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Abstract

M otivation: Cell-cycle regulated gene prediction using
microarray time-cour se measurements of the mRNA expres-
sion levels of genes has been used by several researchers.
The popularly employed approach is Fourier transform
(FT) method in conjunction with the set of known cell-cycle
regulated genes. In the absence of training data, fourier
transform method is sensitive to noise, additive monotonic
component arising from cell population growth and devia-
tion from strict sinusoidal form of expression. Known cell
cycle regulated genes may not be available for certain or-
ganisms or using them for training may bias the prediction.

Results: In this paper we propose an Improved Fourier
Transform (IFT) method which takes care of several fac-
tors such as monotonic additive component of the cell-cycle
expression, irregular or partial-cycle sampling of gene ex-
pression. The proposed algorithm does not need any known
cell-cycle regulated genes for prediction. Apart from alle-
viating need for training set, it also removes bias towards
genes similar to the training set. We have evaluated the de-
veloped method on two publicly available datasets. yeast
cell-cycle data and Hel a cell-cycle data. The proposed al-
gorithm has performed competitively on both datasets with
that of the supervised fourier transform method used. It
outperformed other unsupervised methods such as Par-
tial Least Sguares (PLS) and Sngle Pulse Modeling
(SPM). This method is easy to comprehend and imple-
ment, and runs faster.

Software: http://giscompute.gis.nus.edu.sg/cdcAnal

Keywords: Fourier transform, Cell cycle, Gene pre-
diction, Microarray.

1. Introduction

Microarray time course measurement of genome-wide
mRNA expression levels allows genome-wide prediction of
cell division cycle (CDC) regulated genes. In each cell di-
vision cycle, cells pass through four phases (M-G2-S-G1-
M) in the fixed order. Each CDC regulated gene expresses
in one of these phases which give rise to the expectation
that the CDC regulated genes would exhibit periodic ex-
pression if they were studied for more than one cell divi-
sion cycle. This is the basis for finding genes with oscillat-
ing expression in synchronized cell culture to find the CDC
regulated genes. Fourier transform method in conjunction
with known cell-cycle regulated genes has been employed
for prediction of yeast cell-cycle regulated genes (Spell-
man et al. 1998 [19]) and HeLa cell-cycle regulated genes
(Whitefield et al. 2002 [22]). Knowledge of cell-cycle reg-
ulated genes may not be available for several organisms or
using the limited known cell cycle regulated genes may in-
troduce phase and profile pattern bias in predicting the other
CDC regulated genes. Several methods, such as partial least
squares (Johansonn et al. 2003 [10]), single pulse model-
ing (Zhao et al. 2001, [25]), k-means clustering (Tavazoie
et al. 1999, [21]), QT-clustering (Heyer et al. 1999, [7]),
singular value decomposition (Alter et al. 2000 [1], Holter
et al. 2000 [9]), correspondence analysis (Fellenberg et al.
2001 [5]), wavelet analysis (Klevecz, 2000 [11]) also have
been applied which do not use training set. But, apart from
being computationally intensive and difficult to implement,
they either reveal a few CDC regulated genes or yield higher
false discovery rate.

Fourier transform (FT) method is sensitive to noise
and monotonic components in the gene expression pattern
which makes it unsuitable for unsupervised cell-cycle reg-
ulated gene prediction [16]. Irregular sampling of gene ex-
pression and sampling for non integral number of half
cycles introduce phase dependent bias in fourier trans-
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form estimation of both amplitude (peak) and phase. The
bias is introduced due to the violation of orthogonality as-
sumption [14] in Fourier transform. This paper proposes
a simple expression profile normalization method to re-
move monotonic additive components which can take care
of even decaying multiplicative factors, corrective proce-
dures to remove phase dependent bias in the estimation of
phase and peak of expression, and proposes scoring func-
tion which can take care of deviation of expression pro-
file shape from pure sinusoidal. Apart from these, we
also proposed a missing value filling strategy and Gaus-
sian smoothing of the expression profiles which enhance
the performance of the fourier transform method.

