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Cluster analysis has proven to be a valuable statistical method for analyzing whole
genome expression data. Although clustering methods have great utilit y, they do rep-
resent a lower level statistical analysis that is not directly tied to a speci�c model. To
extend such methods and to allow for more sophisticated lines of inference, we usecluster
analysis in conjunction with a speci�c model of gene expression dynamics. This model
provides phenomenological dynamic parameters on both linear and non-linear responses
of the system. This analysis determines the parameters of two di�eren t transition ma-
trices (linear and nonlinear) that describe the in
uence of one gene expression level on
another. Using yeast cell cycle microarra y data as test set, we calculated the transition
matrices and used these dynamic parameters as a metric for cluster analysis. Hierar-
chical cluster analysis of this transition matrix reveals how a set of genes in
uence the
expression of other genes activ ated during di�eren t cell cycle phases. Most strikingly ,
genes in di�eren t stages of cell cycle preferentially activ ate or inactiv ate genes in other
stagesof cell cycle, and this relationship can be readily visualized in a two-way clustering
image. The observation is prior to any knowledge of the chronological characteristics of
the cell cycle process. This method shows the utilit y of using model parameters as a
metric in cluster analysis.

Keywor ds: Gene expression pro�le; dynamic model; cluster analysis; cell cycle.

1. In tro duction

The complexity of biological systemsis associated not only with the large number
of interacting components but also with the complicated dynamics that they ex-
hibit. An emergingproblem in computational biology is to identify the relationships
betweenthe various components of a system and, speci�cally , how one component
in
uences the expressionof another. An understanding of the dynamics of how one
e�ector or agent in
uences the entire network reveals the molecular circuitry of
generegulation. Often high-throughput methods, such as geneexpressionarrays,
focus on genome-widepro�les of individuals from a population. From a dynamic

447



September 2, 2003 5:25 WSPC/185-JBCB 00030

448 X. Wu & T. G. Dewey

point of view, this represents a \snap shot in time" of a potentially heterogeneous
population. There are real advantagesto determining expressionpro�les as a func-
tion of time. Just as chemical kinetics yields mechanistic information in a more
straightforward fashion than chemical thermodynamics, expressiontime seriesdata
are more amenableto network modeling than expressiondata from a population.
In time seriesdata, an organism is exposedto someperturbation and the response
of geneexpressionis monitored. Time seriespro�les have beenmeasuredin a wide
range of systemsincluding responsesto media growth conditions (diauxic shift in
yeast1), cell cycle synchronization,2 exposure to vaccines,3 signaling responsesto
cytokines (M. Bechtel et al. unpublished results) and mechanical stimulation and
insect feeding in Arabidopsis.4 While time seriesdata can be more di�cult and
expensive to obtain, the distinct advantage is that they are readily amenable to
mechanistic interpretation.

Currently the most popular way to analyzetime seriesmicroarray data is cluster
analysis. Based on the fundamental premise that geneshaving similar expression
pro�les may share similar functions, interesting genesand their functions can be
inferred from clustering on the relative expressionpro�les through the time course.
Such simple clustering approaches are not easily extended to consider more com-
plicated dynamic characteristic of the system. In this work, we combine cluster
analysis with dynamic modeling to show how dynamic characteristics of a biolog-
ical system, such as the cell cycle, can be explored. Our results for the yeast cell
cycle indicate that genesin di�eren t stagesof cell cycle are preferentially activat-
ing or inactivating genesin other stagesof cell cycle, and this relationship can be
readily visualized in a two-way clustering image.

2. Metho ds and Implemen tation

2.1. Networks fr om dynamic models of gene expr ession

There have beena number of recent attempts to analyzetime seriesdata for whole
genomeexpressionpro�les. 1;2;5{ 13 Several of these previous studies have focused
on the cell-cycle and diauxic shift data in the yeast Saccharomyces cerevisiae.1;2

In both cases,the system is prepared in a given physiological state at the initial
time point and changesin geneexpressionlevelsare measuredas it movesto a new
state. Theseexperiments havesomesimilarit y to traditional perturbation-relaxation
experiments in physics and chemistry.

