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Abstract: In this paper we present a novel, multi-geri®orrow-strength” across genes. We rely primarily on non-
approach to time course microarray experiments. One pdrametric (bootstrap) inference, which is made possigle b
the advantages of our approach is an explicit modelimyr fast, dual-space algorithm.
of correlation structure among gene expression data. TheODur model is applied to data from [1] and we compare our
approach proposed is computationally attractive. We applysults with those obtained by Spellman et al., as well as by
the model to the well-known cell-cycle yeast microarrayadaf4] in their recent study. Finally we suggest some possible
and present results that compare favorably to the resuliseof extension for future research.
previous studies.

1. CELL-CYCLE YEAST EXPRESSIONDATA
In this paper we develop a new model for cell-cycle and
Keywords: Cell-Cycle Expression Data, Penalized linear other time-dependent microarray data and apply it to previ-
models, Fourier analysis, microarrays ously analyzed experiment [1], [4]. In this section we byiefl
describe the data; for full description of the experimerggse
refer to [1]. A large amount of yeast solution is prepared and

Microarray experiments have become one of the moasine-synchronized using bio-chemical agents. This insthat
popular genome-wide technologies. They are widely used rmost of the cells in the solution are in the same developnhenta
biological labs and in clinical settings, and a plethora dftage, although the synchronization will become progve$si
computational and statistical methods have been propasedWeaker as the experiment progresses. In [1] two synchro-
the analysis of subsequent data. Much of that methodolbgiaizing agents were usedi-factor andcdc15, and they also
research focuses on a relatively simple design, where afseirorporated data from a previous, similar experiment [Spw
few (often two) kinds of tissues or samples are compared tised a third synchronizing agertjc28. In each of the three
each other: for example cancer vs healthy tissue or tresgedexperiments, a portion of the solution was microarrayed at a
control samples. number of time points. After pre-processing the data, there

In 1998, Spellman and colleagues [1] published resulise 18 data samples far—factor experiment (every 7 min for
on genome wide expression profiling in yeast to investigald9 min), 24 samples fardc15 experiment (every 10 min for
cell-cycle development. He observed expression of most 280 min with some time points omitted), and 17 samples for
the genes in yeast in different time points during the cetidc28 experiment of [5] (every 10 min for 160 min). Each
cycle development, and published 800 candidate genes wheseh sample comprises 6178 log-normalized expression rati
expression profile was periodic. There are other microagsay numbers, indicating the relative expression level of eath o
periments besides cell-cycle designs, for example exparisn 6178 yeast genes. (Some of these correspond to Open Reading
on circadian rhythm in mice [2]. Frames (ORF) that have not been proven yet to code for genes,

In this paper we propose a new method to analyse timeut for simplicity of exposition we will refer to all of the as
course expression data. Our method is an adaptation of a ggenes). From a purely analytic perspective we have 3 sets of
eral multivariate non-linear model for very high-dimens# 6178 individual time series, each with about two dozen time-
data [3]. It enjoys a number of advantages in the presqmints.
context. For example it is well known that the gene expres- At the time of publication of [1] 104 out of 6178 genes were
sion values are highly correlated, mostly as a result of cknown to have been involved cell cycle regulation and thd goa
regulation. This suggest that gene effects should be estémaof this genome wide project is to determine the remaining
jointly to increase efficiency, and our multivariate modaies genes that are involved. The basic premise is that involved
on penalized estimates of gene-gene covariance matrix genes will show a strong periodic expression pattern with a

I. INTRODUCTION



period roughly equal to cell division time (about 66min foknown (“guide”) genes. Then, using the common function, a
a-factor data). separate phase and amplitude is fitted to each gene separatel
The amplitude parameter is tested for being non-zero using a
Likelihood Ratio test after Gaussian distribution with AR(
covariance structure is proposed for the time series errors
They used p-value of this test and False Discovery Rate
- threshold of 0.5% to obtain 1010 candidate genes, including
89 (85%) of the known genes.

10 gene sample from alpha experiment
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MICROARRAY DATA
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In this section we develop a multivariate model for cell-
cycle and other time-course microarray data, which is based
on the mR3 statistical modelling framework described in [3]
This model has three advantages:

« It models the whole microarray expression vector as
a single sampling unit. Most of the previous attempts
use a single gene as a sampling unit even though the

i experimenters collect a whole microarray of observation
‘ ‘ ‘ 6‘0 8‘0 in one experiment.

« It attempts to “borrow strength” when modelling gene
effects by utilizing the estimated gene-to-gene covaganc
matrix. It is well known that expression observation
across genes show consistent correlation patterns due to
expression co-regulation in a cell.