The proposed method has been applied to publicly avail-
able yeast CDC data (Spellman et al. 1998) and HeLa CDC
data (Whitefield et al. 2002). The new algorithm, called Im-
proved FT (IFT), outperforms the simple Fourier Transform
(FT) method while performed competitively with those of
supervised fourier transform method. It outperforms the un-
supervised methods such as Partial Least Squares (Johans-
son et al. 2003) in terms of false discovery rate and com-
petetive on recall and prediction stability, but outperforms
single pulse modeling (Zhao et al. 2001) in terms of re-
call, false discovery rate as well as the prediction stability
on Yeast CDC data. The results for HeLa CDC data are not
available for these methods.

Rest of the paper is organized as follows: Section 2
presents the algorithm. Section 3 presents results and dis-
cusses its relative performance. Finally, section 4 concludes
the paper.

2. Methods

The Improved Fourier transform method involves sev-
eral steps for each expression profile. The first step is to fill
the missing values in the expression profile and smoothing
them. The next step is to normalize the profile such that the
linear additive component in the profile is removed and the
multiplicative monotonic factor is compensated for. Fourier
transform is calculated for the normalized profile. The esti-
mates of the fourier components (peak and phase) are cor-
rected to remove phase dependent bias of their estimates
caused by irregular and incomplete-cycle sampling. Then
the corrected estimate of the fourier peak of the profile in
conjunction with the estimated phase is used to find mean
square error and sign similarity which compensate for ill-fit
of the model and non-sinusoidal expression response. These
factors are used together to define CDC score for the pro-
file which is used to predict whether a gene is cell-cycle reg-
ulated.

Now onwards we follow the following notation: Fj is the
logs relative expression profile of gene ¢ and Fj, is the value
of F; at time ¢; N is the number of samples taken for each

gene; N, is the number of samples collected for each gene
in each cycle; T is the period of CDC; w = 2:,,—”; and & is
the total period for which the samples were taken for each
gene.

2.1. FillingMissing Values

The missing values in the profile are filled with the fol-
lowing strategy repeatedly till all missing values are filled:
Case 1: Both left and right neighbors exist and they have
values assigned. In this case, a missing value is replaced by
the average of its neighbors.

Case 2: Only one of its neighbors has valid value assigned.
Then the missing value is replaced by the average of the
neighbor’s value and the average of the profile which is cal-
culated as the average of the all values in the original pro-
file.

Case 3: Both neighbours are either missing or have miss-
ing values. In this case, complete the filling of all missing
values falling in the above two cases.

2.2. Smoothing Profiles

To consider the fact that the microarray measurements of
the expression is noisy and may introduce artifactual fluctu-
ations in the expression profiles of genes. These may even
be greater than the peak of expression. To deal with these
random fluctuations superimposed over the regular periodic
expression, the profiles are smoothed according to the fol-
lowing strategy:

—(=—t)2
Fiy = ZFize 203
@&

The value of o was set at T'/20. This signifies the fact
that the Gaussian function vanishes almost at 5 X o from
its mean and we expect that the influence of an observation
should vanish after quarter cycle away in both directions.
This leads to the factor of 20 in the above setting. This set-
ting also has been observed to be optimal on real data.

2.3. Zero-mean Local Nor malization

Normalizing F; such that its mean is zero is common
practice. This is usually done by substracting the mean of
F; from F;; which we call as Global normalization. But the
expression profile of a gene may have additive linear com-
ponent apart from the periodic component (Rifkin and Kim
2002) which has to be removed for better estimate of the
fourier transform of the periodic component. This may be
achieved by using local normalization by replacing F;; by
F;; — my; Where my; is defined as follows:
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Influence of Normalization on the Expression Profile of YLR452C Gene in CDC15 Data
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Figure 1. Effect of local normalization on
the expression profile of YLR452C gene in
CDC15 data.
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where n; is the number of samples in the chosen window
around time ¢.

The above formula was derived based on the observation
that

1 [et3
f/ (y + Pcos(wt — 6) + zt)dt = y + 2z
-7

The efficacy of the above strategy can be seen in the
figures 2, 1 on the simulated expression and YLR452C
gene expression. This scheme also helps in compensating
for monotonic multiplicative factor g(t), mathematically
g(t) Pcos(wt — ). g(t) accounts for slow unraveling of the
gene response or dampened gene response which may be
expressed as e where 7 € R. This will be shown in the
next section.

