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Abstract

Application of coherence estimation needs not only to correctly estimate coherence values but also to efficiently test the statistical significance
of the estimates. In the present report, we have explained the approach of optimising a coherence estimator by restricting its normalised bias
error and random error. In addition to the commonly used independence threshold, two more tests based on the probability of detection and
the exact confidence interval have been proposed for detecting the significance of the coherence estimates. All three methods have been use
to evaluate the significant functional correlation between oscillatory field potentials (FPs) in the subthalamic nucleus (STN) and the surface
electromyogram (EMG) of the forearm muscles during tremor in Parkinson’s disease.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction 1987; Carter et al., 1973; Clausen and Cochran, 2001
However, a significant limitation encountered in application
One widely used method of estimating the functional of the MSC estimate is that only in some particular condi-
coupling between two oscillatory signals is the magnitude tions, for example when coherence is 0 or 1, it is possible to
squared coherence (MSC) estimation. The MSC is a nor- provide the closed-form expression for the confidence inter-
malized cross-spectral density function, and measures theval. In other situations, the confidence interval is only given
strength of association and relative linearity between two approximately Bendat and Piersol, 1993, 2000; Brillinger,
stationary processes on a scale from 0 toB&ndat and 1975; Carter, 1987; Carter et al., 1978onsequently, the
Piersol, 1993; Brillinger, 1975; Carter, 1987; Halliday et al., distribution range of coherence estimates and the compari-
1999. In order to test the significance of the coherence and son between different coherence estimates are questionable,
use it in practical applications properly, it is highly desir- especially when the amount of data is relatively limited.
able to compute the statistics of the estimator exactly. The Furthermore, to avoid inadequate and inaccurate estima-
exact and asymptotic expressions have been deduced for théion, the performance of an estimator and its validation on
probability density function, cumulative distribution func- the data to be analysed needs to be evaluated, and the esti-
tion, and for the bias and variand8r{llinger, 1975; Carter, mation may require multiple statistical tests. In this study,
we validated the estimation by limiting the normalised bias
- error and the random error. In addition to the existing statis-
Abbreviations: STN, subthalamic nucleus; FPs, field potentials; tical test for independence between two signals, two extra
DBS, deep brain stimulation; EMGs, electromyograms; MSC, magnitude giatistical tests are proposed: (1) to measure the probability
Sqfi;ifr::;;:gi?;eauthor. Tels44-20-88467631: of d_ete_c_tion of_ the MSC e_sti_mates to confirm the existence
fax: +44-20-88467487. of significant linear association; and (2) to apply the exact
E-mail address: x.liu@ic.ac.uk (X. Liu). confidence intervals based on the cumulative distribution
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function, which can be used to determine the significance ments of the stochastic process€g andy(t) (Bendat and
of the estimation differing from 0 and the significance of Piersol, 1993; Brillinger, 1975; Carter, 1987; Carter et al.,
the differences of components at different frequencies. 1973. The stochastic processes are assumed to be 0 mean,
Oscillatory neural activity in deep brain structures has jointly stationary Gaussian stochastic processes. To obtain a
attracted much interest in both clinical practice and researchreliable estimator, some assumptions are necesdatiday
on movement disorders and other neurological conditions et al., 1995; Scannell and Carter, 1978hey are that: (a)
(Brown et al., 1999 Liu et al., 2001, 2002a;bMarsden the data segments are independent, (b) the data segments
et al., 2000. Although there are still uncertainties about are multiplied by a smooth weighting window to reduce
the precise function and genesis of the oscillations, analysissidelobe leakage, (c) each data segment is sufficiently long
of functional coupling between simultaneously recorded to ensure adequate spectral frequency resolution and reduce
oscillations at different levels of the motor system has the bias, and (d) the number of the data segments is sufficient
provided important information. It has led not only to a to make the estimator achieve reliable statistic performance.
better understanding of the pathophysiological mechanisms
of movement disorders but also to better localization of 2.2. Optimisation of a coherence estimator
targets for deep brain stimulation (DBS). However, these
symptom-related muscular and neuronal signals are only2.2.1. Probability density function, cumulative distribution
stationary over a short period, are contaminated with noise, function, bias error and random error
and their coherence is relatively weak. These features of the Given the true value of coherenc;éy and the number
real physiological signals present particular technical chal- of non-overlapped data segments the probability density
lenges for investigating the functional correlation between function and the cumulative distribution function of the es-
simultaneously recorded neuronal and muscular signals. timator are Carter, 198Y.
Hence, in this report, we propose algorithms for opti-
mising a coherence estimator and generating supplementary ., 2
statistical tests. We present an example of applying these” (Bylnd: 1y) = (nd = (
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procedures in assessing the functional correlation between 1322
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tromyogram (EMG) in patients with Parkinson’s disease. Q-
2 nd ng—2
2. Meth . . 1-y
eihods Pdiyina. v5) = 7 (—1 2,72 ) 2
. - “Vehy /) izo
2.1. Magnitude squared coherence estimation , K
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The MSC function between two jointly stationary stocha- x (1 _ f’)%y%%y) 2F1(=k, 1= nd; 1 vy viy) (4)

