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ABSTRACT In yeast, b-oxidation of fatty acids (FAs) takes place in the peroxisome, an organelle whose size and number are
controlled in response to environmental cues. The expression of genes required for peroxisome assembly and function is
controlled by a transcriptional regulatory network that is induced by FAs such as oleate. The core FA-responsive transcriptional
network consists of carbon source-sensing transcription factors that regulate key target genes through an overlapping feed-
forward network motif (OFFNM). However, a systems-level understanding of the function of this network architecture in
regulating dynamic FA-induced gene expression is lacking. The specific role of the OFFNM in regulating the dynamic and cell-
population transcriptional response to oleate was investigated using a kinetic model comprised of four core transcription factor
genes (ADR1, OAF1, PIP2, and OAF3) and two reporter genes (CTA1 and POT1) that are indicative of peroxisome induction.
Simulations of the model suggest that 1), the intrinsic Adr1p-driven feed-forward loop reduces the steady-state expression
variability of target genes; 2), the parallel Oaf3p-driven inhibitory feed-forward loop modulates the dynamic response of target
genes to a transiently varying oleate concentration; and 3), heterodimerization of Oaf1p and Pip2p does not appear to have a
noise-reducing function in the context of oleate-dependent expression of target genes. The OFFNM is highly overrepresented in
the yeast regulome, suggesting that the specific functions described for the OFFNM, or other properties of this motif, provide a
selective advantage.

INTRODUCTION

Peroxisomes are highly dynamic and responsive eukaryotic

organelles whose dysfunction is linked to a host of severe

neuropathologies (1–9). Peroxisomes play roles in many

metabolic processes (10), most notably the b-oxidation of

fatty acids (FAs) (11). Accordingly, the peroxisome com-

partment is rapidly and dramatically induced in the presence

of FAs. This induction is mediated at the level of transcrip-

tion (12). In both animals and fungi, lipid-binding hetero-

dimeric transcription factors (TFs) regulate cellular lipid

levels by controlling the transcription of lipid metabolizing

enzymes, many of which are localized to peroxisomes

(3,5,13).

In the budding yeast Saccharomyces cerevisiae, peroxi-
somes are induced in response to oleic acid, and the tran-

scription of many peroxisomal proteins and proteins required

for assembly and growth of the organelle is controlled by

oleate response elements (OREs) recognized by the FA-

bound heterodimer Oaf1p-Pip2p (12–16). This heterodimer

operates within the context of a feed-forward transcriptional

network involving four core TFs: Adr1p, Oaf1p, Pip2p, and

Oaf3p (17,18). The individual roles of Adr1p, Oaf1p, and

Pip2p in regulating the expression of oleate-responsive genes

are known (12), and recent work has established that Oaf3p is

a transcriptional inhibitor with a significantly increased

number of target genes when cells are grown in oleate-con-

taining medium (17). Key oleate-responsive genes, such as

the catalase CTA1, the peroxisomal lipase LPX1, and the TF

PIP2, are regulated by all four TFs under oleate growth

conditions (17). We refer to such genes as AOPY-regulated

genes due to their regulation by Adr1p, Oaf1p, Pip2p, and

Ykr064p (Oaf3p) (17). Although the combinatorial roles

played by these factors in regulating oleate-responsive genes

are known and the pathway-level structure of the transcrip-

tional network has been mapped (17), little is known about

the specific role of the feed-forward network architecture in

regulating the transcriptional response to oleate. In a recent

study of the heterogeneity of response in the yeast galactose

transcriptional network, kinetic model simulations and ex-

periments demonstrated that dual feedback loops in the ga-

lactose transcriptional network ensure a more homogeneous

transcriptional response by filtering out molecular noise (19).

Like the galactose network, the oleate-responsive transcrip-

tional network is extremely sensitive (2) and possesses pos-

itive feedback, raising the question of how the transcriptional

network prevents inappropriate proliferation of the organelle

in response to transient exposure to FA.Mathematical studies

have showed that feed-forward (20) and heterodimeric (21)

transcriptional network motifs can reduce noise. These con-

siderations led us to investigate whether the feed-forward,

heterodimeric architecture of the oleate-responsive tran-

scriptional network acts to reduce transcriptional noise. Us-

ing a kinetic model, we demonstrate that the Adr1p-driven

feed-forward loop (FFL) reduces the steady-state variability

of expression of oleate-responsive genes combinatorially

regulated by these factors, and that the Oaf3p-driven inhib-
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itory FFL modulates the transient variability of FA-respon-

sive genes in the cell population.

MATERIALS AND METHODS

Computational methods

The ordinary differential equation (ODE) kinetic model equations were

solved using the standard ODE solver of MATLAB (The MathWorks, Na-

tick, MA). Model optimization was carried out using the constrained opti-

mizers ga and fmincon in the MATLAB Genetic Algorithm, Direct Search,

and Optimization Toolboxes. The undetermined model parameters (see the

Supplementary Material, Data S1) were optimized to minimize the x2 for the

model agreement with time-course and steady-state gene expression mea-

surements (Table 4 in Data S1). The stochastic simulations were carried out

using the chemical kinetics simulation software Dizzy (22), running in the

Sun Java runtime environment version 1.4.2 on a 32-bit Intel Xeon processor

system running CentOS 5 GNU/Linux. Network motifs were detected in the

yeast regulome using the FANMOD software (23). For the random network

generation (see Fig. 6), the following parameter values were used: number of

networks¼ 1000, exchanges per edge¼ 3, and exchange attempts¼ 3 (23).

