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S1 - Activation 
 
S1A - Spectral estimation 
 
Issues related to statistical estimation are fundamental to the analysis of field potentials. Spectrum and 
autocorrelation function measures have different statistical properties. The autocorrelation function at each 
time lag reflects signal contributions from all frequencies. The statistical distribution of the autocorrelation 
function is, in general, unknown for stationary stochastic processes with temporal correlations. Temporal 
correlations mean neighboring time bins in the autocorrelation function have different statistical distributions 
and so cannot be averaged together. As a result, the statistical significance of temporal correlations is difficult 
to assess. In contrast, spectral estimates have a known distribution under often-reasonable stationarity and 
mixing assumptions that include temporal correlations. 

Spectral estimation is a mature field and many spectral estimators have been developed whose 
mathematical properties are well-understood. Due to the Central Limit Theorem, estimates of spectral power at 
each frequency are distributed as a c2-distribution with a certain number of degrees of freedom (DOF) scaled 
by the true value of the spectrum56. The first spectral estimator to be developed was the periodogram171. The 
periodogram spectral estimate has two DOFs and is highly variable since the c2-distribution has a long tail. 
Estimating the periodogram using longer recordings by increasing T improves the spectral resolution and 
reduces the Rayleigh frequency. However, increasing T does not change the number of statistical DOFs for the 
periodogram estimator. Since the number of DOFs is unchanged, the periodogram estimator remains variable 
and does not converge with increasing data (it is not asymptotically convergent) and the resulting estimate of 
power remains poor. Stated more formally, the periodogram is an asymptotically unbiased estimator, i.e. as T 
becomes infinitely long, the expected value converges to the true power spectral density. However, the 
periodogram is not an asymptotically consistent estimator, i.e. as T becomes infinitely long, the periodogram 
estimate does not converge to the true power spectral density. This implies that as T becomes infinitely long, 
the variance does not go to zero. Trial-averaging increases the number of DOFs by two for each trial in the 
average and so decreases variability. However, trial-averaging will not improve estimation bias.  

More sensitive spectral estimators use data tapers. For example, the Welch-averaging or multitaper 
estimates172,173, both use data tapers to generate spectral estimates with better bias and variance properties 
than the periodogram75. Data tapers are functions that multiply the data prior to Fourier transformation. Data 
tapers work by defining orthogonal subsets of data recorded on the same trial, and the shape of each taper is 
chosen to reduce the influence of activity at one frequency on another, called spectral leakage. Since spectral 
leakage is reduced this leads to good bias properties. Multitaper estimates, in particular, employ data tapers 
that offer maximal spectral concentration within the frequency band of interest, Slepian functions, and formally 
minimize spectral leakage beyond a certain frequency resolution, W173,174. Each data taper increases the 
number of DOFs in the estimate by two and so reduces variability in the estimate. In addition, the longer the 
time interval, T, the more data tapers can be used for a given spectral concentration. Therefore, increasing T 
reduces variability. Welch-averaging and multitaper estimates converge as the number of degrees of freedom 
increase, a property known as asymptotic convergence. Stated more formally, multitapering (and Bartlett or 
Welch) only provides a consistent spectral estimator if we let K grow with recording length T, such that the 
effective smoothing bandwidth actually becomes 0. 

Efficient estimators are important for assessing neural coding as decoding field potentials depends on 
estimating spectral quantities from single trials. Trial averaging can be used to further increase the total 
number of DOFs. Estimates based on 100 trials have 10 times more DOFs than estimates based on 10 trials. 
Multitaper estimates offer an additional advantage over Welch-averaging estimates because they can generate 
twice as many DOFs on each trial. Formally, multitaper estimates saturate the Cramer-Rao bound and provide 
an estimate with the least bias and variability for a given amount of data175. We can estimate time-varying 
spectral characteristics using different tapers, such as e.g. sliding Hanning windows, Gaussian windows (i.e. 
wavelets176) or multitapers.  

Since the distribution of all spectral estimates is given by a c2-distribution that is scaled by the true value of 
the spectrum, large values of the spectrum have more variable estimates. Moreover, since field potential 
spectra generally have greater power at lower frequencies, plotting the spectrum on a linear amplitude scale 
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can be misleading. After taking the logarithm of the spectrum, the value of the spectrum enters as an additive 
term. This ensures that fluctuations are comparable in amplitude across frequencies. The logarithm also has 
the benefit of being a variance-stabilizing transformation for the c2-distribution, i.e. rendering the distribution 
more Gaussian. Therefore, best practice for plotting the raw, non-normalized power spectrum is to plot the log-
spectrum and not the spectrum. For the coherence, the variance-stabilizing transformation for the coherence is 
the arc-tanh. This transformation or equivalent should be applied to the estimates before performing 
operations, such as estimating confidence intervals, that assume a Gaussian or symmetric distribution.  

The above spectral estimators are non-parametric estimates. The spectrum can also be estimated by fitting 
a parametric model, such as an autoregressive model, to yield a parametric spectral estimate177. In general, 
parametric spectral estimators suffer problems of bias unless the underlying process model is valid. An 
important advantage of using a parametric model is that if the model is valid, time and frequency resolution 
using parametric spectral estimators can be very high and does not need to satisfy the time-frequency 
uncertainty principle173. 

