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ABSTRACT ditions. As a conclusion, we discuss the properties of the

. . : - resented methods.

This paper describes a new way of assessing perlodlcallyp

behaving biological time series from multiple time series 2. MATHEMATICAL METHODS
data, mainly aimed at studying microarray data. The met-
hod is based on robust spectral estimation angtbtatis-

tic together with statistical significance value testing. The Yn = B cos(wn + @) + €, Q)
_results shoyvthat this r_nethod performs extr_aordlnanlywell wheres > 0,w € (0,7),n =1,...,N,é € (-, 7], and

in processing both simulated and real microarray mea- €, IS an i.i.d. noise sequence. To test for the periodicity,

surement data. define the null hypothesis d%;, : 5 = 0, i.e., time series
1. INTRODUCTION consists of the noise sequence alape= e,

Assume the model for a periodic time series as

Periodicity detection in time series measurements is a usug-1- The robust spectral estimator

application of signal processing in studying biological data.\e consider a recently introduced rank-based autocorre-
PeriOdica”y behaVing biOlOgicaI events can be of interest lation estimator [4] for the prob|ems of spectrum estima-
because of many reasons, e.g. periodicity in gene exprestjon, This estimator is a moving-window extension of the
sion time series could be of interest because periodica”ySpearman rank correlation Coefﬁcient’ quantifying the as-
behaVing genes m|ght SuggeSt cell CyCle control over thesociation between the Sequenq%} and{yk_"_m/}_ The
gene expression and so on. What is usually the case, igesulting quantityp® (m) is actually an alternative estima-
that there are lots of measured targets but very few timetor of the standard correlation coefficientmn) between

points per target. This is particularly true for gene expres- these sequences. The estimator is defined as
sion measurements where there can be thousands of genes I

measured but only at few time points. & ~ —iwk
L o L S(w) = E k , 2
The task of finding periodicity in gene expression time (@) plk)e @)

series can be viewed as a decision problem based on spec- ~ ) ) N
tral analysis. A formal statistical testing procedure for the Wherep(in) estimates the correlation coefficient between

detection of periodic expression profiles was recently in- (¥} @1d{ys+ } andL is the maximum lag for which the

troduced by [1]. It relies on the use of a so-called Fisher's correlation coefficient is computed. More specifically, we
g-statistic ([2]) for which the null-distribution can be de- consider the correlation coefficient between the data ranks

rived under the Gaussian noise assumption. Because ther&v(?) and &, (i) (let I, be the set of time indice for

are usually thousands of genes (time series) that are teste/Nich bothy, andy;..,, are available and<,, = |/, ),

simultaneously, the obtained significance values must bed€fined by

corrected for multiple testing, using methods such as Bon-

ferroni, step-down procedures, Benjamini and Hochber 1 12 N Kmt1
o J 9 p(m) = > (B -

k=—L

or others (see, e.g., [3] for an extensive comparison). el K2 -1 bar 2
A robust, rank-based, non-parametric spectral estima- K41
tor was recently introduced in [4]. In this paper, we extend . (R;(i) — m2 ) )

the approach of [4] to the detection of periodic time series,
as introduced in [5]. This results in a robust testing pro- whereC' is a normalisation factof?, (¢) denotes the rank
cedure which is insensitive to a heavy contamination of of y; in the setS = {y; : j € I,,} and R, (i) denotes
outliers, missing-values, short time series, nonlinear dis- the rank ofy; ., in the setS’ = {y,1., : j € I,,}. By
tortions, and is completely insensitive to any monotone selecting eithelC = K,, or C = N in Eq. (3) yields
nonlinear distortions. the unbiased or the biased estimate of the correlation co-

The rest of this paper proceeds as follows. The math- efficient between the rank sequences, respectively. The
ematical methods are first briefly introduced. Then we biased version shall be used in this context due to its fa-
illustrate the power of the test under different noise con- vorable properties.



2.2. The test statistic and significance values Gaussian noise o Gaussiannose

After evaluating the spectral estimate of each time series
in the multiple time series data, a significance value for

05 AN

the power of the test
the power of the test

each time series is evaluated based on a chosen statistic. e T
Ideally a time series consisting of noise only gets a low fengh ofthe tme series e nofsevarance
S|gn|f|cance Value (@'Value Close tO One, |nd|cat|ng that leaussiannmseand10%|mpu\ses Gaussian noise and impulses

the null hypothesis can not be rejected) and a time series

having a strong periodic component gets a high signifi-

cance valueg-value close to zero). -
In the same way as Wicheet al. [1] do, we use the B D 100 R o102 03 ot

g-statistic and evaluate Gaussan nse and cubic distorion Saussian i and i toron
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the power of the test
°
&
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the power of the test

maxi<i<a |S(wl)|
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for each time series spectral estimate. However, we do
not have the luxury of resorting to an exact distribution of Figure 1. The power of the testg-&xis) for the three
theg-statistic to find the-values, e.g., under the Gaussian gifferent test cases as the function of the time series length
noise assumption. In some cases one might be interested , 4 varying noise parameters-éxis). The solid (resp.

in testing fixed instead of unknown frequencies. The pro- dashed) line corresponds to the proposed robust method
posed method can naturally be adapted to that case as We'k’resp. Fisher's test).

i.e, in Eq. (4) we can choose some fixed power spectrum
value instead of the maximum to test for that specific fre-
quency.

the power of the test
o
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To obtain thep-values we consider two common ways with ﬁ = V210 represent a perlod|c signal (|.e.,' the al-
ternative hypothesis). In the right column of Figure 1,

of computing them: simulation and permutation based the lenath of the fi . t to 40 and th _

methods. In the simulation approach we generate a set of, he eng tﬁ f € |tr_ne S?”es 1S setlo a9 an te pol\:/yer IS

say, 10000 time series under the null hypothesis and eval->10WnN as the function ofvarying NOISE parameters. Figure
1 clearly shows that the power of the proposed robust hy-

uate theg-statistics of the time series in the set. Then we . . .
use e.g. kernel density estimation methods on the 1000000thg5|s t?Stmg methqd IS T emarkably bet‘ef than that of
the Fisher’s test, especially in the case of outliers and non-

evaluatedy-statistics to model the distribution. Then the ) _ . )
linear distortion. More interestingly, however, the pro-

computedg-statistics of the data of interest can be com- d method is al fulin th f st
pared to the modelled distribution to find thevalues. In posed method 1S also more poweriul In the case of stan-
dard Gaussian noise.

the permutation approach each time series is handled in-
dividually. For each time series we compute ghstatistic 4. CONCLUSION

of e.g. 10000 (or some other number lower théh the
maximum number of distinct permutations) distinct per- As the results show, the presented robust method clearly

mutations of the time series at hand to modelgtstatistic outperforms analyses based on the classical periodogram.
distribution for that specific time series. Using permuta- 5. REFERENCES
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