Experimental methods

The YOR084W-GFP (encoding Lpx1-GFP) and deletion strains are from the

haploid GFP-clone and deletion collections, respectively (Invitrogen,

Carlsbad, CA). Strains containing both a gene deletion and GFP tag were

made by mating, sporulating, and dissecting tetrads. All strains used for flow

cytometry are haploid spores otherwise isogenic to BY4742. For each strain,

three individual yeast colonies were each seeded into 2 mL YEPD (1% yeast

extract, 2% peptone, 2% glucose) and cultures were grown overnight at

30�C. Cells were washed with water and transferred to 2 mL YPBO (0.3%

yeast extract, 0.5% potassium phosphate (pH 6.0), 0.5% peptone) 0.5%

Tween 40 (w/v) and 0.15% (w/v) oleate) and grown for 48 h at 30�C to final

densities of;1.53 107 cells/mL. The cells were pelleted and resuspended in

water, and fluorescence intensities of individual cells were measured using a

FACSCaliber flow cytometer (BD Biosciences, San Jose, CA). For each

culture, 20,000 events were counted with a flow rate of 100–600 cells/s and a

forward scatter threshold of 25. Data analysis was done using WinMDI 2.9

(available from http://facs.scripps.edu). Cells were selected using a polygon

gate region in the dot plot of forward scatter counts versus side scatter counts

(to select viable, single-cell events for analysis). A second polygon gate

region in the dot plot of forward scatter counts versus GFP fluorescence

counts was used to eliminate uninduced cells from being included in the

calculation of the coefficient of variation (CV) of Lpx1p-GFP expression, to

obtain the most conservative possible estimate for the CV of Lpx1p-GFP

expression in adr1D cells.

MODEL DEVELOPMENT AND RESULTS

FA-responsive gene regulatory network
in Saccharomyces cerevisiae

In response to the presence of FA, the four TFs (Oaf1p, Pip2p,

Adr1p, and Oaf3p) regulate transcription of target genes

through a transcriptional network characterized by an over-

lapping feed-forward network motif (OFFNM) (Fig. 1). In-

tracellular FA (oleate) binds Oaf1p, activating the TF. Oaf1p

forms a heterodimer with Pip2p, and this heterodimer targets

the ORE on promoter regions as a transcriptional activator.

The promoter of the gene PIP2 contains an ORE, and thus

PIP2 is transcriptionally autoregulated in the presence of

oleate. Adr1p is rapidly activated in the presence of non-

fermentable carbon sources (such as oleate), and binds UAS1

elements in the promoters of the target genes (e.g., PIP2,
CTA1, andLPX1) (12). Adr1p therefore drives a coherent FFL
(coherent type 1, in the classification scheme of Mangan and

Alon (24)) involving PIP2 and targeting downstream target

genes (e.g., CTA1 and LPX1) (Fig. 1, thick red lines). Oaf3p,
which is a transcriptional inhibitor, also binds to the pro-

moters of CTA1 and PIP2 under oleate growth conditions

(17). Thus, Oaf3p drives a coherent inhibitory feed-forward

network motif (coherent type 2, in the Mangan-Alon classi-

fication (24)) involvingPIP2 andCTA1, aswell asmany other

targets of Oaf1p, Pip2p, and Adr1p (Fig. 1, thick blue lines).
The two FFLs share the regulatory cascadePIP2/Pip2p/
Oaf1p Pip2p/ TARGET (where TARGET represents a typ-

ical target gene for this regulatory network, such as CTA1 or

LPX1), and thus form an overlapping regulatory architecture.

Mathematical model of the oleate-responsive
transcriptional network

To investigate the functional roles of network structural ele-

ments in controlling the dynamic response to oleate, a mathe-

matical model was developed that describes the response of the

core oleate-inducible gene regulatory network in yeast under a

carbon source transition from a nonfermentable carbon source

(glycerol) to FA (oleate). A complete description of the math-

ematical model, including the values of all kinetic parameters

and source material used for parameter estimation, is given in

the Supplementary Material (Data S1). The model describes

the transcriptional regulatory interactions governing peroxi-

somal protein production in response to intracellular oleic acid.

The model incorporates the oleate-dependent expression and

activity of four TF genes (ADR1, OAF1, PIP2, and OAF3), as
well as the expression of two archetypical oleate-inducible

target genes, CTA1 (Catalase A) and POT1 (3-ketoacyl-CoA

thiolase, also known as FOX3), the products of which are

peroxisomal and which are commonly used as transcriptional

indicators of peroxisome induction (16,25,26). For each gene

in the model, both the gene-specific mRNA and protein are

represented by dynamical variables in a set of ODEs:

drgðtÞ
dt

¼ ki;r;g fr;gðpgðtÞÞ � kd;r;grgðtÞ
dpgðtÞ
dt

¼ ki;p;grgðtÞ � kd;p;gpgðtÞ; (1)

where the index g labels a gene, with possible values (a, c, o,
y, p, f) mapping to genes as follows: a ¼ ADR1, o ¼ OAF1,
p ¼ PIP2, y ¼ OAF3, c ¼ CTA1, and f ¼ POT1. The
dynamical variables rg and pg represent the concentrations of
mRNA and protein, respectively, for gene g. The fractional
transcriptional activity of each gene g is modeled using a

rational function fr,g involving the protein concentrations of

the relevant transcriptional regulators of the gene. The rate of

initiation of transcription of gene g is given by the product

of this fractional activity and the rate constant ki,r,g. The rate
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of initiation of translation is given by the product of the rate

constant ki,p,g and the concentration of the mRNA. The con-

stants kd,r,g and kd,p,g are the degradation rate constants for the
mRNA and protein of gene g, respectively. The transport of
FA across the plasma membrane and subsequent esterifica-

tion with coenzyme A (CoA) are modeled using an ODE for

intracellular oleate, Oic, based on the following assumptions:

1), the rate of transport of FA across the plasma membrane is

a hyperbolic saturating function of extracellular oleate con-

centration; and 2), the rate of fatty acyl-CoA synthesis is of

the Michaelis-Menten form (see Data S1 for details).

