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Neural Decoding of Electrocorticographic

Signals∗

Kei Majima

Abstract

Over the last decade, neural decoding technology based on machine learning has
enabled us to extract fine information on visual experiences and motor commands
from measured neural signals, which is becoming a powerful tool for investigating neu-
ral representations and generating commands for controlling brain–machine interfaces
(BMIs). To extract information with high predictive performance, neural recording
methods that provide high spatiotemporal resolution and signal stability are required.
One candidate is electrocorticogram (ECoG), which measures population activity of
neurons with electrodes placed on the surface of the brain. Here, with the aim of high-
performance decoding with ECoG, we tested the utility of ECoG systems in animal and
human studies, and improved techniques to extract information from ECoG data. As
the first contribution of this thesis, the signal stability of ECoG responses recorded via
a newly developed high-density mesh electrode array was tested. Collaborators applied
it to the visual cortex in rats and this thesis demonstrates above-chance, generalized
decoding performance for simple visual stimulation, using six hours of continuous data
(chapter 2). Second, by applying decoding analysis to simultaneously recorded ECoG,
LFP, and MUA signals from the monkey IT cortex, extractable information on visually
presented objects was compared. The resultant decoding performance with ECoG was
high and comparable to LFP and MUA (chapter 3). Next, ECoG was used to investi-
gate how face-selective regions and written word-selective regions are distributed on the
human cortex, which is considered a challenging task with fMRI. Results reveal that
there exist multiple, separate face- and written word-selective regions in the human cor-
tex (chapter 4). Finally, using ECoG responses from human patients when they viewed

∗Doctoral Dissertation, Department of Bioinformatics and Genomics, Graduate School of In-
formation Science, Nara Institute of Science and Technology, NAIST-IS-DD1161012, February
6, 2014.
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objects, efficient input signal features for decoding analysis were explored. Spectral
powers, phases, and temporal correlations of ECoG signals were used as input features,
and the decoding performances were compared. Results show the performance using
temporal correlations between ECoG electrodes is higher than using spectral powers
and phases in individual electrodes (chapter 5). Those results suggest that combining
ECoG recordings and neural decoding techniques is a powerful approach for extracting
neural information, and we can considerably improve a decoder’s predictive perfor-
mance by using signal features that take into account fine temporal patterns in ECoG
signals.
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1. General Introduction

The recent advancement of neural decoding technology has enabled us to extract fine
information from measured neural signals, which provides an important basis for under-
standing visual, motor, and cognitive representations in the brain. Originally, neural
decoding techniques were developed for spike data obtained by single-unit recording
(Bialek et al., 1991; Dayan and Abbott, 2001; Stanley, 2013). Recently, by analyzing
activity patterns over multiple voxels, neural decoding techniques have been applied
to fMRI signals and are becoming a powerful way to reveal neural representations in
humans. Haxby et al. (2001) demonstrated that broadly distributed fMRI activity pat-
terns in the temporal cortex can be used to indentify the category of presented visual
objects, even though they cannot be easily distinguished by conventional univariate
analyses. In more recent studies involving more sophisticated machine-learning algo-
rithms, it has been shown that information on low-level visual features such as color,
orientation, contrast, and information on subjective experiences such as imagined ob-
jects and dreams can be reliably predicted from single-trial fMRI signals (Harrison and
Tong, 2009; Horikawa et al., 2013; Kamitani and Tong, 2005,2006; Miyawaki et al.,
2008; Naselaris et al., 2009; Nishimoto et al., 2011; Reddy et al., 2010; Yamamura et
al., 2009).

Also, neural decoding technology has been used to generate commands for brain–machine
interfaces (BMIs), such as a prosthetic device for paralyzed people (Lebedev and
Nicolelis, 2006; Leuthardt et al., 2006). Previous studies have shown that intended
hand motions or trajectories can be estimated from recorded neuronal ensemble activ-
ity (Donoghue, 2002; Georgopoulos et al., 1986; Hochberg et al., 2006; Serruya et al.,
2002; Truccolo et al., 2008; Wessberg et al., 2000). Therefore, neural decoding systems
with high-predictive performance have been required.

To extract information with high predictive performance over a long term, neural
recording methods that provide high spatiotemporal resolution and stability are re-
quired. One promising tool is electrocorticography (ECoG). ECoG is a methodology
for mapping (recording) neural electric signals from a wide cortical region with high
signal fidelity by placing electrodes on the surface of the brain (Fig. 1.1). ECoG was
developed originally as a clinical tool for monitoring and mapping seizure foci during
neurosurgery and, thanks to the recent advancement of electrodes and their probes,
is now recognized as a potent methodology for basic neurophysiological investigations
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(Fisch et al., 2009; Liu et al., 2009; Tsuchiya et al., 2008) and BMI applications (Chao
et al., 2010; Leuthardt et al., 2004; Pistohl et al., 2008; Schalk et al., 2008; Shimoda et
al., 2012; Yanagisawa et al., 2009).

Compared with other neuroimaging techniques such as functional magnetic resonance
imaging (fMRI), scalp electroencephalography (scalp EEG), and magnetoencephalog-
raphy (MEG), ECoG provides a balanced tradeoff between spatial and temporal resolu-
tions. Moderately good spatial resolution can be attained using fMRI, yet its temporal
resolution is limited to the timescale of seconds, which is much lower than ECoG. On
the other hand, scalp EEG and MEG offer millisecond temporal resolution, which is
as good as ECoG, but their spatial resolutions (on the order of several centimeters)
are lower than ECoG. Although direct single-unit recordings offer the best possible
spatio-temporal resolution in principle, this technique suffers from an extremely narrow
anatomical field-of-view, together with very rare opportunities to obtain such record-
ings in humans.

Here, toward the construction of high-performance decoding systems with ECoG, we
made a new ECoG electrode array, tested the utility of ECoG systems with animals
and human patients, and developed an efficient way of decoder construction for ECoG
data.

This research was conducted at ATR Computational Neuroscience Laboratories, Ni-
igata University School of Medicine, The University of Tokyo Hospital, and Nishi-
Niigata Chuo National Hospital (see Introduction in each chapter for details). The
development of ECoG electrode arrays and all animal experiments were performed by
researchers at Niigata University School of Medicine. All experiments with human
patients were performed by researchers at The University of Tokyo Hospital and Nishi-
Niigata Chuo National Hospital. The author of this thesis conducted all decoding
analyses in those animal and human studies, and mainly conducted the analyses de-
scribed in chapter 5.

In chapter 2, we developed a high-density electrode array and tested its signal stability
by neural decoding. Recently, high-density ECoG electrode arrays have been developed
and are becoming a promising tool for electrophysiological mapping with a precision
of millimeters. By utilizing new technology developed by Takeuchi et al. (2005), we
developed a high-density electrode array by placing electrodes on a flexible, thin mesh
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and tested its ECoG responses with rats. Here, to verify the signal stability over time,
a decoder’s generalization performance was examined and kept above the chance level
for six hours of data.

In chapter 3, the decoding performances obtained with simultaneously recorded ECoG,
local field potential (LFP), and multi-unit activity (MUA) signals were compared. Di-
rect comparison of these signals is one of general interest. However, simultaneous mea-
surement of LFP and MUA signals with a standard ECoG array is a challenging task,
due to their configurations. To address this issue, we developed an ECoG electrode-
mesh and succeeded in simultaneously recording ECoG, LFP, and MUA signals from
the monkey IT cortex. In the experiments, images of objects were presented to the
monkeys and ECoG, LFP, and MUA responses were simultaneously recorded. Here,
we report the first direct comparison of decoding performance between these recording
modalities.

In chapter 4, by analyzing ECoG responses from human patients, we demonstrate that
ECoG is a useful recording method to localize category-responsive regions in the vicin-
ity of the bottom of the brain, which is considered a challenging task using fMRI.
Previous studies have shown that there exist brain regions that mainly process infor-
mation on specific object categories such as faces and written words. How those face-
and written word-responsive regions are distributed in the temporal cortex is one of
the most important questions in neuroscience. However, it is challenging because fMRI
responses in the vicinity of the bottom of the brain suffer from artifacts by consider-
able inhomogeneity of the blood oxygen level–dependent signals (Ojemann et al., 1997;
Winawer et al., 2010). To avoid this, we recorded ECoG responses from human patients
and localized brain regions responsive to face stimuli and written word stimuli through
a standard electrode-wise analysis. To confirm the results, we also applied decoding
analysis. The results from these analyses suggest that there exist multiple, separated
face-responsive regions and written word-responsive regions in the cortex.

In chapter 5, using ECoG responses from the human temporal cortex, a decoder’s
predictive performance was improved by using temporal correlations of ECoG signals
between electrodes. In previous studies, spectral powers and response amplitudes were
often highlighted and used as input features for decoding analysis. However, previ-
ous studies have shown that synchronization and phase differences across brain regions
carry a significant amount of information on low-level visual features. If such a coding

3



is adopted in the representation of visual objects, the use of temporal correlations of
ECoG signals would improve the decoding performance. The theory that information
on objects is encoded in phase differences across brain regions is also supported by
simulation analysis.

This thesis shows that the combination of ECoG recordings and neural decoding tech-
niques is a powerful approach for extracting neural information, and we can consider-
ably improve a decoder’s predictive performance by using signal features that take into
account fine temporal patterns in ECoG signals.

A	
 B	


Figure 1.1. Electrocortocogram (ECoG). A, An x-ray picture of a patient’s brain

with an overlay indicating the locations of ECoG electrodes. B, Examples of

ECoG electrode arrays.
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2. ECoG responses recorded with a flexible electrode-

mesh and its signal stability

2.1 Introduction

Recently, new, high-density ECoG electrode arrays are being developed that show

promise as a tool for electrophysiological mapping with a precision of millimeters

(Hollenberg et al., 2006; Rubehn et al., 2009; Yeager et al., 2008). Toda et al.

