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Due to cell-to-cell variability and asymmetric cell division, cells in a synchronized population lose synchrony over time. As a result, time-series measurements from synchronized cell populations do not reﬂect
the underlying dynamics of cell-cycle processes. Here, we present
a branching process deconvolution algorithm that learns a more accurate view of dynamic cell-cycle processes, free from the convolution
effects associated with imperfect cell synchronization. Through wavelet-basis regularization, our method sharpens signal without sharpening noise and can remarkably increase both the dynamic range and
the temporal resolution of time-series data. Although applicable to
any such data, we demonstrate the utility of our method by applying
it to a recent cell-cycle transcription time course in the eukaryote
Saccharomyces cerevisiae. Our method more sensitively detects cellcycle–regulated transcription and reveals subtle timing differences
that are masked in the original population measurements. Our algorithm also explicitly learns distinct transcription programs for mother
and daughter cells, enabling us to identify 82 genes transcribed almost entirely in early G1 in a daughter-speciﬁc manner.

O

ne of the most fundamental processes in biology is the cell
cycle, the intricate progression of events necessary for a cell’s
division. To better understand how cell-cycle events are regulated, studies in many organisms have monitored the dynamics of
various molecular species (e.g., transcript levels, protein levels,
nucleosome positions) throughout the cell cycle. Ideally, the dynamics of these species would be studied within individual cells
traversing the cell cycle.
Unfortunately, current technology enables accurate, genomewide quantiﬁcation of many molecular species only in populations
of cells. To provide insight into the dynamics of cell-cycle processes, the cells in such a population should be as synchronized as
possible as they progress through the cell division cycle. To effect
this synchrony, cells are arrested or selected at one stage of the
cell cycle and then released to progress through subsequent division cycles. Molecular species can then be measured in the
population at various time points after release (1–5).
Measurements of cell populations would not be substantially
different from average measurements of individual cells if the
cells in the population were always perfectly synchronized.
However, perfect cell synchrony is neither attainable at synchronization nor maintainable after release. Cells exhibit variability even at the time of release, and synchrony deteriorates
further over time because individual cells progress through the
cell cycle at different rates. Moreover, asymmetric cell division is
a major source of synchrony loss in many kinds of cells and especially in budding yeast (6–10). After yeast cell division, newborn daughter cells are smaller than their mothers, and the cycle
period of daughters is signiﬁcantly longer than that of mothers.
This is most likely due to mechanisms—not yet well understood—
that delay daughter cells in early G1 until they achieve a critical
cell size (11). Mother cells are often already larger than this
critical size and thus progress more rapidly through G1 (12).
For these reasons, time-series measurements of a population of
cells do not accurately reﬂect the dynamics of individual cells as
they traverse the cell cycle, but instead represent the convolved
dynamics of all cells in the imperfectly synchronized population.
Thus, observed population measurements are only a “blurred”
view of the underlying behavior of individual cells, and this view
becomes increasingly blurry as the time course progresses.
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A few studies have attempted to deconvolve time-series microarray data to survey either transcript levels (13, 14) or peak expression timing (15) during the cell cycle in budding yeast. These
approaches modeled variability in cell-cycle progression rate, but
ignored the signiﬁcant synchrony loss caused by asymmetric cell
division. As a result, they may not be well suited to budding yeast
data and certainly cannot distinguish the cell-cycle transcription
programs of mother and daughter cells. Another more recent
study (16) developed a transcription deconvolution method for
Caulobacter cells that was used to deconvolve the transcription
proﬁles of 10 cell-cycle–regulated genes in that bacterium (see
Table S1 for detailed comparisons of these various methods).
Here, we present a branching process algorithm for deconvolving
time-series data collected from populations of cells progressing
through the cell cycle. The algorithm accounts for the effects of
asymmetric division and can estimate separate dynamic proﬁles for
individual mother and daughter cells. Our deconvolved proﬁles
represent the behavior of the average single cell and exhibit increased dynamic range and temporal resolution, but owing to our
effective wavelet-based regularization strategy, remain smooth and
do not amplify noise. Although our approach applies equally to
time-series measurements of various molecular species in various
kinds of cells, we demonstrate its utility by producing accurate, highresolution transcription proﬁles in mother and daughter yeast cells,
genome-wide.
Results
General Algorithm for Deconvolving Time-Series Data from Synchronized
Cell Populations. Our deconvolution algorithm is built upon CLOCCS

(characterizing loss of cell-cycle synchrony) (17–19), a framework
for quantitatively determining cell-cycle distributions in population
synchrony experiments. CLOCCS explicitly models a population
of cells using a branching process to account for the division of
cells during a synchronized time-series experiment. In the present
work, we decomposed the full branching process of CLOCCS into
four kinds of intervals: recovery (R) represents the interval immediately following release from synchrony, during which initial cells
recover from the synchrony protocol; G1 and daughter-speciﬁc G1
(DG1) represent G1 phases of mother and daughter cells, respectively; and post-G1 represents the interval immediately following G1 or DG1, during which mother and daughter cells progress
through S, G2, and M. According to this model, after synchrony
release, cells progress through the R interval before entering
a standard cell cycle (G1 followed by post-G1). At the end of the
ﬁrst cycle, cells divide into mother and daughter cells; mother cells
enter another standard cell cycle, while newborn daughter cells in-
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algorithm is the accuracy of its resultant estimates. To assess the
accuracy of our method, we ﬁrst deconvolve measurements of the
budding index because the “true” budding proﬁle is known and
thus provides a clear basis for evaluation: Yeast cells produce
a bud near the start of S phase and remain budded until the end
of M phase. Although each wild-type cell is either budded or not
budded, time-course budding index measurements appear like
damped sinusoids due to synchrony loss in the population over
time (Fig. 1B, Left).
We used CLOCCS parameters learned only from ﬂow cytometry
data (18) (i.e., without budding index data) to ensure fair assessment of our algorithm’s accuracy. When the two observed population-level budding index measurements are jointly deconvolved,
our algorithm predicts the true budding proﬁle nearly perfectly:
The originally measured damped sinusoids become square waves
with onset near the start of S and offset near the end of M, as
desired (Fig. 1B, Right).
Deconvolving Replicate Microarray Data to Reveal Average SingleCell Transcription Proﬁles. Reassured by the performance of our

algorithm on budding index data, we jointly learned deconvolved
transcription proﬁles from two replicate cell-cycle time-course
microarray experiments in budding yeast (4). Our decision to
keep G1 distinct from DG1 allowed us to capture possibly different transcription programs for mother and daughter cells
during G1. However, because both mother and daughter cells
subsequently enter a single post-G1 interval, our model assumes
that both kinds of cells share a common transcription program in
cell-cycle phases after G1.
In these experiments, cell populations were synchronized by
centrifugal elutriation, so the majority of initial cells were small cells
Guo et al.
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Deconvolution Is Robust with Respect to Uncertainty in Input CLOCCS
Parameters. One potential concern about the output of our al-