Direct and indirect activation of TFs by oleate

In the model, the activity levels of the TFs Oaf1p, Oaf3p, and

Adr1p are altered by the presence or absence of intracellular

FA, consistent with the literature (12,13,17). The molecular

interactions underlying activation of Oaf1p, Adr1p, and

Oaf3p are assumed to occur rapidly, so the rates of activation

and deactivation are at quasi-steady state (27) with respect to

the slowly varying total concentrations of these TFs, and with

respect to the time-varying concentration of intracellular

oleate. In each of these three cases, activation of the TF is

modeled phenomenologically using a Michaelis-Menten-

type function of intracellular oleate concentration. For ex-

ample, oleate binding-dependent activation of Oaf1p is

modeled using the equation:

po ¼ poOic

KD;o 1Oic

; (2)

where po is the concentration of activated Oaf1p, and KD,0 is

the equilibrium dissociation constant for Oaf1p protein ac-

tivation by oleate. The corresponding equation for modeling

the concentration of activated Oaf3p (py) is given in Data S1.

In the case of Adr1p, the TF is active in glycerol-growth

conditions, but in oleate-growth conditions it has increased

DNA-binding activity for oleate-responsive genes (17). The

concentration of activated Adr1p in oleate-growth conditions

was modeled using a sum of a constitutive activity level and a

Michaelis-Menten-type function of Oic:

pa ¼ pa ea 1 ð1� eaÞ Oic

KM;a 1Oic

� �
; (3)

where pa is the concentration of activated Adr1p; ea is a

constitutive fractional activity of Adr1p protein, and KM,a is

the equilibrium dissociation constant for Adr1p activation in

the presence of oleate.

Heterodimerization of activated Oaf1p with Pip2p

The reactions for binding and dissociation of the Oaf1p-

Pip2p heterodimer are assumed to be in quasi-steady state

with respect to the time-varying concentrations of total ac-

tivated Oaf1p and total Pip2p. Thus, the concentration of

Oaf1p-Pip2p heterodimer h is given by

FIGURE 1 The yeast oleate-respon-

sive transcriptional network contains

an OFFNM. Lines terminating in open

arrows and blunted lines represent tran-

scriptional up- and down-regulation, re-

spectively. Lines terminating in solid

arrows indicate molecular processes

such as transport, transcription/transla-

tion, and dimerization. Dotted black

arrows indicate indirect carbon-source-

dependent activation. Red and blue

arrows and blunted lines represent

the Adr1p- and Oaf3p-driven coherent

feed-forward motifs, respectively. The

alternating red/blue dashed line repre-

sents the overlapping region. The inset

panel demonstrates schematically the

OFFNM. Intracellular FA (oleate) binds

Oaf1p, activating the TF. Active Oaf1p

forms a heterodimer with Pip2p, and this

heterodimer targets the ORE on DNA as

a transcriptional activator. The promoter

of the gene PIP2 contains an ORE, and

thus PIP2 is transcriptionally autoregu-

lated in the presence of oleate. Adr1p is

rapidly activated in the presence of

nonfermentable carbon sources and tar-

gets UAS1 elements in the promoters of

the target genes PIP2 and CTA1. Adr1p therefore drives a coherent feed-forward network motif targeting PIP2 and CTA1 (thick red lines). Oaf3p is a

transcriptional inhibitor whose target footprint (in terms of number of genes) is strongly increased under oleate growth conditions (17). It drives a coherent

inhibitory feed-forward network motif targeting PIP2 and CTA1 (thick blue lines).
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h ¼ KD;h

2

� �
11

ðpo 1 ppÞ
KD;h

0
@

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
11

ðpo 1 ppÞ
KD;h

� �2

� 2

KD;h

� �2

popp

s 1
A; (4)

where pp is the total concentration of Pip2p, and KD,h is the

dissociation constant.

Fractional gene activity

For each gene, the fractional transcriptional activity was

modeled using a rational function involving the concentra-

tions of the transcriptional regulators of that gene. As an

example, the fractional transcriptional activity of PIP2 was

modeled as a function of h, pa, and py:

fr;p ¼
epAp 1

h

Kh

1
pa

Ka

1
qhpa

KhKa

Ap 1
h

Kh

1
pa

Ka

1
qhpa

KhKa

1
py

Ky

1
hpy

KhKy

1
papy

KaKy

1
hpapy

KhKaKy

;

(5)

where ep is the constitutive term in the fractional activity of

PIP2; Ap is the activation constant for PIP2 induction; q
represents the cooperativity of Adr1p and Oaf1p-Pip2p

binding to the promoter region; and Kh, Ka, and Ky are

equilibrium constants for Oaf1p-Pip2p, Adr1p, and Oaf3p,

respectively, binding to their corresponding cis-regulatory
elements in the promoter. The fractional transcriptional

activity functions for OAF1, PIP2, ADR1, OAF3, and

POT1 were similarly constructed based on available infor-

mation from the literature regarding their carbon source-

dependent and TF-dependent transcriptional activities; the

specific functional forms are given in Data S1.