Stationarity: Spectrum and correlation function estimates assume that neuronal activity is stationary. 
Stationarity means the signal statistics remain constant over all time and is never strictly satisfied. For data 
generated by multiple trial experiments, it is important to consider stationarity across trials. To limit the 
influence of event-related responses, it is advisable to subtract the mean response of the raw recordings 
aligned to the external event (Event Related Potential – ERP) before subsequent analysis. Under the 
assumption of linear additive models combining the ERP and the ongoing response, one can subtract a scaled 
and/or time-shifted version of the ERP from each trial that minimizes the time series residual101,102,106 to 
account for variability in the ERP across trials. A general solution for the case of nonlinear interactions between 
ERP and ongoing activity remains a challenge.  
 
Computational considerations: Due to the use of the Fast Fourier Transform, computations for spectral 
estimates scale with K*N*log(N) with K the number of tapers and N the number of time points. As a result, the 
spectral analysis of long recordings with large N can be impractical. One solution is to divide the recording into 
shorter segments according to the Welch method, analyzing each segment with a small number of tapers 
according to the multitaper method, and averaging the resulting spectral analyses. In this case, the benefits of 
multitaper methods, which scale linearly with the number of tapers, can be accrued without incurring an 
excessive computational burden. Dividing the recording into shorter sequences has the added benefit that 
stationarity assumptions can be better satisfied. To summarize, best practice is to avoid the periodogram, use 
multitaper methods with parameters T and W chosen to fit to the temporal and spectral extension of the 
investigated activity pattern, and to limit the number of tapers to 10 when computational considerations are a 
factor. 
Hypothesis testing: Hypothesis testing is often performed following additional processing steps to suppress 
unwanted spectral features. 1 - The 1/fa trend can be removed by performing a linear regression of log power 
onto log frequency (i.e. fitting the 1/fa curve) and then analyzing the residual spectral power, or by explicitly 
fitting a linear mixture of a 1/fa curve and a Gaussian fitting the spectral peak178. However, care is warranted to 
avoid misestimation and distortion of the signal at smaller amplitudes. 2 - The spectrum can be normalized to 
the total power across frequencies. However, after such normalization, changes in spectral power at a given 
frequency may reflect changes at other frequencies, or a change in the steepness of the 1/fa curve. 3 - The 
relative spectrum between conditions can reveal band-limited changes in spectral power between conditions. 4 
- To remove background noise artifacts, it is advisable to examine decomposition techniques such as ICA (see 
S2D). 

Testing hypotheses by comparing the spectrum and coherency between experimental conditions and 
across different frequencies involves the multiple-comparison problem. Properly controlling for multiple 
comparisons is complicated by the presence of correlations in the spatial, temporal and frequency dimensions 
of spectral quantities. Classic ways of dealing with the multiple comparison problem like Bonferonni or false-
discovery-rate (FDR)179 correction can be overly conservative by assuming too many independent statistical 
tests. A better solution is to perform permutation statistics to correct for the effective number of independent 
statistical tests. Many permutation statistics are based on cluster mass72. Cluster mass procedures favor the 
detection of significant effects for frequencies with a large bandwidth (e.g. gamma-band) compared with lower 
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frequencies with a small bandwidth (e.g. delta or theta). Cluster mass procedures also favor detection of 
effects for larger brain areas. An alternative is to perform permutation statistics on the maximum difference 
between conditions (e.g. across frequencies) rather than cluster mass180–182. Maximum difference procedures 
can also control for the FDR instead of the false alarm rate and can be performed sequentially180, allowing a 
large number of significant frequency bands to be detected.  

In some cases, it is useful to test hypotheses using surrogate data. Surrogate data processes the 
experimental data to create new versions of the experimental data that satisfy certain constraints. For example,  
it is often useful to test the observed signals against the null hypothesis that a signal is constrained to be a 
stationary, stochastic linear Gaussian process183,184 (e.g. an autoregressive process with the same spectrum), 
that has been observed after transformation by a monotonic function. To perform this test, the surrogate data is 
given by the observed field potentials for which phases at each frequency have been randomized. To generate 
the surrogate data, we take the Fourier transform of the field potential observations, shuffle the phase of the 
complex coefficients and then perform the inverse Fourier transform to obtain the phase-randomized surrogate 
data.  

S1B - Higher-order structure: 
Complex, non-linear structure involving interactions between different frequency ranges, cross-frequency 
coupling, is often present in brain signals. For example, coupling of high-frequency amplitudes to the phase of 
slow frequencies, called phase-amplitude coupling, exists in various brain systems and species112,115,185–190. 
Cross-frequency interactions reflect non-linearities because in linear systems, activity at one frequency is 
independent of other frequencies. Higher-order correlations are needed to characterize non-linear processes56, 
so measures other than the power spectrum are needed. 

