
Free Energy Rhythms in Saccharomyces cerevisiae: A Dynamic
Perspective with Implications for Ribosomal Biogenesis
A. Gross,† Caroline M. Li,‡ F. Remacle,†,§ and R. D. Levine*,†,∥

†The Fritz Haber Research Center, Hebrew University, Jerusalem 91904, Israel
‡Department of Molecular and Cellular Biology, City of Hope Beckman Research Institute, Duarte, California 91010, United States
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ABSTRACT: To describe the time course of cellular systems, we
integrate ideas from thermodynamics and information theory to
discuss the work needed to change the state of the cell. The biological
example analyzed is experimental microarray transcription level
oscillations of yeast in the different phases as characterized by oxygen
consumption. Surprisal analysis was applied to identify groups of
transcripts that oscillate in concert and thereby to compute changes in
free energy with time. Three dominant transcript groups were
identified by surprisal analysis. The groups correspond to the
respiratory, early, and late reductive phases. Genes involved in
ribosome biogenesis peaked at the respiratory phase. The work to
prepare the state is shown to be the sum of the contributions of these
groups. We paid particular attention to work requirements during
ribosomal building, and the correlation with ATP levels and dissolved
oxygen. The suggestion that cells in the respiratory phase likely build ribosomes, an energy intensive process, in preparation for
protein production during the S phase of the cell cycle is validated by an experiment. Surprisal analysis thereby provided a useful
tool for determining the synchronization of transcription events and energetics in a cell in real time.

Metabolic processes produce and consume energy.1 Yeast
grown in continuous culture displays transcriptional

oscillations that correlate with metabolite concentrations.2−9

The periods of the transcriptional oscillations can be influenced
by growth conditions, such as glucose availability and the amount
of dissolved oxygen (DO), and by drug treatment.10−14 Time-
resolved microarray data have demonstrated that the levels of
certain transcripts correlate with each other during different
phases of the cell cycle.3,6,15 Taken together, these studies
support a possible correlation between gene transcription and
metabolic function,16 as well as a link between transcriptional
dynamics and energy requirements and energy release. In the
analysis described herein, we sought to make such a link explicit
and quantitative.
The state of the yeast cell in a culture is constantly changing,

for example, with varying oxygen levels in the culture
medium.4,15 These cells are thought to self-synchronize through
cell signaling of small molecules such as hydrogen sulfide and
acetaldehyde.8,9 The transcription oscillations or redox cycles are
related to the respiratory and reductive phases, and transcription
and metabolites are precisely timed to peak at specific points
along the redox cycle.15 These redox cycles can easily be
monitored by DO levels in the fermentor. For example, as the
level of DO in the fermentor decreases, cells consume oxygen in

the respiratory phase. Then, during the early reductive phase, the
cells cease consuming oxygen and the level of DO in the
fermentor increases. The late reductive phase corresponds to a
high level of DO in the media because cells consume the least
oxygen during this phase. The coordination of DO oscillations
with timing of DNA replication, mRNA expression, and
metabolites has been reported.3,6,7,14 Cells are thought to be
less prone to genetic mutations when DNA replication occurs
during the reductive phase of the cycle.3,7,14,15 Specifically, we
used the data reported for two different strains in refs 3 and 15 to
relate transcription levels to work requirements. The special
feature of the experiments is that many time points were
measured, and this allows us to identify cycles in energy
requirements and energy consumption. See also the data analyses
in refs 15, 17, and 18. We used three steps to elucidate the
changes in the free energy: (i) relating the thermodynamic
notion of free energy to the level of expression of the transcripts,
(ii) computing the actual energy changes of the transcription
system during the cell cycle by using experimental microarray
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data, and (iii) offering a biological interpretation of the observed
dominant energy requirements.
On the basis of the three steps listed above, one can proceed to

discuss the response to stimuli, such as increasingly limiting
nutrients, oxygen, etc. Quantitatively assessing the role of such
perturbations is, however, beyond the scope of this paper. The
necessary theoretical machinery for doing so, a quantitative
version of the principle of Le Chatelier, is discussed in ref 19.
A general property of physicochemical systems is that they can