Comparison of model simulations with
experimental data

The kinetic parameters of the model were obtained from the

literature or directly estimated from steady-state and wild-

type (WT) time-course expression data for the four core TFs

and the target genes POT1 and CTA1 (6,17) (see Data S1).

The remaining 14 undetermined kinetic parameters were

varied to minimize the model error for recapitulating time-

course (6) and dose-response (13) expression measurements

in WT yeast and in deletion strains for the four core TFs (see

Data S1). The dose-response for POT1 induction under

varying concentrations of oleate (Fig. 2) shows agreement

between model and experiment for oleate concentrations

varying over two orders of magnitude. Simulated and mea-

sured time-course transcript abundance ratios under a carbon

source switch from glycerol to oleate are shown in Data S1.

The optimized model reproduced both the measured dynamic

and steady-state responses, with the exception of a transient

effect at 9 h in the time-course data. To further assess the

model, each of the 14 undetermined parameters was varied

eightfold up and down relative to the value in the best-fit

model to determine the sensitivity of the model prediction

error to the individual parameter values. The model predic-

tion error increased strongly over the range of alternative pa-

rameter values explored for 13 of the 14 parameters (Fig. S1

of the Supplementary Material). These findings suggest that

the available number and diversity of measurements used for

model training are adequate to discern the best-fit model in

the space of these parameter values. Varying the remaining

parameter (KM,s, see Data S1) up or down twofold from the

value in the best-fit model did not alter the main findings

discussed below. Furthermore, a quantitative analysis of

model complexity indicates that the model is not overfitted

(Data S1).

To investigate the possibility that the overlapping feed-

forward network architecture serves to regulate the variabil-

ity of downstream target gene expression by reducing the

strength of molecular noise, the ODE-based kinetic model

was translated into a stochastic model in which the dynamics

of the transcriptional network within each cell are modeled as

a stochastic process. Formally, the dynamics of the stochastic

process are governed by a chemical master equation that can

be obtained from the ODE kinetic model as described by

Gillespie (28). A simplified stochastic model was defined

using the quasi-steady-state approximation (QSSA)-based

Rao-Arkin method to model the stochastic reaction propen-

sity for reaction channels that are not governed by simple

mass-action kinetics (29), consistent with previous experi-

mentally validated models of transcriptional regulation

(19,30,31). The stochastic dynamics were solved using

Monte Carlo simulations based on the Gibson-Bruck algo-

FIGURE 2 The model recapitulates the measured relative dose response

for POT1 expression. Data points indicate the activity of a luciferase reporter

gene with the POT1 promoter in yeast cells grown overnight in media with

oleate at the indicated initial concentration (13). The predicted POT1

expression levels from the model (line plot) have been normalized relative

to the luciferase activity in 8 mM oleate.

3718 Ratushny et al.

Biophysical Journal 95(8) 3715–3723



rithm (32). The resulting ensemble-averaged stochastic dy-

namics are consistent with the deterministic ODE-based ki-

netic model, and allow the estimation of the contribution of

molecular noise to the steady-state distribution of target gene

expression.

Adr1p-driven FFL reduces variability of
oleate-responsive gene expression

In silico modeling was used to investigate the role of Adr1p

in regulating the dynamics and cell population distribution of

expression of a gene activated by both an ORE (Oaf1p-

Pip2p) and Adr1p, i.e., CTA1. The model was modified to

simulate a hypothetical mutant strain (AOPY Mutant Model

I) in which CTA1 is fully inducible on oleate by Oaf1p-Pip2p
alone, and is not directly regulated by Adr1p, thus elimi-

nating Adr1p-driven feed-forward regulation of CTA1 (Fig.

1, red lines). In the mutant model, the activating effect of the

ORE was increased so that CTA1 would have comparable

oleate dose-responses in the mutant and WT models. To

quantify the cell population heterogeneity of expression of

CTA1 on oleate in the two models, the steady-state stochastic

dynamics in both models were simulated for 100 min. The

simulations revealed that at steady state, the histogram of

CTA1 transcript levels showed a broader distribution in the

mutant model than in the WT model (Fig. 3), indicating

greater heterogeneity of gene expression across the stochastic

ensemble. The CV of CTA1 transcript levels was 1.7-fold

higher in the mutant model than in the WT model. To in-

vestigate the transcriptional heterogeneity for the case in

which Adr1p regulates neither PIP2 nor downstream targets,

but these genes fully induce on oleate, an alternate version of

the model (AOPY Mutant Model II) was constructed that

represents a mutant in which both PIP2 and CTA1 are reg-

ulated only via the ORE (corresponding to an adr1D strain

with elevated ORE-binding affinity). Stochastic simulations

of this model also showed a more broadly distributed histo-

gram of expression of CTA1 (ratio of CVs ¼ 1.55) in the

mutant than in the WT; this effect was not observed for PIP2
(Fig. 4). The steady-state variability of CTA1 expression was
also studied using stochastic simulations of two other mutant

models (AOPY Mutant Models III and IV, consisting of the

deletions oaf3D and adr1Doaf3D, respectively, with com-

pensation in the ORE-binding affinity to allow full induc-

tion). The CTA1 variability was 1.44-fold higher in the

adr1Doaf3D model than in the WT model, whereas the ratio

of the variability between the oaf3D model and the WT

model was only 1.18 (Fig. S2).