It offers very fast dual-space algorithm for estimation

which makes non-parametric inference by bootstrap pos-
Figure 1 shows 10 randomly chosen genes and their ex- sible. The advantage of using bootstrap is that it employs

pression time series for tha—factor experiment. One can minimal distributional assumptions.

notice a fairly large range of amplitudes and shapes. Someq gt y, denote anV/—vector of expression values observed

individual curves and the mean curve (thick black) show g-rossis genes at time;, wherei = 1,2, ..., n. In cDNA mi-

weak periodic pattern: for this experiment one expects Woarray data one can only observe relative expressioresalu

complete periods of expression for genes which are involvgdq these are typically log-transformed and perhaps psedes

in cell-cycle regulation. further to make comparison across microarrays possible. We

assume thay,. denotes a vector of such processed and log-

transformed data, as necessary, from ik microarray. We
In their original paper, [1] the authors employ a methogostulate a functional model fay, :

based on gene-wise Fourier analysis. For each gene, they

obtain two Fourier coefficients (for sin and cos basis) each 1)

an average of coefficients around a postulated cell Cy%lv%ere . . i :

frequency. For example, fas-factor study they average the s .+ IS an Qverall mean and; is QnM valued function
quency impie, y they a 9 of time. We will assume that the microarray data has been

coefficients for periods in between 55 and 77 min. The phaégntered and will design the common functigift) to be
parameters for other experiments are fitted by IT]"’D(imizmgz"’éro-mean and thus denote departures from the over-all. mean
total score (sum of squared Fourier coefficients) of kno erefore parameteps plays no role and is omitted frém
genes. Finally a CDC score is derived for each gene as a SHMher derivations

of all six Fourier coefficients squared, after some resgalin The last term 6_' denotes zero-mean error term with an

of cdc15 andcdc28 coefficients using weights derived from ; e T . . .

the known genes. The genes are ranked according to the C%x M variance-covariance matrix whose estimate is:

score and a threshold is chosen so that it includes 95 (91%) or @)

known genes. This results in 800 overall, or 705 new candidat

genes. The covariance matrix is a penalized version of a standard
Luan and Li [4] proposed a B-spline based method f@um-of-squares estimate:

teasing periodicity. First a common periodic function is- de
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Fig. 1. A sample expression profile of 10 random genes fronadactor
experiment. A thick line is a smoothed average of the 10 aurve .

IIl. SOME PREVIOUS APPROACHES TO CELACYCLE DATA
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rived using B-spline basis (constrained to be periodic at th
ends) with a shift parameter, and a fit obtained, using the 104
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Here }(') is an estimate off. Both f and X are estimated  With the reduced-rank assumption (eq. (5)) the mean func-
jointly. The hyperparametet;, which controls the amount of tion f(¢) depend on time only through the periodic function
fitting done to estimate the covariance structure, is carei ~(t). We further expand,() in a Fourier basis:

fixed and can be estimated separately by cross-validation or

- - p/2—1
bootstrap. In this report we have simply chosen a reasonable ,, | ) ;
value forx,, es explained in section IV-C. Vr(t:8) = wz::l {ow,r cos(2mot/p) +Bu.r.s sin(2mwt/p)}
A. Reduced-Rank Assumption and Eigen-structures + [p cos(mt)

The mR3 framework has two mechanisms to deal with very (8)
high dimensional data. One of them is penalization of theheres denotes a study, andis a common number of points
covariance matrix (eq. (2)) and the other is the reduced-raim each time series, which is assumed even. We will achieve
assumption on the mean function. Unconstrained, fungfign common time-points by smoothing spline fit in next section.
has a separate component for each gene. We are seeking fbhis is a full Fourier basis set that fits all available degree
constrain this over-flexibility byR latent structures..: of freedom for each dimension Instead of truncating it at
some artificial value we penalize this basis using a roughnes
Ft) = Z%(t)er (4) penalt_y. We are fitting coef_ficients,ﬁ, and _hencey(t) by

Penalized Least Squares with penalty functional:

r=1

max

This constrains the rank of the fitted mean matrix as follows. ¢
Pa)=ra Y [0 ) (©)
s 0