gorithm is that because it relies on posterior mean estimates of
parameters from CLOCCS, its output might be sensitive to uncertainty in those parameter estimates. To assess this, we generated a set of 100 deconvolved proﬁles using 100 random
realizations from the CLOCCS Markov chain, rather than using
the single posterior mean parameterization. These 100 random
realizations reﬂect our posterior uncertainty about the CLOCCS
parameters used as input; differences in the resulting 100 outputs
reﬂect our posterior uncertainty in a deconvolved proﬁle with
respect to the posterior uncertainty of CLOCCS.
For each gene, we then overlaid the 100 deconvolved proﬁles
generated with 100 different CLOCCS parameterizations on top of
one another to form a composite transcription proﬁle. Composite
proﬁles for four representative genes whose transcripts peak at
different times in the cell cycle are shown in Fig. 2A. The posterior
uncertainty is so minimal that the 100 different proﬁles in each
composite are nearly identical, although the composite proﬁle for
DSE3 exhibits slightly higher uncertainty in the middle of DG1.
Nonuniform sampling (collecting data more frequently later in the
time course when synchrony loss has accumulated signiﬁcantly)
could perhaps be used in the future to ensure that proﬁles are
equally certain in all intervals of the cell cycle. Nevertheless, even
with the uniformly sampled data used here, our deconvolution algorithm is robust enough to the posterior uncertainty in CLOCCS
parameter estimates that the proﬁles generated from 100 different
parameterizations are essentially indistinguishable.
Deconvolution Increases Temporal Resolution and Precision of
Transcription Proﬁles. One particularly compelling property of

a good deconvolution algorithm is the increased temporal resolution of its estimates; for example, although the microarray data
used in this paper were collected at 16-min intervals, our deconvolved transcription proﬁles have a nominal temporal resolution
of less than 1 min. However, this is by construction; a more meaningful question is, What is the “effective temporal resolution” of our
deconvolved proﬁles?
One way to assess effective temporal resolution is to determine
how much the timing of a proﬁle changes as varying levels of noise
are added to the input data; this yields a measure of the robustness
of timing information to noise in the data. As an example, we show
composite transcription proﬁles for the same four representative
genes after input data are perturbed by an average of 10% multiplicative noise in Fig. 2B. We sought to quantify the consequences of such perturbations to the input data on temporal
resolution and precision. One simple means of determining how
much the timing of a proﬁle changes is to focus on how much the
timing of the peak shifts, especially because the peak is typically
the most salient feature in a deconvolved proﬁle. We therefore
assessed how much peak timing shifted—whether earlier or later
PNAS | Published online February 6, 2013 | E969
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Deconvolving Time-Series Yeast Budding Index Data to Assess Algorithm
Accuracy. Perhaps the most important feature of a deconvolution

early in G1. From each of the two biological replicates, 15 samples
were collected at 16-min intervals for microarray processing,
resulting in transcript data covering about two cell cycles. In addition, for each replicate, 32 samples were collected at 8-min intervals
for measuring DNA content by ﬂow cytometry and budding index;
these data were used to ﬁt CLOCCS parameters to high accuracy
(18) (see Table S2 for detailed CLOCCS parameter estimates).
Thus, the inputs to our algorithm were replicate proﬁles of
transcript levels for 5,670 genes across 15 time points at a temporal
resolution of 16 min, along with accurate CLOCCS parameter
estimates characterizing the synchrony loss of each replicate. The
outputs were 5,670 jointly learned transcription proﬁles at a nominal temporal resolution of less than 1 min, with distinct transcription
programs learned for mother and daughter cells. Representative
examples are shown in Fig. 1C (as well as Fig. 1A and throughout
the paper); deconvolved transcription proﬁles for all 5,670 genes
are available from our website (http://deconvolution.cs.duke.edu).
Collectively, these examples highlight the ability of our deconvolution algorithm to not only sharpen transcription signal, but also
smooth out experimental noise.
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stead traverse DG1 before entering post-G1. Every time a cell
divides, a new branch appears and this process repeats.
Using morphological markers—such as budding index (17),
ﬂow cytometric measurement of DNA content (18), and/or ﬂuorescently tagged molecular markers (19)—CLOCCS accurately
estimates the lengths of cell-cycle intervals, the variance in the
rate at which cells move through these intervals, and the positions in the cell cycle at which speciﬁc events take place, such as
when DNA replication starts or ends. Most relevant for our
purposes here, CLOCCS parameters can be used to precisely
estimate how cells in a population are distributed over the cell
cycle at any point in time following synchrony release.
From CLOCCS parameter estimates, our algorithm constructs
a convolution kernel to describe how cells in the synchronized
population are distributed along the cell cycle for each time point
at which molecular species are measured. We choose to represent
the convolution kernel as a matrix (H) transforming unobserved
average single-cell dynamic proﬁles (f) into observed populationlevel time-series measurements (g). This representation, and the
formulation of our problem, is illustrated in Fig. 1A in the context
of transcription data; although we demonstrate the utility of our
algorithm using transcription data, the approach is general and
can be applied to population-level measurements of any kind of
cell undergoing any kind of dynamic cell-cycle process.
Each row of the convolution matrix H thus corresponds to
a time point and each column quantiﬁes the fraction of cells within
a given cell-cycle subinterval at each time point. The task of
deconvolution can therefore be viewed as an ill-posed discrete
inverse problem. We address the ill-posed nature of the problem—
and simultaneously tackle the issue of noise in the input data—by
using a wavelet-basis regularization approach (see Materials and
Methods for a complete description of our algorithm).
Because of the matrix form of the convolution kernel and its
utilization of CLOCCS parameters, our deconvolution algorithm
can easily be extended to jointly learn proﬁles from multiple timeseries experiments, which makes the learned proﬁles more accurate
and robust (Fig. S1A). We make use of this feature by deconvolving
replicate time-series data throughout the remainder of the paper.
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Fig. 1. Deconvolution recovers average single-cell proﬁles from population-level data. (A) Algorithm overview. Deconvolution is formulated as an ill-posed discrete
inverse problem g = H × f, in which g is a column vector containing the measured population-level time-series data (for example, the transcription proﬁle of the G1
cyclin CLN2; Left, red), H is the convolution kernel calculated from CLOCCS parameters, and f is a column vector representing the components of the unknown dynamic
proﬁle of an average individual cell, which is to be estimated. After regularizing using a wavelet basis, our optimization algorithm learns smooth estimates for the four
components of f, corresponding to the intervals R, G1, post-G1, and DG1; we consistently color these intervals red, blue, orange, and cyan. Thus, the algorithm takes g
as input and learns f as output, yielding an average single-cell proﬁle whose dynamic range and temporal resolution have been dramatically increased (as illustrated
here by CLN2). (B) Joint deconvolution of replicate budding index measurements. (Left) The two replicate wild-type budding index measurements in red, along with
the ﬁt to those time series learned by our algorithm overlaid in green. (Right) The deconvolved budding proﬁle, learned jointly from the two replicates. The true
budding proﬁle is shown as a dashed line for comparison (r2 = 0.99). (C) Joint deconvolution of replicate transcription proﬁles for four representative genes. Shown for
each gene are two replicate measured transcription proﬁles in red, the ﬁt to those time series learned by our algorithm overlaid in green, and separate deconvolved
transcription proﬁles for mother and daughter cells. To facilitate cross-comparison, all transcription proﬁles are normalized so that their maximum levels are the same
height; consequently, the increased amplitude produced by deconvolution is not apparent (dynamic range before and after deconvolution for these genes is shown
later in Fig. 3A). The cyclin PCL1 peaks late in both G1 and DG1, the APC activator CDC20 peaks during mitosis, and the CDK inhibitor SIC1 is transcribed primarily during
DG1. For genes whose two replicate proﬁles are in poor agreement—such as the MAP kinase SSK22 (Pearson’s correlation = 0.14)—our algorithm removes apparent
noise; the resultant deconvolved proﬁle smoothly traces the broad trajectory of measured transcript levels across both replicates.

