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Electrophysiological Brain Connectivity:
Theory and Implementation

Bin He , Laura Astolfi , Pedro Antonio Valdés-Sosa, Daniele Marinazzo , Satu O. Palva ,
Christian-George Bénar , Christoph M. Michel , and Thomas Koenig

Abstract—We review the theory and algorithms of elec-
trophysiological brain connectivity analysis. This tutorial
is aimed at providing an introduction to brain functional
connectivity from electrophysiological signals, including
electroencephalography, magnetoencephalography, elec-
trocorticography, and stereoelectroencephalography. Vari-
ous connectivity estimators are discussed, and algorithms
introduced. Important issues for estimating and mapping
brain functional connectivity with electrophysiology are
discussed.

Index Terms—Brain functional connectivity, electrophys-
iological connectivity, effective connectivity, EEG, MEG, in-
tracranial EEG, electrophysiological connectome.

NOMENCLATURE

k,l,m,n Indices for vector/matrix elements, time
points, frequency components.

t Time.
� Frequency.
� Pulsation = 2 � � � �.
x, y Generic vector processes.
e Generic noise process.
� Generic complex signal amplitude.
� Generic complex signal phase.
f Generic scalar function.
v Observations (M/EEG sensor signal) vector.
� States (source activity) vector.
� Sensor signal noise vector.
� Biological noise vector.
u Exogenous inputs (stimulus) vector.

Manuscript received November 23, 2018; revised March 17, 2019; ac-
cepted April 21, 2019. Date of publication May 7, 2019; date of current
version June 21, 2019. This work was supported by the NIH under Grants
MH114223, EB021027, NS096761, and AT009263. (Corresponding
author: Bin He.)

B. He is with the Department of Biomedical Engineering,
Carnegie Mellon University, Pittsburgh, PA 15213-3815 USA (e-mail:,
bhe1@andrew.cmu.edu).

L. Astolfi is with the Department of Computer, Control and Manage-
ment Engineering, Sapienza University of Rome, and also with the IR-
CCS Fondazione Santa Lucia.

P. A. Valdés-Sosa is with the University of Electronic Science and
Technology of China, and also with the Cuban Neuroscience Center.

D. Marinazzo is with the Ghent University.
S. O Palva is with the Helsinki Institute of Life Science.
C.-G. Bénar is with the Aix-Marseille Université/Inserm.
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L Source to observations (M/EEG sensor signal)
transfer function (Lead Field) matrix.

S Empirical covariance (cross-spectral) matrix.
� Population covariance (cross-spectral) matrix.
K Neural connectivity matrix or source

connectivity.
T Neural lag matrix.
A (uppercase alpha) Multivariate Autoregressive

(MVAR) model coefficients matrix.
B (uppercase Beta) Multivariate Autoregressive

(MVAR) model Transfer Function (TF).
GCx�y Granger Causality from y to x.
B2

m�n Multivariate Autoregressive (MVAR) model
Directed Transfer Function (DTF) from
m-th to n-th.

�2
m�n Normalized DTF.

Rm�n Pearson Correlation matrix coefficient of the
m-th and n-th vector components.

� Normalized DTF.
� Partial Directed Coherence (PDC) matrix.
�2

m�n (�) Squared amplitude of the PCD component m,
n (magnitude of the influence from m to n).

C�, R�, G�, PDC normalization versions: column-wise,
I�, W� row-wise, generalized, information, weighted.
� Gradient of the PDC squared absolute values.
�2 PCD’s normal tendency squared variance.
H Hilbert Transform.
PLV Phase locking value (PLV).
WPLV, IPLV weighted PLV, information PLV.

I. INTRODUCTION

BRAIN function and dysfunction are encoded in networks
within the brain that are distributed over 3-dimensional

space and evolves in time. It is of great importance to
image brain activation and functional connectivity which are
the building blocks of neural information processing. Such
knowledge plays an important role for neuroscience research
and clinical applications of managing various brain diseases.
It is important to map the spatially distributed and temporally
dynamic neural activity with high resolution in space and
time domains. Noninvasive high-resolution imaging of spatio-
temporal patterns of neural activation and connectivity would
greatly improve our understanding of the mechanisms of per-
ception, attention, learning, etc., and for managing neurological

This work is licensed under a Creative Commons Attribution 3.0 License. For more information, see http://creativecommons.org/licenses/by/3.0/

https://orcid.org/0000-0003-2944-8602
https://orcid.org/0000-0002-1025-7526
https://orcid.org/0000-0002-9803-0122
https://orcid.org/0000-0001-9496-7391
https://orcid.org/0000-0002-3339-1306
https://orcid.org/0000-0003-3426-5739
mailto:bhe1@andrew.cmu.edu


2116 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 66, NO. 7, JULY 2019

mental diseases such as epilepsy, stroke, neurodegeneration,
depression, etc.