(2011) placed electrodes on a thin, flexible mesh by utilizing a new technology

(Takeuchi et al., 2005), and developed a high-density ECoG electrode array (Fig

2.1A). Thanks to this thin, flexible electrode mesh, their ECoG probe was able

to better fit to the curved surface of the brain and is considered less invasive than

conventional clinical probes.

When applying such new electrodes to in vivo experiments, whether the record-

ing system can provide stable signals across multiple sessions or days is one of

the main concerns in electrophysiological experiments. To collect enough data

to investigate neural representations, an experiment that consists of multiple ses-

sions over hours is often required. Also, to make brain–machine interface (BMI)

systems practical in real life, the long-term stability of input signals is required.

Previous studies have shown that ECoG can provide signals stable across even

several months (Chao et al., 2010; Rubehn et al., 2009; Shimoda et al., 2012).

However, it is possible that signal stability is sensitive to recording environments

and affected by conditions.

To evaluate the signal stability of ECoG reponses obtained with the electrode

mesh, they applied it to the visual cortex in rats (Fig. 2.1B,C ). In their ex-

periments, simple light stimulation was given to one of the eyes. They recorded

ECoG responses to it (Fig 2.2) and showed that the trial-averaged signals were

stable over six hours (Fig 2.3).

Here, we performed decoding analysis to examine whether not only the trial-

averaged waveforms, but also extractable information on visual stimuli is stable

across sessions. A statistical classifier was constructed to predict which eye was
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stimulated on a single-trial basis, and the decoder’s predictive performance was

tested with ECoG data recorded several hours after the initial condition.

From the analyses conducted here, it is shown that Toda et al.’s (2011) ECoG

preparations could provide stable signals for at least six hours. This work was

published as part of Toda et al. (2011) and the author of this thesis performed

the decoding analysis in it.
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Figure 2.1. Flexible electrode-mesh: structure and in vivo application. A, Struc-

ture of an electrode-mesh. Thirty-six gold electrodes (50 × 50 µm) were arranged

in a 6 × 6 array with 1-mm inter-electrode intervals. B, Experimental setup

for in vivo application of the electrode-mesh. During visual stimulation, multi-

channel ECoGs via an electrode mesh (mesh ECoG), single-channel ECoG via

a silver-ball ECoG electrode (SB) and spikes or intracortical LFPs (icLFP) via

a tungsten microelectrode were simultaneously recorded from the rat visual cor-

tex. C, Epidural placement of an electrode-mesh and a tungsten microelectrode.

White arrowhead: one of the ECoG electrodes.
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Figure 2.2. Visually evoked ECoG signals from an electrode mesh. Multichannel

ECoG responses to Contra (blue traces) and Ipsi (red traces) stimulation are

superimposed on the cortical map. Vertical black line in each panel indicates the

stimulus onset. Numbers of averaged trials were 40 and 39 for the Contra and

Ipsi conditions, respectively.
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A

Figure 2.3. Across- and within-session stabilities of multichannel ECoG signals

from the electrode mesh. A, Trial-averaged visually-evoked responses recorded

4, 5, and 6 hours following the initial session (0 hours). The inset indicates

the simultaneously recorded icLFP for reference. Scale bars: 0.2 mV and 500

ms. Recordings were reliably maintained for 6 hours, although slight variations

in waveforms were similarly found in simultaneously recorded ECoG and icLFP

data. Ant: anterior (rostral), Lat: lateral. B, Single-trial visually evoked re-

sponses across sessions. Visually evoked responses in ten consecutive trials were

shown from top to bottom in each column. Signals were recorded at the electrode

Vd (marked by asterisk) in the same sessions as A.
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2.2 Materials and Methods

2.2.1 Experimental data

Data were recorded in Niigata University School of Medicine under the supervi-

sion of Dr. Toda, Dr. Sawahata, and Dr. Hasegawa. Their recording conditions

were briefly described in the following sections (see Toda et al. (2011) for exper-

imental details).

Structure of the electrode-mesh

An electrode-mesh (Fig. 2.1A) was designed to contain 32-channel recording elec-

trodes plus 2 reference and 2 ground electrodes. The inter-electrode distance was

1 mm. The whole mesh size was 6 × 6 mm. Detailed fabrication procedures for

the electrodes were described in Takeuchi et al. (2005).

Animal preparations

A schematic illustration of the recording setup is shown in Fig. 2.1B. Data were

obtained from six hemispheres in three adult rats (Long–Evans, 300–400 g). The

rats were anesthetized by intraperitoneal injection of sodium pentobarbitulate.

The anesthetized rats were restrained to the stereotaxic apparatus (SR-5, Nar-

ishige, Tokyo, Japan) with their head fixed. Part of the cranium was removed to

place the electrode-mesh on the dura mater and to allow tungsten microelectrode

penetrations into the cortex (Fig. 2.1C ). The recording areas corresponded to

V1 and the adjacent secondary visual cortex (V2) except for the posterior tip

of V1 (Fig. 2.2) in the unrolled cortical map reconstructed from the rat brain

(Paxinos and Watson, 2007). All the experimental procedures were approved by

the Niigata University Animal Experiment Committee and conformed to guide-

lines of the animal welfare laws in Japan and NIH Guide for the Care and Use of

Laboratory Animals.

Visual stimulation

Each anesthetized animal was placed 28.6 cm in front of a 19-inch display moni-

tor (EIZO T561, Nanao, Ishikawa, Japan). Visual stimuli were presented to the

full field of the display. Visual stimuli were moving sinusoidal gratings. Spatial
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(0.04–0.15 cycle/deg) and temporal (3–7 Hz) frequencies of the gratings were op-

timized according to Girman et al. (1999). Stimulus duration was 500 ms and

the inter-trial interval was pseudo-randomized between 1.5 and 2.0 sec. In the

contralateral-eye stimulation (Contra) or ipsilateral-eye stimulation (Ipsi) condi-

tions, the eye ipsilateral or contralateral to the recorded hemisphere, respectively,

was covered with an eye patch. Stimulation was performed in separate blocks con-

sisting of 40–200 trials.

Data acquisition

32-channel ECoG signals were sampled at 1kHz, then differentially amplified and

bandpassed (300 Hz and 0.7 Hz high- and low-cutoff frequencies). The signal ref-

erences for multichannel ECoGs were connected to the reference on the electrode

mesh.

2.2.2 Decoding analysis

Input features were extracted from ECoG signals during a period from -25 ms

to 325 ms, relative to the stimulus onset for each trial. The amplitudes for each

channel were sampled by a 50-ms time window shifted by 50 ms, and the power

spectrum in each time window was calculated. The powers of each frequency,

time window and channel were used as input features (a feature vector) for clas-

sification analysis (7 time windows × 5 frequency bands × 32 channels; total of

1120 features in each data sample for the electrode mesh).

The feature vector obtained from each trial was labeled with the stimulated eye

(left eye or right eye). The dimensionality of the feature vectors was reduced by

selecting informative features based on a univariate analysis (t-statistics) applied

to a training data set. The features were ranked by the t-value that indicated the

differential responses of the two stimulus conditions (left eye or right eye) and

the top N features (n = 1, 5, 10, 25, 50, 75, 100, 150, and 200) were selected.

The N -dimensional feature vectors served as inputs to the decoding model.

Decoding performance was evaluated through two types of analysis. First, to

evaluate the overall performance of each rat/hemisphere avoiding the circularity

11



that can arise from data selection (Kriegeskorte et al., 2009), we performed a

cross-validation analysis using the entire data set. The data were divided into 10

subgroups, 9 of which were used to train a classifier, and the remaining subgroup

was used for evaluating the trained classifier. This procedure was repeated until

the samples from all 10 subgroups were tested (10-fold cross-validation) and the

percentage of correct classification was calculated.

Second, to evaluate the stability of decoding with multichannel ECoG responses,

a classifier was trained using the data measured during the first hour of the ex-

periment and tested on the blocks of data measured in the following 1–6 hours

(1 hour in 1 hemisphere, 3 hours in 3 hemispheres, 4 hours for 1 hemisphere and

6 hours for 1 hemisphere). The selected top 100 features were used as inputs.

For the first hour, cross-validation classification accuracies were calculated. For

each of the following hours, generalization accuracies were calculated. The bino-

mial test was applied to examine whether the frequency of correct classification

exceeded the chance level.

12



2.3 Results

Toda et al. (2011) succeeded in recording 32-channel ECoG responses with a

novel flexible ECoG electrode array (electrode mesh) from the early visual cortex

in rats (Fig. 2.1). They have shown that the trial-averaged ECoG responses had

clear selectivity for two different visual stimulation conditions (Contra-eye stimu-

lation and Ipsi-eye stimulation) (Fig. 2.2). Also, they compared ECoG responses

across sessions and showed that visually-evoked responses could be observed six

hours after the beginning of the recording (Fig 2.3). In the following, we confirm

that those ECoG responses could be used for decoding analysis and a decoder’s

predictive performance across sessions kept above the chance level.

We examined whether the stimulation condition (i.e., left eye or right eye) could

be reliably decoded from single-trial ECoG signals by a statistical classifier (lin-

ear support vector machine, SVM). Correct classification rate was around seventy

percent with top-ranked features derived from the ECoG signals (see Materials

and Methods), and increased with the number of features, approaching ninety

percent at 50–100 features (Fig. 2.4A).