(using unsigned timing differences)—as the input data were perturbed by varying amounts of multiplicative noise.
Although the reproducibility of our two replicate microarray
experiments was high (4), and although it has been shown that
the intrinsic noise level in the gene expression of budding yeast is
relatively low (20), we chose to examine the effects of perturbation by multiplicative noise across a broad range, from an
average of 5% up to 20% noise. Across this range, the median
unsigned peak timing shift ranged from 0.0 up to 1.6 min, and the
mean ranged from 0.6 up to 2.7 min (Fig. 2C). As one speciﬁc
example, if the input replicate transcript levels were all perE970 | www.pnas.org/cgi/doi/10.1073/pnas.1120991110

turbed an average of 10% as in Fig. 2B, the timing of a peak
would shift an average of 1 min. This indicates that the peak
timing information in our deconvolved proﬁles is relatively precise and robust to noise in the measured transcript levels.
We observed that the effective temporal resolution of the
deconvolved proﬁles not only is related to the amount of noise in
the input data, but also depends on the time at which genes are
transcribed during the cell cycle. For instance, when adding 20%
noise, although the mean shift in peak timing for all genes is 2.7
min (Fig. 2C), it becomes 4.4 min for genes whose transcript levels
peak late in the cell cycle. This suggests that when collecting timeGuo et al.

C

Fig. 2. Deconvolved proﬁles are robust to uncertainty in inputs. (A) Robustness of deconvolved proﬁles with respect to uncertainty in CLOCCS parameter
estimates. Shown are 100 overlaid deconvolved transcription proﬁles for the
G1 cyclin CLN1, the S-phase transcriptional activator NDD1, the transcriptional
activator ACE2 expressed late in the cell cycle to drive early G1 transcription in
a daughter-speciﬁc manner, and the daughter-speciﬁcally expressed DSE3.
The 100 deconvolved transcription proﬁles for each gene were produced using
100 different CLOCCS parameterizations, each a random realization from the
CLOCCS Markov chain. The most noticeable uncertainty in the deconvolved
proﬁles seems to be for DSE3 in the middle of DG1, but even this uncertainty is
minimal. Further examples are given in Fig. S2. (B) Robustness of deconvolved
proﬁles with respect to noise in input transcript levels. Shown are 100 overlaid
deconvolved transcription proﬁles for CLN1, NDD1, ACE2, and DSE3. These 100
proﬁles for each gene were produced by deconvolving 100 different perturbations of the input transcript levels by multiplicative noise at an average of
10%. (C) Effective temporal resolution of deconvolved proﬁles as a function of
measurement noise. The x axis indicates the average level of random multiplicative noise added to input transcript levels at every point in the time series.
Box plots display the distribution of timing differences (unsigned) between the
transcription peaks of deconvolved proﬁles with and without noise added.
Gray boxes indicate interquartile ranges, thick black bars indicate median
values, and small red squares indicate mean values.

series measurements during the cell cycle, it may again be beneﬁcial to use nonuniform sampling, as suggested above.
Deconvolution Increases Amplitude and Dynamic Range of Transcription
Proﬁles. Because convolution is a form of smoothing, and decon-

volution is therefore a form of sharpening, deconvolution helps
restore the dynamic range of transcript level ﬂuctuations whose
measured levels have been dampened by the effects of convolution.
However, a serious risk of deconvolution is that it will sharpen not
Guo et al.
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Deconvolution Reveals a Large Number of Transcripts Fluctuating
During the Cell Cycle. The increased dynamic range resulting

