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1. ABSTRACT

Since many biological systems or regulatory
networks are dynamic systems, gene expression levels
measured over different time points during a given
biological process can often provide more insights about
the underlying system. These gene expression data
measured over time are often called the time-course gene
expression data. One unique feature of such data is the time
dependency of the gene expression levels for a given gene
at different times or between two different genes. Statistical
analysis needs to account for such dependency in order to
make valid inferences. This paper presents several statistical
methods for analyzing such time-course gene expression data,
including the time-lagged correlation coefficient for analyzing
the relationship between genes, a mixed-effects model with
splines for clustering genes and for estimating missing gene
expression data, and a new method for aligning gene
expression profiles obtained under two experimental
conditions and for identifying gene clusters that show

significant changes between two experimental conditions.
We used the yeast cell cycle gene expression data sets to
illustrate these methods and obtained the biologically
meaningful conclusions from these analyses.

2. INTRODUCTION

In an attempt to understand complex biological
regulatory networks, large amount of gene expression data
have been generated by using the microarray technologies
(1,2). Regulation of gene expression is fundamental to
living processes such as cell cycle, growth control and
development, and is highly complex and often occurs
through the coordinated action of multiple transcription
factors (3-6). To study regulation of transcriptional
regulators and to eventually obtain the transcriptional
regulatory networks, gene expression data are often
collected over time (2,7,8). These gene expression data
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measured over time are often called the time-course gene
expression data, which  can often provide more insights
about the underlying system or the gene regulatory
networks.  We can summarize these data into a matrix
format, with rows for genes, columns for time points, and
the elements for  the measured gene expression levels for
genes at given time points. Given the complex nature of
gene regulations, rigorous statistical analysis  of time-
course gene expression data is required in order to gain
insights into the transcriptional regulatory circuitry of
eukaryotic cells. Using several  yeast cell cycle time course
expression data sets (2,9) as examples, we present in this
paper several statistical methods for analyzing such data.

Pair-wise correlation coefficient or Euclidean
distance measurement has been used widely to cluster
genes into several clusters. These dependency
measurements work well for clustering genes with similar
expression profiles over time, but may have problem in
studying dynamic relationships between genes over time.
For example, the gene expression level of one gene may
affect the expression level of another gene at a later time
(10). In order to account for time-delayed dependency
between genes, we present in Section 3.1 the time-lagged
correlation coefficient measurement for studying the
relationship between genes. We use the time-lagged
correlation coefficient to study the relationship between
genes in different cell cycle phases. We also demonstrate
the applicability of the time-lagged correlation coefficient
by relating the yeast gene expression data with protein-
protein interaction data coded by these genes.

Because of the large number of genes involved
and the complexity of biological systems, clustering of
genes is often used for exploratory analysis of gene
expression data. Many clustering methods have been
proposed and applied to analyze gene expression data.
These include hierarchical clustering (1,2) for clustering
time course gene expression data in order to identify groups
of co-regulated genes,  the graph-based CAST algorithm
(11), self-organizing maps (12) and the K-mean clustering
methods (13). All these methods are based on some
distance or similarity measurements such as Euclidean
distance or correlation, and cluster genes which are close
together in distance. However, no explicit statistical models
are used to model the data, including both the dependency
of the measurements, and the noises associated with the
data. Recently,  clustering methods based on the
multivariate normal mixture model  were also used to
cluster genes based on their expression profiles over time
or over different samples (14,15) where each gene is
assumed to have come from a mixture of multivariate
normal densities with different means and certain
parameterization of the covariance matrix. These methods,
however, ignore the chronological order of the time-course
gene expression, i.e., arbitrary permuting the columns of
the data matrix will not affect the results of the clustering.
As gene expression levels evolve over time, time can be an
important factor that affects the gene expression levels.