stic processex(t) andy(t) is defined by:
The hypergeometric functiopF; can be computed itera-

| Py (NI i 2
)/fy(f) _ xy (1) tively whenyg, is not equal to OCarter, 1977, 1987
P f) Pyy() .
whereP, (f) is the complex cross-spectral density, &(f) 2F1(—k, 1 —nqg; 1; f/fyyfy) = ZT,- (5)
and P,,(f) are the auto-spectral densities at frequeficy i=0

(Bendat and Piersol, 1993, 2000; Brillinger, 1975; Carter
1987; Halliday et al., 1995

MSC can be estimated using the weighted overlapped- 7; i—1—k@G- nd)f/fyyfy
segment averaging method based on fast Fourier transform.Ti_1 = i2
In this method, two signals are divided img disjoint seg-
ments; each segment is multiplied by a smooth weighting The exact expression of the bias and varianCarier,
window, and then the averaged cross-spectra density andl987) are:
the auto-spectral densities are obtained from riheseg- 1 ng—1, 2 2
ments. MSC is the normalized cross-spectral density by the & = g + M—nyyzFl(l, Ling+ 2 7g) — ny (6)
auto-spectral densities.
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where 3F2 is a five parameter Gaussian hypergeometric conditional probability density functiop(p3|n4. ¥3,) and
function. The gr(_eatest_b|a23? isny/when the MSC equals 0 the cumulative distribution functiorP(;?fylnd, )/fy) of the
and greatest variance is (278)g when the MSC equals oneé  egtimator can be obtained from (3) and (4). From the prob-

. . . 2 . - .
third. The ratio of bias angk is the normalized bias error  apijity density function, a threshol is defined to test the

ep and the ratio of variance ang, is the random erros;. independence at a given probabilRy (10). The hypothesis
. _ _ of MSC = 0 at each frequency value rather than the whole
2.3. Exact confidence interval of coherence estimates spectrum is then tested against the independence thresh-

old E; (11) Brillinger, 1975; Carter, 1987; Halliday et al.,
The confidence interval of the coherence estimates can be1995; zaveri et al., 1999 Coherence estimates below this

derived from the central probability interval of the cumula- threshold suggests that the two processes are independent_
tive distribution function Carter, 1987; Stuart et al., 1999,

2001)). Given a true coherence valuéy, there is a central
probability interval L (13)), Au(¥3,)] which meets the fol-

E E)
P = fo p(iine. 0 = [ = D502y

lowing conditions, (20)

P(JA/fy = AL(J/Ey)md, J/)%y) = oo (8a) E =1-—(1— p)Y0a—D (11)
2 2 2y _

P(Yy = Au(y)lnd. %) =1 —ao (8b) We set the level of significanee = 0.05, then the confi-

ThenP(AL(2) < 32 < Au(¥2)Ing, ¥2) = 1—2aq. Itis a dence interval fory, = 0 is [0, E] with confidence coeffi-
L ay) = Vg = LUyl Yy 0 cient 0.95 andP, is 0.95. The one side confidence interval
, ) _ s , for 73, is [Aal(f/fy), 1] with confidence coefficient 0.95.
tonically increasing withyg, and are continuousGarter, 1,09 ) .
Here A[,"(y5) equals the lower confidence limit of the
1987. Then we have, U Ayl : . . -
1o ) 1.0 ) both sides confidence interval with confidence coefficient
PriAG" (M) = vy = AL (K)Ind, vyy) =1 —2a0 9) 0.90, which can be computed using the method described
in 2.2. The hypothesiklp: MSC > 0 againstHi: MSC =0
is tested by the comparison of the confidence intervals. If

reasonable assumption théit (13) and Ay (yg,) are mono-

Therefore, the confidence interval i, is [AG (73). A"