Our previous analysis of expressiontime seriesis basedon a simple dynamical
model that includesboth linear and non-linear kinetic terms.5 This model is brie
y
summarized here. The time dependenceof the system is represented by the rate
law given below:

A (t) = � 1A (t � 1) + A (t � 1)A T (t � 1)� 2 (1)

where A (t) is a matrix of the geneexpressionpro�les at di�eren t points in time.
A (t) = (â(2); : : : ; â(t)) whereâ(i ) is a vector representing the expressionlevelsof all
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genesin the genomeat time, t = i . The ratio valuesfrom the public domain data sets
wereused,rather than the log ratios, asthesevaluesare proportional to the mRNA
concentration and are consistent with a �rst-order chemical kinetic model. The
matrix A (t � 1) is a time-lagged matrix given by: A (t � 1) = (â(1); : : : ; â(t � 1)).
The �rst term in Eq. (1) represents a simple linear responseand the elements of
the � 1 matrix, � ij give the in
uence of the expressionlevel of the j th geneon the
production of the i th gene.The secondterm, A (t � 1)A T (t � 1), in Eq. (1), the
genecovariance at a previous time, intro ducesnon-linearity into the model. The
� matrices are calculated from a time seriesdata set using a generalizedmatrix
inversion technique basedon singular value decomposition (SVD). The statistical
robustnessof the parameterscalculated in this model hasbeenpreviously explored
using resampling and bootstrapping techniques.6

The two matricesgeneratedby this data analysisarecomponents of the weighted
connectivity matrix of a graph of interactions betweengeneexpressionlevels.5 Be-
cause the non-linear transition matrix is not of the same dimensionality as the
linear term, these matrix elements cannot be directly compared.From a chemical
kinetic perspective, the � 1 matrix is proportional to a matrix of �rst order rate
constants and � 2 is proportional to secondorder rate constants. A secondorder
rate constant can be converted into a pseudo-�rst order rate constant by multiply-
ing by the appropriate concentration. We perform the equivalent operation here to
compare � 1 and � 2. Therefore, we use the pseudo-�rst order matrix de�ned by:
� �

2 = � 2A T (t � 1) which is of the samedimensionality as � 1.

 
Fig.  1.  Network generated from alpha factor data set. The nodes are genes labeled with standard gene name, 
and edges indicate the phenomenological influence of one gene to another. Solid line indicates positive 
influence (induction). Dashed line indicates negative influence (inhibition). Bolded line indicates a strong 
influence (absolute value of entry �  0.08). Green nodes are genes with more than four edges coming into and 
going out from it. Cyan nodes are genes with more than four edges going out from it.  
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Fig. 1. Network generated from alpha factor data set. The nodes are geneslabeled with standard
gene name, and edges indicate the phenomenological in
uence of one gene to another. Solid line
indicates positiv e in
uence (induction). Dashed line indicates negative in
uence (inhibition). Bold
line indicates a strong in
uence (absolute value of entry � 0:08). Shaded nodes are genes with
more than four edgesgoing out from it.
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As discussedpreviously, phenomenologicalnetworks of gene interactions can
be derived from the transition matrices.5 These transition matrices give dynamic
parameters � ij that relate the level of expressionof gene i at time t � 1 to the
expressionof genej at time t. When theseparametersare above a certain threshold
value an arrow is drawn from node j to node i . This network is strictly speakingnot
a genetic regulatory network. Rather it is a network derived from a kinetic model
that shows the in
uence of one expressionlevel on another. The network obtained
from � 1 gives the linear response or passive elements of the system. Networks
obtained from � �

2 = � 2A T (t � 1) represents a very speci�c form of a non-linear
responsewithin this model and are the active elements of the system. An example
of such a network is shown in Fig. 1. Threshold of 0.044 was used for � 1 matrix
calculated from 405� 18 alpha factor data matrix. The threshold was arbitrarily
chosento generatea relatively small graph that is easilyvisualized.A more detailed
description of the validation of such graphs has beendescribed previously.13