We present in Section 3.2 a mixed-effects model
for time-course gene expression data using B-splines (16),

treating gene expression level as a continuous function of
time. We assume that the observed time-course expression
data are samples taken from underlying smooth curves, and
for a given gene, the expression levels over time are
dependent of each other. Such mixed-effects analysis
represents repeated measures of each gene as the sum of the
smooth population mean spline function dependent on time
and gene cluster, a spine function with random coefficients,
and Gaussian measurement noise. This formulation of the
model for noisy curves is motivated by the work of Rice
and Wu (17). Based on this mixed-effects model, we
cluster genes in the framework of a mixture model using
the EM algorithm (18). After fitting the model with the EM
algorithm, we obtained the smooth mean gene expression
curve for each cluster, the smooth estimate of the gene
expression trajectory over time constructed as the best
linear unbiased predictor (BLUP) (19) for each gene, by
combining the data from this gene and other genes in the
same cluster. Since not all the genes on  a given microarray
have measured gene expression levels available due to
experimental artifacts or certain procedures of image
analysis, it is important to have a sound statistical
procedure for estimating these missing data. The estimated
smooth gene expression trajectory provides estimates of
missing gene expression levels.

Many biological processes are expected to have
variability in the timing, which further complicates the
analysis of time-course gene expression data. The rate at
which similar underlying processes such as the cell-cycle or
aging processes unfold can be expected to differ across
organisms, genetic variants and environmental or other
external conditions (19a). This makes the comparison of
two time-course gene expression profiles difficult. Aach et
al. (20) presented a method for aligning gene expression
time-course data that is based on dynamic time warping to
align such series to make them comparable, which gave
reasonable performance on several published data sets.
However, their methods are based on the original data with
possible noises, rather than based on any statistical models.
In addition, their method requires linear interpolation to
estimate gene expression levels for unobserved time points.
Motivated by (19a), we present in Section 3.5 an alternative
method for aligning two time-course gene expression
profiles based on estimating the gene expression
trajectories and clustering, and for identifying the gene
clusters that are mostly affected by certain conditions. The
method is based on minimizing a score that is defined by
the estimated smooth gene expression trajectories and a
linear transformation of the time scale.

The rest of the paper is organized as follows. We
first present the statistical methods, including the time-
lagged correlation coefficient,  the mixed-effects model for
time-course gene expression data,  a mixture modeling
approach for clustering and for estimating gene expression
trajectory and missing gene expression data, and the
method for identifying genes that are affected by
experimental conditions. We then demonstrate these
methods by applying them to the yeast cell cycle gene
expression data. Finally, we briefly review some other
related methods for time-course gene expression data and
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conclude with a brief discussion and possible future
research.

3.  MATERIALS AND METHODS

We first define some notation. Let )( ijij tY  be the

gene expression level of the i th gene at time ijt , for

,,,2,1,....,2,1 Tjni Κ==  where n  is the number of
genes, and T  is the number of time points. By using the
microarray technology to measure the expression level of

n  genes simultaneously, the time points ijt  are usually the

same for all the genes except for a few missing data.  Let

))(),...,(( 1 τtYtYY iii =  be the vector of the time-course

gene expression data for the i th gene. Usually the number
of genes is much larger than the number of time points. In
the following discussion, we assume that the gene
expression data are appropriately normalized across
different arrays and no additional data pre-processing is
needed.

3.1 Time lagged correlation coefficient analysis
The standard correlation coefficient is often used

in clustering and analyzing time-course gene expression
data and is shown to give good results (1,2). Notice that the
standard correlation coefficient between the two genes
measures only the possible linear dependency at the same
time. However, the expression level of one gene at a given
time might be associated with the expression level of
another gene at a later time. To characterize this possible
delayed dependency between two genes, the time-lagged
correlation coefficient can be used. The time-lagged
correlation function between gene i and j  is defined as

))}(),...,1(()),(),...,1({()( TtjYtjYTtiYtiYcorrijR τττ +−=

(1)

whereτ can take values of 0,...,2,1,0 T , and corr  is
defined as the standard correlation coefficient between the

two τ−T  dimensional vectors: )(),...,1(( τ−TtiYtiY )

and ))(),...,(( 1 Tjj tYtY τ+
 . Here 0T  should be chosen so that

0TT −  is not too small (e.g., greater than 10). This

correlation measures the pair-wise dependence of the i th

gene at the current time with the j th gene at τ time later.

3.2 The mixed-effects model for time course gene
expression data

We assume that these n  genes are from C

different gene clusters, indexed by Cc ,...1= .  Let iZ  be

the cluster indicator for the i th gene, which takes one value
from },...,1{ C . For the c th gene cluster, the mean function
is modeled as

)(
1

)(
}|)({ tlB

p

l

c
lciZtiYE ∑

=
== β

 (2)
where the  sum is over a fixed knots sequence, and

},...,1(),{ plBB l == is a basis  for the spline function on

],0[ T . We use the B-spline basis  with  equal spaced knots

in this paper (see 16). Here )(c
lβ  is the p -vector of

coefficients corresponding to the cluster c . Note that we
assume the same spline basis for all the C  clusters.