do work only when they are not in equilibrium. We took the
approach that this also holds true for biological systems. The free
energy of the current state of a cell is the maximal work that can
be done when the cell is brought from its current state to a state
that is not constrained by external perturbations. This is the
steady-state baseline,20,21 where the definition of this value is
repeated in eq 1. We take this state to be a reference state, and as
part of the analysis, we check if the state is common to all time
points of the cell. We can also view the free energy as the minimal
work needed to be done for the cell to be brought from the
notional steady state to its current state by imposing the external
constraints. The physical analogy is deriving work from the
energy of water that is otherwise spontaneously falling down a
waterfall. The maximal work available is the difference between
the potential energy of the water at the top and at the bottom of
the fall. It is not only the initial height of the water but also the
final height that determines the work available from the fall.
A cell that is in the steady state and is not constrained cannot

be used to extract any work, but what about the work needed to
assemble the cell when it is in the steady state? This, often much
larger, work is the standard free energy. In this study, we set out
to compute both terms: (i) the standard free energy (the work
required for assembling the cell in the steady state) and (ii) the
excess free energy that represents the maximal available work
from the current constrained state of the cell that also equals the
work required to bring the cell from the steady state to its current
state.
To proceed with the free energy analysis, we first must define

the state of the cell. We here define only the state of the
transcription system and not of the entire cell. We therefore
emphasize that the free energy we computed is the
thermodynamic free energy, but it is the free energy of the
transcription system alone. We did not include other important
cellular constituents such as metabolites. Surprisal analysis,
which has been well documented20−22 for characterization of the
expression level of transcripts, was used to characterize the state
of the transcription system as it goes through its cycles. This
analysis was by itself challenging because of the relatively large
number, 48, of time points at which the transcription levels were
measured. Moreover, the transcription levels oscillate, and
surprisal analysis had to describe this nonmonotonic time
dependence. In this paper, we take a significant step beyond
earlier studies in that surprisal analysis is used not only to
characterize the transcription levels but also to compute the free
energy changes during the cellular cycles. This is possible because
the surprisal-based analysis has the advantage that the two
components of the free energy, the standard free energy and the
maximal available work, are readily and directly computable from
the output of the analysis. This advantage arises from the
thermodynamic background of surprisal analysis23 and specifi-
cally in that we use the thermodynamic and not the statistical
definition of entropy. This means that there is a baseline value for
each expression level, a level that reflects the thermodynamic
weight in the absence of constraints.20,21 In particular, the route

from the surprisal to the maximal work that can be derived from a
state that is not in equilibrium is explicitly discussed in ref 24. In
this study we describe for the first time the use of this connection
to determine the work that is being done in a biological process.
Specifically, we compute the work needed to drive a cell to
different states during its cycles. We then provide experimental
evidence that supports the idea that the most work is being done
during ribosomal synthesis.

■ EXPERIMENTAL AND THEORETICAL PROCEDURES

Surprisal analysis, the theoretical procedure that is the back-
ground to what we do, is discussed here with some technical
points in section S1 of the Supporting Information. See refs 20
and 21 for more details in a biological context and refs 23 and 25
for applications in chemical physics. The errors in surprisal
analysis that are due to experimental uncertainties are analyzed in
section S2 of the Supporting Information. The essential and new
procedural point about the theory used in this paper is that once
surprisal analysis has been performed, computing the free energy
is rather straightforward. This theme is developed as part of the
discussion of the results. We also discuss here the materials and
experimental methods that were used in the experiment that was
performed to validate the theoretical analysis.