To investigate the model prediction that Adr1p-initiated

feed-forward regulation can serve as a noise reducer, the

variability of expression of an AOPY target gene, LPX1 (17),
was tested experimentally. LPX1 (YOR084W) is highly in-

duced in response to oleate, and the protein product is per-

oxisomal (6). The abundance of a chimera of Lpx1p and

green fluorescent protein (GFP) reporter (Lpx1-GFP) was

measured in WT and adr1D yeast strains in the presence of

oleate using flow cytometry (see Materials and Methods).

Consistent with simulation results, the CV of Lpx1-GFP in

adr1D cells was 1.8-fold higher than in WT cells (Fig. S3).

Oaf3p acts to modulate transcriptional changes
in a fluctuating environment

Next, the mathematical model was used to investigate

whether the feed-forward inhibitor, Oaf3p, acts to buffer the

induced genetic switch against variations in the level of in-

tracellular FA. ORE-driven gene (POT1) expression kinetics
were simulated in the WT and oaf3D model strains exposed

to a sinusoidal oscillating oleic acid concentration. For the

mutant strain, the amplitude of oleate oscillation was de-

creased so that POT1 would have comparable oleate dose-

response to the WT. The kinetic model predicts that the

transcriptional repressor Oaf3p modulates the amplitude of

variation of expression levels of ORE-driven genes in a

fluctuating environment. The results (Fig. 5 A) showed

larger-amplitude variations in POT1 expression in the oaf3D
model than in theWTmodel, indicating that in the model, the

loss of Oaf3p impaired the ability of the genetic switch to

compensate for transient oleate oscillations. The ability of the

network to compensate for transient oleate oscillations was

also examined in two other mutant models, adr1D and

adr1Doaf3D. Comparing the time course of POT1 expression
levels across all four models (WT, oaf3D, adr1D, and

adr1Doaf3D) revealed that the smallest-amplitude POT1

FIGURE 3 An in silico model of a mutant strain in which CTA1 is solely

ORE-activated (AOPY Mutant Model I) is predicted to have greater

variability of CTA1 expression than the WT model. The histogram shows

the simulated population heterogeneity of reporter expression (CTA1mRNA

level) in WT (black bars) and mutant strain (in which Adr1p does not

regulate CTA1) (white bars) in oleate growth conditions. The abscissa is the
CTA1 mRNA concentration after 100 min of stochastic simulation with

initial conditions given by species concentrations obtained from the steady-

state solution to the ODE kinetic model with constant 0.12% (w/v) oleate.

Stochastic simulations were carried out for an ensemble of 1000 realizations

of the stochastic process. CVmut represents the steady-state CV of reporter

expression levels for the AOPY Mutant Model I, and CVWT represents the

CV in the WT model.
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oscillations occurred in the WT and adr1D models, and the

largest-amplitude oscillations occurred in the oaf3D and

adr1Doaf3D models (Fig. S4). Additionally, the most rapid

transient induction from the noninduced state occurred in the

adr1Doaf3D model.

The dependence of POT1 expression amplitudes (in the

oaf3D and WT models) was also systematically explored on

the timescale and the amplitude for varying the oleate con-

centration. The model simulations showed that the POT1
amplitude difference between the oaf3D model and the WT

model increased with decreasing frequency of an oleate pulse

(Fig. 5 B), indicating that the oaf3D strain is less able than the

WT to filter out oleate variations on a timescale of .40 min

(Fig. 5 B). Varying both the amplitude and period of the oleate

concentration oscillations revealed a nonlinear relationship

FIGURE 5 Deletion of Oaf3p in the model makes POT1 transcriptional

activity undergo larger-amplitude oscillations in response to a temporally

varying concentration of intracellular FA. WT and oaf3D models of POT1

transcription were solved for the case of a temporally oscillating concentra-

tion of oleate. (A) POT1 undergoes higher-amplitude oscillations in the

oaf3D model than in the WT model. (B) The difference between POT1

mRNA variation amplitudes in the oaf3D model and WT increases with

increasing period of oleate pulsing. When the period exceeds 10 h, the

difference between the oaf3D model and WT model amplitudes starts to

decrease. (C) The difference between the POT1mRNA variation amplitudes

in the oaf3D (Aoaf3D) and WT (AWT) models, for different values of the

period and amplitude of oleate concentration oscillation. Color indicates the

POT1 amplitude difference between the oaf3D model and the WT model.

Overall, the difference between the amplitude of POT1 variation in the two

models is stronger at higher values of the oleate oscillation amplitude.

Furthermore, as the oleate oscillation amplitude increases, the maximum

POT1 amplitude difference (dark red) is observed at slightly increasing

values of the oleate oscillation period (black circles).

FIGURE 4 An in silico model of a mutant strain in which both PIP2 and

CTA1 are solely ORE-activated (AOPY Mutant Model II, corresponding to

an adr1D strain with the ability to fully induce ORE-driven expression) is

predicted to have greater variability of CTA1, but not PIP2 expression, than
the WTmodel. The histograms show the simulated population heterogeneity

of (A) CTA1 and (B) PIP2 mRNA levels in WT (black bars) and a mutant

adr1D strain in which PIP2 and CTA1 have increased ORE-driven tran-

scriptional activity (white bars) in oleate growth conditions. The abscissas

represent the distribution of the (A) CTA1 and (B) PIP2 mRNA concentra-

tions after 100 min of stochastic simulation with initial conditions given by

the steady-state solution to the ODE kinetic model with constant 0.12%

oleate. Stochastic simulations were carried out for an ensemble of 1000

realizations of the stochastic process. CVmut represents the steady-state CV

of expression levels of the indicated reporter in AOPYMutant Model II, and

CVWT represents the CV of the indicated reporter in the WT model.
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between amplitude and period. The maximal differences be-

tween oaf3D and WT strains slightly shifted toward greater

period as the amplitude increased (black circles, Fig. 5 C),
suggesting a complex mechanism for modulating role of

Oaf3p on target gene expression under fluctuating oleate en-

vironments.

