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Abstract

Intracranial electro-encephalography (icEEG) provides a unique opportunity to record directly
from the human brain and is clinically important for planning epilepsy surgery. However,
traditional visual analysis of icEEG is often challenging. The typical simultaneous display of
multiple electrode channels can prevent an in-depth understanding of the spatial-time course of
brain activity. In recent decades, advances in the field of neuroimaging have provided powerful
new tools for the analysis and display of signals in the brain. These methods can now be applied to
icCEEG to map electrical signal information onto a three-dimensional rendering of a patient’s
cortex and graphically observe the changes in voltage over time. This approach provides rapid
visualization of seizures and normal activity propagating over the brain surface and can also
illustrate subtle changes that might be missed by traditional icEEG analysis. In addition, the direct
mapping of signal information onto accurate anatomical structures can assist in the precise
targeting of sites for epilepsy surgery and help correlate electrical activity with behavior. Bringing
iCEEG data into a standardized anatomical space will also enable neuroimaging methods of
statistical analysis to be applied. As new technologies lead to a dramatic increase in the rate of
data acquisition, these novel visualization and analysis techniques will play an important role in
processing the valuable information obtained through icEEG.
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Originally introduced in the early 1900s, intracranial electroencephalography (icEEG) has
become an important method in neurological diagnosis, particularly in patients with
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epilepsy. Using electrodes implanted directly on the surface and depths of the brain, this
technique can assist physicians in identifying regions of seizure onset and in mapping
normal functional areas of the cerebral cortex. However, there are certain challenges faced
by clinicians using icEEG as a diagnostic tool, such as the simultaneous visualization of
many electrode channels arising from anatomically disparate regions. Epileptologists who
use this technique for planning surgical resection are also confronted with localizing a three-
dimensional ictal onset region using two-dimensional EEG information. New high-density
arrays that combine multiple subdural strips and depth electrodes will continue to increase
the number of channels collected during icEEG recordings, making more intuitive and easily
interpreted visual representations critical for efficient data processing.

Over the past 20 years, developments in the field of neuroimaging have established widely
used methods for making computational models of the human cortex and precisely
localizing changes in the brain. By combining these analysis techniques with icEEG
information, we can now visualize electrical signals on a cortical surface and illustrate the
spatial time course of the collected data. Signal processing and other forms of computational
analysis can provide further insight, particularly when displayed in the context of each
patient’s unique anatomy. Implementing this approach requires a digital set of icEEG
recordings, MRI scans of the patient’s brain, and a map of all electrode locations co-
registered with neuroimaging data (Fig. 1). Computational software can assist in integrating
these data sets into a three-dimensional, colored projection of icEEG information (Table 1).
Data presented in this form can assist both researchers and medical providers in
understanding the time course of electrical signals in the brain, using the kind of analysis
typically employed in functional neuroimaging to obtain new insights into neural activity
during health and disease.

As icEEG acquisition tools become increasingly sophisticated, continued development of
advanced quantitative techniques is crucial. Providing clinicians with novel and insightful
visualization methods could lead to more accurate diagnosis and enhanced treatment of
patients with epilepsy and other neurological disorders. Researchers will also benefit from
enhanced computational methods that provide unique insight into electrical activity in the
brain. This review will explore the basic steps involved in generating icEEG cortical
projections, including MRI surface rendering, mapping electrodes to the brain surface,
computational data processing, projecting electrical channels onto the cortex, and
assembling a three-dimensional movie of icEEG data (Fig. 1; Supplementary Video 1). A
brief description of traditional icEEG analysis is also included to provide background and
clinical context.