Consistent with across-session stability of the waveforms of the mesh ECoG sig-

nals (Fig. 2.3), generalization accuracies of the classifier across sessions (training

the decoder on the first session, and testing it on subsequent sessions) were sta-

tistically significantly above the random chance level for 6 hours through the test

period (Fig. 2.4B).

Stimulus-locked topographical weight maps (Fig. 2.5) show spatiotemporal pro-

files of effective information used in the decoding-based analysis. Channels with

high weight values were mainly found 75–175 ms following stimulation onset, and

tended to form a few clusters.

13
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Figure 2.4. Single-trial decoding accuracy by ECoG signals from the electrode-

mesh. A, Decoding accuracies on single-trial mesh ECoG signals plotted against

the number of features used in the analysis. Different colors/symbols represent

different hemispheres of the rat brains. Colored, dotted lines indicate 1% sig-

nificance levels for each hemisphere of the same color. Accuracy increased with

the number of features, approaching 90% at 50–100 features. B, Generalization

accuracy of the classifier for hourly repeated recording sessions with top-100 fea-

tures from the mesh ECoG signals. The abscissa indicates time after the initial

session wherein the classifier had been trained. The performance was above the

1% significance level (solid line of the same color) for all sessions and hemispheres.
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Ant

Lat

Lat

Figure 2.5. Weight maps for the decoders in individual rat/hemisphere. Normal-

ized mean absolute weights (averaged across 5 frequency bands) are shown by

color for each channel and time window. In this analysis, top-100 features were

selected, and an SVM model was trained using all data sets. The weights for

non-selected features were set to zero, and the weights for selected features were

calculated from the trained SVM model. The weights for non-selected features

were assumed to be zero. Ant: anterior (rostral), Lat: lateral.

15



2.4 Discussion

We found that single-trial ECoG data contained information to reliably classify

the stimulated eye with an accuracy approaching 90% (Fig 2.4A). Such high

single-trial decoding performance complements the results of other analyses based

on averaged and channel-by-channel data (Fig 2.2), and provides evidence for the

feasibility of using an electrode mesh as a signal input device to BMI systems.

Also, we found that the generalization accuracies of the classifiers across sessions

stayed above the chance level over six hours of data (Fig 2.4B). Consistent with

this result, long-term decoding stability for months was reported with motor-

related ECoG signals in monkeys (Chao et al., 2010). In addition, the electrode

mesh with a thickness of 20 µm is less invasive than conventional clinical ECoG

sheets with a thickness of approximately 1 mm that might cause mass effects

when inserted in the cranium. This structure might contribute to the resulting

stability.

Although further clinical tests are needed to establish long-term stability for

months and years, the results shown in Toda et al. (2011) and here support

the view that the electrode mesh is one of the promising candidates for next-

generation input devices for BMI (Lebedev and Nicolelis, 2006; Leuthardt et al.,

2006).
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3. Direct comparison of ECoG, LFP, and MUA

3.1 Introduction

Direct comparison of ECoG signals and neuronal signals provided by other record-

ing methods is of great interest in neuroscience. However, simultaneous measure-

ment of ECoG, LFP, and MUA signals is a challenging task because it is virtually

impossible to insert a microelectrode for LFP and MUA recordings into the brain

surface through a standard ECoG electrode sheet from the outside.

By introducing an ECoG electrode array that has a mesh structure, a few previ-

ous studies have conducted simultaneous recording of ECoG, LFP, and MUA, and

directly compared them (Toda et al., 2011; Watanabe et al., 2012). In those stud-

ies, ECoG electrodes were arranged on a mesh and microelectrodes were inserted

into the brain surface through the holes in the mesh. However, their comparison

was not fair in terms of the number of electrodes and their spatial coverage.

To do a fair comparison, Miyakawa et al. (2012) arranged 64 ECoG electrodes

and 64 microelectrodes with almost the same coverage into the monkey inferi-

ortemporal cortex. (Fig 3.1). They recorded ECoG, LFP, and MUA responses

simultaneously when the monkeys viewed images of objects (Fig 3.2).

Here, to compare extractable information on presented object categories between

those recording methods, decoding analysis was applied to each of the recording

methods, and the resultant performances were compared.

From the analyses conducted in this chapter, it was shown that ECoG can pro-

vide good signal fidelity, comparable with LFP and MUA for extracting neural

information.

This work has been published as part of Miyakawa et al. (2011), and will be

published as part of Miyakawa et al. (in preparation). The author of this thesis

performed the decoding analyses in these publications.
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Figure 3.1. Recording setup for simultaneous ECoG, MUA, and LFP recording

in macaque IT cortex. A, Experimental setup for application of an electrode

mesh. The ECoG electrode mesh was attached to the titanium chambers and

the microdrive system with microelectrodes. (Inset) Schematic drawing of ECoG

(yellow) and microelectrode (black) spatial configuration as placed on the cortex.

Electrodes were placed on area TE of the IT cortex, covering the IT gyrus and

extending slightly below AMTS. B, Anatomical image with electrode assembly.

An MRI image was superimposed with the electrode assembly. The assembly

was placed to cover the IT gyrus C, 2D schematic drawing of the original ECoG

electrode array. The ECoG array was made using MEMS technology. Yellow

lines are gold wires. Brown squares (blown up image) are ECoG contacts.
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Figure 3.2. Representative visual responses of ECoG, LFP, and MUA from the

same recording site. A, Position of a representative electrode. ECoG, LFP,

and MUA signals were recorded from the site depicted by the blue circle, which

includes a penetrating microelectrode and an adjacent ECoG electrode. B, Ex-

ample stimulus images. Colored frames do not appear as part of the stimulus, but

represent correspondence to the response waveforms in C, E, G, and the response

spectrograms (see frame colors) of D and F. C and E are ECoG and LFP re-

sponse waveforms. Stimuli were presented in the period between the dotted lines.

Horizontal bars also show the stimulus presentation period. D and F are power

spectrum responses of ECoG and LFP signals. G, MUA responses.
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3.2 Materials and Methods

3.2.1 Experimental data

Data were recorded in Niigata University School of Medicine under the super-

vision of Dr. Miyakawa, Dr. Sawahata, Dr. Kawasaki, Dr. Matsuo, and Dr.

Hasegawa. Their recording conditions were briefly described in the following sec-

tions (see Miyakawa et al. (2011) for the experimental details).

Recording electrodes and the implant surgery

For ECoG recordings, an ECoG electrode mesh (Fig. 3.1C ) was designed to

contain 64-channel recording electrodes plus 2 reference and 2 ground electrodes.

The inter-electrode distance was 1.2 mm. The whole mesh size was 6 × 6 mm.

Details on the ECoG manufacturing process have been described in previous pub-

lications (Takeuchi et al., 2005; Toda et al., 2011).Sharp microelectrodes for MUA

and LFP recordings penetrated through the ECoG sheet (Fig. 3.1A). ECoG con-

tacts and microelectrodes were arranged in the same spacing and configuration,

but shifted by half the spacing distance. Electrodes were placed on area TE of

the IT cortex, covering the IT gyrus and extending slightly below AMTS (Fig.

3.1A inset, 1B).

Animal task

Two Japanese macaque monkeys (Macaca fuscata), one male (9.5 kg) and one

female (5.7 kg), were trained in a visual fixation task (Fig. 3.3A) to keep their

gaze within ±1.5◦ visual angle of a fixation target (0.2–0.3◦ diameter). The fixa-

tion target was displayed on a 22 inch CRT monitor (Mitsubishi Electric, Tokyo,

Japan) at a viewing distance of 57 cm. After 300 ms of stable fixation, a stimulus

image was presented for 300 ms followed by a 600–900 ms blank interval. Two

or three stimuli were presented successively in a single fixation session. Monkeys

were rewarded with a drop of apple juice for maintaining fixation over the entire

duration of the trial. Eye movements were captured with an infrared camera

system at a sampling rate of 60 Hz.

Visual stimuli
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The visual stimuli consisted of images belonging to one of 3 discrete “coarse”

categories (face, body, and inanimate object) (Fig. 3.3B left, C ). For the classi-

fication (decoding) analysis, images belonging to the face category were further

divided into subcategories (“fine” categories) in each of three ways. For the first

analysis with subcategories, the face images were divided in terms of species. The

stimulus set included faces of monkeys and faces of humans (Fig. 3.3B right).

They were labeled based on their species and the labels were predicted by neural

decoders on a single-trial basis (“species classification”) (see Decoding procedure).

For the second analysis, the human face images were further divided in terms of

the angles of the faces. The stimulus set included face images with three different

angles (Fig. 3.3B right). They were labeled based on their angles and those

labels were predicted by decoders (”view classification”). For the third analysis,

the same human face images were divided in terms of their identity. The stimu-

lus set included face images of five humans (Fig. 3.3B right). They were labeled

based on their identity and those labels were predicted by decoders (“identity

classification”).
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Figure 3.3. Experimental design and visual stimuli. A, Time course of presen-

tation. Visual stimuli were sequentially presented to each monkey. Each pre-

sentation was 300 ms, followed by a 600–900-ms interval. B, Visual stimuli for

monkey H. Object images including faces, body parts, and inanimate objects were

used as visual stimuli for monkey H. Within face images, faces of monkeys and

humans were included. Human face images could be further divided into finer

subcategories in terms of facial view and identity. C, Visual stimuli for monkey

C. Object images including faces, body parts and inanimate objects were used as

visual stimuli for monkey C.
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3.2.2 Signal features for decoding analysis

Features from MUA signals

The frequencies of spiking activity (firing rates) of the MUA were used as input

features for classification. Features were extracted from MUA signals during a

period from -50 ms to 600 ms relative to the stimulus onset in each trial. The

signal at each microelectrode was sampled by a 100-ms time window shifted by

50 ms, and the spike rate in each time window was calculated. The spike rates

of all microelectrodes and the twelve consecutive time windows were used as the

input features to a decoder.