The random effect curve for the i th gene is

similarly modeled as the spline function, )(
1

tB
q

l
l∑

=
, where

},...,1(),{ pllBB ==  is a basis for a possibly different

space of spline function on ],0[ T , and 
ilγ  are random

coefficients with mean 0, and covariance

matrix Γ=)( iCov γ , varying cross genes. This term is used
to model the gene-specific deviation from the “population”
average gene expression profile.  Notice that in order to
avoid too many parameters in the model, we assume that
the gene-specific random curves are independent of the
cluster indicators. The covariance kernel for random curve

)(tYi
is

)()()())(),(( 2
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where ()δ  is the Dirac function. Finally, incorporating

uncorrelated measurement errors ijε , with 0)( =ijE ε ,
2)( σε =ijVar , we assume the following mixed-effects

model for the time-course gene expression data for the i th

gene in the c th cluster at time ijt ,

ijijl
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where )(c
lβ , pl ,...,1= ,are cluster-specific parameters

which determine the gene expression profile of genes in the
c th cluster over time. This is a generalization of the model
used in Rice and Wu (17) for modeling noisy curves.

3.3 Method for clustering genes based on the mixed-
effects model

If the cluster indicators },...,{ 1 nZZ  are
unknown, then the probability distribution of the gene
expression profile for a given gene is a mixture of model
(3). We can use the EM algorithm to estimate the posterior
probabilities of these random variables of indicators for
these genes. The EM algorithm involves calculation of the
expected values of the complete data log-likelihood, and
the maximization of the expected complete data log-
likelihood over the model parameters. Closed form
quantities of the expectations in the E-step and the updating
equations for the parameters in the M-step are available,
which make the EM iteration easy to implement. Details of
the E-step and the M-step can be found in Luan and Li
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(21). After the convergence of the EM iterations, we obtain

the parameter estimates of )(ˆ c
lβ , Γ̂ , 2σ̂ , and also

=ic|π̂ )]([ ciZIE =  ipr (= th gene belongs to the c th

cluster), for ,,...2,1 ni =  and Cc ,...,2,1= . We then cluster

the i th gene into the c th cluster if ic|π  is the largest

for Cc ,...1= . The ic|π̂  also provides a measurement of

uncertainty about the resulting clustering.

3.4 Estimation of gene expression trajectory and
missing data

Another important feature of the proposed mixed-
effects model is that we can obtain the smooth estimate of
the gene expression trajectory using gene expression data
from the same cluster. This is different from the approaches
that only use the data of a single gene. The BLUP (19) of
the spline coefficients of the random effects for gene i in
the c th cluster is

)ˆ(1)ˆ'ˆ('ˆ),|(ˆ
)(2 c

BiYIBBBciZYiEi βσγγ −−+ΓΓ===

(see 21). The corresponding estimate of the individual gene
expression trajectory for gene i in the c th cluster at time

ijt  is then the smooth curve,

)(ˆ))(ˆ()(ˆ
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Notice that after getting the gene expression
trajectory, we can obtain the gene expression levels at any
given time point within the observed time range. This
provides a new way of estimating missing gene expression
data. This estimation procedure utilizes all the data in the
same cluster, not just the gene expression data of this
particular gene with missing data points, and  therefore, is
expected to be more efficient and robust.  These estimates
can be useful for studying expression dependency among
genes.

3.5 Aligning several time-course gene expression
profiles

Variability in the timing of biological processes
further complicates gene expression time-course analysis
(19a). The rate at which similar  underlying processes such
as the cell-cycle unfold can be expected to differ across
organisms, genetic variants, and environmental conditions
(19a). Motivated by  (19a), we formulate the problem as the
following. Suppose that we have two sets of time-course
gene expression profiles which measured under two
different conditions, but are aimed for measuring similar
process such as the cell-cycle process. Assume that the

biological time range of the j th time-course is ],[ jj βα

for 2,1=j . Our goal is to identify genes whose expression
profiles are different between the two conditions. Due to
the problem of different sampling times, different staring
times, and possibly different rates of change, it is difficult
to compare them directly without aligning the two time-

course sequences first. Assume that the genes are clustered
into K clusters using the mixed-effects model discussed in
Section 3.2, for each of the two time course data separately.