Traditional icEEG Analysis

Intracranial EEG monitoring has long been used as part of presurgical evaluation in patients
with medically refractory seizures. Originally developed to precisely localize epileptogenic
zones, it is primarily used in cases where noninvasive testing is inconclusive or presurgical
mapping of cortical function is required. Different approaches have been studied when
interpreting icEEG recordings to improve our abilities at locating seizure onset zones,
functional cortical areas, and epileptic networks (Momjian and others 2003).
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One such approach is analysis of icEEG power, which has frequently been investigated in
both animal and human models. Previous work has examined power bands in the beta, delta,
and gamma frequency ranges and attempted to correlate spectral activity to both ictal and
interictal periods (Ebersole and Pedley 2002). Recently, much interest has focused on the
relationship between high-frequency activity and the region of seizure onset (Gupta and
others 2011; Jacobs and others 2010; Schevon and others 2009). It has been suggested that
high-frequency oscillations (HFOs) of 250 to 500 Hz are excellent markers for locating the
epileptogenic zone, and studies have demonstrated that the removal of HFO-generating
tissue increases the likelihood of positive surgical outcomes (Jacobs and others 2010). Until
recently, the ability to detect HFOs has been limited in most intracranial acquisition systems,
which have a sampling frequency of 0.5 to 2 kHz and use a low pass filter of 100 to 500 Hz
(Jirsch and others 2006). Higher bandwidth systems are now becoming increasingly
available for icEEG recordings.

To study the dynamic changes seen during icEEG recordings, power spectral analysis is
often combined with topographic mapping to illustrate seizure onset and propagation
(Akiyama and others 2006; Englot and others 2010). This technique provides important
insight in identifying the epileptic network and characterizing regions that should be targeted
during surgical resection. Given the limitations of pure visual analysis of icEEG recordings,
further development of similar techniques is essential for advancing our understanding of
seizure onset, seizure propagation, and epileptic networks. The use of three-dimensional
iCEEG surface rendering is one such technique that shows promising potential.

MRI-Based Surface Rendering

Before EEG information can be projected onto a patient’s brain, two-dimensional MRI scans
must be converted into a set of three-dimensional coordinates that accurately describe the
cortical surface. A mesh model composed of polygon faces and vertices is typically chosen
for this representation because of its efficiency at continuously encoding complex
topographies (Carman 1995). Computational methods for performing this transformation
have been widely studied since at least the early 1990s, when a wire-frame model was
proposed for displaying the sulci and gyri of a cortical sheet (Dale and Sereno 1993).
Building on algorithms originally developed for face recognition (Yuille 1991), early
methods used iterative deformations of a voxel-constrained sphere to define the interface
between white and grey matter in a patient’s brain (Fig. 2, top). Repulsion forces generated
by neighboring vertices and areas of MRI contrast (representing the cortical-white matter
boundary) determined the final form of the resulting object: a minimal energy state. A mesh
grid was tessellated over the sphere-enclosed voxels to create a three-dimensional model of
the cortical surface. Since first being described, this algorithm has been progressively refined
(Han and others 2001; MacDonald 1998) and is currently implemented in several freely
available software packages, such as CLASP (Kim and others 2005).

An alternative method for cortical surface rendering is based on segmentation of MRI
volumes through tissue classification (Shattuck and Leahy 2001) (Fig. 2, bottom).
Segmentation-based surface rendering has been implemented in a number of software
platforms, including Biolmage Suite, FreeSurfer, and Curry (Table 1). This “bottom-up”
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approach begins with a small initial region that is incrementally grown through addition of
topologically similar voxels. Several improvements to this technique have been proposed
since its original introduction, and most variations now employ a “marching cubes”
algorithm to arrive at a cortex-constrained surface (Lorensen and Cline 1987). After an
accurate model has been constructed from the MRI, tessellation is used to create a polygon
mesh. Although “segmentation” is generally considered a more geometrically accurate
technique than “iterative morphing,” incorrectly classified voxels (i.e., failure to detect the
correct tissue type) can arise from noise and inhomogeneity artifacts (Lee and others 2006).

Developments in the field of cortical surface rendering have largely progressed along either
the “iterative morphing” or “segmentation” methods described above (Liu and others 2008).
Because the “iterative morphing” method does not use voxel-based classification, noise and
artifacts are negligible contributors to the final surface. However, the minimal energy
algorithm associated with this technique often fails to accurately represent deep sulci in the
brain (Manceaux-Demiau and others 1998). There are trade-offs for each approach that
should be considered in the context of the MRI quality and the patient’s cortical topography.
Ultimately, the selection of a high-quality rendering algorithm is an important consideration
in both clinical work and research.