Features from ECoG and LFP signals

For ECoG and LFP data, spectral powers of the signals were used as input

features. Features were extracted from ECoG/LFP signals during a period from

-50 ms to 600 ms relative to the stimulus onset in each trial. The amplitudes at

each channel were sampled by a 100-ms time window shifted by 50 ms, and the

spectral powers of 5 frequency bands (1–10, 10–20, 20–30, 30–60, 60–100 Hz) in

each time window were calculated. To do a fair comparison with MUA, the ECoG

(LFP) electrodes that overlayed (matched) microelectrodes that could not obtain

good MUA signals were excluded. The powers for the five frequency bands, the

consecutive twelve time windows and all remaining elecctrodes were used as input

features for classification analysis.

3.2.3 Decoding procedure

A neural decoding approach was used to determine the extent to which visual

object information was extracted from single trial signals for ECoG, LFP, and

MUA. Decoding performance for each signal modality was evaluated by pairwise

decoding analysis. A pair of object categories was selected and trials including

images from the selected categories were used to train a binary classifier (decoder)

to predict the category of a presented image on a trial-by-trial basis (cf., Kami-

tani and Tong, 2005). This procedure was applied to all pairs of the three coarse

categories, all pairs of the three view categories, all pairs of the five identity cate-

gories, and the pair of the two species categories. Each binary decoder consisted

of a linear support vector machine (Vapnik, 1998) (implemented by LIBSVM;
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Chan and Lin, 2011).

Before decoder training, a feature normalization procedure and a feature selec-

tion procedure were applied. In the feature normalization procedure, the values

of each feature were z-transformed using the sample mean and standard devia-

tion calculated with the training dataset. In the feature selection procedure, the

dimensionality of the feature vector was reduced by selecting informative features

based on a univariate analysis (F -statistics) applied to the training dataset. The

features were ranked by the F -value that indicated differential responses to the

categories, and the top 100 features were used as inputs to the decoder. In case

that the number of original features for classification was equal to or less than

100, this feature selection procedure was omitted and all features were used.

Decoding performance was evaluated by a cross-validation analysis. To evaluate

generalization performance for category classification across different exemplars,

we ensured that trials corresponding to the same visual stimuli were not included

in both the training and test data sets (Vindiola and Wolmetz, 2011). For each

category pair, N exemplars were randomly chosen per category. N was set to

the number of the exemplars of the category that had fewer exemplars than the

paired category. The N times 2 exemplars were divided into N groups, each of

which contained two exemplars from the two different categories, then the cor-

responding trials were divided into N groups. (N − 1) groups were then used

to train a decoder and the remaining group was used for evaluating the trained

decoder. This procedure was repeated until the trials from all N groups were

tested (N -fold cross-validation), and the percentage of correct classification was

calculated.
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3.3 Results

By utilizing the MEMS technology developed in previous research (Takeuchi et

al., 2005; Toda et al., 2011), Miyakawa et al. (2011) placed 64 ECoG electrodes

and 64 microelectrodes on the monkey IT cortex (Fig. 3.1). In their experiments,

images including faces, body parts and inanimate objects were presented to the

monkeys and they simultaneously recorded ECoG, LFP, and MUA responses (Fig.

3.2,3).

In order to quantify the extractable information obtained from each recording

modality, we examined whether the presented stimulus categories could be reli-

ably predicted from single-trial ECoG, LFP, or MUA signals by a statistical clas-

sifier. Binary classification performance was calculated separately for all coarse

category pairs (face VS body, body VS inanimate object, and inanimate object

VS face). Performances were averaged across two animals and all pairs (Fig.

3.4A). The averaged coarse category classification performance was significantly

above the chance level of 50% (p < 0.0001, t-test), with all the three recording

modalities. Specifically, single-trial ECoG signals carried information for pre-

dicting the coarse category of the visual stimulus with a correct classification

performance of 89.2%, which was significantly higher (p < 0.001, chi-square test,

corrected for multiple comparison) than the performance obtained with MUA re-

sponses (86.8%), but significantly lower (p < 0.0001) than the performance with

LFP responses (91.8%).

In addition to coarse category classifications, performance was also calculated for

species category classifications, view category classifications, and identity cate-

gory classifications (Fig 3.4B). ECoG signals contained sufficient information for

predicting fine categories of stimuli. The accuracies for the view angles of faces

were 73.0% (ECoG), 75.5% (LFP), and 79.2% (MUA), respectively (Fig. 3.4B,

left). Likewise, the accuracies for the species of faces (macaque face VS human

face) were 69.9% (ECoG), 78.3% (LFP), and 80.2% (MUA), respectively. ECoG

signals did not carry sufficient information to predict facial identity (51.5%), while

LFP (64.3%) and MUA (69.2%) signals did contain significant information for

identity classification.
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Overall, ECoG demonstrated better performance than MUA in coarse category

decoding, but became inferior to MUA in decoding finer category information

such as species, view, and identity information. LFP was the best recording

modality for coarse category classification, and was superior to ECoG, but infe-

rior to MUA in all fine category classifications.
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Figure 3.4. Comparison of decoding performances between ECoG, LFP, and

MUA. A, Decoding performances for coarse category classification. A binary

classifier was trained and tested for each pair of the three coarse image categories

(face, body, and inanimate object). The averaged accuracies for the three record-

ing methods are shown (chance level: 50%). Black asterisks show significant

differences between accuracies (*: p < 0.05, **: p < 0.01; chi-square test). B,

Decoding performances for fine category classification. The averaged accuracies

for facial view, species and identity classifications are shown. The format is the

same as in A.
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3.4 Discussion

Miyakawa and coworkers developed a new mesh-shaped ECoG electrode array for

simultaneous measurement of the three electrophysiological signals, ECoG, LFP,

and MUA, under a fair condition where the numbers of electrodes and coverage

for the three recording modalities match. Using their data, this thesis reports the

first direct comparison of decoding performance between these recording modal-

ities. As a result, all modalities showed significantly above-chance performances

in coarse category classification (Fig. 3.4).

We found that the performance of the recording modality depended on the coarse-

ness of the target categories of the classification. Namely, ECoG yielded better

performance than MUA in coarse category decoding, but became inferior to MUA

in classifying facial images for finer categories such as species, views, and identi-

ties. Overall, LFP was the best recording modality for coarse and fine classifica-

tions, except for the identity classification.

These results suggest that, although LFP provided better decoding performance

than ECoG in all conditions in our analysis, ECoG signals have a significant

amount of information on at least coarse categories and may be useful for reveal-

ing neural representations.

The fact that ECoG was better than MUA in coarse category classification, while

MUA was better than ECoG in fine category classification, may reflect the cortical

organization of category selective columns and the spatial resolution provided by

each recording modality. To refer to this point further, extra analyses were con-

ducted and summarized in our previous reports (Miyakawa et al., 2011, Miyakawa

et al., in preparation).
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4. Application to the human cortex: Character-

ization of the object-selective area

4.1 Introduction

Next, by analyzing human ECoG responses, we investigated how brain regions

that respond to images with a specific object category are distributed within the

ventral occipitotemporal cortex (vOT), which is considered a challenging task

with fMRI. Previous fMRI studies have shown that there exist brain regions that

are selectively activated by face images (Kanwisher et al., 1997; Kanwisher and

Yovel, 2006) and written words (Cohen et al., 2003; Dehaene and Cohen, 2011;

Price 2012), respectively. How those category selective regions are distributed in

the vOT remains unsettled.

Regarding the distribution of face- and letterstring-selective regions with the

vOT, three hypotheses have been proposed (Fig. 4.1). First, both face-selective

and letterstring-selective vOT regions might form distinct and contiguous ar-

eas with no macroscopic spatial overlap between them (single-zone hypothesis).

Second, multiple face-selective regions and multiple letterstring-selective regions

might exist and alternate each other within the vOT (multizone hypothesis).

Third, face-responsive and letterstring-responsive regions might be macroscopi-

cally overlapped in the vOT (overlap hypothesis).

Although category-selective regions have been discovered and investigated using

fMRI, localizing those regions with enough quality to distinguish between the

above three hypotheses is a challenging task. Previous studies have shown that

fMRI responses in the vicinity of the vOT suffer from artifacts arising from mul-

tiple sources (Ojemann et al., 1997; Winawer et al. 2010).

A pioneering ECoG study reported that face-selective and letterstring-selective

recording electrodes occasionally abutted each other in individual hemispheres

(Nobre et al. 1994), which supports the multizone hypothesis. Also, other ECoG

studies have found evidence for the existence of multiple face-selective regions
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(Allison et al. 1999; Parvizi et al. 2012), but this is less common due to coverage

issues and electrode organization (e.g. strips vs. grids).

To address these issues, Matsuo et al. (2013) implanted high-density ECoG elec-

trodes in human patients with epilepsy, and applied a standard electrode-wise

analysis to the ECoG responses to localize regions selective to faces and written

words (Fig. 4.2). As a result, they found that there exist separate multiple face-

selective and written word-selective regions in the human vOT (Fig. 4.3).

However, electrode-wise analysis alone may fail to quantify information encoded

in ECoG response patterns over multiple electrodes. Previous studies have shown

that even within a cortical region that maximally responds to one category (e.g.

face), activity patterns over voxels can encode information to discriminate among

other categories (Haxby et al., 2001). For this reason, it is possible that the

category-selective electrodes defined by Matsuo et al. (2013) contain informa-

tion for discriminating among other categories, thus their definition of category-

selective electrodes may be invalid.