Many measures of cross-frequency phase-amplitude coupling have been proposed112,188 including a 
statistical estimator using Generalized Linear Models (GLMs)191,192. The GLM framework provides 
straightforward model-fitting algorithms and principled procedures for statistical inference of cross-frequency 
coupling and has revealed coupling between (~ 10 Hz) theta and (~ 50 Hz) gamma LFP activity and between 
(2 – 3 Hz) spike-wave discharges and (80 – 150 Hz) high-frequency oscillations in neocortex during human 
focal seizures193. Cross-frequency phase-amplitude coupling measures merit some methodological and 
conceptual caveats59. Proper bandwidth selection for both phase and power extraction is critical59,194. Neuronal 
non-stationarities, non-linearities in signal preprocessing and the presence of signal harmonics can all lead to 
phase-amplitude coupling, without an underlying interaction between distinct neuronal processes in different 
frequency ranges. It is also important to assess how two processes (phase of the slow and power of the fast 
rhythms) reflect independent or interrelated neuronal processes. Intrinsic cellular mechanisms may play a role. 
For most pyramidal cells, low-pass filtering properties of dendrites leads to low-frequency signals as a simple 
result of integration of fast time scale input giving rise to cross-frequency coupling195. Similarly, since high-
frequency field activity (>50 Hz) can reflect spiking, phase-amplitude coupling between high-gamma band 
activity (>50 Hz) and lower frequencies may reflect spike-field coupling rather than the interaction between two 
distinct rhythms196.  

Beyond phase and amplitude, power correlations also measure functional connectivity9,197,198. The 
alignment of oscillatory phases between neuronal populations may modulate their communication by aligning 
rhythmic excitability fluctuations8. Similarly, the temporal alignment of amplitude bursts across neuronal 
populations may modulate their interactions by aligning temporal windows for efficient input and output. 
However, common fluctuations of signal power may reflect direct and indirect interactions as well as shared 
input to neuronal populations. One way to suppress spurious power correlations due to field spread or the 
undesired consequences of referencing is to subtract signals shared across multiple field potential recordings, 
a procedure called orthogonalization, and then estimate correlations198,199. Brain-wide power correlations of 
orthogonalized MEG and EEG signals reveal rich spatial structure that is frequency-specific, reflects known 
functional and anatomical connectivity, and is correlated with BOLD fMRI correlation structure197–200. Power 
correlations between orthogonalized LFPs can also yield frequency-specific functional connectivity between 
brain regions while mitigating potential volume conduction or referencing confounds190. 
 
S1C - Inverse modeling 
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Due to the ill-posed nature of the inverse model, the interpretation of time and nature of current generators that 
result from inverse modeling should be made with great caution and, when possible, should include 
complementary information such as anatomy and spiking activity. In current-source density (CSD) analysis, an 
observed CSD sink in, say, cortical layer-3 can both be due to synaptic excitation onto the apical dendrites of 
layer-5 and layer-2/3 pyramidal cells and even synaptic inhibition onto the soma regions of these two 
pyramidal-cell populations201; both of these scenarios have been observed empirically202,203.  

In general, CSD estimates suffer problems of estimation bias and variance that could, if uncorrected, result 
in flawed interpretations. To reduce estimation bias and variance, recordings need to be scaled to account for 
variations in electrode impedance and amplifier gain. To further reduce estimation variance, one should select 
appropriate spatial smoothing parameters. Minimizing both bias and variance requires care because increasing 
spatial smoothing to reduce variance can distort the resulting CSD estimate and increase bias. Best practice is 
to increase the amount of smoothing and reduce variance to a degree that does not excessively distort the 
resulting estimate.  

LFP recordings of oscillatory dynamics that are made using amplifiers that filter low-frequency signals, 
termed alternating-current (AC)-coupled recordings, leads to situations in which actual dipoles alternate with 
artificial ones143,146. Since a simple solution to dissociate one from the other does not exist, recordings for CSD 
analysis should be made with as little filtering as possible. 

The spatial differentiation when performing CSD analysis increases spatial resolution of the field-
generating currents. Differentiation also eliminates volume conduction of remote sources positioned 
orthogonally to the array axis/axes, and strongly attenuates remote sources positioned in the axis. However, 
because the signal of interest is typically partially shared between the differentiated electrodes, CSD 
calculation often reduces the signal-to-noise ratio. 

CSD estimation methods such as the inverse CSD (iCSD) method145 and the kernel CSD (kCSD) 
method204 avoid the assumption of horizontal homogeneity and permit irregular arrangements of electrode 
contacts. Finally, all these CSD analysis methods assume that the recorded extracellular potentials stem from 
transmembrane currents only. However, diffusion of ions may also give rise to extracellular potentials3,205, and, 
if present, this should be corrected for in the CSD analysis6. 

For EEG analysis, the current source density at the scalp level is estimated by taking the surface 
Laplacian, or second spatial derivative, along the two-dimensional scalp surface6. This is called source 
reconstruction because the surface Laplacian provides an estimate of radial current density in the skull, which 
peaks over the sources of the scalp EEG improving the spatial resolution of EEG. Another approach is to 
directly estimate the intracranial current source distribution from M/EEG recordings and a volume conduction 
model of the head.  