Mapping Electrodes to the Brain Surface

After generating a computational model of the patient’s brain, the surface must be co-
registered with electrode placement information that was recorded during icEEG
implantation. Understanding the precise location of each electrode is critical for correct
mapping of electrical signals to anatomical regions. A number of imaging techniques have
been employed to localize implanted intracranial electrodes, including a postimplant MRI,
curvilinear reformatting of the preimplant MRI, digital photography co-registration, and
CT/MRI co-registration (LaViolette and others 2011; Tao and others 2009). Currently,
CT/MRI co-registration is the most commonly used technique in most epilepsy centers. This
method offers the advantages of accurate electrode visualization through CT and high
anatomical detail through MRI. Co-registration of CT and MRI occurs through either a
reference point—-based method (using standard landmarks or external fiducial markers) or an
automatic method based on cross-modal image comparison.

Several software packages currently exist for performing the transformation necessary to
map electrodes to the brain surface (Table 1). Curry (http://www.neuroscan.com/curry.cfm)
is an example of a multimodal imaging software package that employs the reference point—
based method. It co-registers the MRI and CT using five landmark points: nasion,
preauricular left, preauricular right, inion, and vertex. The subdural electrodes are segmented
from postoperative CT images using a thresholding technique and then transformed from CT
images onto the MRI (Bai and others 2011; Tao and others 2009). The co-registration error
typically ranges from 3 to 10 mm due to the reliability of fiducial markers (Tao and others
2009).

The automatic co-registration technique is implemented in several software packages,
including Biolmage Suite (http://www.bioimagesuite.org), SPM (http://
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www.fil.ion.ucl.ac.uk/spm/), and FLIRT (http://www.fmrib.ox.ac.uk/fsl/flirt/index.html).
Developed at Yale University, Biolmage Suite co-registers postoperative MRI and CT using
a six-parameter rigid transformation. A grid-based transformation is then used to co-register
the postoperative and preoperative MRI images. This accounts for any distortion of the brain
arising from electrode implantation and the craniotomy (Papademetris and others 2009).
SPM uses a similar approach that includes a normalized mutual information routine. In the
FLIRT algorithm, an efficient search method is applied across many possible registrations to
find the optimal transformation. The desired registration will be a global cost minimum with
respect to modality overlap. With all these registration methods, a reference intra-operative
photo of the electrodes in situ can be useful to correct any residual registration error
according to the anatomic shapes of the blood vessels and sulci (LaViolette and others
2011).

Computational Processing of icEEG Data

An accurate cortical mesh model combined with precisely localized electrodes can be used
to project icEEG information onto a graphical representation of a patient’s cortex. Although
it is possible to display raw broadband amplitude from the recorded signal, the electrical
data often undergo computational processing before being displayed on the mesh surface.
One common processing method is power spectral analysis, which breaks a channel’s power
information into clinically useful, discrete frequency bands. Using this type of analysis,
specific bands such as Beta or Delta can be filtered out of the acquired signal and used to
localize areas of interest during a seizure or normal cortical activity. Previous studies have
found correlations between interictal high-frequency signals and seizure onset regions,
suggesting this type of analysis could be useful in a clinical setting (Gupta and others 2011;
Jacobs and others 2010; Schevon and others 2009). Signal frequency has also been used as a
marker to map normal cortical activity such as language, motor, and other functions (Chang
and others 2010; Engell and McCarthy 2010).