Input Microarray Data. We aim to describe the changes
over time of genomewide transcription levels in Saccharomyces
cerevisiae grown in continuous culture and to determine which
genes contribute at each time point during the cell cycle.
Specifically, the analysis sought to identify groups of genes that
change with time in precisely the same manner. In previous
applications of surprisal analysis, we have referred to such a group
as a transcription pattern.20,21 As opposed to the commonly used
clustering method, surprisal analysis identifies a dynamical
transcription pattern, i.e., a group of transcripts that synchroni-
cally progress throughout the time evolution of the cell.
Typically, only a few transcription patterns are needed to
quantitatively characterize the dynamics of the transcript’s
expression. In the S. cerevisiae system, at most four transcription
patterns were shown to be sufficient to capture all the important
features in the measured microarray levels of each transcript. We
used data for two strains. These had transcription patterns
oscillating with a period of 40 min (IFO0233) so that the
experiment3,4 spans several cycles and a strain (CEN.PK113-7D)
with a period of 4 h where the experiment is reported in ref 15.

Surprisal Analysis. The central reason for the use of
surprisal analysis is that it includes all the input required to
compute the free energy changes and also the standard reference
baseline value for the transcriptional state. This is because we use
entropy as a thermodynamic quantity and not as a statistical
measure of dispersion. A key advantage of surprisal analysis is
that it also determines the steady-state or “baseline” value and the
corresponding expression of the transcripts. This baseline is
indeed a major contributor to the expression level,20,21

particularly so for the more strongly expressed transcripts.
Deviations from the baseline are caused by constraints that are
present on the system.
The procedure of maximizing the thermodynamic entropy

subject to constraints can be implemented using the well-studied
mathematical method of Lagrange multipliers. Using this
method,20,21 we seek the maximum of the entropy at time
point t and thereby derive the value Xi(t) of the expression level
of the ith transcript at time t as
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where Xi
o, the baseline expression level, is the expression level of

transcript i in a state not subject to perturbations. When all the
transcripts reach this baseline value, the entropy reaches its
unconstrained maximal value for a given environment. The
introduction of constraints lowers the maximal value of the
entropy. The presence of constraints is indicated by the
exponential correction term, which is a generalization of the
more familiar Boltzmann factor for which the constraint is energy
exchange with the surroundings.
Toward a Biological Interpretation of Surprisal

Analysis. Given an expression level that changes between one
time point and another, biochemists will look first at the fold
change in that level. That is in essence what surprisal analysis
does but with two key qualifications. To see that it is a fold view,
we rewrite eq 1 in a strictly equivalent form

∑ λ− = − − =
α

α α
=

X t X X t X t Gln[ ( )/ ] [ln ( ) ln ] ( )i i
o

i i
o

i
1

What is different is the fact that we scale the actual fold value by
the baseline fold value. A transcript can have a rather low
expression value and yet be subject to important changes if its
baseline value is also low. Indeed, we find in general that such
transcripts are more susceptible to change.20 The other point is
that we resolve the change as a sum of contributions, each labeled
by an index, denoted α in eq 1. The structure of each deviation
term for transcript i, λα(t)Giα, is also very telling. It is a separable
expression meaning that the dependence on time and the
dependence on index i of the transcript are uncoupled. The time
dependence given by λα(t) is the same for all transcripts. λα(t) is
the same for all transcripts in the deviation pattern α. The extent
to which a transcript changes by pattern α is independent of time
and is specified by the value of Giα. We particularly take note of
those transcripts whose value ofGiα is either very positive or very
negative. These are the transcripts that are either very
upregulated or very downregulated in the pattern α. A transcript
can vary substantially in one pattern and hardly vary in another
pattern. The level of the housekeeping transcripts often hardly
varies in any pattern.20

Weight of Transcription Patterns. The thermodynamic
importance of a constraint is determined by howmuch it reduces
the value of the entropy at time point t. The importance is
measured by the value of the Lagrange multiplier λα(t), and as
can be seen in eq 1, less important constraints result in a smaller
value of the exponent and hence do not greatly influence the level
of expression. Outright unimportant constraints have Lagrange
multipliers that equal zero.
Target Preparation and Processing. Purified RNA

samples from each time point were adjusted to a final
concentration of 1 μg/μL. The RNA samples were processed
as described in the Affymetrix GeneChip Expression Analysis
Technical Manual (see ref 4).
Western Blotting Sample Preparation. Fermentor

culture conditions for CEN.PK113-7D oscillating with a 4 h
period have been previously described.15 The cell concentration
was determined using a Coulter counter (Beckman Coulter,
Miami, FL). For each time point, a constant volume of cells (∼5