2.4. Fourier Transform

The coefficients of the fundamental components of the
fourier transform of the expression profile F; are obtained
as follows:

1 1
A; = Fo zt:cos(wt)Fit and B; = Fo zt:sin(wt)Fit

The peak (P;) and phase (¢;) of expression are found us-
ing the following formulae

B;
P, = \/A?+ B? and ¢; = ta,n_l(A—)

Influence of Normalization on the Additive Linear Component

5
‘ () = 0.1t + cos(f)
Local Normalized f(t) = 0.1t + cos(t) -------
Global Normalized f(t) = 0.1t + cos(t) -------

(t)

Time

Figure 2. Simulations demonstrating the effi-
cacy of local normalization on additive com-
ponents.

D g the Effect of Sampling on Phase Estimation
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6 Samples (Sampled for less than half Cycle)
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Figure 3. Simulations demonstrating the vari-
ation of ¢; with actual phase 8; for the profile
cos(t — 6) at the rate of N, = 4.

P; and ¢; exhibit variation with the actual phase of F; if
the number of cycles for which F; is sampled is not equal
to the integral multiple of half cycles or F; were sampled
at irregular intervals as shown in figures 3 and 4. The fig-
ure 5 shows how much the ¢; change as the number of sam-
ples are changed from 6 to 50 when number of samples per
cycle (IV,) is 47 and the period of the cycle (T') is 27 i.e.
w=1.

To correct these artifacts of sampling we used the fol-
lowing table look-up approach.

24.1. Table look-up method: This method is de-
veloped to correct for the artificats introduced by in-
complete and irregular sampling of the expression of
genes. In this method, before calculating fourier trans-
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De the Effect of

Sampling on Peak Estimation
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Figure 4. Simulations demonstrating the vari-
ation of P; with actual phase 6; for the profile
generated by sampling cos(t — ) at the rate of
N, = 4m.

Influence of Number of Samples on Phase Estimation: T = 6.283, No = 12.5
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No Phase and Peak Correction +

0.5

Range of (Estimated Phase - Actual Phase)
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Figure 5. Simulations demonstrating the
amount of variation of ¢; with the number of
samples.

form of the given profiles, we generate several pro-
files by sampling the function cos(wt — 6), at the times
same as that of the sampling times of the given pro-
file, for each value of 8 € [0, 2] spaced at regular intervals
whose resolution is defined by the user. The fourier trans-
form is estimated for each such profile and table look-up
i.e. actual phase vs estimated phase and actual phase vs es-
timated peak is prepared.

Correcting for phase:  After finding the phase of expression
(¢4), we search for phase of cos(wt — 6) in the table look-up
prepared which gives rise to the closest calculated phase if
it were sampled at exactly the same time points as that of
F;. Then the value of ¢; is replaced by that of .

Correcting for peak: After having corrected for phase, the
calculated peak is divided by the peak obtained for cos(wt—
6) if it were sampled at the same time points as that of F;.

Now onwards, P; and ¢; represent corrected peak and
phase of expression of profile F;. The following subsection
defines CDC score of the profile F;.

2.5. CDC Score

Spellman et al. defined CDC score (S;) of a gene ¢ as
a product of estimated peak of expression and peak cor-
relation of F; with the profiles generated using the known
cell-cycle regulated genes. This strategy was followed by
Whitefield et al. also for predicting the Human CDC reg-
ulated genes using HeLa cell-line. But in the unsupervised
approach, we are not avail of peak correlation. Hence we
define two factors, which can substitute the peak correla-
tion, called mean square error (E;) and sign similarity (C;)
for F;. E; measures how much the model deviates from
the original expression profile i.e. how well the best cosine
model fitts the actual profile and C; measures the continum
of agreement of sign of the profile and the cosine model.
C; is important to take care of noise as well as deviation of
shape from sinusoidal and the multiplicating factors in the
profile. This is motivated by its utility in defining friendly
neighbors in [12]. E; and C; are defined as follows:

E; — % S (Fit — Picos(wt — ¢;))?
M; = 1 if Fijcos(wk —¢;) >0,

= 0 otherwise Vi, k
Wiksr) = maz(Wix + A2Mi(x11) — 1), 0)
C; = Z::l M (1 + I/Vi(k—l))

Now we are in a position to define CDC score of profile
F;. It is defined as follows:

Score(S;) = P,CZE;® where a,8 € RT

a and B were set to 1.0 and 4.0 respectively and A was
set to 0.1 based on the optimum performance on Yeast data.
This setting has been observed to be optimum on Hela cell
cycle data also.