In practice functionf() will be evaluated at the observed

time points. Let theM x p matrix B denote the values of

the fitted functionf() at each time-point. Unconstrained, itsVhich is a familiar second-derivative penalty used widely i
rank is at mosinin(M, p) which equals tg in our case. The cubic spline smoothing. This translates ([6]) into a diagon

above constraint restricts the rank of matfixto R since3 Penalty matrix on coefficients,, 5., with diagonal terms
can be now written as: equal toks (27w)*. Herek, is another hyper-parameter which

controls the bias-variance tradeoff and can be expressad as
B=06r (5 Equivalent Degrees of Freedom of the regression fit ([3]).
Penalizing a Fourier basis is a convenient approach foethre
reasons. First it allows flexible functional form (no need to
truncate basis) but gives a larger preference to a smoother
fit: this is evident by weights which are increasing with
frequency. Second, the diagonal penalty matrix allows &yv

wherel is an R x p matrix, with [y,(t1),...,v-(tp)] as its
r-th row, and© is an M x R latent structure matrix wittg,.
as itsr-th column. This relationship can also be written in
another, illustrative way. Consider a time series for ggne

zj = [ytm.’ ) ,ytp;j} (6) fast computgtion t_ime_s. Third, our interest is in genes vehos_
expression is periodic and we expect the second harmonic
Then we have that: (w = 2) to be the most indicative of cell-cycle involvement
25(t) = Ze ~(8) ) sinc_e all thre_e studies cover apout two ceII-division times
J = " Having the diagonal penalty weight first two harmonic most

. . heavily, we can expect to recover interesting behaviounauit
so that elements d. are seen to be gene-specific amplitud&gly imposing it on the data but without diluting the result

of anr-component of common periodic function, (t). too much with uninteresting (i.e., high-frequency) patter

B. Expansion of the common mean function C. Eigen-structures and Degrees of Freedom

The mr3 framework described in [3] used cubic splines |t js more convenient to parametrize the model in terms of

to model a smooth functiotf. Since our present goal is t0gigen-structures ([3]), £, (see egs. (2), (4)):

model periodicity, we have chosen a Fourier basis instead.

We have data from multiple studies where, to a first order of £ =30, (10)
approximation, cell-cycle genes can be assumed to have Ilkhe kes int tati Co
same period but different phase. We use a commae() basis 'S Makes interpretation easier since-

but separatein() basis for each study as an approximate way VarYTgr = 1, and (11)

to model different phase (_smce phas_e equaISath(—a/b), Cov(yTgr’Yqu) — o, rtgq

wherea, b are frequency-paired coefficients afs() andsin()

functions, respectively). Thus modifying a coefficient ams whereY is a random vector representing one microarray ex-
function allows for different phases, although it also apes periment. The first part of the equation shows that the elésnen
the shape of the fitted function. A proper solution would bef eigen-structures are rescaled to compensate for varying
to fit the phase parameter directly, which was done in [4fariances of individual genes. The second part indicatat th
using an grid minimization process, but this is computatityn different eigen-structures can be hoped to discover distin
expensive. We will explore that option in future research. phenomena.



It is worth noting that the eigen-structures are obtained Bsom equation (12), subject to:
the generalized-eigendecomposition and are thus detednin T 1
up to a sign. Further the eigen-structure/periodic curviespa &r X8y = 0o (14)
are ordered. The first pair is the one that explains the mqgkere 6} is a Kronecker delta equal to 1 fgr = ¢, and
variability in the data, the second one explains the mogéro, otherwise. Thus if for a moment we think of(t) as
variability subject to the orthogonality constraints (1éfc. In 3 fixed reparameterization of time, we can think &f as
fact the pairs are the generalization of Canonical Cori@lat regression coefficients of fitting this reparameterizatibtime
vectors [3], and can be seen as pairs of functions (one, ihgto relative gene expression levels. The genes most assdci
eigen-structure, linear in expression data; the othefiopr with this time pattern will show larger coefficients, (j).
curve, non-linear periodic in time) that best correlatdwech Now, the periodic curves,(t) are jointly estimated with
other, subject again to orthogonality constraints to @esi ¢ to maximized variability of the data explained by the
pairs. model. Hence we can subjectively examine each periodic
Reparameterizing the model with eigen-structures has ofgve and concentrate our attention on these which seem most
more benefit in terms of interpreting the results. One cafhnnected to the cell-cycle behaviour. In our context, this
show [3] that the estimation can be cast as a penalized douplgans examining the Fourier power and looking for larger

regression problem: concentration in the second harmonic.
n 9 Once interesting eigenstructures are chosen, we simpky ran
: T A . .
argmin E :(ytﬁr - %(t)) (12) genes, for eachr, which have the highest absolute loadings