The inverse problem of source reconstruction is often particularly ill-posed as typically available measurements 
do not provide enough constraints, and additional assumptions are needed206. In some cases, the assumption 
of a single isolated source may be reasonable e.g., an epilepsy focus, or early sensory evoked potentials. In 
other cases, a popular approach is to regularize the contribution of many sources by constraining, for example, 
the total energy of the dipole density206. One issue is that regularization procedures generally lack a 
biophysical basis. Newer methods based on Bayesian inference permit model comparisons based on a variety 
of explicit assumptions207. Alternatively, adaptive spatial filtering (‘beamforming’) techniques can be used to 
reconstruct source-level activity from sensor-level M/EEG32. Advantages of beamforming techniques are that 
they are adaptive to the recorded data and that activity can be reconstructed for specific source-locations of 
interest without the need of a complete source-model to explain the sensor level data.  Finally, the recent 
development of the magnetrode offers ground-truth in-vivo magnetic field measurements that might help 
validating MEG source modeling and reconstruction208. 

 

In addition to source-reconstruction techniques, a variety of decomposition schemes have been proposed to 
dissociate neuronal populations or brain regions contributing to field potentials. Decomposition schemes 
explicitly define the mathematical projection from high-dimensional space of activity to the lower-dimensional 
measurement space. Principal component analysis (PCA)209 and independent component analysis 
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(ICA)159,210,211 are blind-source separation methods which assume zero correlation or independence, 
respectively, between different current sources. These assumptions are not true in general, especially if 
neuronal signals come from densely interconnected cortical columns or regions. In addition, while the 
independence assumption may hold, non-linear interactions of currents according to the cable equation will 
result in strictly non-linear summation in the resultant extracellular current212. Laminar population analysis 
(LPA)213 and dynamic causal modeling (DCM)214–217 decompose field potentials into multiple sources by fitting 
generative models to the field potential responses. These model-based decompositions do not necessarily 
assume independence or lack of correlation between current sources but depend on the validity of the 
underlying model. In addition, blind-source and model-based decompositions assume the measurement 
projection is stationary. Each of these assumptions should be carefully examined before interpreting any 
resulting decomposition. 
 
S2 – Correlation 
 
S2A - Mathematical model of coherence 
 
Consider a field potential, 𝑥 𝑡 , composed of a signal, 𝑟 𝑡 , and additive, uncorrelated noise, 𝜂6 𝑡 . Consider 
another field potential, 𝑦 𝑡 , composed of a signal, 𝑢 𝑡 ,	that is uncorrelated with 𝑥 𝑡 , another signal from 𝑥 𝑡  
but delayed in time by 𝜏, 𝑟 𝑡 − 𝜏  and weighted by a coupling coefficient 𝑎 and additive uncorrelated noise, 
𝜂: 𝑡 . Assume that 𝜂6 𝑡  and 𝜂: 𝑡  are also uncorrelated. We can write the following equation for each signal: 

 
𝑥 𝑡 = 𝑟 𝑡 + 𝜂6 𝑡  

 
𝑦 𝑡 = 𝑢 𝑡 + 𝑎𝑟 𝑡 − 𝜏 + 𝜂: 𝑡  

 
The coherency between 𝑥 𝑡  and 𝑦 𝑡 , 𝐶6: 𝑓  is a complex-valued quantity defined as the ratio of the cross-
spectrum between x and y, 𝑆6: 𝑓 , and the square root of the product of the spectrum of each signal, 𝑆6 𝑓  , 
and 𝑆: 𝑓 : 
 

𝐶6: 𝑓 =
𝑆6: 𝑓
𝑆6 𝑓 𝑆: 𝑓

 

 
The coherence is the real-valued magnitude of the coherency. 
 
The spectrum is defined as: 

𝑆6 𝑓 = 𝐸[𝑋∗ 𝑓 𝑋 𝑓 ] 
 

𝑆: 𝑓 = 𝐸[𝑌∗ 𝑓 𝑌 𝑓 ] 
 
The cross-spectrum is defined as: 

𝑆6: 𝑓 = 𝐸[𝑋∗ 𝑓 𝑌 𝑓 ] 
 
𝐸[] denotes the expected value operation. 𝑋 𝑓  denotes the Fourier transform of 𝑥 𝑡 . 𝑌 𝑓  denotes the 
Fourier transform of 𝑦 𝑡 . We denote the Fourier transform of the signal 𝑢 𝑡  as 𝑈 𝑓  and the Fourier transform 
of the signal 𝑟 𝑡  as 𝑅 𝑓 . Substituting 𝑡 + 𝜏 for 𝑡 we can write the Fourier transform of 𝑟 𝑡 − 𝜏  as 
𝑒𝑥𝑝 −2𝜋𝑖𝑓𝜏 𝑅 𝑓 . Finally, we denote the Fourier transform of the noise 𝜂6 𝑡  and 𝜂: 𝑡  as 𝜂6 𝑓  and 𝜂: 𝑓 , 
respectively and their spectra as 𝑁6 𝑓  and 𝑁: 𝑓 . 
 