2.2. Data sets and hier ar chic al clustering of tr ansition matrix

Two data sets from yeast cell cycle experiments, alpha factor and cdc-15 were
obtained from http://genome-www.stanford.edu/cellcycle/. Missing data points in
the log2 transformed dataset wereestimated using a k-nearestneighbors algorithm
with k = 12.14 Both datasets contained 6178 genes(M = 6178), 799 of which
were classi�ed as cell cycle regulated.2 For alpha factor synchronized yeast cells,
mRNA levels were monitored at 7-min intervals for 119 min, therefore N = 18. For
cdc-15 temperature sensitive strain synchronization, time interval was not equal
over 290 min. Linear interpolation was used to estimate the mRNA levels at the
missing time points to obtain 10-min interval for 290 min, thus N = 29. To obtain
informativ e genesand computational manageabledata, we �ltered the 6178genes
by the criteria of two fold (for cdc-15) or 1.7 fold (for alpha factor) modulation at
least at two time points through the entire time course.The �lter level is arbitrary
chosento generatea number of candidate genesthat are roughly comparableto the
number of genesthought to be involved in cell-cycle regulation. Typically, a 2-fold
changehasbeentaken asan experimentally signi�can t change.15{ 17 After �ltering,
alpha factor dataset contained 405 genesand cdc-15 dataset contained 966 genes.
The transition matrices � 1 and � 2 werethen calculated using a generalizedmatrix
inversion technique.5

The elements of the � 1 matrix, � ij give the in
uence of the expressionlevel of
the j th geneon the production of the i th gene.Positive entries suggesta positive
in
uence (either direct or indirect), while negative entries suggestan inactivation.
We are interested in those genesthat in
uence other genesstrongly and identify
these by applying a threshold to the entries in the transition matrix. For � ij en-
tries whoseabsolute value is above a �xed threshold, we identify the i th geneas
responding geneand the j th geneas the in
uencing gene. The threshold valuesare
chosen somewhat arbitrarily and will dictate the number of genesin in
uencing
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genesthat will ultimately be identi�ed. After identifying the in
uencing genesa
two-way hierarchical cluster analysis is performed using the original entries of the
transition matrices. The � 0

1 (or � 0
2) matrices that are clusteredconsistof � ij values

for N0 in
uencing genesversusall of the original �ltered genes(responding genes).
In alpha dataset, N0 = 165 for � 0

1 matrix and 166 for � 0
2 matrix, while in cdc-15,

N0 = 140 for � 0
1 matrix and 143 for � 0

2 matrix. Averagelinkage hierarchical clus-
tering with Pearsoncorrelation as distance measurement was then applied to � 0

1

(or � 0
2) matrix using J-Express v2.1 (Molmine AS, Norway). Results of the clus-

ter analysis are displayed using a color-coded dendrogram. As a convention, red
indicates a positive entry in � 0

1 (or � 0
2) matrix, while green indicates a negative

entry . The brighter the color (red or green) is, the larger the absoluteentry in tran-
sition matrix. Functional annotations of geneswere obtained from Saccharomyces
cerevisiaegenomedatabase(http://genome-www.stanford.edu/Saccharomyces/).

3. Results

3.1. Clustering of tr ansition matrix fr om alpha factor data set

Results from hierarchical clustering of � 0
1 from alpha factor and cdc-15data set are

shown in Figs. 2(a) and 2(b). The 165 in
uencing genesfrom alpha factor data set
can be divided into several distinct clusters, in which genesshow similar expression
pro�les corresponding to di�eren t cell cycle phases.As shown in Fig. 2(a), �v e
clusterscan be assignedto cell cycle phases.M phasecluster include genesinvolved
in mitosis such asCLB1, CLB2, SWI5, CDC5, CDC20. M/G1 cluster includesgenes
involved in DNA replication (MCM2, MCM3, CDC54, CDC47). G1 cluster also
includesgenesinvolvedin DNA replication (CLN1, CLN2, RNR1, POL30). Scluster
includesall nine histones.Alpha cluster include genesencoding several pheromone-
regulatedmembraneproteins (PRM2, PRM4, PRM5, PRM6) and proteins required
for cell fusion (FUS1 and FUS3). Similar clustering patterns canbe observed in cdc-
15 data set, except heat-shock activated genesencoding several heat shock proteins
form the �fth cluster (Fig. 2(b)). Other clustering methods, such as K-means and
self-organization map, and complete and single linkage for hierarchical clustering
werealsotested. The clustering results show no obvious di�erence when using these
methods.