Qs Buw,rir i=1

in &,.. This is plausible since the eigen-structures are rescaled
subject to constraints (11) and (9). This also has a benefitif the gene covariance matrix, although a more statisgicall
providing us with a well-understood framework for penaltgound method is probably worth researching.
hyper-parametersk, k2. When viewed as a regression of

yT¢,. on Fourier-expanded, (), the x, parameters controls E. Computational Algorithm for Fitting mR3 models

the smoothness of the resulting regression functigr(t). Our computational strategy closely follows that outlined
When viewed as a regression of(t;) on y;,, 1 acts as in [3] paper. Here we just briefly mention few notational
a ridge-regression parameter controlling the variability equivalents and spell out main points of the strategy.
coefficient vectorg,.. This allows us to use a standard smooth- In the notation of that paper, we have one predictor, time.
ing practice ([7], [3]) and express both hyper-parametars As mentioned before, instead of cubic splines used in the
Equivalent Degrees of Freedom, or EDF, which are more original paper we are using Fourier basis. Further sincenae a
intuitive than unscaled smoothing parameters likex>. In  dealing with multiple studies where period can be assumed
this research we have not optimized them numerically, bsame, but where phases may differ, we expand the periodic
have subjective picked 7 degrees of freedom to model bdtmctions,, (¢) (called association curves in [3]) into a basis

the covariance structure (and hence eigen-strcuturesimed with commoncos() but separatein() components. If there
association functiony,.(¢), for eachr. arep unique time points and studies, the design matri¥’,

D. Obtaining Candidate Genes in the notati_on of [3],_Wi|| have(p/_2) +s(p/2-1) f:olumns
Wpere the first set will be comprised oés() functions and

The exposition so far has centered on deriving an eﬁ'C'e{F]e lasts sets will besin() functions evaluated only for the

model for massively parallel and noisy times series datd; ) .
. . o : 12/ arrays of the respective study, and zero elsewhere.

with a set of observation for each genat timepointst;. This The computational strategy outlined in [3] avoid the exiplic

section highlight our proposed method for choosing cartdida P gy

genes that exhibit significant periodic behaviour and may ggnstructmn of the covariance matriX,;, which would oth-

. : . erwise be a great computational burden (with over 36 million
investigated further as putative cell-cycle regulatonerats. g P (

It is important to underline that our method as described glements for our data). This is accomplished by an innogativ

S ) ) X .
far does not make a uses of “guide” status of genes which d%eal-space algorithm. The mR3 algorithm requires instead

. g .
known to be involve in cell-cycle regulation. This is in coast at the smoother matrixX (XTX + r2()) X be directly
evaluated, where here the columnsXfmatrix are evaluated

to the prewously_ proposed methods that we summarized Iérc])urierbasisfunctions, as mentioned above,Q@risla penalty
section Il and will allow us to evaluate the performance of

thod i biased matrix. Since our basis functions are orthogonal and pgnalt
Ou\r/\/reneprgpolgeu?o I?)?fk \év;gdidate genes by examining trr]neatrix is diagonal (see eq. (9) the following discussion} th
loading factors of “interesting” eigen-structures, If an j-th provides an additional simplification to the algorithm.

component of,, which we denote by..(j) is significantly V. RESULTS WITHYEAST CELL-CYCLE DATA

Iarge,.in_ absqlutg vaIue,. this means th.at.it has a significantWe have used the original dataset analyzed in [1] which is
assomayor! with time vanab_le,_ an_asso_aatmn mo_delledhkry available online. The authors have already pre-procedsed t
r-th periodic curves, (t). This is since it can be viewed as 843 py taking log-ratios, normalizing the data from indisl
rescaled regression coefficient of: microarrays to common values and centering the time-series
Ev,(t)|y, ~ &Ly, (13) For the purposes of this paper, we have restricted our aitent



to two out of the three studies-factor andcdc28, since they

had the longest time series. A few further pre-processiegsst
were applied to the data. First we have imputed missing galue
using anknni nput e method described by [8]. The resulting
data was centered to avoid the need to estimate the common
mean in equation (1). Finally we have put the two sets of time
series on a common basis by the following process:

Spectrum for profile 1

08
[ Ju}
[N =]
s8
TN
B &

0.04

|
|
1
|
I
|
|

cycles/h

1) fit generous 10 EDF spline to each gene time series in Spectrum for profile 2
each study -
g | alpha

2) interpolate at 0-119min (7min int): 18 points
Hence we havey = 18 and s = 2 in the notation of the

previous sections.
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Fig. 2. Periodic curves for = 1 — 4, left to right, top-to-bottom. The black

curve is fora-factor study, and the red one fodc28 study.