~D . . . .
(V)] with conﬂdenc_e coefficient & 2uo. ) AGY(#3) > Ei, Ho is accepted withy < 0.05, the MSC
Usually the functionsAL (v3), Au(¥3), Ag (73) and s larger than O significantly and there is true coherence

A[l(f/fy) are unknown. We provided an iterative algorithm between the two processes.

to obtain the solution (more details on the iterative algorithm  Another way to determine the significance of the co-

can be found iitwang and Tang, 2004Given the number of ~ herence estimate is based on the probability of detection.

disjoint segmentsy and the true coherence valuﬁ%, the Coherence estimates below the independence threshold sug-

cumulative distribution function correspondingit, can be ~ 9est that the two signals being analysed are independent. On

computed as described above (Bl 2(a). Therefore, the the other hand, the cohe_rence estimates abovg the threshold

value ofj2, is AL(J/fy) or AU(V)%y) while the value of cumu-  Ei can be seen as the ewgience of I!near association between

lative distribution function equals lower or upper probability WO processes at a certain probability of detection(11)

limit. The lower and upper probability limits are 0.05 and (Carter, 1987; Zaveri et al., 1989%nd the probability of

0.95 in order to estimate the confidence intervals with 0.90 detectionPp is computed as

confidence coefficient(g. 2(a). AL(y3) or Au(y3) can 1

be obtained when the cumulative distribution function ap- Po = / p(Plng, vg)dp = 1— P < Eilng, vig) ~ (12)

proaches to the lower or upper probability vvit,@, modified

iterativeI)/Z(Eig. 2(b). . 5 5 The true coherenceg, is unknown in most situations.
Alter v (i) ~ AL (v (i) andy (i) ~ Au (5 (D) CUTVES  For practical application, one way is to replag§ with

are computed using above iterative algoritigy(i) ~ Ay the estimated coherengg, while the number of the data

(P5(D)) and 3, (i) ~ Afl(f/fy(i)) can be obtained by reflec-  segmentsq is large andZ, is great enough.

ting the curves across the ling, = AL(13) or v§, = Au

(V&y)-

E)

3. EMG and LFPs recording
2.4. Satistical tests for the significance of
independence and coherence Local field potentials (LFPs) were recorded from the sub-
thalamic nucleus (STN) in three patients after implantation
One way of determining the significance of the estimated of chronic stimulation electrodes for alleviating their Parkin-
coherence is based on the confidence interval of the esti-sonian symptoms at Radcliffe Infirmary, Oxford. Informed
mates. Given the true value of coheremfyand the num- consent from the patients and the approval of the local
ber of disjointed data segmentg, the exact forms of the  ethics committee were obtained for this research. Detailed
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surgical and neurophysiological procedures have been de-
scribed previouslyl(iu et al., 2001, 2002b The LFPs were
recorded via the implanted electrode (DB'S models 3387
Medtroni®). All signals were filtered with bandwidth of
0.5-1000 Hz, sampled at 4000 Hz, amplified at 290QCED
1902, Cambridge Electronic Design, UK) and digitized with
16-bit resolution (CED 1401, Cambridge Electronic Design,
UK). Surface EMGs from the contralateral forearm exten-
sor (carpi ulnaris) and flexor @igitorum profundus) were
simultaneously recorded while the patients were sitting. The
EMGs were filtered between 31 and 2000 Hz to reduce the
sustained activity imposed on the rhythmic tremor activity
using discrete wavelet transform.

@ ' Y
" L £=0.01
4. Computing 1000 N e £=0.1
AN O~ £=0.2
Computation of the cumulative distribution functions, \'\\ T TTTeT03
exact confidence intervals, relationship between the 100 // -
value and coherence at the given normalized bias error and & 2
random error, the probability of detection and coherence
estimation between STN FPs and EMGs was performed 10
using MATLAB (Version 5, MathWorks Inc., Natick, MA, i,
USA). The coherence was estimated using 150 s data with EE
15 or 2 s non-overlapping windows, which gives a value of 1 %
ng = 10 or 75. ) 0.0 0.2 04 v 0.6 0.8 1.0

