HARMOnic miNImization (Harmoni): a Novel Method for Discrimination of Genuine vs Spurious Neuronal Interactions in M/EEG Recordings
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Introduction Harmoni
. Phase-phase synchronization (PPS) has been hypothesized to repre- Signals with Nonsinusoidal waveforms - Assume two time series x(t) and y(t) in frequency bands f_ and nf respectively. We
sent a mechanism through which spatially distributed information , , o . propose HARMOnic miNImization (HARMONI) as an algorithm which regresses y(t)
can be integrated in the brain. »  The Fourier analysis decomposes a periodic, non-sinu- on X(t) by minimizing the 1:n synchronization of the residuals of y(t) and x(t).
1 soidal signal into its harmonic components (Fig. 3-A).
: : : - Theidea of Harmoniis that if there are components at frequency nf_that are har-
Slow + The central frequencies of the higher harmonics are monics of a signal with non-sinusoidal wa\l::eform the f?ase in)liorronation of the
« PPS underlies not only spatially \/\/\/ oscillation integer multiples of the fundamental frequency (Fig. 9 . ’ P

but also spectrally distributed 3-B). harmonics should be present atf .

. : Fast
interactions through \/\/\/\/\/\/ oscillation

cross-frequency coupling (Fig. 1). - These harmonic components are — by construction - Harmoni is based on accelerating x(t) for making its frequency content n times

— CF phase-synchronized to the fundamental compo- faster (called phase-warping in Fig. 4), and hen regressing y(t) on it.
nent (Scheffer-Texeira and Tort, 2016) (Fig. 3-C).

Cross-frequency synchronization(CFS)

« Connecitvity analysis of MEEG data suffers from observeation of spu-

rious interactions. A B 3
R _ 4 Grid-search Algorithm for Harmoni
s -5
. Thg non-sinusoidal shape of bram osalla’Fory aC.tIV.ItIeS is one of the ; : Thput 3 Signal 2(8) ©C centered st f5
main reasons of the obseervation of spurious within- and cross-fre- ) - Signal y(t) € C centered at n f,
quency interactions (Fig. 2). e Output: yeorr(t) € C
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" Alpha Network V\M/VMW\/ (A) a non-sinusoidal shaped signal with its harmonics. ; _ | .
(B) The PSD of the signal in A, with two peaks at the Copts Popt = arg?i:?»?-ﬂ plv. g // find the minimum
. . Genuine alpha interaction — first and second harmonics. (C) The distribution of the . —_— b
The spufiouis Interactions | Spiows F meracion weighted phase difference of the two harmonics. Yeorr () = %m — Coptn(t)e’"
(in panel B) resulted from coupling . (?‘) = (f) ‘i’fdu?t“(}’)) T V———
of two non-sinusoidal shaped source signals. Jeorr\® PREIRENT R ' T
Results
6 Ground Truth Ground Truth
- We extensively tested Harmoni with realistic EEG simulations using A et HOG N . Alpha Network Beta Network
fOrwa rd and inverse mOde”ing. 0 . CLP): a;, wilc;xcin raglg(s)um 06 ] o ;T/OaTSOZS(??
: : : : : : : S o S °
- Sinusoidal and non-sinusoidal source signals were simulated in o2 o8& g >
. . © O 027
the range of alpha dn beta frequency bands. The non-sinusoidal 2 2w 3 5
. . oy . o
signals are simulated as superposition ofsynchronized alpha and N wcoonancum g * 02l -
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- The sources were simulated coupled to each other, producing B . .
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Results of the 100 realistic simulations according to scenario 1 (panel A) and 2 (panel B)
CFC network B

5 of figure 5. For scenario 1, the detection of the beta network improves (A-left) and the
further the distance of beta and nonsin. networks the better works Harmoni (A-right).
A Scenario 1 Scenario 2 B : : Additionally, the spurious CFC connections are suppressed (A-middle).
Exemplar time series (1) For scenario 2, the spurious CFC connections arealleviated (B-left) with a positive
Nig SN N1 g SN Nonsinusoidal (N1, N2) correlation between the performance of Harmoni and the distance of the CFC and nonsin.
I tw‘\mm ML e \/\/\/W\/\/\/W networks (B-right). Also, the spurious beta connections are removed (B-middle).
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« A Receiver Operating Characteristic o
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(ROC) curve shows how well a detection 2 e
Al .\'Nz .\ONZ . . f_SCts
N B By task works with different thresholds. _
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Alpha Network Alpha Nemrock VWM A~ The ROC of an ideal detect.lon task has 2 5/ AuC
an AUC equal to one, while a random P CFC network .. CFC network
Y - g N ., Realistic simulation scenarios. (A) detector has an AUC equal to 0.5. £ 'FPR() R after Harmon!
Bl.\' ~ The top schemes show the simulated False Positive Ratio
B2 couplings. The three smaller, colored An ROC curve
Beta Network Beta Network brains show schemes of expected Therefore Fhe larger the AUG, the better Examples of simulations from the two scenarios. Panel A and B are scenarios 1
connectivity in each frequency I?and. the detection. ST [ ———
NI NG N While solid lines represent genuine . . . . o
~~~~~~~~ o V2 Bl<~:, N2 coupling, the dashed lines show The dashed lines show the spurious interactions. The connectivity maps are
spurious coupling due to waveshape . . . . lotted for the top 1% connections. The comparison of the networks before and
A1 o oo P . Fig. 6 shows the results of the simulations, using AUC of ROC P P P
CEC Network of the source signals. (B) examplar : . after Harmoni shows that the spurious interactions are suppressed in comparison
CFC Network ctwor sourse signals. curve as the evaluation criterion.
to the genuine ones.
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Discussion
8
Using extensive realistic simulations and analysis of real data, we show that Harmoni is able to alleviate the detrimental effect of A C mefore Arer
harmonics on connectivity estimation of M/EEG data significantly. 0.10 er 07
0.08 05 E
There has been an attempt from (Siebenhuhner et al 2020) to omit the ambiguous connections from CF connectivity graphs based 2 0-06 0.4 o
S g S - 0 o . . . 0.04 DO
on the detection of ambiguous motifs in the connectivity graphs. Such an approach cannot disentangle the within-frequency spu- 0,02 - X
. . . . . o o/ 0 . 0.0
rious interactions in the harmonic frequency bands, and moreover is specific to the CF connectivity graphs and cannot be used in 52020
any other analysis pipeline.
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Harmoni is the first approach that cleans the data components that can be associated with the harmonics of the periodic neuronal e N 0.00
o s . . . . 04
activity. Such an approach can provide the opportunity of using the clean narrow-band data (in the frequency range of the harmo- 03 5 o
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nics) for any kind of analysis, including, but not limited to, connectivity analysis. ' ! ) [lo2k 015 &
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- Harmoni can be the first steppingstone towards the development of other methods aiming at refining within-frequency and CF
PPS ana|y5i5 of M/EEG. Harmoni on grand-average SSVEP data from all the trials of 24 subjects looking at a
15Hz-flickering object. Panel A shows the median PSD of all channels/subjects before
and after removal of second harmonic components. This drop in power level can be
R efe rences also seen in panel B topographies, where the mean power of 30Hz frequency band
(over all subjects) is shown before and after HarmoRemo. The mean difference of
each channel is tested with wilcoxon signed-rank test with Bonferroni correction. The
channels that do not survive the multiple-comparison correction are marked in the
right-most topography of panel B on top of the power difference. Panel C shows the
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