Let )( j
kC denote the sets of the genes in the k th cluster for

the j th time-course data, and || )( j
kC  be the number of

genes in this cluster, for 2,1=j  and Kk ,...,1= . Our aim is
to identify the gene clusters obtained under the first

experiment condition, i.e., )( j
kC , that are mostly affected

by the change of experimental conditions under which the
two time-course data are measured. We assume that by
shifting and re-scaling or other more general
transformation, the biological time range of one time-
course profile falls within the biological timme range of
another profile, but we do not know which profile is the
longer one.

Consider the gene cluster k , let )(tg j
i  be the

smooth estimate the gene expression trajectory for the i th
gene in the k th cluster for the j th time-course expression,
for 2,1=j . First, we assume that after transformation

)(1 th  on the time-scale of the second time-course data, it
falls within the time range of the first time-course data. Our

goal is to find function )(1 th which
minimizes the following score,

∑
∈ −

∫ −
=

−
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)1(1
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where ],,[)](),([],[ 112121 βαβαβα ⊂= hh 1
1
−h represents

the inverse function of 1h . We then assume that after

transformation )(2 th  on the time-scale of the first time
course expression data, the first sequence falls  within the
time range of the second sequence, and minimize the score

function )( 2hS  similar to (5) with )1(

ig and  )2(

ig switched

and ],[)](),([],[ 221212 βαβαβα ⊂= hh . We then choose

the transformation )(1 th  or )(2 th  which gives the smaller
score.  Without loss of generality, we assume the time scale
of the original sequences are all mapped into interval [0,1].
For simplicity, we only consider the linear transformation

of jjj btath +=)( , for 2,1=j , where ja  is the re-scaling

parameter and jb  is the shifting parameter, and 0≥jb ,

5.0≥ja , 1≤+ jj ba .

4. RESULTS

4.1 Yeast cell-cycle gene expression data
We demonstrate the proposed methods in the

previous sections using two yeast cell-cycle gene
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Figure 1.  Time-Lagged correlation coefficient )(τijR  for

the 798 cell-cycle regulated genes for the lag of
5,4,3,2,1,0=τ  where x-axis is for gene i , and y-axis is for

gene j .Blue color is used for the largest positive correlation
coefficient, and yellow color is used for the largest negative
coefficient, green color is used for the correlation close to
zero. Note that images are not symmetric along line (0,1).

expression data sets. The first data set is from Spellman et
al. (2). In this experiment, they monitored genome-wide
mRNA levels for 6108 yeast ORFs simultaneously over
approximately two cell-cycle periods in a yeast culture
synchronized by α  factor relative to a reference mRNA
from an asynchronous yeast culture, at 7-min intervals for
119 mins with a total of 18 time points. Among these
genes, about 800 of them are characterized as cell cycle
regulated genes by Spellman et al. (2). Among these 800
genes, we found 798 genes with measured gene expression
data that are available from the web site. Spellman et al. (2)
applied the Fourier analysis to estimate the phase of the
gene expression, and sorted the genes into five different
cell cycle phases, i.e., M/G1, G1, S, S/G2, G2/M. Among
these 798 yeast genes, 612 genes have no missing gene
expression data.

The second cell cycle gene expression data set is
taken from Zhu et al. (9). In this experiment, Zhu et al. (9)
knocked out two yeast transcription factors

1Fkh and 2Fkh , and measured the time-course gene
expression level for each gene every 15 minutes in

α synchronized cells for a total of 180 minutes. There are a
total of 576 genes that overlap between this experiment and
that of Spellman et al. and have no missing gene expression
data. These 576 genes are used to demonstrate our methods
of aligning time course data and identifying genes whose
expression profiles are affected by the 1Fkh and

2Fkh transcription factors.

4.2 Time-lagged correlation analysis for yeast cell cycle
data

This section presents two examples of application
of the time-lagged correlation coefficient to the yeast cell-
cycle data sets.