Fig. 1. Relationship between th® value and coherence at the given
5. Results normalised bias error and random error. (a) The normalized bias syror
at levels of 0.1, 0.05 and 0.01. The shadow area indicates the normalized

Four levels of the normalized bias error curves and three Pias error larger than 0.1. (b) The random ersprat levels of 0.3, 0.2,

levels random error curves are iIIustratedFlig. 1 While 0.1 and 0.‘01. The shad(_)W area |n(_:i|cates the random error larger than 0.2
. . . . When estimated MSC is weak with a small value, a langevalue is

the coherence increases, in order to keeD the normalized b|a$equired to assure the bias and random error being kept at an acceptable
error or the random error at the specified level, the neces-jevel.
sary minimum number of data segments decreases gradually.
However, while the coherence approaches 0, the necessary ,, 1no. 2 1ap _
number increases dramatically. If the coherence is 0.3, theVy/(®) ~ Ay~ (7)) andyy, (i) ~ A" (7)) are acquired
necessary number to keep the normalised bias esrérl by reflecting the curves across the lipg = AL (y3) or
is 17 while 81 data segments are needed to keep the ranAU(yfy).
dom error= 0.2. The number of segments needed increases The exact confidence intervals with confidence coefficient
to 181 and 908, respectively, if the coherence is 0.05. The 0.9 forng = 10, 50, 100 and 200 are drawnkig. 3. When
shadow areas indicate the normalized bias error below 0.1the ny equals 10, the peak value of 95% confidence inter-
(Fig. 1(a) and the random error below 0.Rig. 1(b). So the val deduced from the cumulative distribution function at the
bias error and random error of the data can be determinedMSC estimate 0.33 is 0.00-0.62. The interval decreases to
from Fig. 1 If the coherence is likely to be low, the number 0.25-0.40, as they becomes 200. Thus, the 95% confidence
of data segments must be high enough to keep the randoninterval narrows wheng increases. The confidence intervals
error and bias error within an acceptable level. Hence, oneare 0.13-0.27 and 0.32-0.47 for the MSC estimates of 0.20
can estimate they required to ensure a particular level of and 0.40, respectively, wheg equals 200. There is no over-
coherence estimates credible with acceptable error. lap between these two confidence intervals; suggesting that

The cumulative distribution functions q“ffy for yfy = there is a significant difference between the MSC estimates
0.05, 0.5 and 0.9 andyq = 10 are illustrated irFig. 2(a) of 0.20 and 0.40. Whiley increases, the confidence bound
When the cumulative distribution functions equal to the up- becomes narrower. While the coherence approaches to 0 or
per or lower probability limits 0.95 or 0.05, the correspond- 1, the confidence bound becomes 0. The largest confidence
ing values off/fy which are computed using the iterative bound occurs with coherence at 1/3. The confidence upper
algorithm, are used to construct the central probability inter- and lower limits increase monotonically and continuously.
val y3,(i) ~ Au(vg (D) or y3,(i) ~ AL(v5(D)) (Fig. 2(b). The detection probabilitp increases with the coherence
Then the confidence interval with confidence coefficient 0.9 value. The detection probability is beyond the significant
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Fig. 2. The cumulative distribution functions of (a) foi, = 0.05,
0.5 and 0.9 and (b) the curves, (y3(i)) ~ ¥3(i) (open symbols)
and Au(yfy(i)) ~ yfy(i) (solid symbols) derived from the cumulative
distribution functions foryfy(i) = 0.05, 0.5 and 0.9 while;q = 10. The

dotted horizontal lines indicate the upper and lower probability limits
0.975 and 0.025.

level 0.95 when the coherence is larger than a threshold 02

value Fig. 4). This threshold value decreases whilgin-
creases. Fong 10, the independence threshddis 0.283,
but yfy is 0.525 while the detection probability equals to
0.95. However, fong 200, the independence threshé&idis
0.015,;/%, only reaches as small as 0.038 whig equals
to 0.95 (Table ). Furthermore, the detection probability
Pj is estimated using the biased coherence va@ei— B.
For ng 10, 50, 100 and 2007, equals near to 0.97 while
the true detection probability is 0.99dble 7). The small

Table 1

201

1.0

o o o
IS o ]

Confidence Intervals

o
()

0.0 1 ) 1 ' 1 ) )
0.4 0.6 0.8 1.0

42
xy

Fig. 3. The exact confidence intervals with 0.90 confidence coefficient
when ng = 10, 50, 100 and 200. The pair curves are the upper and
lower confidence limits of the coherence estimates. Whiléncreases,

the confidence bound becomes narrower. While the coherence approaches
to 0 or 1, the confidence bound becomes 0. The largest confidence bound
occurs with coherence at 1/3. The confidence upper and lower limits
increase monotonically and continuously.