× 107) was removed from the fermentor, pelleted by
centrifugation, resuspended in 0.05 mL of lysis solution, and
boiled for 7 min. The lysis solution consisted of 50 mMTris (pH
7.5), 5% SDS, 5 mMEDTA, 5% glycerol, 50 mMDTT, 0.01 mg/
mL aprotinin, 0.1 mg/mL Pefabloc, 0.01 mg/mL leupeptin, 0.01
mg/mL pepstatin, 0.01 mg/mL chymostatin, 0.06 mg/mL
antipain, 0.15 mg/mL benzamidine, and ∼0.08% bromophenol
blue. Lysed samples were returned to room temperature, and
extracts were clarified by centrifugation (5 min at 16000 relative
centrifugal force). The supernatant was stored at −80 °C. For
Western blot analysis, the supernatant was boiled for 5 min and
mixed, and equal volumes were loaded into lanes of an 18%
polyacrylamide gel (Criterion Cell, Bio-Rad Laboratories,
Hercules, CA).

Western Blotting. Proteins were transferred to a 0.45 mm
nitrocellulose membrane using the Criterion Blotter (Bio-Rad
Laboratories). Primary antibodies against phosphorylated Rps6p
(Cell Signaling Technology, Danvers, MA) were used at a 1:1000
dilution. IRDye 800CW goat anti-rabbit secondary antibodies
(LI-COR Biosciences, Lincoln, NE) were used at a 1:10000
dilution. Blots were developed on an Odyssey Imager (LI-COR
Biosciences), which yields an arbitrary density value. The density
for each time point was divided by the average density of all
samples from the same blot to yield the protein average centered
ratio. To normalize the density of the Rps6p signal, the protein
average centered ratio was divided by the total protein correction
factor at an equivalent phase angle from the DO curve.

Time Adjusted to Phase Angle. To compare protein levels
gathered on different days, DO levels andWestern blot data were
plotted together with phase angle rather than time. The inflection
point from decreasing levels of dissolved oxygen represents a 0°
phase angle. Each cycle represents 360°.

Protein Quantification. Because the lysis solution inter-
fered with colorimetric assays (Bio-Rad Protein Assay and RC
DC Protein Assay, Bio-Rad Laboratories) for measuring protein
concentration, Coomassie blue staining of the polyacrylamide gel
was used to semiquantify the total protein concentrations. Gels
were stained with Bio-Safe Coomassie Stain (Bio-Rad Labo-
ratories), and the protein density was measured with an Odyssey
Infrared Imaging system (LI-COR Biosciences). The loaded
extract volume was in the linear density range in the 700 nm
channel. Data were scaled with a total protein correction factor
for each phase angle that was determined by dividing the total
protein density of each lane by the average total protein density
from the same gel.

■ RESULTS AND DISCUSSION
Surprisal Analysis of Transcription Oscillations. Sur-

prisal analysis uses eq 1 to quantitatively represent the time
variation of transcription levels. The time evolution for each
transcript i is determined by its Lagrange multipliers λα(t) that
correspond to transcription pattern α where α = 1, 2, ... The
transcripts of each transcription pattern collectively evolve
according to the time dependency of the constraint as given by its
Lagrange multiplier.
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The left-hand side of eq 1, Xi(t), is the measured expression
value of transcript i at time point t. Then, using a numerical
procedure (discussed in the Supporting Information and in ref
21), surprisal analysis seeks to accurately fit the data by including
as few constraints as possible. The values of many quantities in eq
1 are not known before we begin our analysis, but there were also
many more measured values of the expression levels, e.g., 5280
transcripts measured at 48 different time points for the data
reported in ref 4 than unknowns. Thus, there were a sufficient
number of data points, and a careful count showed that we could,
in principle, determine weights λα(t) of up to 47 different,
independent constraints, meaning that α assumes all values from
1 to 47. In practice, the majority of the constraints were
determined to be strictly marginal, meaning that their
contribution was within the noise level of the data. Indeed, the
first output of the analysis was the ranking of the constraints by
their importance. For the data of ref 4, the importance of the
constraints decreased exponentially with their values of index α
(Figure S1 of the Supporting Information). Of the 47 possible
constraints, at most 11 were outside the noise level that could be
estimated from the data.26 Of these 11, four constraints
accounted for all critical features in the oscillation dynamics
(Figure S2 of the Supporting Information) in the data for IFO
0233.3,4 For the CEN.PK113-7D data,15 even just twomultipliers
provide a realistic approximation.
The quantitative assessment of how many multipliers are