4.2.1 Time-lagged correlations for cell-cycle regulated
genes

We are interested in the correlation of the gene
expression levels between genes in different cell-cycle
phases identified by Spellman et al. (2).  Figure 1 shows
the time-lagged correlation coefficients between all pairs of
these 898 genes for lag of 0, 1, 2, 3, 4, and 5.  It is not
surprising to see that for time lag 0 or 1, genes in the same
cell-cycle phase tend to have high correlation. However, as
we shift the lag further, high correlation are observed
between genes in the different cell-cycle phase groups. For
example, at lag of 4 or 5, genes in the G2/M phase are
highly correlated with genes in the G1 phases, and genes in
the G1 phase are also highly correlated with genes in the S
and S/G2 phases. This indicates that cell-cycle transcription
activators that function during one stage of the cell cycle
regulate transcription activators that function during the
next stage.

4.2.2 Time-lagged correlations and protein-protein
interactions

To further demonstrate the potential utility of the
time-lagged correlation coefficient, we investigated how
pair-wise correlation coefficients between two genes are
related to the interactions encoded by these two genes.  By
using the yeast two-hybrid system, Uetz et al. (22) and Ito
et al. (23) had launched a large-scale two-hybrid analysis of
the budding yeast S. cerevisiae by developing a
comprehensive screening system to examine interactions in
all possible combinations between the 6,000 proteins
encoded by its fully sequenced genome. We combined the
protein-protein interaction data from these two maps,
including 958 pairs identified by Uetz et al. (22) and 841
pairs identified by Ito et al. (23), with 90 overlapping
pairs. In the resulting list of 1,709 potential protein-
protein interactions, the genes for 49 interaction pairs
belong to the 798 genes that were identified by Spellman
et al. Figure 2 shows the plots of the maximum absolute
lagged correlation for lags up to 5 time points versus the
standard zero lag correlation coefficient for the 49 gene
pairs. It is interesting that the lagged correlation
coefficients are at least as large as the standard correlation
coefficients for all the 49 pairs. This indicates that the
time-lagged correlation coefficient can reveal pair-wise
correlation between two genes which code interacting
proteins, which would have been missed by using the
standard lag zero correlation coefficient.
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Figure 2. Time-lagged correlation coefficient versus the
standard correlation coefficient with zero time lag for 49
cell-cycle regulated gene pairs encoding interacting
proteins.

Figure 3. Standardized expression profiles of the genes in
the five clusters of the yeast cell cycle data of Spellman et
al. (left panel) and the yeast cell cycle data of Zhu et al.
(right panel), where the thin lines are the observed
standardized data and the solid dark lines are the estimated
mean expression curves. For all plots, expression levels are
shown on the y-axis, and time points are shown on the x-
axis.

4.3. Application of the mixed-effects model to yeast cell-
cycle data

This section presents several applications of the
mixed-effects models for clustering analysis and for
estimating the gene expression trajectories and missing
data.

4.3.1. Clustering analysis of yeast cell cycle data
The 576 genes which overlap between the

Spellman et al. and Zhu et al. are used in this section to
illustrate our proposed method based on the mixed-effects
models. Our goal is to test whether our methods can cluster
these genes into five distinct clusters, and to compare our
clustering results with the results obtained by Spellman et
al. (2). Since we are mainly interested in the differences of
the phases when the gene expression approaches peak
values, we first normalized the expression data by

subtracting the mean and dividing by the standard deviation
for each gene. The plots I-V of Figure 3 show the results of
the clustering into five clusters, where the clusters are
sorted by the time to peak expression levels. Clearly, these
five clusters have different peak times, and each shows
clear periodic patterns. Plot VI of Figure 3 shows the
estimated mean gene expression profiles for the five gene
clusters. Again, clear periodic mean curves with different
phases are observed for the first four clusters.

To further demonstrate the results of these
clusters and to compare with the phase results of Spellman
et al. (2), each gene in the five clusters in Table 1 is
assigned to the five cell cycle phases that were defined by
Spellman et al. (2). Most of the genes in each of the five
clusters are from one phase group or two nearby phase
groups. Genes in the M/G1 phase are mostly clustered into
the first two clusters, most of the genes in the G1 phase are
clustered into cluster II, most of the genes in the S phase
are clustered into cluster III, and genes in the S/G2 and
G2/M phases are mostly clustered into cluster IV. This
indicates that the clustering results indeed have biological
relevance.

For the time-course data in the knock-out
experiment by Zhu et al. (9), the right panel of Figure 3
presents the plots of the observed gene expression profile
for the corresponding five clusters. Notice that no clear
periodic patterns are observed for genes in the fourth  (169
genes) and fifth (98) gene clusters.