from deconvolution affords us the opportunity to more sensitively
identify transcripts whose levels ﬂuctuate signiﬁcantly over the
course of the cell cycle. Indeed, one nice aspect of our PTR score
is that it provides a direct and continuous measure of exactly this.
In particular, combining our model-based deconvolution with our
PTR score allows us to avoid the Fourier-based periodicity
analyses that have been used to label cell-cycle–regulated genes
in the past (e.g., refs. 1, 21), with their attendant limitations when
applied to sparsely or irregularly sampled time-series data.
Transcripts cannot be categorized in a simple binary fashion as
being cell-cycle–regulated or not, because cell-cycle regulation
occurs along a continuum from strongly regulated to weakly regulated; moreover, the locations of genes along this continuum are
surely condition and strain dependent. For this reason, it makes
more sense to simply rank genes in terms of their degree of cellcycle regulation in our data, for which we use our deconvolved
PTR score as a measure. To visualize how well our deconvolved
PTR score recovers genes labeled by earlier studies as being cellcycle–regulated, we plotted the cumulative recall of previously
labeled cell-cycle–regulated genes as a function of our deconvolved
PTR rank (Fig. 3B).
Bearing in mind that the degree of cell-cycle regulation occurs
along a continuum, we chose to focus on the top 1,500 genes for
downstream analysis, corresponding to a deconvolved PTR score
≥1.37 (shown in Fig. 3 A and B by a dashed red line). This set
includes 73% of the 1,271 periodic genes identiﬁed in ref. 4, 69%
of the 895 recallable periodic genes identiﬁed in ref. 3, 76% of
the 709 recallable periodic genes identiﬁed in ref. 1, and 96% of
the 440 genes in the intersection of the three previous lists. Note
that because these previous studies made predictions without the
aid of deconvolution, we should not expect to see overwhelming
agreement with any individual study.
The PTR scores of the top 1,500 genes increased by a factor
of 4.7 on average after deconvolution (after capping deconvolved
PTR scores at 100). The increased PTR scores following deconvolution allow us to more sensitively identify genes whose transcript levels ﬂuctuate during the cell cycle. Heat maps of transcript
levels for the top 1,500 genes before and after deconvolution
are shown in Fig. 4 (heat maps of transcript levels learned from
single experimental replicates are shown in Fig. S1B).
Although we focus on the 1,500 genes whose transcript levels
are most strongly cell-cycle–regulated, we reiterate that this is an
arbitrary cutoff on a continuum; it is likely that many other genes
are weakly regulated over the course of the cell cycle. This raises the
PNAS | Published online February 6, 2013 | E971
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only the dampened signal but also any noise in the measurements.
For this reason, it is critical that the deconvolution objective be
regularized appropriately, which we have achieved in our algorithm through use of a wavelet basis. The result is a deconvolution
algorithm that effectively sharpens signal (thereby increasing dynamic range) without sharpening noise (Fig. 1C).
To assess this on a genome-wide scale, we need to quantify the
dynamic range of transcription proﬁles before and after deconvolution. To this end, we developed a simple peak-to-trough ratio
(PTR) score. To be robust against the inﬂuence of large or small
outliers, we deﬁned our PTR score as the ratio between the 80th
percentile and the 20th percentile of transcript levels over the
course of the cell cycle (ignoring the recovery interval R, during
which many stress-response genes are temporarily transcribed at
very high levels; see Materials and Methods for further details).
PTR scores before and after deconvolution are illustrated in
the density scatterplot of Fig. 3A. Two things are apparent from
this scatterplot: The vast majority of genes exhibit a noticeable
increase in their PTR score (they appear above the diagonal), as
would be expected for a deconvolution method that sharpens
transcription proﬁles; at the same time, owing to the waveletbased regularization used by our algorithm, and in contrast to
most earlier deconvolution methods (e.g., ref. 15), genes can
have smoother transcription proﬁles after deconvolution than
before (they can appear below the diagonal).
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licensing potential replication origins for activation. Origins are
activated late in G1 by S-CDK and DDK activity, leading to the
formation of a massive protein assembly called the preinitiation
complex (pre-IC), including the Cdc45 complex, the Dpb11
complex, and the GINS complex. Assembly of the pre-IC eventually leads to the initiation of DNA synthesis, deﬁning the start
of S phase (22).
Fig. 5A makes evident that the timing of transcription of genes
involved in the selection (pre-RC) and activation (pre-IC) steps of
replication is tightly regulated, with transcripts of pre-RC genes
peaking together early in G1 (Fig. 5A, Upper) and transcripts of
pre-IC genes peaking together later in G1 (Fig. 5A, Lower). The
two catalytically distinct MCM subgroups, Mcm2-3-5 and Mcm46-7 (23), seem to be transcribed coordinately, especially in relation
to the troughs of each proﬁle. Interestingly, the tight regulation
evident in mother cells appears to be relaxed in daughter cells,
although it should be recalled that daughter proﬁles are slightly
more uncertain. Even so, the transcripts of all of the pre-RC genes
still peak before the transcripts of all of the pre-IC genes.
During replication, newly synthesized DNA is complexed with
nucleosomes, histone octamers consisting of two copies of each
of the four core histones H2A, H2B, H3, and H4 (24). Fig. 5B
reveals that these core histones are transcribed in remarkably
tight coordination, peaking precisely at the start of S phase. In
addition, we observe that in both mother and daughter cells, one
histone gene peaks distinctly later than the others: HTZ1, the
replication-independent histone variant H2A.Z that is not assembled into nascent nucleosomes, but is exchanged for H2A in
a subset of nucleosomes afterward (25). The other histone gene
with a somewhat distinctive transcription proﬁle is the H1 linker
histone HHO1 (26), whose transcript levels uniquely approach
zero during DG1, although they peak at essentially the same
time as the core histones.
Deconvolution Reveals a Daughter-Speciﬁc G1 Transcription Program.

Fig. 3. Genome-wide analysis of deconvolved transcription proﬁles reveals
a large number of transcripts ﬂuctuating during the cell cycle. (A) Dynamic
range of transcription proﬁles before and after deconvolution. The density
scatterplot depicts PTR scores for all 5,670 transcription proﬁles before and
after deconvolution. PTR scores above 100 are shown truncated because the
PTR score can become arbitrarily large if the denominator approaches zero.
Note that although most genes have increased dynamic range after
deconvolution (above diagonal), some genes have decreased dynamic range
(below diagonal), owing to our wavelet-based regularization. The ﬁve genes
whose deconvolved transcription proﬁles appear in Fig. 1 are highlighted in
blue. The dashed red line indicates the deconvolved PTR score threshold
corresponding to the 1,500 most strongly cell-cycle–regulated genes. (B)
Recovery of yeast genes labeled in previous studies as cell-cycle–regulated.
We ranked all 5,670 genes by their deconvolved PTR score. The plot shows
the cumulative recall (sensitivity) of recallable genes from previous studies.
Genes with the highest 1,500 PTR scores (dashed red line) include 96% of the
440 genes labeled by all three earlier studies as cell-cycle–regulated.

prospect that a more signiﬁcant fraction of the yeast transcriptome
may be under cell-cycle control than previously suspected.
Deconvolution Reveals Fine Timing of Transcription Programs. We
have shown that our deconvolution algorithm can reliably estimate transcription proﬁles at ﬁne temporal resolution. This enables us to distinguish subtle timing differences previously obscured
in population measurements taken only every 16 min. Fig. 5
provides two examples: the transcription proﬁles of genes that play
key roles in the selection and activation of origins of DNA replication (Fig. 5A) and the transcription proﬁles of histone genes
(Fig. 5B).
Origins of replication are selected and activated by the ordered
assembly of protein complexes on the genome at discrete stages
of the cell cycle. Potential origins are initially marked by the arrival of the origin recognition complex (ORC). During G1, the
ORC then associates with Cdt1 and Cdc6 to recruit the helicase
MCM complex, forming the prereplicative complex (pre-RC) and
E972 | www.pnas.org/cgi/doi/10.1073/pnas.1120991110

Coupled with our high-resolution estimates, the explicit modeling of asymmetric cell division enables us to monitor and differentiate distinct mother and daughter transcription programs.
For example, Colman-Lerner and colleagues (27) identiﬁed a set
of genes that are transcribed in daughter-speciﬁc early G1 and
suggested that this daughter-speciﬁc transcription may, in part,
be due to Cbk1/Mob2-dependent activation and localization of
the Ace2 transcription factor to the daughter cell nucleus. As
shown in Fig. 6A, our deconvolution algorithm not only correctly
predicts the transcription of these genes as daughter speciﬁc, but
also provides a ﬁnely timed view of relevant events in late mitosis
and early G1 that are not evident in the input population-level
transcription proﬁles. We observe four distinct sets of transcription dynamics: (i) ASH1 is transcribed to peak levels ﬁrst,
but is also degraded ﬁrst; (ii) EGT2, AMN1, and DSE3 transcript
levels rise very closely on the heels of ASH1, but degrade more
slowly; (iii) DSE4, PRY3, and SCW11 transcript levels begin to
rise at a similar time, but reach their peaks more slowly; and (iv)
DSE1, DSE2, and CTS1 transcript levels begin to rise noticeably
later and peak last (Fig. 6A).
This order of transcription timing is consistent with our
knowledge about the functions of these genes. Ash1 is one of the
earliest regulators of daughter-speciﬁc gene expression programs
and is required to repress the transcription of HO from the beginning of DG1 to block mating-type switching (28, 29). AMN1 is
also transcribed very early in DG1 since Amn1 has been shown
to be part of a daughter-speciﬁc switch that helps cells complete
mitotic exit (30). On the other hand, DSE2 and CTS1 (chitinase)
are transcribed later in DG1 as they encode proteins that degrade the cell wall from the daughter side, leading to mother–
daughter separation (27, 31, 32).
Among genes that rise to their peaks concomitantly, we observe that their transcript levels may decay at different rates;
interestingly, these rates are in rough qualitative agreement with
a recent global study of mRNA half-lives (33). For instance,
among the closely transcribed genes ASH1, EGT2, AMN1, and
DSE3, the half-life of ASH1 is shortest (9.35), the half-lives of
Guo et al.
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Fig. 4. Transcript dynamics of 1,500 most strongly
cell-cycle–regulated genes. Heat maps depict the dynamics of transcripts in the measured (A) and deconvolved (B) transcription proﬁles of the 1,500 most
strongly cell-cycle–regulated genes. Corresponding
rows in the various heat maps represent the same
gene. Note that although our algorithm learns the
deconvolved transcription proﬁles from two independent replicates of the measured data, only WT1 is
shown in A for space (WT2 data are nearly identical).

