements that control noise and plasticity

To begin exploring the relationships between stochasticity and plasticity, we first consider

three different gene regulatory arrangements that control expression. First we consider the



presence or absence of a TATA box (5'-TATAAA-3' or other variant), which is a core promoter
motif present in ~20% of all S. cerevisiae genes *° and in ~24% of human genes **. The TATA
box is a competitive binding site for histones and transcription factors and is generally associated
with greater expression noise . Here we rely on the database provided by Basehoar et al. *° to

determine which yeast genes contain TATA boxes.

Next we consider the co-activation complexes involved in the coordinated regulation of the
yeast stress response versus growth and housekeeping genes. TFIID is known to regulate ~90%
of the measureable genome while the SAGA complex only regulates ~10% of the measurable
genome °'. Here we rely on the data reported by Huisinga et al. *' to identify the co-activation
complexes responsible for regulating the expression for each of the genes considered in our

study.

Finally, we consider the nucleosome occupancy pattern near the transcriptional start sites
(TSS) of the genes considered here. In our study we rely on the high resolution atlas of yeast
nucleosome occupancy patterns reported by Lee et al. This study covered over 80% of the yeast
genome °* and characterized nucleosome occupancy patterns at +/- 400 bp from the TSS of each
gene. We will use the four occupancy motifs (identified here as clusters 1-4; Fig. 3) Lee et al.

generated with k-means clustering using the Euclidean distance metric.

Results

We used the first two regulatory elements described above to segregate the yeast genes into
4 main categories: TATA-SAGA; TATAless-SAGA; TATA-TFIID; and TATAless-TFIID.

Each of these were further divided into 1 of 4 sub-categories (nucleosome occupancy pattern



clusters) such that there were 16 distinct grouping of genes. An average DM and plasticity were
calculated for genes where both their TATA/TATAless and SAGA/TFIID architecture were
reported in the datasets. These averages did not include any genes for which the architecture was
unknown or ambiguous. The averages were also calculated separately for each of the 4

nucleosome occupancy pattern clusters.

Excess noise was strongly dependent on the gene main category with the average DM of
TATA-SAGA an order of magnitude greater than that for TATAless-TFIID (Fig. 4, upper). This
result is not surprising as TATA box genes tend to have higher noise levels due to transcriptional
bursting **°. TATA-containing promoters are often associated with stress-response functions *’,
and it may be that the TATA-generated DM provides a noise-mediated benefit for the response
to acute environmental stress®. Conversely, TATA-less promoters are often associated with
housekeeping functions > where noise may be detrimental or have little impact on function. The
SAGA or TFIID classification had an even greater effect on DM than TATA, with TATAless-

SAGA having higher noise than TATA-TFIID.

For the case of nucleosome occupancy clusters, cluster #1 had ~4x the excess noise as
compared to clusters #3 & #4 which had similar low levels of excess noise. Using gene ontology
132

(GO) analysis, Lee et al reported an enrichment in stress response genes in cluster #

consistent with the high excess noise in TATA architectures (Fig.4 upper).

Intriguingly, high noise architectures were also high plasticity architectures, as plasticity
follows exactly the same pattern as DM (Fig. 4). Accordingly, there is a strong positive
33-34

correlation between DM and plasticity, consistent with additional findings in recent studies

With respect to nucleosome occupancy cluster and the 16 distinct architecture subgroups (Fig.



5), DM and plasticity followed a similar pattern for all main categories except TATAless-TFIID,
with clusters 1 and 2 associated with higher DM and plasticity than clusters 3 and 4 (Fig. 5). The

TATAless-TFIID genes had very low DMs that had little or no correlation with plasticity.

Discussion

On first inspection, the strong positive correlation between DM and plasticity is surprising
as one might have expected a large degree of plasticity (expression varying in a deterministic
way in response to environmental signals) to instead be associated with low levels of random
variability (Fig. 6). This expectation would be consistent with a hypothesis where noise is used
as a bet hedging strategy when the optimal expression level is unknown. However, closer
inspection indicates that our results and this bet hedging hypothesis are not at odds. The TATA-
SAGA genes that have the highest DM and plasticity are often associated with stress-response
functions *°, and their plasticity implies that an optimal expression level is known, but only for
stressful environments. In the non-stressed environment where DM was measured, the optimal
expression level for stress genes is unknown, response attempts to anticipate a randomly timed
environmental stress, and the high level of noise is coincident with a high level of uncertainty in

the proper gene expression level.