The OFFNM network architecture occurs
frequently in the yeast regulome

To determine whether the oleate-responsive transcriptional

network architecture consisting of the OFFNM is commonly

found in the yeast regulome, a network representing 3515

gene regulatory interactions extracted from the literature-

based Yeast Proteome Database (33) was analyzed. The

OFFNM was found to be highly overrepresented in the yeast

regulome (Fig. S5). In the yeast regulatory interaction net-

work, there were 410 instances of OFFNMs and 25 instances

of overlapping coherent FFLs of the specific subtype re-

presented in the yeast oleate-responsive transcriptional net-

work (i.e., overlapping coherent type 1 and 2 FFLs) (Fig. S6).

The frequency of OFFNMmotif in the yeast regulome is thus

almost 10-fold higher than in random networks generated

from random edge reassignment of the network (Fig. 6).

DISCUSSION

Here we present for the first time, to our knowledge, a de-

tailed kinetic model of the core FA-responsive transcriptional

network in yeast. A key structural motif in this network that

has not been previously studied using mathematical model-

ing is an overlapping pair of FFLs driven by Adr1p and

Oaf3p, respectively (see Fig. 1, inset). We refer to this net-

work architecture as the OFFNM. Simulations of the model

suggest two functional roles of this network motif. First, the

Adr1p-driven FFL reduces the steady-state expression vari-

ability of an ORE- and Adr1p-driven target gene. Second, the

Oaf3p-driven inhibitory FFL modulates the dynamic re-

sponse of the target gene to a transiently varying concentra-

tion of intracellular FA.

Simulations of the kinetic model in the absence of Adr1p

(AOPY Mutant Model I) revealed significantly higher target

gene expression than the corresponding WT strain with an

intact FFL. In theMutantModel I, the target gene induction is

driven entirely by Oaf1p-Pip2p, whereas in the WT, the

target gene induction is driven by the combined effect of two

factors (Adr1p and Oaf1p-Pip2p). We speculate that acting

alone, Oaf1p-Pip2p-mediated expression is noisy because

PIP2 mRNA has a high level of fluctuations in the model (as

defined by the steady-state CV), and this variability is pre-

sumably due to the low copy number of PIP2 mRNA (see

Data S1) and the fact that PIP2 is positively autoregulated.

Previous studies have established that a low copy number of a

gene’s mRNA (34,35) and positive autoregulation of a gene

(36) can both contribute to variations in the protein level, and,

in the case of a TF, to increased variability of expression of

downstream gene targets (extrinsic noise) (37). In the pres-

ence of Adr1p, this noise is expected to be buffered because

of its direct regulatory influence on the target gene, which

increases AOPY gene expression, thereby decreasing the

relative variation in expression from the target. Furthermore,

the lack of a significant effect of oaf3D on target gene sto-

chastic variation suggests that, at steady state, the Adr1p-

driven FFL is primarily responsible for reducing stochastic

fluctuations in the expression of target genes. We note that

although PIP2 is a target of Adr1p, its low level of expression

leads to Pip2p variation likely having a high proportion of

intrinsic noise (34,35,38,39), whereas highly expressed

AOPY targets are dominated by extrinsic noise (e.g., by

fluctuating levels of Pip2p).

The hypothesis that the Adr1p-containing FFL reduces

(extrinsic) noise was tested experimentally by comparing the

cell population heterogeneity of expression of the oleate-in-

ducible lipase Lpx1p (a known target of all four TFs) in WT

and adr1D cells in oleate growth conditions, and a higher

level of dimensionless variability (1.8-fold) was observed in

adr1D cells than in WT cells.

The Oaf3p effect in modulating the gene expression re-

sponse is likely due to the rapid response of Oaf3p activation

to a changing oleate concentration, relative to the slower

response of the positively autoregulated Pip2p. Previous

studies have established that positive autoregulation leads to

a slower response (40), whereas the activation of Oaf3p is

presumed to occur through rapid molecular interactions and

not through transcriptional regulation. We did not observe a

strong effect of deletion of Adr1p on the ability of the net-

work to compensate for a dynamically varying oleate level.

Although previous modeling studies have suggested that

dimerization of a TF can reduce transcriptional variability of

its target (21,41,42), we did not observe a significant noise

reduction associated with heterodimerization of Oaf1p-Pip2p

in the context of our model of the core network (results

FIGURE 6 OFFNMs are enriched in yeast regulome. Frequency of

OFFNMs in the yeast regulome (extracted from the Yeast Proteome Database

(33), see Fig. S1) and in random networks.
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not shown). Since Oaf1p in the absence of Pip2p appears to

be a transcriptional repressor (17), perhaps the role of

heterodimerization in this network is instead to provide a

carbon-source-dependent, inducible mechanism to inhibit the

transrepressive activity of Oaf1p. From the results of the

network motif frequency analysis of the OFFNM in the yeast

regulome, it appears that this network structure is frequently

used in yeast transcriptional regulation, suggesting that the

specific functions described for the OFFNM provide cells

with a selective advantage.