AMN1 and EGT2 are close to one other (11.02 and 10.67), and
the half-life of DSE3 is longest (24.65). Similarly, the half-life of
CTS1 (33.38) is signiﬁcantly longer than those of the other two
closely transcribed genes DSE1 and DSE2 (7.64 and 7.49).

Having conﬁrmed that the known daughter-speciﬁc transcripts
of Colman-Lerner et al. (27) were primarily transcribed during
DG1 after deconvolution (Fig. 6A), we sought to identify other
genes that were similarly transcribed primarily during DG1. We
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Fig. 5. High temporal resolution of deconvolution reveals ﬁne timing of transcription programs.
(A) Normalized deconvolved transcription proﬁles
of genes playing key roles in the origin-selection
(Upper) and origin-activation (Lower) steps of
DNA replication. Proﬁles of CDT1, MCM10, SLD3
(in the Cdc45 complex), DPB11 (in the Dpb11
complex), and PSF2 (in the GINS complex) are not
shown because their deconvolved PTR scores fall
below the PTR threshold of our top 1,500 genes
[none of these ﬁve are identiﬁed as cell-cycle–
regulated in any previous study (1, 3, 4) except for
PSF2 in ref. 4]. (B) Normalized deconvolved transcription proﬁles of histone genes in yeast. Note
that the only two histone genes with somewhat
distinctive proﬁles are the H2A.Z histone variant
which peaks later and the H1 linker histone whose
transcript levels approach zero during DG1. Fig. S3
shows an alternative representation of all these
proﬁles.
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established two criteria: The integrated transcript level of a gene
across all of DG1 should be at least 30% of the total across all
cell-cycle branches (R, G1 + post-G1, and DG1 + post-G1), and
the peak transcript level in DG1 should be at least 1.5 times
higher than the peak during recovery (R) or in mother (G1 +
post-G1) cells. We identiﬁed 82 genes satisfying these criteria
which we consider to be primarily transcribed in daughter cells
during G1 (Fig. 6B). Many known daughter-speciﬁc genes are
in the list, including all 10 genes of Colman-Lerner et al. (27),
all 6 genes identiﬁed by Di Talia et al. (ref. 34, Text S1, p. 4) as
“strongly and fairly speciﬁcally activated by Ace2,” and a remarkable 19 of the 22 genes identiﬁed by Di Talia et al. (ref.
34, Text S1, p. 4) as “responding to a greater or lesser extent
to both Ace2 and Swi5” (P < 2 × 10−33); these include the
cyclin Pcl9 and the CDK inhibitor Sic1 that drives cells out of
mitosis (35).
Gene Ontology (GO) (36) enrichment analysis indicates that
many of the proteins corresponding to these genes play a role in
the processes of transcription elongation (P < 3 × 10−8), completion of separation (P < 2 × 10−7), cytokinetic cell separation
(P < 2 × 10−6), and cell wall organization or biogenesis (P < 7 × 10−4),
etc. We visually clustered the 82 genes into three clusters and
performed transcription factor (TF)-promoter enrichment analysis of the genes in each cluster. Not surprisingly, genes whose
transcript levels peak early in DG1 (Fig. 6B, early) share Ace2
and Swi5 as key TFs; also identiﬁed are Sok2, Phd1, and Ste12,
all regulators of pseudohyphal growth. Genes whose proﬁles are
above average for almost all of DG1 (Fig. 6B, middle) are further
enriched for Cin5 (previously called Yap4) and Yap6, yeast AP-1
homologs that both recruit the Tup1/Ssn6 repressor under stress
conditions (37). Genes whose onset is a bit later in DG1 (Fig. 6B,
late) are enriched for Mcm1, Tec1, and Ste12—all involved in
responses to pheromone or pseudohyphal growth—as well as
Mac1, a copper-sensing TF, and Put3, a regulator of the proline
utilization pathway.
Because it is experimentally difﬁcult to measure mother and
daughter transcription programs independently, knowledge of
daughter-speciﬁc events is still rather limited, and high-throughput
identiﬁcation of daughter-speciﬁc genes has been an open prob-

lem in the ﬁeld. Our deconvolution algorithm, with its unique
ability to reveal a daughter-speciﬁc transcription program from
population-level data, provides a method for generating hypotheses in this direction and reveals a much larger list of daughterspeciﬁc genes than has previously been identiﬁed (27). Along with
the recent results of Di Talia et al. (34) and others, this list provides
a step toward understanding the nature of mother–daughter cell
differentiation (further analysis in SI Text 1).
Similar Conclusions Arise from Deconvolving Separate Transcription
Data. We wanted to see whether our results and conclusions

might be dependent on the speciﬁc transcription data we were
using for deconvolution. To explore this, and to demonstrate
more concretely the general applicability of our method, we
further deconvolved genome-wide yeast transcription data collected by Granovskaia et al. (5). These data differed from ours in
a number of important respects. The cells were synchronized
using a temperature-sensitive cdc28-13 mutant strain rather than
by elutriation; the data were from a single time-series experiment
rather than replicate time-series experiments; and the markers
that were collected to characterize synchrony loss in the population were different: Orlando et al. (4, 18) collected budding index
plus ﬂow cytometric measurements of DNA content, whereas
Granovskaia et al. used indices of the fraction of cells with buds,
with nuclei across the bud neck, and with divided nuclei.
As a sanity check, we ﬁrst conﬁrmed that we could accurately
reproduce the true budding index proﬁle (Fig. S4). We then conﬁrmed that the 598 periodic protein-coding genes reported by
Granovskaia et al. have deconvolved proﬁles with sharply attenuated noise, smoother signal, and markedly increased temporal
resolution (Fig. S5). Other results are also recapitulated: for example, the later timing of HTZ1 expression compared with other
histones (Fig. S6) and the daughter-speciﬁc expression of the vast
majority of our 82 daughter-speciﬁc genes (Fig. S7). Complete
deconvolved transcription proﬁles for the more than 6,000 ORFs
from Granovskaia et al. (5) are available from our website (http://
deconvolution.cs.duke.edu), in addition to our own proﬁles.