3. Resaults and Discussion

The imroved FT method has been applied on both simu-
lated data and real data (Yeast and HeLa CDC data) to re-
veal its relative merits as compared to the regular unsuper-
vised fourier transform (FT) method. The results on the real
datasets were compared with the results obtained using su-
pervised fourier transform method. Following the popular
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line of thought, we also adopt the strategy of ranking the
profiles in the descending order of the CDC scores assigned
to them.

To evaluate the algorithms we used Recall and False Dis-
covery rate (FDR) as criterion. Recall is defined as the frac-
tion of the known cell-cycle regulated genes have their pro-
files present in the set of predicted CDC profiles. FDR is de-
fined as the ratio of the number of randomly generated pro-
files whose CDC score is higher than the minimum CDC
score among all predicted CDC profles and the number of
profiles predicted to be CDC regulated. We calculate FDR
in two ways depending on the distribution used for their
generation: (1) Gene randomization in which one random
profile is generated for each actual profile by following its
distribution; and (2) Complete randomization in which the
random profiles are generated following the distribution of
the values in the entire CDC data. Similarly, p-value of a
gene is fraction of randomly generated profiles have score
better than or same as that of the gene under consideration.

Yeast CDC data is combination of three microar-
ray datasets generated using three different cell-
synchronization procedures. Similarly, HeLa is also
composed of measurements carried under five differ-
ent synchronization conditions. The final CDC score eval-
uation procedure is as follows: (1) each dataset for each
organism is individually analyzed and CDC scores are as-
signed to each profile; (2) final score of a gene is the pha-
sor sum of the weighted CDC scores obtained on all
datasets, the weights correspond to the quality of the
dataset which is proportional to the number of sam-
ples collected in that dataset. In every profile, any ex-
pression value different by three fold in the opposite di-
rection of its neighboring values is replaced by missing
value. All profiles whose total number of missing val-
ues is more than half of observations are assigned CDC
score of zero.

3.1. Simulated Data Analysis

We evaluated the Improved FT method on artificial data
to assess the merit of the local normalization in Improved
FT as compared to its FT counterpart and the overall merit.

Influence of local normalization: The influence of local
normalization on peak and phase estimation of the profiles
with additive linear component has been evaluated using the
profiles generated by sampling the function 0.1¢+cos(t—6)
with N, = 47 for 50 samples i.e. for about 4 cycles.

The plots in figures 6 and 7 reveal that local normaliza-
tion has significant impact on the estimation of the actual
phase (#) and actual peak which is 1. The plot in figure 8
shows how the CDC score estimated could be improved by
using local normalization.

Influence of Local Normalization on Phase estimation
0.4

T T
Local Normalization

0.3

0.2

0.1

-0.1

Estimated Phase - Actual Phase

-0.3

-0.4

0 1 2 3 4 5 6 7
Actual Phase

Figure 6. Comparing local and global normal-
ization on the estimation of 4 of the function
0.1t + cos(t — ) sampled at the rate of N, = 4.

Influence of Local Normalization on Peak Estimation with Correction

T T
Local Normalization
Global Normalization -----

Estimated Peak
o

0.8

0.6

0.4

0 1 2 3 4 5 6 7
Actual Phase

Figure 7. Comparing local and global normal-
ization on the estimation of peak (=1) of the
function 0.1¢ + cos(t — 6) sampled at the rate
of N, = 4.

The influence of local normalization on peak and CDC
score estimation on the profiles with multiplicative factors
have been demonstrated in figures 9 and 10 respectively.
The function used to generate the profiles is e _thos(t) with
N, = 4w and T = 10 for 50 samples. The conclusions are
similar to the additive component case. But the absolute val-
ues of peak has been heavily (1/3) underestimated by both
methods because of the dampened profile.