Figure 2 shows the first four periodic curves,(t) for
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Fig. 3. Components of frequency contribution to overall povor the first
four periodic curves. Red is far-factor study, and yellow for cdc28 study.

for r = 1,...,8. The first bar is for overall mean which
was constrained to be zero in our expansion. The third bar
represents power in the second harmonic, the most integesti
for us. It shows that the first, fourth and seventh curves have
the highest concentration of two-cycle periodic component
and that the second and perhaps fifth curves have noticeable
contributions as well. While a more formal approach to tegti
these contributions is possible, for this report we haveseho

to concentrate on exploratory measures. Figure 4 attempts,
in an informal way, to validate our approach. Since, comtrar

each of the two studies. Re-reassuringly the first curveclwhito other studies, we have not used the status of the guide
explains the largest amount of variation in the data, showgnes, we can examine the concentration of the guide genes in
a clear two-period pattern that was expected for this studyandidate genes picked by eigen-structures as an unbiased w
This is notable since neither the information on two expecteo guide the success of our method, as well as to understand
periods, nor the indicators for “guide” genes were avadablarious trade-offs necessary for this high-dimensionasyo
to the method, so this discover is purely data-driven. The twdatasets. One complication is that, while we are reasonably
versions of this curve, corresponding to the two studiespse sure that the guide genes are involved in cell-cycle regrat
in complete anti-phase and with slightly different periotisis since their involvement has largely been confirmed by less
could be an artifact of the model and warrants further reear variable biological experiments, we have no way of knowing
Perhaps more revealing are the power bars, which showvaich if the remaining genes are true positives or negatives
contribution of each harmonic of,.(¢) to the overall power, Figure 4 attempts to quantify the results by showing how



Results for EDF=7(time), 7(Cov)
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Fig. 4. The percentage of guide genes above given percéitédshold on the loadings of eigen-structures for variduesholds and subsets of "interesting”
eigen-structures

many of the guide genes are picked versus how many camgree with Spellman et al results in about a half (384) of the
didates are picked with varying thresholds on the loadirfgs 800 candidates, we tend to agree much better for candidates
eigen-structures (Section 1V-D) and various combinatiofis that have higher CDC scores according to their methods. For
“interesting” eigen-structures chosen. The candidategeme instance, we match 165 of their top 200 candidates, but only
picked from various eigen-structures by first setting a camm 50 of their bottom 200.
percentile thresholdg, then taking the topM - «/2 (for Figure 4 also shows the advantage of reduced-rank approach
positive loadings) and bottod/ - «/2 (for negative loadings) to this data. We see that strategically choosing the eigen-
genes, and the taking a union over all “interesting” eigemstructures provides a benefit over choosing all of them or
structures. While we expect to pick up a significant numbeutting the dimensionality at an arbitrary point. Thus thesth
of new candidate genes even while missing some guide gerresults are for sets of eigen-structures that include fingtcl,
we hope that we will pick a vast majority of guide genes fdiourth and fifth, and perhaps sixth eigen-structures. Cimgos
reasonably small thresholds. For example, for threshotd 1 all the first 10 structures (black-dotted line) or the first 25
we are guaranteed to pick up0% of guide genes but we do eigen-structures (red-dotted line) leads to significamttyse
it at the expense of any specificity since all other genes grerformance.
new candujate genes. Th|§ kind of curves are sometimesicalle VI. DISCUSSION ANDCOMCLUSIONS
hit-curves in rare-target discovery research, such as fog d o ]
discovery experiments. We have presented a multivariate model for time-course
microarray expression data. Our model has an advantage of
Comparing the results of figure 4 to the results of the twimcorporating gene-gene correlation structure into theres
previous study described, we note that for a choice of thulelsh tion, which may result in more efficient estimates of time
which results in 800 candidate genes, same as a corresgpndiimction and gene effects. We have briefly summarized the
number in [1], we match 81% (or 84) of the guide genespodel, which is a special application of a general framework
compared to 91% for Spellman et al study. This is notabjmesented in [3]. This paper outlines the specific choices
since their method made an extensive use of the “guideteded to model the time course data and to test which genes
status, thus likely leading to an over-estimate of theircess show a strong periodic behaviour that may be indicative of
rate. Comparing with their results, we also note that whiee wan important role in cell’'s developmental cycle. We have



presented an initial result of applying our model to the well
studied cell-cycle yeast expression data. While our modea w
not heavily optimized, it still shows very promising result
as compared with previous studies. Another advantage of our
approach is that the status of the “guide” genes, whose role
in cell cycle has previously be ascertained, is not used én th
analysis which enables an unbiased validation of our amproa
This is in contrast to two other studies who utilize the guide
genes extensively and are thus unable to validate theittsesu
without external data.
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