A

B
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Fig. 6. Branching process construction enables
deconvolution to reveal a daughter-speciﬁc G1
transcription program. Our deconvolution algorithm explicitly learns distinct cell-cycle transcription programs for both mother and daughter cells,
enabling us to explore transcriptional behavior of
daughter cells that cannot be observed from the
population-level transcription proﬁles. (A) Deconvolved transcription proﬁles in mother (Left) and
daughter (Right) cells of genes previously characterized as daughter-speciﬁc by Colman-Lerner et al.
(27). (B) Two criteria were used to identify 82 genes
transcribed primarily and almost entirely in the DG1
interval (which we call daughter-speciﬁc genes). All
daughter-speciﬁc genes in A were identiﬁed by our
criteria and thus appear again in this set. According
to the timing of transcription peaks in DG1, we
classiﬁed these genes into three subclusters: early,
middle, and late. Up to ﬁve overrepresented TFs of
each subcluster are shown (full list in Table S3).
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Materials and Methods
Experimental Data. We applied our deconvolution algorithm to learn average
single-cell transcription proﬁles jointly from two independent replicates of
cell-cycle synchrony experiments in wild-type budding yeast (4). The experiments collected populations of synchronized early-G1 cells by centrifugal
elutriation. Two wild-type time-series replicates were collected with 15
samples taken at 16-min intervals in each, starting 30 min after release in the
ﬁrst replicate and 38 min after release in the second. Both replicates covered
approximately two complete cell cycles. For each replicate, both budding
index and ﬂow cytometry data were collected 32 times at 8-min intervals,
starting 30 min after release (18). Budding index was measured by light microscopy to record the number of budded and unbudded cells observed out
of at least 200 cells. The DNA content of 10,000 cells per sample was measured by ﬂow cytometry as described in ref. 39. We downloaded the mRNA
expression datasets; for genes with multiple probes, we averaged the transcript levels across the probes. Consequently, we were left with measured
transcription proﬁles of 5,670 unique genes [all data available for download
from our website (http://deconvolution.cs.duke.edu)].
Deconvolution Model. Let f ∈ ℝn be a vector of size n, whose elements represent
the average levels of some molecular species in individual cells at various points
in the cell cycle; let H ∈ ℝt×n be a convolution matrix that transforms values
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early G1 proﬁle, an example being MCM3 (Fig. 5A). For each gene,
we can calculate two Pearson correlation coefﬁcients: one between
the G1 proﬁle and a compressed version of the DG1 proﬁle and the
other between the G1 proﬁle and the latter segment of the DG1
proﬁle. Because correlation ignores amplitudes, we also compare
the maximum transcript levels in these intervals to ensure rough
equivalence. Focusing on the cell-cycle–regulated genes that have
clear peaks in G1 and DG1, we observed that about 30% are exclusively in the ﬁrst category, about 30% are exclusively in the
second category, and about 20% can be classiﬁed into both categories, like CDC6 (Fig. 5A); the ﬁnal 20% are not easily categorized
(details in Fig. S9).
Our deconvolved estimates show a signiﬁcant increase in amplitude of cell-cycle oscillation for most of the genes measured.
The top 1,500 genes all exhibit transcript levels that are at least
37% higher at the 80th percentile of expression than at the 20th
percentile; it seems reasonable to suggest that at least this many
genes may therefore be regulated over the course of the cell cycle
(nearly twice as many as were labeled cell-cycle–regulated in
ref. 1). Although we do not believe all these genes are exclusively
cell-cycle–regulated—for example, some genes with signiﬁcant
stress-response regulation are included (Fig. S10)—it suggests
that many genes may exhibit previously unrecognized transcriptional regulation during the cell cycle. On the other hand, we also
noticed that some well-studied cell-cycle–involved genes like
MCM1 and CDT1 are not in our cell-cycle–regulated set (or any
previously established sets, for that matter). One explanation may
be that their expression does not vary during the cell cycle. Another explanation is that their expression is variable but regulated
posttranscriptionally (i.e., we might see ﬂuctuating expression if
we monitored protein abundance or, in the case of kinase targets,
abundance of phosphorylated protein). A more remote third
possibility is that these genes may be transcriptionally regulated,
but transcribed at multiple times during a single cell cycle, possibly
because they may play multiple roles; due to convolution effects,
the transcription proﬁles of such genes would be greatly muddled
in a cell population, and deconvolving them to achieve sufﬁciently
large PTR scores may be difﬁcult, given the level of noise in
microarray experiments.
Although we have demonstrated the usefulness of our algorithm by deconvolving genome-wide transcription proﬁles from
two different datasets, the algorithm is general and can be used
to deconvolve many other population-level data sources, such as
nucleosome occupancy measurements, protein expression proﬁles obtained by Western blots, or measurements in organisms
other than budding yeast. All the algorithm needs as input are
synchrony measurements from CLOCCS or some other distribution model (e.g., the cell-type distribution model used in ref.
16) and time-series measurements to be deconvolved.
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Discussion
The imperfect synchrony of a synchronized population of cells
prevents us from directly using populations to precisely observe
the dynamics of processes that occur in single cells. In this study,
we present a deconvolution algorithm that efﬁciently removes the
effects of synchrony loss from population-level measurements.
When applied to recent replicate microarray data, it robustly
recovers precise transcription proﬁles with markedly increased
dynamic range and temporal resolution. Our algorithm is built
upon the CLOCCS framework that models three distinct asynchrony sources: imperfect synchronization in the initial cell populations, variance in progression rates of individual cells through
the cell cycle, and asymmetric cell division. It should be explicitly
noted that our deconvolution method cannot assess variability
across single cells, which might be interesting, especially for molecular species at very low concentrations where noise plays an
important role. Rather, our method provides a high-resolution
view of the transcript levels of the average single cell; alternatively,
it learns what would be observed if we were to measure a population of cells that starts and remains in perfect synchrony
throughout a time course, with mother and daughter cells perfectly separated from one another following cell division.
Our approach has several algorithmic advantages: (i) Our algorithm optimizes a convex objective function and thus has a unique
global optimum. Mature convex optimization techniques and
implementations enable an optimal solution to be found efﬁciently;
in practice, we can deconvolve a transcription proﬁle in a few seconds in MATLAB running on standard hardware. (ii) By design,
deconvolution algorithms enhance the features of blurred population-level measurements to sharpen underlying signal. However,
previous deconvolution methods often end up sharpening noise as
well. We avoid this problem by formulating an objective function
that is Bayesian l1-regularized using a wavelet basis. Such an approach has been used in the signal and image processing communities, where it has been shown to effectively deblur signals and
images while smoothing away noise (38); to our knowledge, however, wavelet-basis regularization has not been applied in a branching process context as we require here. The usefulness of this
approach is evident, as about one-third of genes had a PTR that
decreased after deconvolution, presumably because the ﬂuctuation in measured transcript levels was due to noise rather than cellcycle regulation. For example, after deconvolution, the constitutively expressed actin gene ACT1 and almost all ribosomal protein
genes are essentially ﬂat over the entire course of the cell cycle
(Fig. S8). These observations indicate that our deconvolution algorithm can correctly dampen noise even while sharpening signal.
(iii) The extensible design of our convolution kernel approach
allows us to learn a single transcription proﬁle from replicate timeseries experiments, leading to more accurate and robust estimates.
A further advantage of our deconvolution algorithm is that
when applying it to population-level measurements of transcript
dynamics across the yeast cell cycle, it can learn distinct cell-cycle
transcription programs for mother and daughter cells, because
we explicitly model them as distinct within the branching process.
Our algorithm identiﬁes 82 genes that appear to be transcribed
speciﬁcally in daughter cells, and we anticipate this ﬁnding will
be useful for studying late mitotic and early G1 cell-cycle events,
as well as cell differentiation in yeast. Moreover, the ability to
distinguish programs for biologically relevant subpopulations is
not limited simply to mother and daughter cells in budding yeast;
by modifying the underlying branching process model, this feature of our deconvolution algorithm could be extended to other
systems and thereby lead to the identiﬁcation of transcription
programs that occur only in distinct subpopulations of cells.
Because mother and daughter cells are permitted by our model to
transcribe genes differently during G1, it might be interesting to ask
how the transcription programs in G1 and DG1 are related. For
example, the transcription program of a gene in G1 may be essentially identical to that in DG1, albeit proceeding at a faster pace so
that the proﬁle appears to be compressed, an example being MCM7
(Fig. 5A); or the transcription proﬁle in DG1 may be a delayedonset version of the G1 proﬁle, preceded by some daughter-speciﬁc