Another common form of signal processing is to search for coherence between channels in
an icEEG recording. Coherence analysis has widely been used to investigate EEG signals
under normal conditions (Bullock and others 1995; Weiss and Mueller 2003); however,
recent work has employed this technique to gain insight into abnormal brain function. One
recent study used functional connectivity to elucidate the epileptic network in patients
undergoing cortical resectioning (Zaveri and others 2009). Connectivity was defined
between channels using a frequency-indexed correlation coefficient and was evaluated for all
pairs of contacts ipsilateral to the seizure-onset area. The results suggested that significant
connectivity exists in the area around the seizure-onset zone and that the correlation is
inversely related to distance. Processing for coherence is also commonly used in brain-
computer interface research. In one recent study, event-related desynchronization was used
to detect patient intent for shoulder abduction and elbow flexion (Zhou and others 2009).

In addition to those mentioned above, many other methods are used to process icEEG
signals. BCI2000 is a development platform for signal analysis that includes spatial and
temporal filters, linear classifiers, and other signal operators (Schalk and others 2004).
Software such as MATLAB (http://www.matlab.com) is a common environment for
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implementing various other EEG analysis methods, including Teager energy, mutual
information, approximate entropy, and time-frequency distributions. In principle, any one of
these methods could be similarly rendered on the cortical surface.

Displaying icEEG Data on the Cortical Surface

To visualize icEEG signal information, areas proximal to each electrode can be colored
according to the amplitude of the channel’s processed data (Cervenka and others 2011;
Englot and others 2010; Voytek and others 2010). A color scale is often established based on
the range of values present in the electrical signal data set. The continuous icEEG signal
must be broken into discrete time bins that define each brain surface polygon’s value for a
particular display frame (e.g., each frame may be chosen to display 0.5 s of icEEG time).
The decision of a sampling window size will determine the level of variability and
specificity present in an icEEG time course projection (Welch 1967). Although a large frame
period will smooth out undesired signal noise, if the window is too large, important epileptic
events may also be masked. Selection of an appropriate window size will often depend on
the signal-to-noise ratio present in an icEEG data set as well as the sampling rate of the
acquisition system. If a power spectral analysis was performed, the sampling window used
for the Fourier transform sets a lower limit on the period of time that can be resolved in each
display frame.

Various approaches have been used when determining the scope and magnitude of coloration
for a particular icEEG data set. Although many investigators elect to plot electrical signals
on a two-dimensional topographic map (Ebner and others 2011; Gupta and others 2011;
Voytek and others 2010), using a three-dimensional template can provide further insight on
the anatomical structures involved. Previous studies have used a nearest neighbor method
where cortical polygons are colored strongest when near an electrode and fade linearly to
zero as distance is increased (Englot and others 2010; Gunduz and others 2012) (Fig. 3, top).
The spatial resolution of electrode coverage is one parameter that may be used in
determining the rate of decay for polygon opacity. In other cases, small circles are placed at
each electrode location and are colored according to the icEEG data (Cervenka and others
2011) (Fig. 3, middle). The coloration scale can be determined by the maximum power
intensity or other choice of threshold, which will of course influence interpretation of the
results. Some studies have avoided coloration entirely, opting instead to plot scalable circles
and size them proportionally to the amplitude of each channel’s signal (Besle and others
2011) (Fig. 3, bottom).

Producing a Three-Dimensional Movie of icEEG Information

After surface projections of each incremental time period have been rendered, they can be
combined to generate a three-dimensional color movie of icEEG signal information. This
form of data presentation can be clinically useful for understanding the regions involved in
seizure onset and propagation and can also help demonstrate sequential involvement of
different cortical areas in normal information processing. Recent studies have used this
technique to provide insight on electrical events in the brain and gain an understanding of
time-related changes that might not be present in a traditional two-dimensional mapping
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(Akiyama and others 2006; Brunner and others 2009; Englot and others 2010) (Fig. 4;
Supplementary Video 1).

Several important parameters should be considered when generating a movie, such as frame
rate, the use of a time-averaged window, and the best view angles of the brain to display.
Decisions that affect how data are visualized can have important consequences during
interpretation of the results. In cases where noise is a significant component of the icEEG
signal, processing techniques such as a continuous sliding window can be used to smooth
out changes in the projection display (Englot and others 2010; Harris 1978). Averaging
values for each electrode over several data points will not only reduce temporal resolution
but also eliminate high-frequency fluctuations that have little neurological meaning. Finding
the appropriate scale for a sliding window requires familiarization with the quality and
variability of the icEEG signal, which can often be assessed during a baseline, interictal
period.