Overall evaluation: The Improved FT and FT were
evaluated using the data generated from the func-
tion mt + pPcos(t — 0) + € where m,p, 6 and € were drawn
from U(0,0.1), U(0.1,1), U(0,2x) and G(0,0.25%) re-
spectively. U(a, b) is uniform probability density function
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Influence of Local Normalization on CDC Score
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Local Normalization

=
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Figure 8. Comparing local and global normal-
ization on the estimation of CDC Score of the
function 0.1¢ + cos(t — ), where N, = 4.

Influence of Local Normalization on Peak Estimation in the Presence of Multiplicative Factor

— —
N\ N

\

Estimated Peak
°
@
S

Figure 9. Comparing local and global normal-
ization on the estimation of peak of the func-
tion e T cos(t — §), where N, = 4.

over the interval [a,b] a,b € R and G(g,0?) is Gaus-
sian probability density function with mean g and stan-
dard deviation o. We generated 1000 profiles with P = 1
and 1000 profiles with P = 0 for varying length of sam-
pling with N, = 4m. The figure 11 show the results of
application of Improved FT and FT methods.

The plots from figure 11 clearly show that the Improved
FT method is consistently better than FT method and its per-
formance has improved as the number of samples were in-
creased. The fall of performance of FT method as the num-
ber of samples increased from 30 to 50 could be ascribed to
the fact that the magnitude of the linear component has be-
come more significant making the FT method vulnerable
whereas the Improved FT method will become more and
more effective as the number of samples were increased.

Influence of Local Normalization on Density Distribution of CDC Score

Local Normalization ——

/
/
~ \\
0
1 15 2 25 3 35 4
CDC Score

Figure 10. Comparing local and global nor-
malization on thetdistribution of CDC Score
of the function e T cos(t — 6), where N, = 4.

Recall-FDR plots of f(t) = Mt + Pcos(t) + N(0,5"2)
700

T T .
Improved T, 30 Samples
Improved FT, 50 Samples -------

FT, 30 Samples -------
600 - FT, 50 Samples
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Figure 11. Comparing FT and Improved FT

methods on the simulated datasets gener-

ated using function mt + cos(t — 6) + ¢, where
N, = 4m.

3.2. Yeast CDC Analysis

Both IFT and FT were applied on the three datasets
(CDC28,CDC15 and Alpha factor) of yeast [19]. The phase
shift of CDC28 and CDC15 experiments from Alpha fac-
tor experiment were 0.848rad and 1.39rad. The tables 1 and
2 show the result of the analysis of the three datasets us-
ing Improved FT (IFT), FT and Partial Least Squares (PLS)
[10] methods at the p-value cut off of 0.005 as well as the
results of Sngle Pulse Modeling (SPM)[25]. It reveals the
performance superiority of the Improved FT method over
other unsupervised methods. IFT method could retrieve sig-
nificantly higher number of genes with very good recall for
a given p-value. Its stability is even comparable to FT and
PLS methods as seen from the fraction of the total genes oc-
curred in at least two datasets and in all three datasets. These
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Method IFT FT PLS SPM

o factor 375(69) | 221(61) | 178(56) | 328
CDC28 406(53) | 177(33) | 151(32) | 686
CDCI15 375(63) | 195(50) | 227(56) | 399

a & CDC28 | 145(41) | 70(25) | 56(24) | 119

a & CDCI15 | 189(50) | 122(42) | 114(41) | 130
CDC28 & 140(33) | 67(20) | 61(20) | 147
CDCI15

All 3DS 92(30) | 52(16) | 42(16) | 71
atleast 2DS | 290(64) | 155(55) | 147(53) | 254(48)
atleast 1IDS | 774(91) | 386(73) | 367(75) | 1088(71)

Table 1. Recall of various methods on Yeast
CDC data. Retrieval criterion is p-value <
0.005.

results are significant in the view that the PLS was evaluated
using the FDR found for complete randomization which is
expected to be lower as compared to the Gene randomiza-
tion. Apart from this, FDR in PLS was found independent of
the original data despite the fact that the PLS is batch analy-
sisi.e. score of one profile depends on the scores of the other
profiles. In our study, we have taken the FDR to be of max-
imum of Gene and complete randomization experiments. It
means that our conservative estimates are better than the op-
timistic estimates of PLS and SPM. Our study even shows
that simple FT is outperforming the other complex meth-
ods such as PLS and SPM in every respect.