The authors thank Ilya Shmulevich, Richard Rachubinski, Hamid Bolouri,

David Orrell, Ramsey Saleem, and Vesteinn Thorsson for helpful discus-

sions, and William Longabaugh for technical assistance.

This work was supported by grants GM067228, RR022220, and

GMO76547 from the National Institutes of Health.

REFERENCES

1. Gould, S. J., and D. Valle. 2000. Peroxisome biogenesis disorders:
genetics and cell biology. Trends Genet. 16:340–345.

2. Koerkamp, M. G., M. Rep, H. J. Bussemaker, G. P. M. A. Hardy, A.
Mul, K. Piekarska, C. A.-K. Szigyarto, J. M. T. De Mattos, and H. F.
Tabak. 2002. Dissection of transient oxidative stress response in
Saccharomyces cerevisiae by using DNA microarrays. Mol. Biol.
Cell. 13:2783–2794.

3. Lazarow, P. B., and Y. Fujiki. 1985. Biogenesis of peroxisomes. Annu.
Rev. Cell Biol. 1:489–530.

4. Moser, H. W., and A. B. Moser. 1996. Peroxisomal disorders: over-
view. Ann. N. Y. Acad. Sci. 804:427–441.

5. Platta, H. W., and R. Erdmann. 2007. Peroxisomal dynamics. Trends
Cell Biol. 17:474–484.

6. Smith, J. J., M. Marelli, R. H. Christmas, F. J. Vizeacoumar, D. J.
Dilworth, T. Ideker, T. Galitski, K. Dimitrov, R. A. Rachubinski, and
J. D. Aitchison. 2002. Transcriptome profiling to identify genes involved
in peroxisome assembly and function. J. Cell Biol. 158:259–271.

7. Steinberg, S. J., G. Dodt, G. V. Raymond, N. E. Braverman, A. B.
Moser, and H. W. Moser. 2006. Peroxisome biogenesis disorders.
Biochim. Biophys. Acta. 1763:1733–1748.

8. Wanders, R. J., and H. R. Waterham. 2006. Peroxisomal disorders: the
single peroxisomal enzyme deficiencies. Biochim. Biophys. Acta. 1763:
1707–1720.

9. Weller, S., S. J. Gould, and D. Valle. 2003. Peroxisome biogenesis
disorders. Annu. Rev. Genomics Hum. Genet. 4:165–211.

10. van den Bosch, H., R. B. Schutgens, R. J. Wanders, and J. M. Tager.
1992. Biochemistry of peroxisomes. Annu. Rev. Biochem. 61:157–197.

11. Kunau, W. H., V. Dommes, and H. Schulz. 1995. b-Oxidation of fatty
acids in mitochondria, peroxisomes, and bacteria: a century of contin-
ued progress. Prog. Lipid Res. 34:267–342.

12. Gurvitz, A., and H. Rottensteiner. 2006. The biochemistry of oleate
induction: transcriptional upregulation and peroxisome proliferation.
Biochim. Biophys. Acta. 1763:1392–1402.

13. Phelps, C., V. Gburcik, E. Suslova, P. Dudek, F. Forafonov, N. Bot, M.
MacLean, R. J. Fagan, and D. Picard. 2006. Fungi and animals may
share a common ancestor to nuclear receptors. Proc. Natl. Acad. Sci.
USA. 103:7077–7081.

14. Baumgartner, U., B. Hamilton, M. Piskacek, H. Ruis, and H.
Rottensteiner. 1999. Functional analysis of the Zn(2)Cys(6) transcrip-
tion factors Oaf1p and Pip2p. Different roles in fatty acid induction of
b-oxidation in Saccharomyces cerevisiae. J. Biol. Chem. 274:22208–
22216.

15. Rottensteiner, H., A. J. Kal, B. Hamilton, H. Ruis, and H. F. Tabak.
1997. A heterodimer of the Zn2Cys6 transcription factors Pip2p and
Oaf1p controls induction of genes encoding peroxisomal proteins in
Saccharomyces cerevisiae. Eur. J. Biochem. 247:776–783.

16. Karpichev, I. V., Y. Luo, R. C. Marians, and G. M. Small. 1997. A
complex containing two transcription factors regulates peroxisome
proliferation and the coordinate induction of b-oxidation enzymes in
Saccharomyces cerevisiae. Mol. Cell. Biol. 17:69–80.

17. Smith, J. J., S. A. Ramsey, M. Marelli, B. Marzolf, D. Hwang, R. A.
Saleem, R. A. Rachubinski, and J. D. Aitchison. 2007. Transcriptional
responses to fatty acid are coordinated by combinatorial control. Mol.
Syst. Biol. 3:115.

18. Rottensteiner, H., L. Wabnegger, R. Erdmann, B. Hamilton, H. Ruis,
A. Hartig, and A. Gurvitz. 2003. Saccharomyces cerevisiae PIP2
mediating oleic acid induction and peroxisome proliferation is regu-
lated by Adr1p and Pip2p-Oaf1p. J. Biol. Chem. 278:27605–27611.

19. Ramsey, S. A., J. J. Smith, D. Orrell, M. Marelli, T. W. Petersen, P. de
Atauri, H. Bolouri, and J. D. Aitchison. 2006. Dual feedback loops in
the GAL regulon suppress cellular heterogeneity in yeast. Nat. Genet.
38:1082–1087.