Decoding analysis was applied to examine whether the face-/letterstring-selective

electrodes defined by Matsuo et al. (2013) have information only for discriminat-

ing the face/letterstring category, rather than other categories as a population.

The face- and letterstring-selective electrodes were used as decoder inputs, and

the binary classification accuracies for each category pair were calculated. We

confirm that the face-/letterstring-selective electrodes show higher classification

accuracies in discriminating between faces and letterstrings from other categories,

compared to discriminating among the other categories.

This work has been published as part of Matsuo et al. (2013), and the author of

this thesis conducted the decoding analysis in it.
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Figure 4.1. Three models of the spatial distribution of face- and letterstring-

selective regions in the ventral occipitotemporal cortex (vOT). Single-zone (left),

multizone (center), and overlap (right) models for face-selective (red), letterstring-

selective (blue), and both face- and letterstring-selective channels are superim-

posed on the ventral view of a spatially normalized brain.
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Figure 4.2. Category-selective responses for face and letterstring stimuli. A,

Visually evoked potentials (VEPs) and the total electrocorticography (ECoG)

power selective to the face category from a representative electrode. Upper,

traces represent VEPs from different exemplars of face (red) and building (black)

categories. Shadows denote stimulus presentation periods. Lower, the total ECoG

power for the electrode is plotted against the stimulus category. The 5 successive

bars represent evoked ECoG powers from 5 exemplar face images. Error bars

indicate standard deviations (SDs). Color bars under the images denote category

labels as in VEPs. B, Selectivity of a representative electrode selective to the

letterstring category. Formats are the same as in A.
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Figure 4.3. Highly face- and letterstring-selective ECoG channels in each indi-

vidual hemisphere. A–F, Left, channels significantly selective to faces (red cir-

cles), letterstrings (blue circles), and both (quarter red/blue circles) in the vOT

(−80 < y < −30 and z < −10), shown on ventral views of the brain in 6 hemi-

spheres from 4 patients. White circles indicate channels nonselective for these 2

categories and gray circles represent channels outside the vOT. Blue, green, and

red lines indicate occipitotemporal, midfusiform, and collateral sulci. Right, each

pie chart depicts the relative F -value, evaluated by ANOVA, for each category

of stimuli during a time window of 50–300 ms after stimulus onset. Diameter of

each channel reflects the total power of the channel.
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4.2 Materials and Methods

4.2.1 Experimental data

Data were recorded in The University of Tokyo Hospital and Nishi-Niigata Chuo

National Hospital under the supervision of Dr. Matsuo, Dr. Kawasaki, Dr.

Kawai, Dr. Masuda, Dr. Murakami, Dr. Kunii, Dr. Kameyama, Dr. Saito, and

Dr. Hasegawa. Their recording conditions are briefly described in the following

sections (see Matsuo et al. (2013) for experimental details).

Subjects

Written informed consent was obtained from 20 patients with pharmacologically

intractable epilepsy, who were evaluated for possible surgical treatment at The

University of Tokyo Hospital and Nishi-Niigata Chuo National Hospital. Ex-

perimental protocols were approved by the institutional review boards of both

hospitals and the Niigata University School of Medicine.

Recordings

From 2009 to 2012, Matsuo and his coworkers implanted subdural electrodes in

20 patients, totaling 30 hemispheres for the purpose of detecting epileptic foci.

Among them, 22 hemispheres were excluded by their preliminary analysis because

those hemispheres were not suitable to examine whether the face-selective and

letterstring-selective channels were spatially separated, alternated, or overlapped

(see Matsuo et al., 2013 for the details). Finally, 6 hemispheres (3 left and 3 right

hemispheres) from 4 patients (15–48 years old, 3 males, 4 right-handed) fulfilled

the criteria (see Matsuo et al. (2013) for details).

Subdural ECoG electrode arrays were arranged in grids or strips (Unique Med-

ical Co., Tokyo, Japan). Each grid/strip contained 4–20 electrodes. Electrode

contact was 1.5 mm in diameter with a 5-mm separation, or 3 mm in diameter

with a 10-mm separation. The number and location of the recording sites in

the temporal, occipital, and frontal lobes were determined exclusively by clinical

criteria.
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The recorded signal was amplified using a reference placed on the scalp, filtered

between 0.55 and 150 Hz and sampled at 400 Hz (Nicoletone, Care Fusion, San

Diego, CA, USA), or amplified using an averaged intracranial reference placed

outside the epileptic focus and filtered between 0.05 and 300 Hz, and sampled at

1 kHz (EEG1200, Nihon Koden, Tokyo, Japan). All data were acquired during

periods without epileptic seizure events.

Stimulus presentation

Subjects performed a one-back task or a category judgment task while colored

photographs of 120 objects from 24 different categories, including human faces

and letterstrings, were presented in a pseudorandom order on a 27-inch LCD

monitor at a viewing distance of 57 cm. During the one-back task, the same

stimuli were repeatedly presented on some trials. Data from the second presen-

tation trials were excluded so as not to underestimate the visual response due

to repetition suppression. Each stimulus, subtending 6◦ of the visual angle, was

presented for 300 ms, followed by a 900-ms interval period.

Electrode localization

Three-dimensional (3D) T1-weighted magnetic resonance images (MRIs) of each

subject’s brain were obtained preoperatively. MRIs were automatically registered

to postoperatively scanned computed tomography to determine electrode posi-

tions based on a normalized mutual information method using AVIZO (Visual-

ization Science Group, Bordeaux, France). The 3D brain surface was then recon-

structed using Real INTAGE (Cybernet Systems, Ltd., Tokyo, Japan). For joint

presentation, the 3D brain image mounted with electrode locations was normal-

ized to Montreal Neurological Institute coordinates via a linear scale adjustment

using SPM8 (http://www.fil.ion.ucl.ac.uk/spm/software/spm8/, last accessed on

11/12/13) and then transformed into Talairach coordinates.

4.2.2 Electrode-wise analysis

The analysis conducted in Matsuo et al. (2013) to define face/letterstring-

selective electrodes is summarized in the following section (see Matsuo et al.,

2013 for the details).
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Event-related spectral perturbation (ERSP)

Using the ECoG reponse during a period from 50 ms to 300 ms relative to the

stimulus onset in each trial and electrode, the spectral power was calculated for

each of the θ, α, β, γ, and high-γ frequency bands (4, 8–12, 16–28, 32–64, and

68–100 Hz, respectively). A 250 ms Hamming window was applied to single trial

responses before the Fourier transform. According to the convention, those power

values were called event-related spectral perturbations (ERSPs).

Category selectivity

To judge whether an electrode was selective to a specific category or not, an

ANOVA was applied to the ERSPs. For each frequency band and electrode, an

ANOVA was conducted to compare the difference in the mean ERSP between one

category and the other categories, accompanied by a Bonferroni correction. The

α value for each comparison was set at 0.05 divided by the number of electrodes,

frequency bands, and categories. For a given category, when an electrode showed

a higher mean ERSP than the other categories at either of the five frequency

bands, the electrode was judged selective to the category.

4.2.3 Decoding analysis

Using a neural decoding approach, category information encoded in a group of

electrodes (face-selective electrodes or letterstring-selective electrodes) was evalu-

ated. We selected 2 object categories and used the trials in which images included

in those categories were presented to train a binary classifier to predict the cate-

gory of a presented image on a trial-by-trial basis (cf., Kamitani and Tong 2005).

We applied this procedure to all pairs of the 24 object categories. Each binary

classifier consisted of a linear support vector machine (Vapnik 1998) (implemented

by LIBSVM (Chang and Lin 2011)).

As input features to the classifiers, the ERSPs were calculated with a time win-

dow between 50 and 300 ms after the stimulus onset. Then, the ERSPs for the

electrodes of a group and the 5 frequency bands were used. To avoid arithmetic

overflow and underflow, the values of each feature were z-transformed using the
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sample mean and SD calculated from the training dataset.

To evaluate generalization performance for category classification across different

exemplars, we ensured that trials corresponding to the same visual stimuli were

not included in both the training and the test datasets (similar to Vindiola and

Wolmetz 2011). For each category pair, we divided the exemplars included in

either category of the pair into 5 groups, each of which contained 2 exemplars

from the 2 different categories, and divided the corresponding trials into 5 groups.

Four groups were then used to train a decoder and the remaining group was used

for evaluating the trained classifier. This procedure was repeated until the tri-

als from all 5 groups were tested (5-fold cross-validation), and the percentage of

correct classifications was calculated.
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4.3 Results

Collecting data from patients who underwent high-density implantation of as

many as 18–46 intracranial electrodes in vOT per hemisphere, Matsuo et al.

(2013) succeeded in recording ECoG responses with enough electrode-density

to distinguish between the three hypotheses about the distribution of face- and

letterstring-selective regions (Fig. 4.1). By applying the conventional electrode-

wise analysis to their data, several face-selective electrodes and letterstring-selective

electrodes were observed in the vOT (Fig. 4.2). They plotted those electrodes

on each hemisphere and their results suggest that face-selective and letterstring-

selective electrodes form multiple, separate clusters with no overlap (Fig. 4.3),

which supports the multizone hypothesis.

To evaluate the amount of information encoded in face-selective and letterstring-

selective electrodes defined by them, neural decoding analysis was performed

(see Materials and Methods). For each category pair, a binary classifier was

trained to predict the presented categories based on ECoG responses from the

face- and letterstring-selective electrodes and the accuracy was evaluated.

Figure 4.4 shows those binary classification accuracies for each selective region.