warranted by the data is based on translating the possible margin
of error in the data to error bounds on the value of the
multipliers. See the error analysis section of the Supporting
Information and ref 26. The principle of the criterion is easy to
state. A Lagrange multiplier is not needed when the error in its
value is comparable to the value. Why? Because when such is the
case, zero is a possible value for the multiplier being within the
error bar. Such a multiplier only serves to fit and describe the
noise in the data and not the real data.
Baseline. The baseline expression values, Xi

o, are the
expression levels at the global maximum of the entropy, when
there are only the steady, time-invariant, constraints. Therefore,
it is often useful to use the notation Xi

o = exp(−λ0Gi0). In this
equation, the values of Gi0 are determined as described in the
Supporting Information, which subjects them to a criterion of
normalization, so λ0 sets the absolute scale of the Gi0 values. In
the experiments reported in refs 4 and 15, the environment was
possibly changing. Therefore, the weight of the constraint that
reflects a “steady” environment could change with time. The
change that we found was limited, <5%, but unlike other
examples of cell cultures, here λ0 did change some with time,
particularly so when the drug phenelzine was added at time point
12.4

Determining the Lagrange Multipliers. We determined
the Lagrange multipliers λα(t) by determining the eigenvalues
and eigenvectors of the covariance matrix of the surprisal (see the
Supporting Information). The eigenvalues were arranged in
decreasing order (Figure S1 of the Supporting Information) and
thereby ordered the constraints by their importance. The results
for the Lagrange multipliers for the data of ref 4 are shown in
Figure 1.
The Lagrange multipliers shown in Figure 1 already provided a

realistic time point by time point representation of the measured
expression levels. To obtain an accurate description of period
doubling, stronger constraints were also needed. With 11
constraints, the oscillations in the levels of every transcript
were fully and accurately captured, as shown in Figure S2 of the

Supporting Information; 47 constraints provided a mathemati-
cally perfect fit. However, within the noise level, this fit could not
be distinguished from the fit using 11 constraints (Figure S2 of
the Supporting Information). On the time resolution of minutes,
there are at most 11 transcription patterns that contributed to the
process. Of these, four patterns dominate and the two main
constraints (α = 1 and 2) represent the respiratory and reductive
phases.
A key result that is also found in all other transcription data20

was the separation in scales between the value of the Lagrange
multiplier of the baseline as compared to the constraints due to
the dynamical process (λ0≫ λ1, λ2, ...). We use the much greater
than sign because λ0 is larger than the others by more than an
order of magnitude (Figure 1 and Figure S1 of the Supporting
Information).
As shown in Figure 1, the values of the Lagrange multipliers of

the dynamical constraints can be negative. Equation 1 shows that
a change in sign corresponds to a qualitative switch in the role of
the constraint. For one sign, transcripts are induced, and for the
other sign, they are repressed. We have previously noted21,22 that
such switches in the sign of the constraints reflect transitions in
the dynamics.

From Surprisal Analysis to Dynamics. The time-depend-
ent role of a constraint is completely described by the time
dependence of its Lagrange multiplier, λα(t). All the transcripts
that contribute significantly to a given pattern α will increase or
decrease coherently with the same time dependence as shown in
Figure 1.
Surprisal analysis therefore describes the deviations from a

balanced steady state in terms of very few clusters of transcripts
that we call transcription patterns. All transcripts that contribute
to a particular transcription patterns do so in a coherent fashion.