A striking observation is that the blocks crossingclustersin columns(in
uencing
genes) and rows (responding genes) can infer the relationship between cell cycle
phases.For example, if we look down the column representing S phasein Fig. 2(a),
we can seethat S phasegenesin
uence S and M phasegenespositively (red color
in image), but in
uence genesin M/G1 and G1 phase negatively (green color in
image).Similarly, in the M/G1 cluster column, positive in
uence canbeseenmainly
in M/G1 and G1 phasegenes,but much lessin M and S phasegenes.Genesin M
phaseactivate genesin M and M/G1 phase,inactivate thosein Sphase,but activate
and inactivate di�eren t genesin G1 phase. Genesin G1 phase seemsto activate
genesin G1 and S phase,and somegenesin M phase,but inactivate genesin M/G1
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Fig.  2.  Hierarchical clustering of linear transition matrix.  A. Alpha data set; B. cdc-15 data set. Clustering 
result of lambda matrix is shown on the left. Influencing genes are across the top and responding genes are 
along the side of the figure.  Expression profile of genes in the same order as in clustering are shown on the 
right. Genes with similar expression profiles are grouped together, and they are labeled with the cell cycle 
phases.  Alpha labels alpha pheromone regulated genes, while HSP labels heat-shock activated genes. 
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Fig. 2. Hierarc hical clustering of linear transition matrix. (a) Alpha data set; (b) cdc-15 data set.
Clustering result of lambda matrix is shown on the left. In
uencing genesare across the top and
responding genesare along the side of the �gure. Expression pro�le of genesin the same order as
in clustering are shown on the righ t. Genes with similar expression pro�les are grouped together,
and they are labeled with the cell cycle phases. Alpha labels alpha pheromone regulated genes,
while HSP labels heat-shock activ ated genes.
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phase.Genesin the Alpha cluster activate genesin S and M phase,but inactivate
genesin G1 phase (Fig. 2(a)). Similar observations are seenin clustering result
from cdc-15data set with genesin HSP cluster activating genesin M/G1 phaseand
inactivating genesin S phase(Fig. 2(b)). These clustering patterns are consistent
with previous observations that genesin early phasesof cell cycle activate genes
in later phases,but inactivates genesin earlier phases.2;18 Although the entries in
the transition matrix do not necessarilyindicate a causalrelationship betweenthe
expressionof in
uencing geneswith that of responding genes,they do imply how
strong the expressionof in
uencing genescorrelateswith that of responding genes
in di�eren t dynamic stagesof the underlying biological system. The relationship
between in
uencing genesand responding genescould be direct or indirect. The
transcription factors involved in one cell cycle phasehave been shown to directly
up-regulate the expressionof transcription factors in the next cell cycle phase.18 In
contrast, somein
uences could bemore indirect, involving a number of intermediate
steps,such as posttranslational modi�cation and protein-protein interaction.

A schematic presentation of interaction betweengenesamong di�eren t cell cy-
cles,aswell asalpha pheromoneand heat shock activated genes,is shown in Fig. 3.
The in
uences are de�ned by the mean value � ij in clustered blocks in Fig. 2. We
found that genesin one cell cycle phaseactivate genesin next phase(solid lines),
and sometimesinhibit genesin the previous phase(dotted lines). Genesresponding
to alpha pheromoneactivate genesin S/G2 and G2/M, driving the cells into the
cell cycle.Similar observations can be found with heat shock activated genes,which
activate genesin M/G1 phaseto drive the cells into the cell cycle. Interestingly, it is
well known that alpha pheromonearrests cells in G1 phasewhile low temperature
arrests cdc-15 strains in late mitosis.2 Cells tend to re-enter the cell cycle in the