1.0

0.8

Q

Q
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0.0 L 1 L 1 ' 1 " 1 n |
0.0 02 04 0.6 038 1.0

Yo

Fig. 4. The probability of detectioRp corresponding tqvfy with ng = 10,

50, 100, and 200. The linear association between the random processes
can be announced at the probability of detectityn corresponding to a
MSC value. To reach a significant probability of detection, a largés
required for detecting small MSC values. The dotted line indicates the
significant probability of 0.95.

The detection probabilityPp computed from the true (:oherenq}éy and P, computed from the biased cohereny;% + B while they are above the

independence thresholg

3 Pp P, Ppo P Po P, Ppo P,
0.038 - - - - 0.698 0.800 0.95 0.969
0.074 - - 0.697 0.796 0.95 0.969 0.999 1
0.142 - - 0.95 0.969 0.999 1 1 1
0.525 0.95 0.964 1 1 1 1 1 1

Ng 10 50 100 200

E 0.283 0.059 0.030 0.015

B is the bias of the estimatony, number of disjoint data segments. The biased probability of detection is near to 0.97 while the true value is 0.95.
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significant coherence can be detected while the number ofto avoid the bias error from the bulk time delay between the
data segments is large. signals. In addition, the frequency resolution of coherence
As an example of applying these method to physiological estimation based on the Fourier transform is inversely pro-
data, the coherence estimation between flexor EMG andportional to the segment lengffy thus T should be large
the STN FPs recorded from a Parkinsonian patient during enough to provide adequate spectral resolution for differen-
tremor was performed over windows of 15 or 2s in length. tiating components of the signals. Besides the bias from the
These window lengths gave the frequency resolution of limited signal length, there is another type of bias due to
0.067 or 0.5Hz for presenting the coherence in the tremor rapidly changing phaseCarter, 198Y. If the phase angle of
frequency. The overall length of the signal analysed was the cross-power spectrum varies rapidly as a function of fre-
150, which provided 10 or 75 non-overlapped windows. quency, the estimated coherence can be biased. The down-
The results showed that there were two dominant peaks be-ward bias approximately equals ttD|?/ T2 — 2|D|/T)y)%y
_yond the independence threshold in the coherence estimateg, _(2|D|/DV)%/ while D| is much smaller than the length
in the frequency range ofR20 Hz. With 10 non-overlapped ot oach data segmefit Here,D is the group delay com-

windows, the peak coherence value at 4.8Hz was 0.74,5teq as the slope of the phase and its unit is seconds. To

where the detegtion probability was 0.98 and the lower 5 tically reduce this type of bias, one can set a larger size
bound of the 90% confidence interval [0.47, 0.85] was be- for each data segment or realign the two signals to compen-

yond the independence threshold 0.28. However, at 9.4 state for the time delay between them. When the phase is
the peak coherence value was 0.50, the detection probability

X relatively stable over the frequency range of interest, for in-
was below 0.95 and thg lower bound of the 90% confidence stance at 4.8 and 9.7 Hz Fig. 5(c) the bias due to rapidly
interval was below the independence threshold. In compar- : : s
ison with the estimation with 75 non-overlapped windows changing phase is negligible.
the peak coherence value at 4.7 Hz was 0.26, but the de- In the case of zero-overlap, given the overall length of the

tection probability was close 1.0 and the lower bounds of f;?;;izz’hzhgen%rgzﬂeﬂ (;r?tgrsrig(rg)e r:f dls( zll)qveigsses])(/)vrven-
the 90% confidence interval 0.15 and 0.12 were well above g g d

the independence threshold 0.04 at 4.7 and 9.5 Hz. Further2S @n influential parameter of the probability distribution of

. L ... the estimates and thus affects its bias and variance. There-
more, the phase values were more stable in estimation with

75 windows than that with 10 windows. fore, an adequate number of disjoint data segments must be
selected based on an acceptable level of bias and random
errors. We have proposed a practical guide for selecting
a reliable value ohy based on the normalized bias error
and random error of estimation with a certain MSC value.