Figure 1. Results of surprisal analysis for strain IFO0233 for which the
cycle period is∼40min. The top panel shows the weight of the twomost
important transcription patterns vs time. Shown is the value of the
Lagrange multiplier λα(t) vs time, where α is the index of the constraint
(α = 1, 2, ...). Note how the value of the second multiplier is smaller than
the first. The values of the higher multipliers are significantly lower. Note
that the values of the Lagrange multipliers of the dynamical constraints
can be negative. The error bars on these dominant multipliers are less
than a few percent, computed as discussed in the Supporting
Information. The bottom panel shows ln[Xi(t)/Xi

o], the expression
levels, shown as a deviation from their time-independent baseline value,
vs time for the 100 most heavily weighted transcripts for constraint α =
1. This measure of the deviation is what we call the surprisal. The weight
of constraint i in pattern α is, cf. eq 1, denoted as Giα. The value of this
weight is determined by surprisal analysis as discussed in the Supporting
Information and ref 18. The surprisals of those transcripts that are
heavily weighted in the α = 2 pattern (not shown) oscillate with a phase
difference with respect to the oscillations seen in the bottom panel.
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Participation of Transcripts in Constraints. The extent to
which the expression of transcript i responds to the imposition of
constraint α is measured by Giα (see eq 1). When we examined a
particular constraint, we found that of the several thousand
transcripts of S. cerevisiae, most did not participate in that
constraint to any considerable extent. A few hundred constraints
were strongly upregulated, meaning their value of Giα was
atypically negative. (A negative value moves the transcript up
because of the negative sign in the exponent in eq 1. For more
than a century, distributions of maximal entropy have been
written with a minus sign in the exponent,27 and we followed this
practice.) For the same constraint, a few hundred transcripts
were downregulated, meaning that their value of Giα was
atypically positive (see Figure S3 of the Supporting Information
for α = 1). When we sought to determine the average
participation in constraint α by averaging the value of constraint
Giα over all the transcripts [⟨Gα⟩ = ∑iXi(t)Giα], the resulting
number was not large because of the opposing contributions
from transcripts with positive and negative values of Giα.
Overexpressed transcripts, those with negative Giα values, had
somewhat higher levels, Xi, so the sum was not quite zero;
however, without a special reason, the mean participation value
⟨Gα⟩ will not stand out (Figure S4 of the Supporting
Information).
A closely related issue is the participation of transcripts in the

baseline. From the equation Xi
o = exp(−λ0Gi0), those transcripts

that are strongly expressed must have a very negative value ofGi0.
It follows that the transcripts that are very stable have a
particularly large negative value of Gi0. Thus, the mean
participation value in the baseline [⟨G0⟩ = ∑iXi(t)Gi0] must be
negative (Figure S4 of the Supporting Information). The more
negative this value, the more energetically stable the baseline
distribution of transcripts will be.
These features of transcript participation can also be viewed by

plotting a histogram of the values of Giα.
19 The histogram is bell-

shaped and centered about zero for constraints α = 1, 2, ..., and
also bell-shaped but centered at some negative value for the
baseline (α = 0). This was found for almost all constraints that we
identified in the data of either strain. However, there were
exceptions as shown in Figure 2 for the dominant constraint that
characterizes the respiratory phase.
Exceptionally Overexpressed Transcripts. The histo-

grams for the respiratory pattern have a somewhat fat tail at high
negative values [Figure 2; Gi1 < −0.02 IFO (panel A), and Gi1 <
−0.025 CEN.PK (panel B)], comprising 299 and 285 genes,
respectively (Table S1 of the Supporting Information lists 285

for CEN.PK). To identify the genes associated with the
shoulders, we used the AmiGo gene ontology database.28 Most
of the genes identified were associated with metabolic processes,
but as we further discuss below, 98 genes (a third of the 299 genes
for IFO) and 142 (half for CEN.PK) were ribosomal transcripts
(GO terms 0005840 and 0042254) and were localized in the
shoulder.
The mean participation value of pattern α, ⟨Gα⟩, depends on

the values of Giα. The mean values of the transcript patterns with
symmetric histograms of the Giα values are expected to oscillate
about zero (Figure S4 of the Supporting Information). However,
when the distribution of the Giα values has a shoulder in the
direction of negative values, the mean participation value was
more negative than the rest. Figure S4 of the Supporting
Information shows results of the mean value versus time for
transcripts α = 0, 1, and 2.