The relationships between DM and plasticity presented here are consistent with a gene
expression model dominated by 2-state transcriptional bursting '®***7. Transcriptional bursting is
a model of gene expression where the expression rate is controlled by switching between discrete
high and low transcriptional rates. The average rate is determined by the fractional amount of
time spent in each of the two states. This model is consistent with transcription controlled
through protein—DNA interactions at an operator site within the gene promoter region or with the

bursty expression of genes compacted in chromatin. To illustrate the model we present equations



adapted from an earlier analysis *® with the simplifying assumptions that the low expression rate
is 0, and that other than burst dynamics there is only one dominant time constant (assumed here

to be protein decay time) represented by the rate constant y,,.

Transcriptional bursting may be represented using three model parameters (Fig. 7): (1) the
transcription rate in the high expression state, a; (2) the fraction of time spent in the high
expression state, O, which we will also refer to as the ‘on fraction’; and (3) the kinetics of the
switching between off and on expression states, which is represented by & (referred to here as the
burst kinetic rate), the sum of koy and kopr (see Fig. 7). As previously shown **, with these

assumptions, the autocorrelation function of the noise, ®(7), is

2
(1) z“—%be(‘mh(“% ] 1=0) 7 _jni, kK el (g

]

where b is the translational burst rate (average number of proteins translated from each mRNA).

P

The average protein population, <p>, is

Y, (7)

and

cv:\/q’(o) z\/imckw. )



where Cj approaches 0 for fast bursting (k>>y,) and approaches 1 for slow bursting (y, >>k).
The first term under the radical on the right, referred to as the shot-noise term®, is most
prominent at low protein population (<p>), high on fraction (O), or fast burst dynamics (low Cy).
Conversely, the second term on the right, referred to as burst noise, is most prominent for high
<p>, low O, or slow burst dynamics (C; = 1). For model clarity, exact stochastic simulation
utilizing the Gillespie algorithm® was performed to generate time-dependant gene expression
trajectories for constitutive gene expression where O = 1 (shot noise dominated), and noise
magnitude is low (CV = 0.1, Fig. 8a), and transcriptionally bursty gene expression where O =
0.25 (burst noise dominated), and noise magnitude is high (CV = 1.14, Fig. 8b). Transcription
rate (o) was adjusted to get the same mean protein abundance for both simulations, even though
their stochastic behaviors are drastically different (Fig. 8). The excess noise, DM, is generated by

the burst noise and can be approximated as

DM = wakﬂ_ Lb, 9)
{p) o \{p)
If the shot noise term is dominant, then DM = 0. Conversely, if the burst noise term is dominant

the maximum excess noise is

pv. = |c 1=9)

max O (1 0)
Plasticity is a measure of the variability of the protein population in response to

environmental signals. The protein population,

{p)=Ca0 (11)



(we use the constant C to represent b/y, that we assume does not vary) can be controlled through

variation of O, a, or both, such that plasticity (P/)
Ple<(p) . ~(P).. = C((20),,,~(00),,) (12)

If only « is responsive to stress

Pl o< CO(@, — 1) 13)
and
DM . =.|C, (l _00) =constant for all <p> (14)

For large plasticity, O—> 1, in which case

DM .. =.C, M —0
© (15)
In this case, high plasticity is found in combination with low excess noise.
Alternatively, if only O is responsive to stress
Pl Ca(O,, -0, ) (16)

and high plasticity is gained for low Oy, and high Op,x, such that high excess noise

DM ~ Ck (1 _Omin)
min (17)

is found in concert with high plasticity in the non-stresses environment. It is also important to

note that

DM ~ ckw—w, (18)

indicating that the excess noise is much reduced when the gene is expressed in the stressed

environment where the optimal expression level is more certain.



Our results suggest that plasticity and stochasticity are not only actively regulated in
complex genetic systems, but are also co-regulated. This co-regulation is correlated with
specific regulatory architectures, which likely control both through the manipulation of
transcriptional bursting. At least for the stress genes it appears that the expression level is varied
by controlling the on fraction of the transcriptional bursts. This arrangement provides for the
most noise to be exhibited when the optimal expression level is the most uncertain, and may
represent a bet hedging strategy where noise in expression is used to anticipate future stresses.
Alternative systems biology methodologies for studying gene expression relationships and gene
network inferences exist. Here a combined analysis of dynamic time-dependant gene expression
signatures are mapped onto the genetic network *’. Graph theory methods are then used to find

4142 The time-

significant subgraphs of well connected genetic activity and architectures
dependant kinetic analysis of stochastic and plastic gene expression is of great interest and would
yield important insights as the biological system is intrinsically dynamic with transient regulation
and expression patterns and environmental conditions are time-dependant as well. In the current
study we confine ourselves to a steady-state gene expression picture as currently no relevant

genome-wide time-dependant gene expression databases in both healthy and stressful conditions

exist for the budding yeast.