Taking the Fourier transform of 𝑥 𝑡  and 𝑦 𝑡 	yields: 
 

𝑋 𝑓 = 𝑅 𝑓 + 𝜂6 𝑓  
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𝑌 𝑓 = 𝑈 𝑓 + 𝑎 ∗ 𝑒𝑥𝑝 −2𝜋𝑖𝑓𝜏 𝑅 𝑓 + 𝜂: 𝑓  
 

Using the definition of the spectrum and cross-spectrum, that the expected value operation is linear, and how 
each signal and each noise process are uncorrelated and the noise processes are also uncorrelated, we get: 
 

𝑆6 𝑓 = 𝑆K 𝑓 + 𝑁6 𝑓  
 

𝑆: 𝑓 = 𝑆L 𝑓 + 𝑎$𝑆K 𝑓 + 𝑁: 𝑓  
 

𝑆6: 𝑓 = 𝑎 ∗ 𝑒𝑥𝑝 −2𝜋𝑖𝑓𝜏 𝑆K 𝑓  
 
The coherency is given by: 
 

𝐶6: 𝑓 =
𝑎 ∗ 𝑒𝑥𝑝 −2𝜋𝑖𝑓𝜏

𝑎$ +
𝑆L 𝑓 + 𝑁: 𝑓

𝑆K 𝑓 1 + 𝑁6 𝑓𝑆K 𝑓

											(1) 

 
Simplifying 𝑁6 𝑓 =𝑁: 𝑓 =0 yields: 

𝐶6: 𝑓 =
𝑎 ∗ 𝑒𝑥𝑝 −2𝜋𝑖𝑓𝜏

𝑎$ + 𝑆L 𝑓
𝑆K 𝑓

																						(2) 

 
This simplified equation (2) reveals three important features of the coherency. 1 – The coherence is 

proportional to the strength of linear association reflected in the coupling coefficient, 𝑎. 2 – Increasing 
uncorrelated signal power, 𝑆L 𝑓 , reduces the coherence and increasing correlated signal power,	𝑆K 𝑓 , 
increases the coherence. Note, however, that this is primarily true when the ratio, PQ R

PS R
, is comparable to 1. 3 – 

The impact of a time-delay manifests as a linear change in phase across frequency. To estimate the time-
delay, regress the phase of the coherency around the frequency of interest, 𝑓, and divide the slope of the 
regression by 2𝜋 to obtain the time-delay. 

The more detailed equation (1) reveals how increased uncorrelated noise in either process also reduces 
the coherence according to a signal to noise ratio.   

 
S2B - Spike-Field Coherence 

SFC is usually preferred over the spike-triggered LFP because SFC decomposes correlations by time-scale 
unlike the spike-triggered LFP. which is sensitive to temporal autocorrelations present in spiking and LFP 
activity. The decomposition permits efficient estimation, less averaging is needed to reduce variance, broadly-
applicable measures of confidence are available for common estimators, and normalized comparisons can be 
made. Compared with field potential spectral estimates, SFC spectral estimators typically require more 
smoothing in frequency and more trial-averaging. This is because the number of DOFs in the SFC estimate is 
equal to the smaller of the number of DOFs in the spiking activity and the field activity. Spike trains are sparse 
and so always have fewer DOFs than field potentials75. Since the asymptotic properties of SFC estimators are 
not often satisfied, statistical tests based on permutation tests are particularly important for assessing 
significance. Moreover, unlike for field potentials, the number of DOFs in the spectral analysis of spike trains 
does not increase linearly with the number of trials. The correction to the number of DOFs depends on the total 
number of spikes in the analysis – ie number of trials times duration per trial times mean firing rate75. 
Therefore, if the total number of spikes is less than twice the number of DOFs then additional increases in the 
number of DOFs will not reduce the variance of the spectral estimate. A rule of thumb is that detecting the 
presence of coherence on the order of 0.1 requires hundreds of spikes and detecting changes in coherence on 



Investigating large-scale brain dynamics 
	
the order of 0.01 requires a thousand spikes or more. In some cases, these issues can be avoided by using 
procedures that do not perform a spectral analysis of the spike train (see C2 - SNR confound).  
S2C - Volume conduction 
 
Volume conduction presents a number of challenges. In rodents, the situation is particularly complicated 
because the hippocampus contains signal generators with out-of-phase coherence. An example occurs when 
volume conduction of multiple phase-shifted theta dipoles generated across para-hippocampal regions results 
in interference patterns where theta frequency power and phase depend on the relative position of the 
recording site and current generating dipoles86. This introduces neocortical theta coherence at non-zero phase 
delays86,218. 

One strategy is uses the fact that, if neural tissue is not capacitive, volume conduction occurs 
instantaneously. Therefore, we can construct a measure of functional connectivity based on the imaginary part 
of the cross-spectral density, and ignore the real component that captures the instantaneous common mode. 
Doing so yields several measures such as the imaginary part of coherency88, phase lag index (PLI)89 and 
weighted phase lag index (WPLI)90. 

These techniques can help but they are subject to important limitations. Imaginary coherence is insensitive 
to zero-phase lag coherence, and volume conduction introduces only zero phase-lag coherence. However, 
imaginary coherence is a biased estimate of coherence and is phase sensitive. It favors phase relations close 
to +90° or – 90°, whereas it ignores true coherence at 0° or 180°, i.e. phase relations of particular theoretical 
and physiological importance. PLI and WPLI are also sensitive to the phase difference, albeit less so. 
Therefore, changes across experimental conditions, or across space, time or frequency, should be interpreted 
as a change in correlation only if the relative phase does not change. Unfortunately, the relative phase in turn 
can be affected by changes in the common-mode contribution. These concerns are particularly significant in 
the case of M/EEG. Best practice is to first establish that the common mode contribution does not change and 
that the relative phase is constant across conditions, space, time and frequency. Statistical testing between 
conditions or changes over time during performance of a task within a single electrode pairing also avoids 
these concerns. 