■ COMPUTING FREE ENERGY CHANGES

Work Done by Transcription Dynamics. The work
available from the nonequilibrium transcription levels or the
work done on the transcription system to drive it away from
equilibrium can immediately be computed from the output of
surprisal analysis. The energy available to the transcription
system to do work at time t is computed as a sum over all
transcripts as the mean of the surprisal of the transcription level
value.24 The work is evaluated by using eq 1 to compute the
surprisal −ln[Xi(t)/Xi

o]

∑

∑ ∑

∑ ∑
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All quantities that are needed to compute eq 2 are provided by
the surprisal analysis of the data. To make it clear that both
contributions in eq 2 depend on time, we write the mean
participation value as ⟨Gα⟩(t). The total available work from the
transcription system is a sum of contributions of all the transcript
patterns. It is important to note that it is only the deviation from
the baseline that contributes to the work available. When the
transcripts are at a steady balance, their expression level is Xi

o. As
is expected and shown by eq 2, in such a case no work is available
[ln(1) = 0].
For a given transcription pattern, the greater the product

λα(t)⟨Gα⟩(t), the more work is available. So, as a simple rule of
thumb, because the weights λα(t) of the patterns decrease with an
increasing value of α, the more dominant constraints, those with
a low value of α, do most of the work. The work done by the
respiratory process, F1(t), is the dominant contribution as shown
in Figure 3. By comparison, the reductive process, F2(t), required
significantly less work.

Free Energy Is Measured in Units of Thermal Energy.
Equation 2 computes the free energy as a pure number (meaning
in dimensionless units), but the thermodynamic free energy has
the dimensions of energy (or of work). To convert eq 2 to these
units, the result must be multiplied by kBT, where kB is
Boltzmann’s constant and T is the temperature of the

Figure 2. Histograms of weights of different transcripts in the main
expression pattern, respiratory, of the two strains of S. cerevisiae as
indicated. Both histograms show a shoulder, indicated by an arrow, as
compared to a distribution symmetric about zero,19 at large negative
values. One could say that the distributions are “fat-tailed”. The data for
IFO0233 were taken from refs 3 and 4 and span several cycles. The data
for CEN.PK113-7D were reported in ref 15 and have a period of 4 h.
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environment. As also seen in eq 2, the free energy is directly
proportional to the extent of the expression level of the
transcripts. The greater the level of expression of the transcripts,
themore work that is available and/or needed. In the data we use,
the values reported by microarray analysis are such that the
concentration of RNA from the different samples was adjusted to
1 μg/μL (see Experimental and Theoretical Procedures).
Work Done by the Transcripts.The total work done by the

transcription patterns in CEN.PK and IFO is shown in Figures 3
and 4, respectively. Also indicated in Figure 4 are the different

phases. This shows that most of the work is done during the
respiratory stage and is released during the early reductive phase.
The list of transcripts implicated in the work being done is
provided in Table S1 of the Supporting Information.
Standard Free Energy. The standard free energy of the

transcription pattern is defined as in chemical thermodynamics
as the change in free energy between the steady-state baseline
values and a reference state where all chemical elements are in
their standard state. It is computed from the results of surprisal
analysis as F0(t) = −∑iXi ln Xi

o = λ0⟨G0⟩. The standard free
energy of the transcription pattern should be a negative number
because the transcription baseline should be very stable. Because
the individual entries Gi0 were all negative, ⟨G0⟩ was negative
(Figure S4 of the Supporting Information). λ0 was positive and
significantly larger than all the Lagrange multipliers (λα, where α
= 1, 2, ...) of the constraints shown in Figure 1. The standard free
energy of the transcription pattern was therefore very negative
and also far larger in absolute value than the free energy changes
caused by the transcription dynamics. The baseline reference
remained stable (negative) throughout the dynamics. The
standard free energy could be somewhat perturbed but could
not be made positive, meaning unstable. These conclusions are

shown in a graphical manner in Figure S5 of the Supporting
Information.