In addition to other parameters that determine how icEEG data will be displayed in a movie,
appropriate view angles must be chosen to highlight the anatomical areas important in a
study. Because the three-dimensional cortex is viewed on a two-dimensional computer
monitor, the view angle will determine what electrodes are visible during review. Lateral,
medial, and inferior views are common choices to maximize electrode visibility (Bidet-
Caulet and others 2007; Cervenka and others 2011; Englot and others 2010) (see Fig. 4;
Supplementary Video 1). Some software packages (such as Curry) allow icEEG movies to
be rotated in three-dimensions during playback. This gives the reviewer maximum control
over the field of vision during analysis.

Conclusions and Future Directions

Made possible through incremental advances in neuroimaging and computational analysis,
projecting icEEG signals onto the cortex is an innovative new technique that has tremendous
potential for understanding brain activity in the context of an individual’s unique anatomy. It
can provide clinicians and investigators with a rapid and intuitive tool for elucidating the
electrical correlates of normal brain function and also lead to a broader understanding of
signal propagation during periods of abnormal cortical activity. In settings such as a clinical
epilepsy monitoring unit, this method can be a powerful way to identify seizure onset areas
and understand the anatomical regions involved in ictal propagation. Research on normal
brain function will also benefit from this form of data presentation, which integrates well
with other computational methods and offers a highly visual, improved alternative to
traditional icEEG data display. By bringing icEEG data into a standard anatomical space, it
is also possible to perform group statistical analyses across events or across subjects, using
methods similar to those employed in functional neuroimaging. Updating the old saying “a
picture is worth a thousand words,” we propose that “a moving picture is worth hundreds of
squiggly lines.”

Much potential exists for future developments in icEEG surface renderings, including
increased accuracy of cortical reconstruction, improvements in spatial and temporal
resolution, and determination of the optimal data processing methods. The adaptability of
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this method to different blends of data processing is a major benefit of this technique and
will allow users to alter their analyses as improvements become available. As with all forms
of neuroimaging analysis, the highly compelling visual nature of the results is also a major
potential pitfall, and additional work is needed to rigorously establish the optimal thresholds,
parameters, and statistical significance levels tht should be used to interpret the displayed
data. As improved technology allows the number of electrodes and recording bandwidth to
increase in the coming years, innovative methods of icEEG analysis based on neuroimaging
will greatly improve our understanding of these valuable sets of human data.
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Figurel.

By combining an intracranial EEG recording, MRI scan, and electrode placement file, an
icEEG surface rendering can be generated that displays the spatial time course of collected
data (icEEG = intracranial electro-encephalography)
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Iterative Morphing Method

[ >

Figure2.
Computational cortical models can be generated from MRI data using an iterative morphing

(top panels) or segmentation method (bottom panels)
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Adjacent Area Coloration

Electrode Circle Coloration

Electrode Circle Size

Figure 3.
Common methods for displaying intracranial EEG data on a cortical surface include

coloration of areas adjacent to each electrode (top), coloration of electrode-defined circles
(middle), and sizing of electrode-defined circles proportional to signal strength (bottom). All
three methods show onset of high-frequency beta activity in the right temporal lobe during a
seizure
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0 SEIZURE +128 +163

Jamod ejeg

1amod ejeq

Figure 4.
Time course of single frames from a three-dimensional color movie showing beta frequency

(13-25 Hz, warm colors) and delta frequency (0.5-4 Hz, cool colors) power during a seizure
arising from the right temporal lobe. Arrows indicate time samples for single frames from a
video representing a moving 10 s window at 1 s increments. Signal power changes are
normalized relative to 60 s baseline. Lateral (top two rows) and inferior (bottom row) views
are shown for the right hemisphere at each time point. For video of the full time course see
Supplementary Video 1 online. Reproduced using data originally published in Englot and
others (2010), by permission of Oxford University Press
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