Correlation measures using the imaginary cross-spectral density effectively filter the signals in time. We 
can also perform spatial filtering to suppress volume conduction by making use of a bipolar reference, 
computing the CSD or Laplacian and applying source reconstruction / beam-forming techniques described 
above. The CSD or Laplacian method removes very large-scale, regional or global coherence as well as 
volume conduction. Correlations due to volume conduction can survive source reconstruction91,92 and re-
referencing procedures. Great care should be taken that the re-referencing actually removes the common 
reference. The widely used common-average reference maintains the average of all recorded signals as a 
common reference and thereby introduces artifacts to which correlations are particularly sensitive. 

 
S2D - Experimental considerations 
 
Signal conditioning: Historically, signal acquisition in differential mode with respect to a ground and reference 
was necessary to suppress artifacts and avoid saturating the recording amplifier. Modern amplifiers have wide 
dynamic range making it possible to acquire the signal in single-ended (non-differential) mode with respect to a 
signal ground. Nevertheless, high-quality signal acquisition still depends on effective signal conditioning. 
Amplifier gain and analog-to-digital conversion settings must acquire the signal without introducing quantization 
noise during digitization. Low bias current, high input impedance, low noise, and low drift are essential 
performance characteristics of the front-end (head-stage) and back-end (before analog-to-digital conversion) 
amplifiers. Amplifiers with low input impedance distort signals recorded by high-impedance electrodes. Without 
high-pass front-end filtering, ~ 0.1 Hz, electrode electrochemistry can give rise to direct current components 
and amplifier saturation depending on electrode surface materials. A low-pass, anti-aliasing filter below the 
Nyquist frequency, half the sampling rate, is needed to reject high-frequency noise sources. Since noise 
sources and their suppression can alter the signal, time spent systematically isolating and removing potential 
noise sources and signal conditioning typically pays returns.  
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Referencing: The choice and placement of the recording electrode and reference electrode plays a 
fundamental role219,220. The ideal reference does not pick up any non-common brain-related sources. In 
practice, the choice of reference involves a trade-off between suppressing noise and suppressing the signal of 
interest. In rodents, the surface of the cerebellum is a common choice due to low spatial coherence of afferents 
to Purkinje cells. In larger mammals, including intracranial recordings in humans, the cerebrospinal fluid is also 
a suitable reference. This said, the best choice of reference can depend on the frequency of the signal of 
interest. A reference that is suitable for low frequency signals may not be suitable for high frequency signals. 
Defining different references for different phenomena may be warranted. For example, when measuring 
synchronized up and down states, a choice of reference in the corpus callosum or near the dura may strongly 
attenuate the signal, and a cerebellar reference might make more sense. However, a cerebellar reference may 
be a poor choice when measuring signals with poor SNR, such as gamma activity, due to pick up of EMG 
activity or when local cerebellar high frequency activity contaminates the reference signal221. More generally, 
any local reference in the brain of small animals can contaminate the measured signal due to pickup of local or 
volume conducted signals by the reference electrode. Therefore, when cerebellar electrode cannot be used 
and common-mode artifacts are not saturating the amplifiers, single-ended, non-differential recordings which 
do not employ a local reference electrode should be considered.  

EEG recordings on the scalp present a challenge as current sources are measured at both recording and 
reference electrode. The labels of reference and recording electrode are arbitrary. The potential over the entire 
head should average to zero, as the head is essentially a closed object with very little current leaving the head 
via the neck. Hence, best practice is to use many electrodes and reference each electrode to the average. 
Note that this average reference is still a common reference, which inflates correlation between any two 
signals referenced to it. Compared to electric field recordings, magnetic field recordings have the advantage 
that they do not require referencing. This benefit has long been available at a coarse scale with MEG in human 
subjects, and has recently become available at the micrometer-scale with magnetrodes208 for invasive in-vivo 
recordings inside the neuropil. 