from the individual cell level to the population level; and let g ∈ ℝt be a
measured population-level time-series with t time points. Because we require
n > t, given the convolution kernel H and a measured proﬁle g, estimating f
involves solving an ill-posed discrete inverse problem: Hf = g (Fig. 1B). To avoid
overﬁtting and to ensure a smooth estimate of f, we used a wavelet-basis
regularization approach (40). In detail, we split each gene’s average single-cell
transcription proﬁle f into four distinct blocks as f = [fR fG1 fDG1 fpost−G1], representing the transcription proﬁle during subintervals R, G1, DG1, and post-G1,
respectively. We expect that the estimated proﬁle [fR fG1 fpost−G1] should be
smooth because it prevails during the cell-cycle progression of initial cells, and
similarly the proﬁle [fDG1 fpost−G1] should be smooth because it prevails during
the cell-cycle progression of daughter cells. Using wavelet-basis regularization,
one might then imagine formulating the objective function as

 
  

argmin kHf − gk22 þ γ  fR fG1 fpost-G1 W1 1 þ w  fDG1 fpost-G1 W2 1 ;

[1]

f

where || · ||1 and || · ||2, respectively, denote l1 and l2 norms, γ is a regularization control parameter, W1 and W2 are orthonormal wavelet-basis matrices,
and w simply scales the two regularization terms to account for the different
lengths of the intervals they cover; we always set w = 1.5 because the
amount of time spent in R + G1 + post-G1 (regularized by W1) is roughly 1.5
times as long as the amount of time spent in DG1 + post-G1 (regularized
by W2).
However, when deconvolving microarray transcription data, use of an l2
norm for (Hf − g) is dubious because it represents an assumption of additive
Gaussian error whereas transcript-level measurements collected using Affymetrix arrays are generally presumed to exhibit multiplicative Gaussian error. To model multiplicative error, we transformed Hf and g into log-space,
yielding a more appropriate objective function:

 
  

argmin klog Hf − log gk22 þ γ  fR fG1 fpost-G1 W1 1 þ w  fDG1 fpost-G1 W2 1 :
f

[2]
Unfortunately, this objective function is no longer convex. To recover convexity, we approximated this more appropriate objective function using
a ﬁrst-order Taylor series expansion as
2


Hf

 
  






argmin 
 g − 1 þ γ fR fG1 fpost-G1 W1 1 þ w fDG1 fpost-G1 W2 1 ;
f
2

[3]