Various neuroimaging modalities have been pursued to
achieve the aforementioned goal, including functional magnetic
resonance imaging (fMRI), electrophysiological neuroimaging
such as electroencephalography (EEG), magnetoencephalogra-
phy (MEG), and electrocorticography (ECoG), as well as func-
tional near-infrared spectroscopy (fNIRS) and positron emission
tomography (PET). Of these imaging modalities, fMRI has rela-
tively high spatial resolution but low temporal resolution, while
electrophysiological methods have high temporal resolution but
limited spatial resolution. fNIRS has the ability to measure both
oxyhemoglobin and deoxyhemoglobin and can also be portable
or wearable, allowing experiments in naturalistic environments
for extended periods, yet it does not offer whole-brain coverage
and has limited spatial and temporal resolution. fMRI is widely
utilized for neuroscience research and plays a significant role in
improving our multimodal imaging capability. However, due to
its limited temporal resolution, fMRI currently cannot be used
to image dynamic brain activity in the time frame in which
these processes occur, i.e., in the sub-second range.

Innovations in source imaging have turned EEG and MEG
from a 1-dimensional sensing or 2-dimensional mapping tech-
nique into a 3-dimensional source imaging modality for map-
ping dynamic distributed brain activity, arising primarily from
the cortex, with high temporal (ms) and increasing spatial (5-10
mm) resolution. The availability of dense array EEG mapping
systems has offered opportunities to sense the spatiotemporal
distributions of brain electric activity over the scalp. Numer-
ous investigations in cognitive neuroscience, clinical neurology,
psychiatry, and neurosurgery have revealed the power of EEG
source imaging in characterizing dynamic brain activity [111],
[112], [114], [116]. Recent advances in EEG source imaging
have significantly improved performance in localizing brain ac-
tivity from event-related potentials in healthy human subjects,
and from interictal spikes in epilepsy patients. Advanced EEG
source imaging techniques have also demonstrated the ability
to image oscillatory brain activity at various frequencies, for
example in human subjects performing motor imagery for brain
computer interface applications and for directly imaging oscil-
latory seizure activity in patients suffering from epilepsy. Ap-
plications to psychiatric and neurological research and practice
are also a clear opportunity.

As opposed to source imaging that aims for the identifica-
tion of functional segregation, connectivity analysis provides an
important tool for understanding brain networks through which
our brain functions under a highly interconnected organization.
Studies have suggested the definition of connectivity through
anatomical connections that are based on brain structures, and
functional and effective connectivity that is instead based upon
the functional properties of the various cortical regions. Func-
tional connectivity patterns have been estimated from fMRI
using correlation mapping, revealing BOLD coherence and cor-
relations among various brain regions. Intracranial EEG (iEEG),
EEG/MEG, and the source signals reconstructed by EEG/MEG
source imaging techniques have been proven efficient for mea-
suring brain functional connectivity between various regions.

Fig. 1 Levels involved in estimating neural connectivity from EEG and
MEG. On the left models of brain reality. On the right, inferences made
about this reality. Identifying neural connectivity is the ultimate objective.
This is defined by the interactions (	) between the activities of neural
sources (
). These in turn, determine the observed time series (v) at the
sensors. From these time series one can obtain measures of statistical
dependence (�). The attempt to use � as a proxy for 	 is known as
“sensor level connectivity”. “Source level connectivity” solves the inverse
problem to estimate 	. Estimated quantities at sensor and source levels
are denoted as ��, �	.

Functional connectivity measures, such as coherence or causal
directions, have been used to study brain networks associated
with cognitive functions, spontaneous activities and neurolog-
ical disorders. The goal of electrophysiological connectivity
analysis is to infer neural connectivity: the causal influence that
neural masses exert upon each other.

In this tutorial paper, we will describe the theoretical
basis, computational algorithms, and applications of dynamic
functional brain connectivity analysis from electromagnetic
measurements. The merits, limitations, and needs for future
development are also discussed.

II. MODELS AND METHODS FOR CONNECTIVITY ESTIMATES

A. Conceptual Framework for Estimating
Neural Connectivity

The ontology of the levels involved in neural connectivity are
illustrated in Fig. 1. The relevant terms are defined as follows.

Neural entity: a set of neurons that are under consideration.
The activity of a neural mass (measured as the amount of action
potentials or ionic currents produced) will be denoted with the
symbol �n and that of N neural masses to be analyzed by the
vector �N ×1 .

Anatomical connectivity: the axonal, monosynaptic connec-
tion of one neural mass with another

Neural connectivity: the causal influence of one active neu-
ral mass upon another. The strength of the neural connectivity
(causal effect) of the neural mass m upon the mass n shall be
denote by K(m,n), with all connectivity strengths arranged into
the matrix:

K = {K(m,n)}m,n=1...N












