The impact of local referencing on the measured signal can be tested and better understood via analysis of 
bipolar electrode measurements. The forward model teaches us that geometric and anatomical factors 
significantly contribute to field potentials and, consequently, need to be considered when designing an 
experiment. Consider the case of two electrodes with similar impedances in a bipolar electrode arrangement, 
an arrangement that is often effective. The distance and orientation of the bipolar electrodes with respect to 
any distant, confounding sources will affect how much the noise is suppressed. The distance and orientation 
with respect to the signal source dipole will affect how well the signal is measured. How the bipolar electrodes 
span the current-generating somato-dendritic locus is also important, and can alter recording magnitude and 
phase. In cortex, bipolar electrodes spanning layers will often best capture local sources that are likely due to 
pyramidal neurons. Consequently, if the bipolar reference is in different depths, it will preserve the signals 
better. Similarly, if bipolar electrodes can be located perpendicular to the orientation of the remote source that 
will give the best suppression. When the bipolar reference is in the horizontal plane, instead of spanning 
layers, the resultant field potentials may attenuate different types of network phenomena differently. For 
example, highly spatially coherent alpha waves might be attenuated very strongly, whereas gamma waves that 
are less spatially coherent might be hardly suppressed. Closely-placed electrodes in poorly-chosen 
configurations can lead to signal rejection, attenuation and distortion. This can be observed when recording 
with an electrode in white matter and another in the hippocampus. Hippocampal theta activity can be 
significantly attenuated and/or phase distorted depending on electrode placement and separation86. Therefore, 
experimental designs that place electrodes in different anatomical configurations are often needed to constrain 
inferences.  
Environmental noise: Noise problems arise when recording from patients in clinical settings and other natural 
settings. Even in a research lab, environmental noise can be challenging. Ideally, the impedance of the 
reference and recording electrodes and associated signal conditioning should be similar to ensure similar 
sensitivity to noise sources and high suppression of common modes. When the reference is too distant, noise 
sources may not appear as common modes and blind-source separation techniques may be appropriate. 
Electrodes are sensitive to environmental noise due to capacitive and inductive coupling222. Capacitively-
coupled artifacts are worst when the electrode impedance is high and can be minimized by using a Faraday 
cage, shielding and grounding the cables, routing signal and reference wires away from noise sources, and by 
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using a headstage to reduce the signal impedance. Inductively-coupled artifacts can be minimized by twisting 
wires to reduce the cross-sectional area of any loops. Ground loops, mixed analog and digital grounds, badly 
designed power supplies, loose connections and relative movement of wires are additional sources of poor 
quality signals. Optical-isolation, direct-current power supplies and batteries can help debug environmental 
noise sources. 
Physiological artifacts: Muscle activity or electromyography (EMG) in field potential recordings typically 
originates from the eyes, face, neck, and body. EMG artifacts due to heart beat are present in EEG/MEG and 
can also be present in ECoG and, depending on the location of the reference, LFP. Cardiac pulsation near 
major vasculature elements can also impact ECoG and LFP. For EEG and MEG, EMG artifacts can be 
substantial above 20 Hz223. Near the ears, eyes, and neck, cortical signals are as much as 200 times 
smaller224. Transient artifacts due to head movements, eye blinks, lateral eye-movement, or jaw clenching, as 
well as ocular muscle activity due to micro- and macro-saccades cause broad-band artifacts with different 
spatio-temporal patterns35,225. Cranial muscle activity is modulated by cognitive and affective factors226. The 
micro-saccade rate is also modulated by sensory stimulation and cognitive factors35,227. Thus, EMG artifacts 
substantially complicate analyses. EEG gamma-band responses to visual or auditory stimuli caused by 
modulated micro-saccade rates can masquerade as neuronal responses227,228. Co-fluctuations of gamma-band 
power between scalp or brain regions that are caused by co-fluctuation of muscle activity may be mistaken as 
correlated neuronal activity 197. Changes in muscle tone may also mask or un-mask neuronal activity and be 
misinterpreted.  

Stimulation artifacts: Neuronal stimulation techniques such as electrical microstimulation, optogenetic 
stimulation, transcranial magnetic stimulation (TMS) and transcranial direct/alternating current stimulation 
(tDCS/tACS) also introduce artifacts. Intracortical microstimulation and optical stimulation generate artifacts but 
if the recording amplifier does not saturate, artifacts will be brief, and can often be detected, modeled and 
suppressed effectively229. Shielding the recording cables can reduce capacitive-coupling to the stimulation 
current. Light shielding and particular electrode materials can reduce photoelectric coupling. TMS causes 
longer-lasting artifacts in EEG due to muscle stimulation, sensory responses, electrode polarization and 
movement230. TMS artifacts can be partly avoided by experimental design and suppressed using interpolation 
and Independent Component Analysis (ICA)230–232. tDCS and tACS induce artifacts in concurrent EEG and 
MEG that are continuous and several orders of magnitude larger than neuronal signals. Physiological 
processes such as heartbeats and respiration modulate the strength of these artifacts, inducing complex broad 
10 Hz artifacts around the stimulation frequency and its harmonics233. Linear filtering reduces these artifacts, 
but cannot completely remove them233. Thus, techniques to robustly remove tACS/tDCS artifacts from 
concurrent M/EEG are generally lacking.  
Artifact suppression: Adaptive power line noise-removal techniques can suppress artifacts with less 
distortion than conventional notch filters. Simultaneous electrocardiograms (ECG) and electrooculograms 
(EOG) can help identify and suppress heartbeat and ocular artifacts. Regression methods can automatically 
suppress artifacts234,235. As stated above, ICA has become an important tool for suppressing artifacts. ICA 
refers to a broad class of blind source-separation algorithms used to decompose linear mixtures of data236,237. 
The two most widely used algorithms in the EEG literature are the FastICA238 and InfoMax ICA232,239. ICA 
components can identify artifacts225,240. However, ICA often yields non-normal mixtures with outliers. Adaptive 
spatial filtering techniques such as beamforming32 can also suppress EMG artifacts35. Increasing the number of 
channels being acquired permits other effective common mode rejection procedures. Some caveats are 
needed. First, no known modern artifact correction technique is perfect for removing EMG artifacts, and no 
non-invasive recording technique is completely immune to muscle artifact241.This is especially the case for the 
neck and face muscle when making EEG and MEG recordings. Muscle artifacts exhibit broadband frequency 
spectra with substantial relative power above 15 Hz; therefore analyses of the delta (1-4 Hz), theta (4-8 Hz), 
alpha (8-13 Hz) and mu (11-14 Hz) bands are typically more robust to muscle artifact contamination than the 
beta (14-20 Hz) or gamma band (20-50 Hz)241. Second, identification of an artifact component is inherently 
subjective. Some EMG artifacts are easy to identify like eye blinks and eye movements, but many are subtle. 
Third, subtraction of ICA artifact components reduces the rank of the data, potentially influencing further 
analysis, and it can introduce artifactual correlations. Complete removal of distant sources is unlikely without 
detailed volumetric imaging. Good recording and analysis practices remain critical. Subjects should remain still 
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and minimize jaw clenching, and the electrode array should be positioned tightly to avoid movement. EEG and 
MEG results above 20 Hz should always be critically assessed with EMG artifacts in mind. 