The final CDC score of a gene was obtained by com-
bining the individual CDC scores of the gene as described
above. The figures 12 and 13 show the FDR-Recall perfor-
mance curves for IFT and FT methods on combined CDC

Method IFT FT PLS SPM

No. of Genes | 774 386 367 1088

Retrieved
Atleast 2DS 38.0% | 40.0% | 40.0% | 23.0%
All 3DS 11.5% | 13.5% | 11.0% | 6.5%

Table 2. Prediction stability analysis of var-
ious methods on Yeast CDC data. Retrieval
criterion is p-value < 0.005.

FDR-Recall Plots for Row randomization on Yeast Data
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Figure 12. FDR-Recall plots for IFT and FT
methods for Gene randomization on Yeast
data.

scores. They show that the better FDR performance of IFT
is noticeable in the last 1/3rd of the top 1000 genes. It
means, IFT is required to detect complete list of CDC reg-
ulated genes. Figure 14 shows the Recall-Rank plots for FT
and IFT. The above observation is true here also. The table
3 shows the result of combining the scores from all three
datasets. The results show that the IFT performs compete-
tively with both supervised FT and PLS on recall and out-
performs them on FDR both in quantity and its insensitivity
to the model for randomization. It clearly outperforms FT
in every respect. We have also discovered that IFT has cov-
ered 630 of Spellman et al list of 798 genes in the top 800
genes i.e. a overlap of 79%.
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FDR-Recall Plots for Complete randomization on Yeast Data
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Figure 13. FDR-Recall plots for IFT and
FT methods for complete randomization on
Yeast data.
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Figure 14. Recall-Rank plots for IFT and FT
methods on Yeast data.

3.3. HeLaCDC Analysis

Hela CDC data contains five different datasets
(TT1,TT2,TT3,TN, TShake) obtained by different synchro-
nization methods. Whitefield et al have eliminated profiles
of about 11553 clones which showed combined neg-
ative autocorrelation in TT3 and TT2 datasets. For to
have fair comparison with the results of Whitefield et al.,
we also eliminated these profiles from ranking. White-
field et al have output 1133 clones as showing cyclic vari-
ation. The FDR-Recall and Recall-Rank analyses have
been carried out on HeLLa CDC data obtained from White-
field et al [22]. The plots in figures 15 and 16 show the
FDR-Recall performance curves for IFT and FT meth-
ods. Figure 17 shows the relative performance of IFT and
FT methods on recall. They also show the similar rel-

Method | No. of | Recall False
Genes | Recall Discovery Rate
SFT 798 95 (91.5%) | 3-10%
PLS 755 95 (91.5%) | >10%
IFT 702 93 (89.5%) | 2-3%
FT 761 90 (86.5%) | 4.2-14.5%

Table 3. Comparing the results of CDC anal-
ysis using five different methods on Yeast
data. The second column shows the rank at
which the last true positive has occurred in
the top 800 genes. Note that, FDR estimate
of PLS is based on complete randomization
only.

ative performace of IFT over FT as observed in Yeast
CDC analysis. The table 4 shows the result of combin-
ing the scores from all five datasets for the top 1133
clones.

4. Conclusionsand Future Directions

The proposed Improved Fourier Transform method is
less sensitive to additive linear component as well as sam-
pling irregularities. Its performance is impressively close to
those using prior knowledge while being unbiased in pre-
diction. Its systematic approach and ease of implementa-
tion should make it attractive for cell-cycle gene predic-
tion using microarray time course data. We should note that
the performance evaluation of the method used by Spell-
man et al and Whitefield et al is biased towards the training
set since the same dataset was used both for training as well
as for testing and they belong to certain phases expression.
But, our method is unbiased and unsupervised. We have
also shown that our algorithm outperformed other recently
published algorithms (PLS and SPM) both in terms of pre-
diction stability and FDR-Recall performance. We also ob-
served that the FDR estimation is highly stable across dif-
ferent randomization methods i.e. Gene and complete as op-
posed to its high variation exhibited by the other methods.
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FDR-Recall Plots for Row randomization on HeLa CDC data Recall-Rank Plots on HeLa CDC Data
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