which is convex and hence has a unique global optimum. When deconvolving
microarray transcription data, we require f ≥ 0 because the actual transcript
levels are always nonnegative and use Symlet (n = 5) wavelets because of
their smoothness and symmetry properties; similar results are obtained with
other high-order wavelet bases. When deconvolving budding index data, we
instead use the original objective function of Eq. 1, require f ∈ [0, 1] because
the fraction of budded cells is always between 0 and 1, and use Haar
wavelets because they result in piecewise constant proﬁles. In each case, we
performed constrained optimization of the respective convex function using
the MATLAB convex optimization package CVX, version 1.21 (41, 42).
Constructing a Convolution Kernel. CLOCCS enables us to determine the cellcycle distribution of a cell population at any given time and to estimate the
fraction of cells within any given cell-cycle subinterval. Using the cell-cycle
position distributions from CLOCCS (learned parameters characterizing these
distributions for each experiment are listed in Table S2), we can construct
a convolution kernel H ∈ ℝt×n, where t denotes the number of time-series
observations in the population-level measurements g, and n denotes the
total number of subintervals along the various cell-cycle branches. Speciﬁcally, hij ∈ H quantiﬁes the fraction of cells within a given subinterval j at
a given time i. For the purposes of high temporal resolution, n is chosen
much larger than t. In our case, t = 15 and n = 258 because we used a total of
258 subintervals for deconvolving transcription proﬁles: R has 88, G1 has 42,
DG1 has 86, and post-G1 has 42. In implementation, we used padding entries
and mirror reﬂections in both directions of f to remove the edge effects
caused by circular wavelet packets (43).
Joint Learning from Multiple Replicates. Our convolution kernel design allows
us to learn a robust single transcription proﬁle jointly from multiple experimental replicates. For example, in our case with two replicate experiments, we
can construct convolution kernels H1 and H2 for the two replicates using their
respective CLOCCS parameter estimates. To ensure the matrices refer to the
same points along the branching process, we used the same number of sub-
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intervals on the various cell-cycle branches when constructing both H1 and H2.
In this manner, corresponding columns in H1 and H2 represent the same
fractional population estimate for the same subinterval along the cell-cycle
branches under the two experimental conditions. We then constructed a joint
convolution kernel HJ ¼ ½Ht1 Ht2 t , where t is the transpose operator. Similarly,
we can construct a joint population-level time-series gJ ¼ ½gt1 gt2 t for a gene
with two replicates. Although we have two replicates, we need to learn only
a single deconvolved proﬁle f. The only thing we need to do is replace g and H
within the objective function with gJ and HJ, respectively.
Selecting a Regularization Parameter. To select a good regularization parameter γ for each gene (or budding index) that avoids both overﬁtting and
oversmoothing, we ﬁrst determined a region of γ that represents a reason2
able trade-off between the ﬁt term (kHf −gk22 in Eq. 1 or kHf
g −1k2 in Eq. 3)
and the smoothness term (||[fRfG1fpost−G1]W1||1 + w||[fDG1fpost−G1]W2||1). Next,
we selected a gene-speciﬁc optimal regularization parameter γ by calculating the maximum curvature on the L-curve (44) within this region. Precise
details for selecting the regularization parameter γ are given in SI Text 2.
Adjustment of Branching Process Construction from CLOCCS. The branching
process model in our deconvolution algorithm would be identical to that of
the original CLOCCS branching process if mother and daughter cells separated immediately upon the completion of mitosis and cytokinesis. In budding yeast, however, mother and daughter cells remain attached to one
another for a period after cytokinesis, until the cell walls can be enzymatically
detached (32). During this time, although the cells have distinct cytoplasmic
compartments and may be executing distinct transcription programs, they
appear under a microscope to be a single budded cell, which is how they are
counted for the purposes of estimating parameters in the original CLOCCS
branching process. When producing transcription proﬁles, we needed to
shift the branching times in our branching process by a suitable duration
to compensate.
To estimate the duration of this attachment period, we used as biomarkers
four genes, DSE1–4 (Daughter-Speciﬁc Expression 1–4), known to have
daughter-speciﬁc transcription proﬁles. These are speciﬁcally transcribed in
the daughter cell early in the cell cycle (27). We calibrated the duration of
the attachment period to be the smallest duration such that the deconvolved transcription proﬁles of all four genes are primarily within DG1. The
resultant durations for the two wild-type replicate experiments were 26 and
27 min, respectively; in each case, the duration is around one-third of the cell
cycle of mother cells and one-ﬁfth of the cell cycle of daughter cells.
Estimating Sensitivity of Proﬁles to Uncertainty in CLOCCS Parameters. To assess the robustness of the estimates of our deconvolution algorithm to uncertainty in input CLOCCS parameters, we generated a set of deconvolved
proﬁles for 20 genes, using 100 different parameterizations from CLOCCS
rather than using the single posterior mean parameterization listed in Table
S2. To obtain these parameterizations, we ran 10 independent CLOCCS
Markov chains with 100,000 iterations after a lengthy burn-in period. Then,
we randomly selected 10 parameter estimates from the last 1,000 iterations
of each of the 10 Markov chains, resulting in 100 random parameterizations.
Estimating Sensitivity of Proﬁles to Noise in Experimental Data. To assess the
robustness of the estimates of our deconvolution algorithm to noise in the
input transcription proﬁles, we generated a set of deconvolved proﬁles for
four genes, using 100 perturbed input proﬁles. For each original input proﬁle
g = (g1, . . ., gt), we perturbed the values by multiplicative Gaussian noise at
every time point, such that g′i ¼ gi × ð1 þ ei Þ, where ei ∼ N(0, σ 2), where the
noise level σ was chosen to be 0.1.
Assessing Robustness of Temporal Resolution After Deconvolution to Experimental
Noise. To quantitatively estimate the robustness of temporal resolution after
deconvolution to experimental noise, we added random multiplicative noise
to the input proﬁle at every time point and computed the unsigned timing
difference between the peak transcript level in the original deconvolved
proﬁle and that in the deconvolved proﬁle of the same data with added
noise. This unsigned peak timing difference provided a measurement of the
sensitivity to noise of the temporal resolution achieved by our deconvolution
algorithm.
We selected the top 100 genes ranked by PTR scores before deconvolution
as our benchmark, because for these genes, the peaks in the deconvolved
transcription proﬁles are usually easy to ascertain. We say the mother and
daughter peaks of a deconvolved transcription proﬁle occur where the
transcript levels in the mother and daughter cell-cycle intervals are maximal.
If the maximal level in one of those intervals is at least twice as high as that in
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Deconvolving the Transcription Data of Granovskaia et al. When deconvolving
the transcription proﬁles of Granovskaia et al. (5), we downloaded all data
from the Web. Although the authors report transcription proﬁles from cells
synchronized both with α-factor and using cdc28-13 mutants, they report
only data characterizing the degree of synchrony for the latter, so we could
learn CLOCCS estimates and deconvolve proﬁles only for the latter experiment. Subsequent analysis of the resulting deconvolved proﬁles proceeded
in the same manner as with our original deconvolved proﬁles.
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Calculation of Peak-to-Trough Ratio Scores. We used a PTR scoring scheme to
quantitatively estimate the dynamic range of transcription of a gene before
and after deconvolution. For a measured transcription proﬁle (before
deconvolution), the PTR score was calculated as the ratio between the 80th
percentile and the 20th percentile of transcript levels after recovery (from the
ﬁrst G1 to the end of the time course). For a deconvolved transcription proﬁle,
we ﬁrst calculated two PTRs (rm and rd) as the ratios between the 80th
percentile and the 20th percentile of the transcript levels in mother and
daughter cells, respectively. The deconvolved PTR score of a gene was then
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2 r . A higher
computed as the weighted geometric mean of the two: r ¼ 3 rm
d
weight was placed on the PTR score from the mother because we had
slightly more conﬁdence in the overall mother proﬁle (more data available
for estimating the corresponding entries in f).

Identifying Overrepresented Transcription Factors. According to the deconvolved transcription proﬁles, we classiﬁed daughter-speciﬁc genes and stressresponse genes into several subclusters by visual inspection. We expect that the
genes with coherent transcription patterns may be regulated by common TFs,
and therefore certain TFs might be signiﬁcantly associated with the promoters
of the genes in a given subcluster. To test this hypothesis, we used the TF-gene
regulation mappings from the YEASTRACT database (45) (direct evidence only,
downloaded February 2011) to look for overrepresented TFs binding to promoters of genes within each subcluster. To determine whether a TF is overrepresented in a speciﬁed list of genes, we calculated a P value, using a
hypergeometric test, and designated it as being overrepresented if the P value
is less than or equal to 0.005. To increase the biological signiﬁcance of the
identiﬁed TFs, we removed TFs that bound fewer than three, or fewer than
10%, of the genes in a subcluster.
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the other interval, we deﬁne this to be the dominant peak; otherwise, we say
the proﬁle contains two dominant peaks.
For each input proﬁle g = (g1, . . ., gt), we perturbed the values by multiplicative Gaussian noise at every time point, such that g′i ¼ gi × ð1 þ ei Þ,
where ei ∼ N(0, σ 2), and where the noise level σ was chosen to be one of 0.05,
0.1, 0.15, or 0.2. At each noise level, we generated 10 perturbed transcription proﬁles for each gene, deconvolved these proﬁles, and computed the
unsigned timing differences of their dominant peaks to those of the original
deconvolved proﬁle. With 10 perturbed proﬁles for 100 different genes, we
thus had at least 1,000 unsigned peak differences (recall, some proﬁles
contain two dominant peaks) at each noise level. The distributions of these
unsigned differences are displayed in Fig. 2C as box plots.