4.3.2 Estimation of gene expression trajectory and
missing gene expression data

After obtaining the estimates of the cluster-
specific mean curves and  the random effects, equation (4)
provides  estimates of missing gene expression levels for
any time point. Figure 4 shows the best linear unbiased
predictors of the smooth gene expression trajectories for
genes in clusters I-IV. For each cluster, the estimated
individual gene expression profiles deviate from the mean
expression profile in either the horizontal or the vertical
directions.  Our methods estimate the gene expression
profile of each gene based not only on the observed data of
this particular gene, but also on the data of other genes in
the same cluster. We expected a more stable and accurate
estimate of individual gene expression profile than the
methods, which use only the data of a particular gene.
These estimates can be useful for studying expression
dependence among genes. In next section, we used these
estimated smooth gene expression trajectories to identify genes
that are affected by knocking out two forkhead genes.

Another potential advantage of the proposed
method is that it provides a statistically valid method of
estimating missing gene expression data. To demonstrate
the method, we omitted the expression data taken at time
35 min from the Spellman et al. data set, and again
clustered the genes into five cluster. We then used the
estimated smooth gene expression trajectories to estimate
the gene expression levels at this time point for all the 576
genes. Figure 5a shows the estimated gene expression levels
versus the observed gene expression levels. The same analysis
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Figure 4. The upper left plot shows the population mean
expression profiles for the five clusters for the Spellman’s
yeast cell cycle data. The other five plots are the estimated
gene expression trajectories for genes in each of the 5
clusters (dotted lines) and the corresponding estimated
mean expression profiles (dark solid lines).  For each plot,
standardized the mean and the estimated gene expression
levels are shown on the y-axis, and the time points are
shown on the x-axis.

Figure 5. Estimated (y-axis) and observed standardized
gene expression levels at time point of 35 minutes and 77
minutes for 576 cell-cycle regulated genes.

Figure 6. Histogram of the alignment scores for genes in
the  five different clusters (plots I to V). The plot (ALL) is
the histogram of the scores for all the genes.

was done by deleting the data at the time point of 77 min
and estimating these gene expression levels.  The result is
shown in Figure 5b. Overall, we can see that the estimated

gene expression levels agree well with the observed
expression levels.

4.4. Identification of genes that are regulated by two
yeast forkhead genes

We demonstrate here how our methods can be
used to discover yeast cell-cycle regulated genes that
appear to be regulated by the 2/1 FkhFkh  transcriptional
factors. Zhu et al. performed an experiment in which two
yeast transcription factors 1Fkh and 2Fkh  were knocked out
and time-course of gene expression levels were measured in
synchronized cells by α  factor. Samples are taken every 15
minutes after release from α -factor. However, the two α -
factor block-release of wild-type cell cycle time-course data of
Spellman et al. and Zhu et al. were sampled at different rates,
began at different cell-cycle phases, and exhibited different
periods. In Section 4.3, the 576 genes which overlap between
the two experiments of Spellman et al. and Zhu et al. were
clustered into five clusters respectively (see Figure 3). We re-
analyzed the data sets with the goal of identifying gene clusters
that are mostly affected by lacking the two forkhead
transcriptional factors.

Table 2 presents the parameter estimates associated
with the alignment scores for two different linear
transformations of the time scale.   A poor alignment score
indicates that a gene is behaving differently in the knockout
experiment.  Clearly, cluster V has the worst alignment score
for both transformations, indicating that there are more genes
in this cluster that behaved differently in the knockout
experiment. Note that genes included in the cluster V are
mainly the genes that were classified as S/G2 and G2/M
phases by Spellman et al., including 61% of the genes whose
transcription peaks in early mitosis (G2/M phase). This agrees
with what were found by Zhu et al. (9) by visual inspection.

Figure 6 shows the histograms of the estimated

alignment scores using the linear transformation of 1h  for each
of the five clusters. Since our transformation functions are
determined using all the genes within a cluster, it can be seen
that for a given cluster, there are some genes with large
alignment scores. However, it is clear from these histogram
plots that the cluster V includes more genes with larger
alignment scores than the other clusters, implying that more
genes in this cluster were affected by knocking out the two-
forkhead genes.