In the present report, we have attempted to enhance theln practice, the maximum acceptable normalized bias error

efficiency of the coherence estimation. We proposed the Waj gpugf:t ig O.lFand Iesst_thar; %'05 r\:\"” be |dBaa|In(dat ith
guidance for validating the reliability of the significant and Piersol, 1993 For an estimated coherence value wi

coherence estimates based on their normalized bias errof d: ON€ can validate the estimation based on the normal-
and random error. Two more statistical tests based on the'zed bias error curves=(g. 1(a). If. the cross-point of the
exact confidence interval and the detection probability are coherence va[ue amy value falls into thg shadowed area,
proposed for testing significance of coherence estimates, € Pias error is larger than 0.1, suggesting a larger number

We evaluate the estimator performance by calculating of segments is needeq for smaller coherenpe values. Simi-
the errors of the estimates because the estimates of Msdarly, the random error is larger than the maximal acceptable

are random variables. The performance of an estimator isv‘?ltlr’]e of r?‘z Bendatl and P'er?OI’ fl‘ﬁmjf tth(ihcrois-é)omtd
usefully characterised by the random error and bias error,O e coherence value amg value falls into the shadowe

thus the performance can be improved by minimizing the area inFig. 1(b) Estimator performance will be improved
random error and bias error. In the most commonly em- as increase in valugy and decrease in bias and random er-

ployed weighted overlapped-segment averaging coherencd©'s: For the same value of, on the other hand, the higher

estimator, two signals with overall lengehcan be divided value of the true MSC is, the Igss bias and ra”dom errors.
into a number of segments in certain lenglh. (g Mmeans The performance of the estimator can also be improved

the segments are disjointed or zero-overlap between segPy the overlapped-segment averaging which makes more ef-
ments; whereas,, implies data segments are overlapped f|g|ent use of the data when forming the MSC estimate. The
over certain lengthl(). Coherence is estimated by averag- Pias and random errors could be reduced further by over-
ing the cross-spectra normalized with auto-spectra fgm  12PPing the data although at the increased computational
signal segments. The performance of an estimator is influ- COStS. Twenty-five to fifty percent overlap is quite reason-
enced mainly by three parameters: (1) segment lefigt?) able in pract_lce((:arter, 1987; Kay, 1997 Howev_er, while _
number of the data segmenmig and (3) overlap fractioh. the overlap increases from 60 to 90%, the bias and vari-

The segment lengffishould be large enough to cover the @nce decrease slightly but the computation load increases
entire cycle of the dominant component in the signals and dramatically.

6. Discussion



S-Y. Wang et al./Journal of Neuroscience Methods 136 (2004) 197—-205

1 sec
< 50 —_—
=
S
w 0
i
Z 0
'_

o g
(a)
Q
1]
s
<)
o
] M
w
©
s
=4 y . r .
0 5 10 15 20
(b) frequency (Hz)
10r 0.95

MSC

phase (rad)

10 15 20

(c) frequency (Hz)

Fig. 5. Coherence estimation between STN PFs and EMGs during tremor.
(a) The rectified flexor EMGs and STN LFPs. Coherence estimation (thick
solid line) between EMGs and LFPs with non-overlap windows of 15 s (b)
and 2 s, superimposed with three different statistic tests. Dotted line: The
probability of detection; grey area: the exact confidence interval of 90%;
upper horizontal line: 95% probability of detection; and lower horizontal
line: the independence threshold.

203

When the coherence estimation is used to measure the
association and linearity between two stationary stochastic
processes, it is necessary to specify an interval with certain
confidence that the true coherence falls in. Some types of
approximate confidence intervals were given in previous
works Bendat and Piersol, 1993, 2000; Brillinger, 1975;
Scannell and Carter, 19Y.8The approximate confidence
intervals are reliable under the assumption that the random
error is small and data are sufficiel@gndat and Piersol,
1993, 2000. But in many circumstances the signals, espe-
cially biomedical signals, are stationary only in short dura-
tion, and the coherence is usually weak. Hence knowing the
exact confidence interval is highly desirable. Furthermore,
the exact confidence interval can also be used to determine
the significance of the coherence estimation.