genes and responding genes  could  be  direct  or  indirect. The  transcription  factors  
involved  in one cell cycle phase have been shown to directly up-regulate the expression 
of transcription factors in the next cell cycle phase.
�  In contrast, some influences could 
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Fig. 3.  Interaction of expression levels among cell cycle phases.  A. Alpha data set; B. cdc-15 data set. Cell 
cycle genes for different phases are shown in colored boxes, as well  as alpha pheromone activated genes 
(Alpha) and heat shock activated genes (HSP). Solid lines indicate positive influence or induction, while dotted 
lines indicate negative influence or inhibition. Numbers along the edges are the mean value of transition matrix 
entries of each clustered block and corresponds to the influence between cell cycle phases.  
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arrested at. The serial regulation of genes forms a connected regulatory network that is a 
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�  Note that our result was obtained in an 
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cycle. 

The above analysis was based on the � .  matrix, the linear term of our dynamic model. 
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6, and the hierarchical clustering results from alpha factor and cdc-15 data sets are 
shown in Fig. 4A and 4B respectively. We noticed that the genes above threshold in both 
data sets are almost identical with those obtained from the � .  matrix. A similar pattern of 
influence between genes in different clusters representing various cell cycle phases are 
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Fig. 3. Interaction of expression levels among cell cycle phases.(a) Alpha data set; (b) cdc-15 data
set. Cell cycle genes for di�eren t phases are shown in colored boxes, as well as alpha pheromone
activ ated genes(Alpha) and heat shock activ ated genes(HSP). Solid lines indicate positiv e in
u-
ence or induction, while dotted lines indicate negative in
uence or inhibition. Numbers along the
edgesare the mean value of transition matrix entries of each clustered block and corresponds to
the in
uence between cell cycle phases.
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next phasebeyond which they are arrested at. The serial regulation of genesforms
a connected regulatory network that is a cycle, as discovered by Simon et al.18

Note that our result was obtained in an unsupervised fashion without any prior
knowledgeof chronological characteristics of cell cycle.

The above analysis was based on the � 1 matrix, the linear term of our dy-
namic model. We also examined the transition matrix combing both linear and
non-linear term � 1 and � �

2, and the hierarchical clustering results from alpha fac-
tor and cdc-15data setsare shown in Figs. 4(a) and 4(b) respectively. We noticed
that the genesabove threshold in both data setsare almost identical with thoseob-
tained from the � 1 matrix. A similar pattern of in
uence betweengenesin di�eren t
clusters representing various cell cycle phasesare observed (Figs. 4(a) and 4(b)).
Three new in
uencing genesPRR1, YLR327C, and SRC1 are identi�ed in the al-
pha factor data set when the non-linear term is considered.SRC1 was classi�ed in
CLB2 cluster,2 and hasbeenshown to be regulated by forkhead genesand involved
in sister chromatid segregation.19 PPR1 is a serine/threonine kinase involved in
MAPKKK cascadeand a regulator of pheromoneresponse,20 PRR1 is activated in
M/G1 phaseand classi�ed in SIC cluster.2 There is no information on YLR327C
up to the time this paper waswritten. Fifteen new genesare selectedas in
uencing
genesfrom the non-linear terms in the cdc-15data set, including many geneswith
unknown function. Thesegenesmight have complicated regulations that cannot be
represented by simple linear term. The results indicate that the non-linear term has
little e�ects on the system, except for a small number of genes.