The face-selective electrodes showed a much higher performance for discriminat-

ing faces from other categories (92±9.5%, median ± IQR) than for discriminating

letterstrings from other categories (60 ± 21%) (p < 9.6 × 10−38, Mann–Whitney

U -test with Bonferroni correction) and for discriminating among the other cat-

egories (57 ± 14%) (p < 6.1 × 10−74) (Fig. 4.4A left, B left). Similarly, based

on ECoG responses from the letterstring-selective electrodes, the performance for

discriminating letterstrings from other categories (89±13%) was much higher than

that for discriminating faces from other categories (61 ± 15%) (p < 1.4 × 10−38)

and that for discriminating among the non-face and non-letterstring categories

(61 ± 17%) (p < 3.5 × 10−66) (Fig. 4.4A right, B right).
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A	


B	


Figure 4.4. Binary classification performance based on ECoG responses from

face- and letterstring-selective regions. A, Binary classification accuracies for all

category pairs. For a given category pair, the decoding accuracy in discriminat-

ing between the two categories was calculated based on ECoG responses from

the face-selective (left) and letterstring-selective (right) electrodes in a represen-

tative subject. Red and blue rectangles denote the face and letterstring cate-

gories, respectively. B, Box plot of averaged classification accuracies with face-

and letterstring-selective electrodes over all 6 hemispheres. The accuracies in

discriminating faces from the others (Face), in discriminating letterstring from

the others (Lettterstring), and in discriminating among the other 22 categories

(Other) are plotted. The boxplots signify the upper (q3) and lower (q1) quartiles.

The median is depicted by the central red bar. The whiskers indicate the range,

which include all data except outliers. Data points exceeding q3+1.5× (q3− q1)

or below q1+1.5×(q3−q1) were treated as outliers and plotted individually as red

dots. Broken lines indicate chance level (gray) and the threshold of significance

level (green, p = 0.01).
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4.4 Discussion

To examine how face selective- and letterstring selective-regions are distributed

on the human vOT among the three hypothses (Fig. 4.1), Matsuo et al. (2013)

recorded ECoG responses from the human vOT and defined face- and letterstring-

responsive electrodes by a standard electrode analysis (Fig. 4.2). Their re-

sults support the multizone hypothesis that there exist separate, multiple face-

responsive and letterstring-selective regions on the vOT (Fig. 4.3), which is

consistent with previous ECoG studies (Allison et al. 1999; Nobre et al. 1994;

Parvizi et al. 2012).

However, electrode-wise analysis alone may fail to quantify information encoded

in ECoG response patterns over multiple electrodes. Previous fMRI studies have

shown that even within a cortical region that maximally responds to one cate-

gory, voxels can encode information to discriminate among other categories using

response patterns over multiple voxels (Haxby et al., 2001). For this reason, it

is possible that the category-selective electrodes defined by Matsuo et al. (2013)

contain information for discriminating among other categories.

In this chapter, we used neural decoding analysis, to show that face- and letterstring-

selective electrodes have more information for discriminating faces and letter-

strings from the other categories than information for discriminating among the

other categories as a population (Fig. 4.4).

From the electrode-wise analysis conducted by Matsuo et al. (2013) and the

decoding analysis conducted here, we conclude that there exist multiple face-

selective regions and letterstring-selective regions in the human vOT, and those

regions are separated on the cortex.
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5. Comparison of ECoG signal features: Power,

Phase, and Correlation

5.1 Introduction

In many ECoG studies, spectral powers or response amplitudes in individual elec-

trodes were often highlighted and used as input features for decoding analysis.

Although a few previous studies have introduced the phases of the ECoG signals

in individual electrodes (Hammer et al., 2013), efficient input signal features have

not been fully explored.

According to previous studies, latency/phase differences between ECoG elec-

trodes contain information about tasks. Theoretical studies have proposed a

possibility that neural representations are formed using temporal patterns over

multiple neuronal units, including the order of response latencies (Gautrais and

Thorpe, 1998; Thorpe et al., 2001; Van Rullen et al., 1998), spike sequences with

millisecond precision (Abeles, 1991; Abeles et al., 1993; Lestienne and Strehler,

1987; Oram et al., 1999), and gamma-band synchronization (Eckhorn et al., 1988;

Engel et al., 1991; Gray et al., 1989). Experimental results have also shown that

such temporal patterns encode information on low-level visual features, such as

light intensity in the retina (Gollisch and Meister, 2008), orientation in the pri-

mary visual cortex (Celebrini et al., 1993; Gawne et al., 1996; Shriki et al., 2012),

and co-occurrence of edges (Eckhorn et al., 1988; Engel et al., 1991; Gray et al.,

1989). If such coding is adopted in a recorded region, the use of features that

directly reflect latency/phase differences may improve a decoder’s predictive per-

formance.

In this chapter, using ECoG responses from human patients when they viewed

objects, we examined whether the categories of viewed objects can be better pre-

dicted by using temporal correlations between electrodes. Temporal correlations

measure the degree of in-phase synchronization between two time series (Varela et

al., 2001). For comparison, we used the spectral power or phase values of ECoG

signals in individual electrodes as features, and compare decoding performances
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to examine whether temporal correlations carry additional information on object

categories.

In addition, we investigated whether ECoG responses that produce informative

correlations are time-locked to the stimulus or not. Informative correlations can

be generated by category-specific ECoG responses with constant latencies across

trials, or alternatively by relative time series of ECoG signals with variable laten-

cies across trials. To examine this, we conducted a shuffling analysis (Averbeck et

al., 2006; Yamashita et al., 2008). In this analysis, we created data in which rela-

tive timing/phase differences between electrodes within each trial were destroyed

(trial-shuffled data) from the original ECoG data by randomly permuting trials

with the same stimulus in each electrode. We compared the decoding perfor-

mance using the shuffled data to the decoding performance of the original data.

Also, to characterize the time course of decoding performance, we calculated de-

coding performance as a function of time (see Liu et al., 2009) and compared this

between spectral power values and temporal correlations.

Finally, to specify which encoding model explains the results of the time course

analysis at the neuronal electric source level, we performed a simulation analysis

in which two representative models were tested; a model where sources encode

information with their response latencies (Celebrini et al., 1993; Gautrais and

Thorpe, 1998; Gollisch and Meister, 2008; Shriki et al., 2012; Van Rullen et al.,

1998), and a model where sources encode using their phase differences (Eckhorn

et al., 1988; Engel et al., 1991; Gray et al., 1989).

From the analyses conducted here, it was shown that temporal correlations are in-

formative features for decoding analysis compared to spectral powers and phases

in individual electrodes, and this may reflect neural coding with phase differences

across brain regions in the human temporal cortex.

This work has been published as part of Majima et al. (in press). The author of

this thesis conducted all decoding and simulation analyses. Data were collected
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in The University of Tokyo Hospital under the supervision of Dr. Matsuo, Dr.

Kawasaki, Dr. Kawai, Dr. Saito, and Dr. Hasegawa.
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5.2 Materials and Methods

5.2.1 Experimental data

Data were recorded in The University of Tokyo Hospital under the supervision

of Dr. Matsuo, Dr. Kawasaki, Dr. Kawai, Dr. Saito, and Dr. Hasegawa. Their

recording conditions are briefly described in the following sections (see Majima

et al. in press for experimental details).

Subjects

Five patients with medically intractable epilepsy (5 female, 22–42 years, Table

5.1) participated in our experiments. All patients were admitted to The Univer-

sity of Tokyo Hospital, Japan. Patients underwent electrode implantation for the

purpose of localizing seizure foci to guide neurosurgical treatment (Fig. 6.1). The

locations of electrodes were determined solely by therapeutic considerations. We

obtained written informed consent from the patients, and all experimental proto-

cols were approved by the institutional review board at the hospital (#1797(3)).
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S2	


S3	
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Figure 5.1. ECoG electrodes. Structural MRI images of each patient are shown

with the positions of ECoG electrodes (black and white circles). Large and small

circles show electrodes with contact sizes of 3.0 mm and 1.5 mm, respectively.

A total of 120 electrodes for S1 and 127 electrodes for the other patients were

implanted for medical diagnosis. Electrodes on the IT cortex that consists of

the middle and inferior temporal gyri were selected and used for analysis (white

circles).
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ECoG recordings

Patients were implanted with subdural electrode arrays arranged in grids or strips

(Unique Medical Co., Ltd., Tokyo, Japan). Each grid/strip contained 4–20 elec-

trodes. Each electrode contact was 3 mm in diameter with 10 mm separation,

or 1.5 mm in diameter with 5 mm separation. The number and location of the

recording sites in the temporal, occipital, and frontal lobes were determined ex-

clusively by clinical criteria. Data were obtained from a total of 628 recording

sites, with 120–127 electrodes per subject. Recorded signals were amplified using

a reference electrode placed on the scalp, filtered between 0.55 and 150 Hz and

sampled at 400 Hz (Nicoletone, CareFusion, San Diego, CA, USA). In addition

to this bandpass filtering, the signals were filtered to pass each of five frequency

bands (1–10, 10–20, 20–30, 30–80 and 80–150 Hz) when calculating ECoG fea-

tures in bands of interest. All data were acquired during periods without seizure

events.

Electrode localization

To localize electrodes, the anatomical information of the brain provided by pre-

operative magnetic resonance imaging (MRI) and spatial information of the elec-

trode positions provided by postoperative computer tomography (CT) were in-

tegrated. For each subject, the 3D brain surface was reconstructed and an au-

tomatic registration based on mutual information was performed using Avizo

(Maxnet Co., Ltd., Tokyo, Japan). Electrodes on the IT cortex that consists of

the middle and inferior temporal gyri were selected and used for the analysis of

this study (55 electrodes for S1, 84 electrodes for S2, 117 electrodes for S3, 104

electrodes for S4, 106 electrodes for S5; Fig. 6.1, Table 5.1).