5. OTHER RELATED WORK
Recently, there have been several papers on

modeling and analyzing the temporal aspects of gene
expression data. Bar-Joseph et al. (19a) independently
developed similar models as presented here using cubic
spline. Holter et al. (24) and Alter et al. (25) used the
singular value decomposition (SVD) for analyzing the
yeast cell cycle data sets, where they used a small
characteristic modes (or principal components) to
summarize the essential features of the observed data.
Holter et al. (26) proposed to use the SVD and a simple
linear model to predict future expression levels of genes
based on their expression levels at some initial time using a
time translational matrix for the characteristic modes.
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Table 1. Distribution of the 576 cell-cycle regulated genes of five different phases defined by Spellman et al. over the five
estimated gene clusters

Cluster M/G1  G1      S  S/G2    G2/M
    I (228)      36      174       5        4        9
    II (60)      35        9       2        5        9
    III (66)      10        3       6       14       33
    IV (62)       1       23      26       10        2
    V (160)       1        6       7        49       97

Table2. Parameter estimates and alignment scores for two linear transformations for the five clusters of yeast cell cycle regulated
genes

Parameters & scores  Cluster I Cluster II Cluster III Cluster IV Cluster V
 a1    0.85    0.97    0.58     0.90    0.85
b1    0.09    0.02    0.12     0.07    0.03
S(h1)    0.45    0.55    0.55     0.67    1.52
a2    1.00    0.97    0.50     0.97    0.93
b2    0.00    0.02    0.50     0.00    0.07
S(h2)    0.51    0.55    0.61     0.66   1.55

Differential equations have also been explored
for analysis of time-course genes expression data. Sasik et
al. (27) used a simple kinetic differential equation to
identify the times of the onset and cessation of the
transcription of the developmentally regulated genes.
Wahde and Hertz (28) used the differential equation to
model genetic regulatory dynamics in neural development
by first clustering genes into several groups and then
modeling the change of the expression levels of a given
group as a function of the expression levels of the other
groups.

Finally, rigorous methods for estimating the
significance of correlation in time-course gene expression
data were also proposed (29,30).   Both methods account
for time-dependency of gene expression levels at different
time points.

6. DISCUSSIONS AND FUTURE DIRECTIONS

We have presented several statistical methods for
analyzing time-course gene expression data, including
time-lagged correlation analysis for studying relationships
between two genes, a mixed-effects model for clustering of
genes and for estimating gene expression trajectory and
missing gene expression data, and a method for aligning
two time-course genes expression data and for identifying
genes with expression profiles which are changed over two
experimental conditions. Results using these methods on
large yeast cell cycle data sets demonstrate that these
methods provide biologically meaningful conclusions.

Although the proposed methods provide
interesting and biologically interpretable conclusions, there
are some limitations. First, for the lagged correlation
analysis, we only considered the linear relationship
between genes. However, biological dependency may be
non-linear. Second, for the proposed mixed-effects model,
we assume the number of clusters is known, which often is
not the case. There is a need for statistical methods for
assessing the validity of the clustering results, including the
number of clusters. One possible approach is to leave one

time-point out from the time-course to perform clustering
analysis to predict the missing data point. The predictive
strength can provide some information on the validity of
the clustering results.  Third, the alignment procedure that
we proposed depend on the results of clustering genes first,
so the results might be subject to different clustering
methods used.

There are a number of interesting topics that need
further statistical methodological development. One
important future research is to develop statistical methods
for identifying DNA regulatory motifs that affect the gene
expression profiles over time in the framework of the
mixed-effects models that are presented in this paper. Keles
et al. (31) and Bussemaker et al. (32) proposed to use a
step-wise linear regression model for identifying these
regulatory motifs based on DNA sequence information in
the non-coding regions and the gene expression
information during the yeast cell cycle. However, their
methods are only based on gene expression data in one
single time point or one single experiment. Methods that
can simultaneously model the gene expression levels over
time and the DNA sequence data are expected to be more
efficient. Another important area which warrants further
research is to use graphical models or causal inference
models for validating and discovering models of genetic
regulatory networks based on time course gene expression
data.

We expect that more time-course microarray
gene expression data are yet to be generated by biologists
and biomedical researchers to study more complex
biological systems such as aging and gene regulatory
networks and pathways. Rigorous statistical methods such
as these presented in this paper will help to draw valid and
informative conclusions from such data and to extract
biologically meaningful information.
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