The independence threshold has been widely used for
testing the statistical significance of the coherence estimates.
Coherence estimates below this threshold suggest that the
two processes are independefrilinger, 1975; Carter,
1987; Halliday et al., 1995; Zaveri et al., 199%owever,
people are generally more interested in coherence estimates
above this threshold. For a coherence value much higher
than the threshold of independence, the two signals are
highly unlikely to be independent. Thus, it is reasonable to
assume that two signals are correlated. However, it does not
directly prove the existence of correlation. Therefore, when
the coherence values are above but close to the threshold,
due to weak correlation or inefficient estimation, e.g. due
to limited number of windows, the statistical significance
in coherence estimates will be in doubt. To overcome this
problem, two supplementary statistical tests are proposed
to test the significance of the coherence estimates. One is
the probability of detection, i.e. while a threshdddis used
to test the hypothesis that MSC equals 0 with a probability
of P, the estimates of coherence above this threshold can
be seen as the evidence of linear association between two
processes at certain probabili®y (Carter, 198Y. If Pp is
larger than a significant probability, such as 0.95, there is
true correlation between two processes. When the estimates
of coherence are above the independence threshold, but
their probabilities of detection do not reach the significance
level, it suggests that the two signals are not statistically
independent, but the significant linear association between
them is not sufficiently confirmed. It is also noticed that
when the estimated coherence is actually very small, and
close to the independence threshold, the difference between
the true and estimated probability of detection increases.
In this case, it is necessary to adjust the parameter of the
probability of detection. If the coherence value is larger
than the independence threshold and the true probability
of detection is larger than 0.95, the difference between
the true and estimated probability of detection is approxi-
mately constant and irrelevant to the coherence value and
the number of data segmenfgable ). We would recom-
mend 0.97 as a more reliable significant level than 0.95
for the estimated probability of detection particularly when
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the coherence value is small and close to the independentn practice, there is always a trade-off between the bias and
threshold. random error of the estimator induced by a limited number
In order to measure the significance of the coherence of data segments and the influence of non-stationarity with
estimates, another statistical test based on the exact confia large number of segments. This trade-off is easier to deter-
dence interval of the coherence estimates is proposed. Thamine when the coherence estimates are large in comparison
hypothesis flp) is: MSC > 0 againstH;: MSC = 0 at a to when they are small. Undoubtedly further work is needed
frequency is tested by the comparison of the confidence to find indices for determining the optimal data length based
intervals. If the lower bound of the one side confidence on stationarity of the signals. In the present report, we esti-
interval with confidence coefficient 0.95 is larger than the mated coherence between the tremor-related LFPs and EMG
independence thresholg|, Hg is accepted withx < 0.05 over a length of 150s to illustrate the influence of the seg-
and the MSC is significantly larger than 0. By increasing ment number on efficacy of an estimator and accuracy of the
values ofng steeper probability of detection curves and nar- statistical tests. The signals were recorded while the patient
row confidence band are obtained. The statistical tests arewas fully resting and the tremor activity was persistent with-
more powerful to detect the significance of the estimates. out obvious intermittency. The LFP signal was stationary
To investigate the functional correlation between the with constant mean and variance, while the rectified EMG
symptom-related EMGs and brain FPs presents a very goodshowed a smooth decline in the standard deviations over seg-
case for using coherence estimation. However, given thements, but no sudden changes. Given the facts that the coher-
features of the symptom-related FPs, the coherence estimaence estimates at frequencies of 4.8 and 9.7 Hz were much
tion needs to be optimised and extra statistical tests mayhigher than the independence threshold and satisfied all three
be necessary. In the case presented in the current reportstatistical tests, we concluded that the LFPs and EMGs were
increasing the value afy from 10 to 75 results in a clear  significantly coherent at the tremor and the double-tremor
change in the value and frequency resolution of the MSC frequencies.
estimates with narrower confidence interval and higher de- In summary, we have proposed practical algorithms for
tection probability at the tremor frequency. The significant optimising a coherence estimator and generating supplemen-
coherence is also detected at the double tremor frequencytary statistical tests, and demonstrated the utility of the above
with 75 windows but not with 10 windowsH{g. 5). The measures in assessing the functional correlation between the
significant coherence is concealed due to the larger biastremor-related oscillatory STN FPs and the surface EMG of
error and random error caused by the fewer windows. the contralateral forearm extensor in Parkinsonian patients.
One important issue which needs to be addressed here
is the influence of stationarity or non-stationarity of the
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