46



Table 5.1. Patient demographics, task performance, and the number of electrodes.

Subject Age Sex Task # of all # of electrodes on

performance implanted IT cortex

(success/total) electrodes (left side/left bottom/

right side/right bottom)

S1 42 F No record 120 55 (15/40/0/0)

S2 36 F 93/112 127 84 (10/32/10/32)

S3 22 F 109/113 127 117 (5/52/5/55)

S4 35 F 111/120 127 104 (0/52/0/52)

S5 38 F 53/55 127 106 (2/52/0/52)
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Stimulus presentation

Matsuo and his coworkers prepared 120 colored photographs of objects from 24

different categories as stimuli (Fig. 5.2A). There were five different exemplar

images per category. The stimuli were presented on a 27-inch LCD monitor at

a viewing distance of 57 cm with a central fixation point (0.5◦) (Fig. 5.2B).

Each stimulus subtended a 6◦ × 6◦ visual angle and was presented for 300 ms

followed by a 900-ms interval period (Fig. 5.2C ). The stimuli were presented

in pseudorandom order and each stimulus was presented either 10 or 11 times

per subject. The subjects were instructed to fix their eyes on the fixation point

and to perform a one-back task, indicating whether an exemplar was repeated

successively or not by pressing a button (55–120 repetition trials per subject).

Trials with button presses were excluded from any analyses reported in this study.
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Figure 5.2. Visual stimuli and experimental design. A, Visual stimuli. We used

120 colored photographs of objects from 24 different categories as visual stimuli.

There were five different exemplars per category. B, Stimulus presentation. A

visual stimulus (6◦×6◦) was shown with a gray background and a central fixation

point (0.5◦). C, Time course of presentation. Visual stimuli were sequentially

presented to subjects. Each presentation was 300 ms long followed, by a 900-ms

interval.
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5.2.2 Signal features for decoding analysis

Signal features used as input to decoding analyses were calculated from single-

trial time series of the individual electrodes in the temporal cortex within a time

window from 0 to 300 ms relative to the stimulus onset or a 100/300-ms sliding

time window with a step size of 25 ms.

“Power features” were the power values of five frequency bands (1–10, 10–20,

20–30, 30–80, and 80–150 Hz) calculated from the power spectrum for each time

window (the number of electrodes times the five frequency bands).

“Correlation features” were the correlation coefficients of time series for all pairs

of electrodes within each time window (1485–6786 features for each subject). In

the analysis to compare specific frequency bands (the five bins of power spectral

frequencies), power features were limited to those in the frequency bands of in-

terest. Correlation features were re-calculated from the band-pass filtered time

series.

Correlation features are higher-order variables based on the products of (normal-

ized) signal amplitudes between electrodes at each time point. As a result, the

number of available features is much larger than that of power features. To con-

trol for the effect of higher-order feature extraction and the number of available

features, the products of power values were used as an additional feature type

(“product-of-power features”). In each frequency band, the products of the power

values were calculated for all pairs of electrodes (five [frequency bands] times the

number of correlation features).

The phase values of ECoG time series were also used as features (Hammer et al.,

2013; Lopour et al., 2013). The phase values of five frequencies (6, 16, 26, 56,

and 116 Hz; near-middle values of the five frequency bands) in each time window

were calculated using the fast Fourier transform (FFT), and transformed to the

sine and cosine values. These values were used as “phase features” (the number

of electrodes × 5 [frequencies] × 2 [trigonometric functions]). Note that individ-

ual phase features do not explicitly indicate relative timings between electrodes,
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although the linear decoder may detect relative timings via the weighted summa-

tion of phase features.

In the shuffling analysis to characterize informative correlations, correlation fea-

tures were calculated with ECoG data in which relative timing/phase differences

between electrodes within each trial were destroyed by a trial-shuffling procedure

(Averbeck et al., 2006; Yamashita et al., 2008). In each electrode, the data were

randomly permuted across trials for the same visual stimulus, while preserving

the ECoG time series within each electrode and trial. In these shuffled data, if

ECoG responses to each category were constant across trials (time-locked to the

stimulus onset), the original correlations would be preserved (Fig. 5.3A). How-

ever, if the original correlations were from the relative time series in each trial (not

time-locked to the stimulus onset) and the variability of response latencies across

trials was sufficiently large, the correlations would be removed by the shuffling

(Fig. 5.3B).
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Figure 5.3. Effect of trial shuffling on ECoG responses time-locked and unlocked

to the stimulus onset. A, Effect on time-locked responses. Multi-electrode ECoG

responses specific to a stimulus arise with constant latencies across trials. In

this case, the original response pattern remains after permuting trials in each

electrode. B, Effect on unlocked responses. Multi-electrode ECoG responses

specific to a stimulus arise with different latencies across trials while preserving

relative timings between electrodes. In this case, the original response pattern is

destroyed after permuting trials in each electrode.
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5.2.3 Decoding procedure

A linear classifier (decoder) was constructed to predict the categories of presented

stimuli from ECoG feature vectors on a trial-by-trial basis. Feature vectors la-

beled by the stimulus categories of individual trials in each subject were divided

into training and test datasets, and a linear support vector machine (SVM; Vap-

nik, 1998) algorithm determined the parameters of the decoder using the training

dataset. The decoder calculated the linearly weighted sum of the features plus a

bias for each category (class) given a feature vector from the test dataset. The

category with the maximum value was chosen as the predicted category (Kami-

tani and Tong, 2005).

Before decoder training, a feature normalization procedure and a feature selection

procedure were performed. In the feature normalization procedure, the values of

each feature were normalized using the sample mean and standard deviation

calculated from the training dataset. In the feature selection procedure, the di-

mensionality of the feature vector was reduced by selecting informative features

based on a univariate analysis (F -statistics) applied to the training dataset. The

features were ranked by the F -value that indicated differential responses to the

categories, and the top N features were used as inputs to the decoder. The num-

ber of used features (N) was decided by a cross-validation analysis within the

training dataset, where N was varied from 50 to 1000 in increments of 50, and

the N with the highest accuracy was chosen (nested cross-validation). The aver-

age numbers of selected features for the analysis with the 0–300-ms time window

were 70 ± 63 (mean ± SD across subjects) for power features, 694 ± 404 for cor-

relation features, and 778 ± 330 for the combined features.

To see the dependence on the number of features, cross-validation analysis with

a fixed N (without the nested cross-validation to optimize N) were performed.

Decoding performance was calculated for each feature type while N was varied

from 10 to 1000, incremented by 10.

To evaluate generalization performance for category classification across different

exemplars, it was ensured that trials corresponding to the same visual stimuli
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were not included in both the training and test datasets (Vindiola and Wolmetz,

2011). The 120 stimuli were divided into five groups, each of which contained 24

stimuli from the 24 different categories. Then the corresponding trials were di-

vided into five groups, four groups of which were used to train a decoder and the

remaining group was used for evaluation. This procedure was repeated until the

trials from all five groups were tested (5-fold cross-validation), and the percentage

of correct classifications was calculated. The cross-validation for determining the

number of features was performed using the four groups in the training dataset

(4-fold cross-validation).

To compare decoding accuracy between conditions, a chi-square test and a paired

t-test were used for within-subject analysis and group analysis, respectively. For

the group analysis, the accuracy of each subject was logit-transformed, log(a/(1−
a)) where a is the classification accuracy, and then a paired t-test was applied

to those values. Logit-transformed accuracies were used rather than the origi-

nal ones because a normal distribution has infinite support while accuracies are

bounded from zero to one, and the assumption that obtained accuracies follow

a normal distribution is not suitable (Lesaffre et al., 2007). We could have used

a hierarchical model to account for a binomial distribution of the accuracy in

individual subjects, but since many trials were available in individual subjects

(1200 trials per subject) and the standard error of the mean accuracy was very

small (1.1± 0.1%), the measured accuracy was assumed to be the mean accuracy

in each subject.

5.2.4 Simulation analysis

To perform a simulation analysis, 200 neural signal sources were arranged in a

one-dimensional array with 1-mm intervals. Ten ECoG electrodes were placed 1

mm above those sources with 10 mm intervals. The signals of the ECoG elec-

trodes were expressed by the spatial sums of the sources with a lead field matrix

(Nunez, 1981).

In the latency-coding model, each source had a fixed waveform produced by sam-

pling from an i.i.d. Gaussian distribution (N(0, 32)). Given a stimulus, each
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source produced a waveform with a latency specific to the stimulus category.

Those latency values were uniformly distributed from 130 to 180 ms over stim-

ulus categories. In each trial, the latencies of all sources were jittered by the

same amount randomly chosen from between 0 and 50 ms (while preserving rela-

tive timings across trials), and independent Gaussian white noise (N(0, 32)) was

added.

In the phase-reset model, the sources were oscillators at a frequency of 40 Hz

with an amplitude of one. In each trial, the initial phase values of all sources

were randomly chosen. The phases values were then reset to values specific to

the stimulus category at the reset time, which was randomly chosen for each trial

between 130 and 180 ms. Independent Gaussian white noise (N(0, 32)) was added

to all sources in each trial.

The number of categories was set to 24 and each category had 50 trials (24×50 =

1200 trials in total), to match the empirical data. Electrode signals were filtered

between 0.55 and 150 Hz, which was similar to the recording condition in the

experiments. Using simulated data produced by each model, decoders were con-

structed using either spectral power or correlation features, and the decoding

performance was calculated as a function of time.