20. Ghosh, B., R. Karmakar, and I. Bose. 2005. Noise characteristics of
feed forward loops. Phys. Biol. 2:36–45.

21. Morishita, Y., and K. Aihara. 2004. Noise-reduction through interac-
tion in gene expression and biochemical reaction processes. J. Theor.
Biol. 228:315–325.

22. Ramsey, S., D. Orrell, and H. Bolouri. 2005. Dizzy: stochastic
simulation of large-scale genetic regulatory networks. J. Bioinform.
Comput. Biol. 3:415–436.

23. Wernicke, S., and F. Rasche. 2006. FANMOD: a tool for fast network
motif detection. Bioinformatics. 22:1152–1153.

24. Mangan, S., and U. Alon. 2003. Structure and function of the feed-
forward loop network motif. Proc. Natl. Acad. Sci. USA. 100:11980–
11985.

25. Rottensteiner, H., K. Stein, E. Sonnenhol, and R. Erdmann. 2003.
Conserved function of pex11p and the novel pex25p and pex27p in
peroxisome biogenesis. Mol. Biol. Cell. 14:4316–4328.

26. Saleem, R. A., B. Knoblach, F. D. Mast, J. J. Smith, J. Boyle, C. M.
Dobson, R. Long-O’Donnell, R. A. Rachubinski, and J. D. Aitchison.
2008. Genome-wide analysis of signaling networks regulating fatty
acid-induced gene expression and organelle biogenesis. J. Cell Biol.
181:281–292.

27. Schauer, M., and R. Heinrich. 1983. Quasi-steady-state approximation
in the mathematical modeling of biochemical reaction networks. Math.
Biosci. 65:155–171.

28. Gillespie, D. T. 1976. A general method for numerically simulating the
stochastic time evolution of coupled chemical reactions. J. Comput.
Phys. 22:403–434.

29. Rao, C. V., and A. P. Arkin. 2003. Stochastic chemical kinetics and the
quasi-steady-state assumption: application to the Gillespie algorithm.
J. Chem. Phys. 118:4999–5010.

30. Acar, M., A. Becskei, and A. van Oudenaarden. 2005. Enhancement of
cellular memory by reducing stochastic transitions. Nature. 435:228–
232.

31. Bolouri, H., and E. H. Davidson. 2003. Transcriptional regulatory
cascades in development: initial rates, not steady state, determine
network kinetics. Proc. Natl. Acad. Sci. USA. 100:9371–9376.

32. Gibson, M. A., and J. Bruck. 2000. Efficient exact stochastic simula-
tion of chemical systems with many species and many channels.
J. Phys. Chem. A. 104:1876–1889.

33. Payne, W. E., and J. I. Garrels. 1997. Yeast Protein Database (YPD): a
database for the complete proteome of Saccharomyces cerevisiae.
Nucleic Acids Res. 25:57–62.

34. Elowitz, M. B., A. J. Levine, E. D. Siggia, and P. S. Swain. 2002.
Stochastic gene expression in a single cell. Science. 297:1183–1186.

35. Raser, J. M., and E. K. O’Shea. 2004. Control of stochasticity in
eukaryotic gene expression. Science. 304:1811–1814.

3722 Ratushny et al.

Biophysical Journal 95(8) 3715–3723



36. Austin, D. W., M. S. Allen, J. M. McCollum, R. D. Dar, J. R. Wilgus,

G. S. Sayler, N. F. Samatova, C. D. Cox, and M. L. Simpson. 2006.

Gene network shaping of inherent noise spectra. Nature. 439:608–611.

37. Orrell, D., S. A. Ramsey, M. Marelli, J. J. Smith, T. W. Petersen, P. de

Atauri, J. D. Aitchison, and H. Bolouri. 2006. Feedback control of

stochastic noise in the yeast galactose utilization pathway. Physica D.
217:64–76.

38. Paulsson, J. 2004. Summing up the noise in gene networks. Nature.
427:415–418.

39. Pedraza, J. M., and A. van Oudenaarden. 2005. Noise propagation in
gene networks. Science. 307:1965–1969.

40. Maeda, Y. T., and M. Sano. 2006. Regulatory dynamics of synthetic
gene networks with positive feedback. J. Mol. Biol. 359:1107–1124.

41. Bundschuh, R., F. Hayot, and C. Jayaprakash. 2003. The role of
dimerization in noise reduction of simple genetic networks. J. Theor.
Biol. 220:261–269.

42. Orrell, D., and H. Bolouri. 2004. Control of internal and external noise
in genetic regulatory networks. J. Theor. Biol. 230:301–312.

Feed-Forward Control of Transcription 3723

Biophysical Journal 95(8) 3715–3723


	Control of Transcriptional Variability by Overlapping Feed-Forward Regulatory Motifs
	Introduction
	Materials and methods
	Computational methods
	Experimental methods

	Model development and results
	FA-responsive gene regulatory network in Saccharomyces cerevisiae
	Mathematical model of the oleate-responsive transcriptional network
	Direct and indirect activation of TFs by oleate
	Heterodimerization of activated Oaf1p with Pip2p
	Fractional gene activity
	Comparison of model simulations with experimental data
	Adr1p-driven FFL reduces variability of oleate-responsive gene expression
	Oaf3p acts to modulate transcriptional changes in a fluctuating environment
	The OFFNM network architecture occurs frequently in the yeast regulome

	Discussion
	References