■ VALIDATION EXPERIMENT
On the basis of the analysis, we hypothesized that cells in the
respiratory phase likely build ribosomes, an energy intense
process, in preparation for protein production needed for cell
growth during the S phase of the cell cycle. Therefore, we
performed a validation experiment showing that high levels of a
small (40S) subunit of ribosomal protein, Rps6p, are made
during the respiratory phase and degrade during the early
reductive phase (Figure 5). Relative quantitation was based on

Western blot analysis (Figure S6 of the Supporting Information)
and normalized to the total protein concentration (Figure S7 of
the Supporting Information). We provide new experimental
evidence that building of ribosomes, an energy intensive process,
is in preparation for protein production needed for cell growth
during the S phase of the cell cycle.

Energy Requirements during Ribosomal Building.
Because cells collectively take up DO in the media, the
respiratory phase is when mitochondrial respiration is active.
Electron microscopy studies show the energized conformation of
the mitochondria during the respiratory phase and a resting
conformation at the reductive phase.29 Previous reports showing
oscillations in ATP concentration30,31 and ATP/ADP concen-
tration ratio32 reflect the cell’s deterministic organization of
energy production with energy intensive processes. One possible
process is ATP-dependent nucleosome remodeling.32 Our
experiments support ribosomal assembly at the respiratory
phase, a highly energy demanding process,32−34 that coordinates
with energy production.

■ CONCLUSION
The cell populations in the yeast continuous culture system
display energetic oscillations. These oscillations allow efficient
coordination with the cell cycle and cellular growth. Surprisal
analysis can be used to resolve the cyclic variations in the levels of
transcripts into the contributions from different processes. For
each process, there is a group of transcripts that respond
collectively. We identified dominant groups, which corre-
sponded to the previously identified respiratory, early, and late
reductive phases.
The free energy change during each cycle could be readily

computed using as input the results of the thermodynamic-like

Figure 3. Contribution of the respiratory and reductive transcription
patterns (α = 1 and 2, respectively) to the work available vs time.Work is
shown in units of thermal energy (kBT). The total over all patterns (see
eq 2), F(t), is shown as a solid line. Note the high contribution by the
respiratory pattern. The plot is for the data of the CEN.PK strain,15

because the validation experiment was conducted for this strain.

Figure 4. Total work done by the transcription patterns vs time in
several cycles from measured microarray data for the IFO strain.4 The
color shading shows respiratory (light gray), early reductive (dark gray),
and late reductive (white) phases.

Figure 5. Rps6 protein levels relative to the level of DO in the media.
Solid lines represent dissolved oxygen levels in the fermentor. Circles
represent normalized Rps6 protein levels normalized against total
protein (right axis). Measured for several cycles of the CEN.PK113-7D
strain. The relation between time and phase angle is discussed in
Experimental and Theoretical Procedures.
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surprisal analysis. The most energy intensive process was the
biogenesis of ribosomes, very likely in preparation for protein
production during the synthesis phase. This reflects the cell’s
deterministic coordination of energy production with energy
intensive processes.
In the longer run, the results reported in this study suggest that

surprisal analysis can be used to compute the temporal changes in
the free energy of an entire biological process, e.g., transcription.
In physicochemical systems, the free energy gradient determines
the direction of change. It remains to be shown that this can be
used to advantage also in a system-biological context.
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Details of surprisal analysis (section S1), error analysis (section
S2), eigenvalues of the covariance matrix (Figure S1), point-by-
point fit of the surprisal (Figure S2), sorted contributions of
transcripts to the dominant constraint (Figure S3), mean
participation value of the transcripts (Figure S4), free energy of
the transcription pattern (Figure S5), Western blot probed with
an antibody recognizing Rps6p (Figure S6), protein levels
relative to the level of DO in the media (Figure S7), and a list of
transcripts comprising the tail of the dominant (respiratory)
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