3.2. Comp arison with pr evious analysis

Becauseof our screeningcriteria, our analysis considersthe role of genesthat are
not necessarilycell-cycleregulated. We usea simple cuto� value for expressionratio
compared to the Fourier transform method used by Spellman et al.2 Among the
responding genes,266 out of 405 genesfrom alpha factor data set and 316 out of
966 from cdc-15data set were identi�ed as cell cycle regulated genes.2 Becauseour
analysis is completely generaland doesnot presumeany cyclic behavior, contribu-
tions from non-cell cycle regulated genesare also seen.For example, besidescell
cycle regulated genes,many pheromone-inducedgenesclustered together in alpha
factor data set. They survive the threshold becausethey are regulated strongly by
alpha factor during the early time points. In the cdc-15data set, many heat shock
proteins form a tight cluster. This can be explained by the fact that cell cycle ar-
rest of the cdc-15strain is actually a heat shock treatment. When we analyze the
in
uence between genes,we could not rule out the possiblecontribution of these
non-cell cycle regulated genes.Earlier studiesby Spellman et al. focusedexclusively
on cell cycle regulated genes.2 Cell cycle regulated genescould be further classi-
�ed into several subclusters.2 CLN2 and Y0 clusters are in G1 phase.Histones are
in S phase. CLB2 cluster are in M phase. MCM, SIC, and MAT clusters are in
M/G1 phase.The 165 in
uencing genesin the alpha factor data set can also be
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Fig. 4. Hierarc hical clustering of alpha factor data set linear plus non-linear transition matrices.
(a) Alpha data set; (b) cdc-15 data set. Clustering result of lambda matrix is shown on the
left. In
uencing genes are across the top and responding genes are along the side of the �gure.
Expression pro�le of genes in the same order as in clustering are shown on the righ t. Genes with
similar expression pro�les are grouped together, and they are labeled with the cell cycle phases.
Alpha labels alpha pheromone regulated genes,while HSP labels heat-shock activ ated genes.
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divided into several distinct clusters. Genesoriginally classi�ed in Histones,CLN2,
MCM, and SIC clusters by Spellman et al., as well as alpha factor responding
genesformed separateclusters in our work (Fig. 2). Somegenesthat clusteredin M
phasein our analysis were not classi�ed into the CLB2 cluster by Spellman et al.2

Examples are NCE102, TPO2, TPO3, CAR2, SML1, CWP1, PMP1, YNL057W,
IQG1, ARN1, FIT3, YLR413W. Genesthat werenot included in M/G1 clusters in
earlier work are PST1, HSP150,YLR194C, MFA2, PHO89, ENB1, STE6, CDC6,
CYK3, YLR049C, PCL2, STE2. Among thesegenes,several are involved in mating.
For example, MFA2 is � -factor mating pheromoneprecursor and was classi�ed as
M phasegene,2 but visual inspection suggeststhat it should be M/G1 phasegene.
STE6 is an ABC transporter, component of � -factor secretory pathway. STE2 is
alpha factor pheromonereceptor. Few of the G1 phasegenesappear as in
uencing
genes, exceptfor genesin CLN2 clusters.Genesthat werenot included in G1 cluster
in Spellman et al.'s analysis are MNN1, SWI4. The di�erence of geneswithin the
cell-cycleclusters are probably due to the fact that Spellman et al. assignedgenes
to clusters basedon the expressionpro�le in all three cell cycle experiments plus
CLB2 and CLN3 mutants.2 The CLB2 and CLN3 experiments strongly in
uence
the clustering in previous results but theseexperiments are not incorporated in the
present analysis becausethey are not part of time-seriesdata.

4. Conclusions

In this study, we demonstrate how inferential models can be used in conjunction
with cluster analysis to analyze microarray time series.By choosing a model pa-
rameter as a metric, one can extend the level of inferenceof the cluster analysis.
Conversely, cluster displays provide a facile method for visualizing genome-wide
parameters obtained from speci�c models. In the present study, a dynamic model
of geneexpressionwas usedto analyzemicroarray time seriesand obtain dynamic
parameters showing the in
uence of one geneexpressionlevel on another. Using
this parameter as a metric, two-way clustering was performed that shows how in-

uencing genesa�ected the expressionlevels of responding genes. Becausethis is
a phenomenologicalmodel, one cannot presumea causal connection between the
in
uencing genesand the responding genes. However, such correlations can be used
as a starting point for further investigations. The application of this unsupervised
method to the cell cycledata in yeastshows strikingly strong clustering of cell cycle
regulated genes.The temporal in
uence of thesecell cycle geneson later stagesof
the cell cycle shows a logical progressionof sequential in
uence. The in
uence of
the synchronizing event (alpha pheromoneor heat shock) is also demonstrated by
this analysis.Future work will focus on examining the performanceof this method
on other data sets involving time seriesof whole genomeexpression.
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