On the whole the heavily studied S. cerevisiae enabled us to explore genome-wide plastic
and stochastic gene expression relationships in a complex and highly dimensional system. We
learned that distinct regulatory architectures occupy and function in specified regions of the
stochastic versus plastic gene expression space. We observed that stochasticity and plasticity are
positively correlated, and specifically that stress genes with TATA-SAGA regulatory

arrangements display the most noise in unstressed environmental conditions. This behavior is



consistent with a 2-state transcription burst model where the plasticity is achieved through
modulation of the burst duration (on fraction), a condition that generates the greatest excess
noise when the gene is expressed at its lowest level.

This study provides another example of the exciting era that biological sciences have
entered. Here we have elucidated organizational principles relating two complex system traits of
stochasticity and plasticity. We utilized a total of 5 genome-wide yeast studies; two gene
expression studies to quantify stochasticity and plasticity; and three architecture studies for the
presence of TATA boxes, co-activation complexes, and nucleosome occupancy patterns. This
empirically driven approach to mapping out complex system principles may possibly be the only
solution to mapping the system’s complexity when dimensionality is too high to apply first
principles reasoning. Furthermore, as nanoscience attempts to create de novo complex nanoscale
systems, these studies of biological systems may be the only guides to aid in the development of

a new design science.
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Figure 1: Noisein molecular populations. (a) A simple birth-death molecular process and (b)
the deterministic and stochastic rise to steady-state molecular population level (a/y). (C) A family
of possible stochastic trajectories for the birth-death process. The smooth curve represents the
average of all possible stochastic trajectories. The noise for any of the possible trajectories is
found from the difference between the trajectory and the average of all trajectories.



0.75

-0.25

saua8 Jo #

-0.75

Transcriptional Plasticity

-1.26
-15 -1 -0.5 0 05 1 1.5

Average Transcriptional Response

075

0.25

-0.25

-0.75

Transcriptional Plasticity

-1.25
-1.5 -1 0.5 0 05 1 15

Average Transcriptional Response

Figure 2: Dependence of environmental transcriptional plasticity on average
transcriptional response acrossthe yeast genome. (a) Heat map of transcriptional plasticity
space. ~5k genes (5/6ths of the yeast genome) are transcriptionally invariant under stressful
conditions and located at low transcriptional plasticity and close to zero transcriptional response.

(b) Scatter plot reveals that genes with high plasticity are associated with larger response.
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Figure 3: Primary nucleosome occupancy patternsreported by Leeet al *. Clusters 1-4 are
labeled next to their respective curve in the plot and were calculated using a K-means clustering
algorithm. Of note, at least half the genome has patterns 3 and 4 which have a vacant region just
upstream of the transcription start site (TSS). Reproduced with permission from Lee et al **.
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Figure 4: Excess noise and plasticity arerelated and strongly dependent on generegulatory
architecture. (upper) Mean excess noise for the 4 main regulatory categories
(TATA/TATAless, SAGA/TFIID) and 4 main nucleosome occupancy patterns. (lower) Mean
plasticity for the 4 main regulatory categories and 4 main nucleosome occupancy patterns. High
plasticity architectures share high excess noise and low plasticity architectures share low excess
noise.
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of genes. (upper) Three of the main gene categories have a strong correlation between
stochasticity and plasticity. (lower) Labeling of sub-categories including the 4 nucleosome
occupancy patterns of figure 3. The occupancy patterns conserve the same order along the linear
relationship in each gene category except TATAless-TFIID where the trend is flat and
TATAless-SAGA where patterns #1 and #2 are switched.
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Figure 8: Simulated gene expression trajectories of the 2-state model. (a) Constitutive gene
expression with O = 1, i.e. gene constantly expressed in the elevated transcription state resulting
in relatively low noise magnitude (CV = 0.1). (b) Transcriptionally bursty gene expression with
O = 0.25 and relatively high noise magnitude (CV = 1.14). Green dashed boundaries represent
the abundance range from (a) superimposed on (b). For each simulation hundreds of different
expression trajectories were simulated for 12 hours. Transcription rate (o) was adjusted to yield
the same average protein abundance in both simulations (bold blue line at ~83k proteins). For the
simulation in (a), o= 0.0101 sec™ , and for the simulation in (b), & = 0.0403 sec™ . The rest of the
parameters (other than O) were identical: translation rate = 0.783916 sec”’, mRNA decay rate =
0.00078 sec™, protein decay rate = 0.00011 sec™ .
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