S3 - Communication 
S3A - Time-delays  
The presence of non-zero time lags in cross-correlation functions and non-zero phase in the coherency may 
provide initial indicators for the directed interaction between two areas, a time delay242 (but see Box 2). 
However, several caveats are warranted. First, the phase of the coherence at a particular frequency itself 
cannot measure a time delay. A simple model in which one signal contains a time delayed version of another 
shows that the correct way to infer time-delays involves estimating gradients in relative phase as function of 
the frequency of spectral coherence (see S2A). Second, time delays derived from correlations may not match 
the actual interaction. This is because in a network, the intuition that causes precede their effects often fails. 
For example, in the sensorimotor cortex of non-human primates94, estimated Granger causality (see C3-
Communication) can be associated with either a positive or negative time delay as assessed via cross-
correlation or spectral coherence functions. In linear vector-autoregressive models, time-delays and phase 
gradients can fail to detect directionality in as many as 20-40%243 of the cases. In non-linear models, time-
delay analyses can also suggest the wrong directionality if the driven system generates a prediction of the 
driver’s input244. To mitigate these concerns, multiple convergent sources of evidence should be marshaled in 
support of time delays and communication, see below. 

The GC influence measure assumes that we can measure the systems without measurement noise. In 
practice, most sources of noise are additive. The extent to which the noise sources are correlated across 
channels depends on the forward model. Correlated noise can arise from distant sources that have electric 
field spread to both sensors or a common reference. These common-mode influences can be largely 
eliminated by using locally referenced data, i.e. bipolar derivations or CSD. Locally referenced data may still be 
affected by strong physiological or artificial noise sources. Uncorrelated noise can arise for example from 
mechanical or electric artifacts, or from nearby physiological or non-physiological noise sources (see Box 2). 
Uncorrelated and correlated noise can severely distort the estimation of GC-influences, and create non-zero 
GC-influences that were not present in the noise-free case88,93,243. In case of additive noise, it is extremely 
difficult if not impossible to precisely reconstruct the underlying GC-influence values, although improved 
estimation can be achieved using a Kalman filtering approach245,246.  

A more tractable approach is to identify the direction of greatest GC-influence, i.e. whether GC(X → Y) is 
stronger than GC(Y → X), which is biologically informative163,247. Using GC-influence to identify the dominant 
G-causal direction is robust to the addition of uncorrelated noise. Assuming biologically realistic coherence 
values, uncorrelated noise tends to decrease G-causality similarly in both directions243, and simulations show 
that the dominant GC direction remains unaltered in a very high fraction of bivariate vector-autoregressive 
models243. For very high coherence values and/or the presence of correlated noise, adding a moderate amount 
of uncorrelated noise to X can sometimes increase GC(Y → X), although it follows from its definition that GC(Y 
→ X) eventually converges to zero as we add more noise. 

Dependent, correlated noise, like that caused by volume conduction, poses major problems to standard 
GC measures even when identifying the dominant G-causal direction88,243,248. A promising approach is to 
analyze time-reversed signals218,248,249. Haufe et al. used time-reversed series as a surrogate distribution, 
testing whether the original difference in GC values (GC(X → Y)- GC(Y → X)) exceeded the same GC 
difference after time-reversal248. Vinck et al. used a more conservative approach by testing whether time-
reversal of signals reverses the dominant G-causal direction243. This is based on the logic that the influence of 
noise on the power spectra and the real-valued component of the cross-spectral density is invariant to time-
reversal, whereas the delay-sensitive part that changes with time-reversal, the imaginary component of the 
cross-spectral density, is not affected by correlated noise. Recent work shows that this time-reversal test 
strongly reduces the amount of false alarms both in the presence of uncorrelated and correlated noise243 and 
has been applied to LFP recordings243,250. The main disadvantage is that, as for imaginary coherence, time-
reversal misses weak asymmetries in interaction with a small imaginary component of the cross-spectrum243.  
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