In addition, modified versions of the two models to take into account category-

specific amplitude modulation of sources were also tested. It is commonly as-

sumed that the amplitudes of neuronal sources change depending on the stimulus

(Naruse et al., 2010; Palva and Palva, 2007). In the latency-coding model, each

source signal before noise addition was multiplied by a value specific to the given

stimulus category, which was randomly chosen from one to (M + 1) in each cat-

egory, for each electrode. In the phase-reset model, the amplitude of each source

was changed from one to a value specific to the given stimulus category at 130

ms. The amplitudes after 130 ms were multiplied by category-specific values ran-

domly chosen from one to (M +1). The parameter M was manipulated to control

the degree of dominance of amplitude coding in the model. When M = 0, both

models had no amplitude modulation.
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Power and correlation features were calculated from a 100-ms sliding time win-

dow. The correlations for all electrode pairs and the power values for all electrodes

and the five frequency bands were used as input features with no feature selection.
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5.3 Results

Collaborators in The University of Tokyo Hospital measured ECoG data from

implanted electrodes located predominantly in the temporal cortex; data from five

subjects were recorded while those subjects sequentially viewed natural images

(Fig. 5.2). It was confirmed that all data were acquired during periods without

seizure events. Electrodes on the IT cortex that consists of the middle and inferior

temporal gyri were selected and used for analysis in this study (Fig. 6.1, Table

5.1).

5.3.1 Categorical selectivity of features with representative electrodes

To illustrate the category selectivity of spectral power and temporal correlations,

we calculated the trial-averaged time courses of power values in the 1–10 Hz

spectral band and that of temporal correlations responding to each stimulus cat-

egory. Figure 5.4 shows the time courses of the power values at two representative

electrodes for the face category and the letterstring category, and those of the

temporal correlation between the electrodes. In this example, the temporal cor-

relation showed category-selective time courses whereas the modulation of power

at the two electrodes is not distinctive.
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Figure 5.4. Category selectivity in power and correlation with representative

electrodes. The trial-averaged time courses of the power values in the 1–10 Hz

band at two electrodes (middle) and of the correlations (right) are shown for the

face and letterstring categories.
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5.3.2 Comparison of decoding performance across feature types

To evaluate information encoded in each type of feature, we performed decod-

ing analysis using the power, correlation and combined features calculated from

the ECoG time series from 0 to 300 ms relative to the stimulus onset (24 cate-

gories; chance level, 4.16%). Fig. 5.5A shows the cross-validated performances for

the three feature types in each subject, using the number of features optimized

via nested cross-validation (see Materials and Methods). Performance ex-

ceeded the chance level for all feature types and all subjects (p < 10−5, binomial

test). By combining power and correlation features, the decoding performance

was substantially improved compared with the performance using power alone

(p < 0.05, paired t-test across subjects; p < 0.05 in all individual subjects, chi-

square test). Even correlation features alone significantly outperformed power

features (p < 0.05, paired t-test across subjects; p < 0.05 in four out of five sub-

jects, chi-square test).

Fig. 5.5B shows the mean performances as a function of the number of used

features. In addition to power, correlation, and combined features, the results

for the products of power values (product-of-power features) are shown, which

were introduced to control for the effect of higher-order feature extraction and the

number of available features (see Materials and Methods). The performances

with power and product-of-power features peaked around 50 features, while the

performances with correlation and combined features continued to improve, even

with > 500 features. When compared with the same number of features used,

correlation and combined features outperformed power features even at small

numbers of features (around 50–250 features).

Furthermore, the decoding performance with product-of-power features remained

lower than those with the other features, even though the number of available

features was the largest. Thus, the performance improvement by adding corre-

lation features (Fig. 5.5A) cannot be attributed to the larger number of used or

available features, alone. Temporal correlations appear to carry additional infor-

mation about object categories that is not represented by powers or higher-order

features generated from powers.
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Correlation features reflect phase or timing differences of ECoG time series be-

tween electrodes. To see whether phase information in individual electrodes is

sufficient to achieve the high decoding performance obtained with correlations,

decoding accuracies using phase features were analyzed (the number of features

were optimized by nested cross-validation; see Materials and Methods). Fig.

5.6 shows the mean performances obtained with power, phase, and correlation

features. The decoding performance obtained with correlation features was bet-

ter than the other features (p < 0.05, paired t-test). Although phase features

could implicitly encode phase or timing differences between electrodes, this re-

sult suggests that a more explicit representation of the differences by correlations

was critical for achieving the high decoding performance.
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Figure 5.5. Decoding performance obtained with powers, correlations, and both.

A, Results from individual subjects and the means (dashed line: chance level;

*: p < 0.05; chi-square test on individual subjects, and paired t-test on mean

performance; error bar: s.e.m. over subjects). The number of features used was

determined by a nested cross-validation procedure. B, Results with different

numbers of features. In addition to the above three types, the performance of

product-of-power features is plotted (means across subjects). Note that the num-

ber of available features was fewer for power (< 275) than for the other feature

types.
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features. The values for power and correlation features are the same as those in

Fig. 5.5A (dashed line: chance level; *: p < 0.05, paired t-test, error bar: s.e.m.

over subjects).
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5.3.3 Shuffling analysis

Informative correlations could be generated by category-specific ECoG responses

with constant latencies across trials (stimulus-locked responses), or alternatively

by relative time series of ECoG signals with variable latencies across trials. To

examine which type of response produced informative correlations, we created

trial-shuffled data (see Materials and Methods) and compared the decoding

performance between the original and shuffled datasets.

Fig. 5.7 shows the decoding performance using the original and shuffled data for

each frequency band. Using the data before the band-pass filtering (“All”), the

shuffling degraded the performance in most subjects (p < 0.05 in 4/5 subjects,

chi-square test). Among the five frequency bands, the 30–80 Hz and the 80–150

Hz bands showed performance degradation (p < 0.05 in 5/5 and 2/5 subjects,

respectively). At the group level, the decoding performance in the 30–80 Hz was

significantly degraded by shuffling (p < 0.05, paired t-test, corrected for multiple

comparison). While the overall performance was highest in the 1–10 Hz band,

the performance was comparable between the original and shuffled data. The

10–20 Hz and 20–30 Hz bands showed poor performance with both the original

and shuffled data.

These results suggest that stimulus-unlocked, relative time series may contribute

to category coding in the high frequency bands. Informative correlations in the

low frequency band may arise in a stimulus-locked manner, but it is also possible

that the variability of response latencies across trials was too small compared to

the low frequency cycle to destroy correlations from relative time series.
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Figure 5.7. Shuffling analysis. Decoding performance obtained using correlation

features is compared between the original and shuffled data. The analysis was

applied to ECoG signals before band-pass filtering (all) and band-pass filtered

signals. The bar graph shows the mean performance over subjects (dashed line:

chance level). Symbols represent individual subjects.
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5.3.4 Time course of decoding performance

To characterize the time course of decoding performance, the decoding perfor-

mance was calculated as a function of time using a sliding time window. The

time window was shifted by 25 ms, and decoding performance was plotted for the

power and correlation features (Fig. 5.8, upper). In this analysis, power values

from five frequency bands and correlations for the raw ECoG signals were used

as input features, respectively. The decoding performance with the 300-ms time

window began to rise when the center of the time window was within 100 ms after

the stimulus onset and remained above chance level even after the disappearance

of the stimulus (300 ms).

To evaluate when decoding performance began to rise from chance level, we de-

fined the onset time as the first point at which the mean decoding performance

over subjects exceeded the 99% percentile (% correct = 5.4%) in the performance

distribution at 0 ms. The decoding performance with correlations rose earlier

than that with powers (25 ms and 100 ms for correlation and power features,

respectively).

To test the dependence on the width of the time window used, a 100-ms sliding

time window was also tested (Fig. 5.8, lower). Even with the shorter time win-

dow, the onset time for correlations was earlier than that for powers. The peak

performance for correlations was slightly lower than that for powers with this

short time window, presumably because correlations could be better estimated

using a longer time series.

The results indicate the efficacy of temporal correlations between electrodes to

encode categorical information in early responses.
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Figure 5.8. Time course of decoding performance. Decoding performances ob-

tained with power (red) and correlation (blue) features are plotted as a function

of time for 300-ms and 100-ms time windows (dashed line: chance level; shaded

region: s.e.m. over subjects). Each arrow indicates the center of the time window

at which the decoding performance exceeded the threshold.
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5.3.5 Simulation analysis

To examine what mechanism could explain the early onset of the good decoding

performance with correlations, two representative models were tested: a latency-

coding model and a phase-reset model, where category-specific temporal patterns

were encoded by latency differences and by phase differences across sources, re-

spectively (Figs. 5.9A, B ; see Materials and Methods ; Eckhorn et al., 1988;

Engel et al., 1991; Gautrais and Thorpe, 1998; Gray et al., 1989; Thorpe et al.,

2001; Van Rullen et al., 1998).

In the latency-coding model, decoding performance began to rise around the same

time for both power and correlation features in all conditions (Fig. 5.9C ), failing

to account for the dissociation between power and correlation features. This is

presumably because changes in power and correlation features are tightly coupled

via response latencies.

In contrast, for the phase-reset model the performance with correlations began

to rise earlier compared with power, except when the amplitude modulation was

strong (M = 10; Fig. 5.9D, bottom). Phase resetting may cause only subtle

differences in power via the summation of synchronized/desynchronized neuronal

sources, resulting in a slower onset of decoding performance with power features.
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Figure 5.9. Simulation analysis. A, Neuronal responses in the latency-coding

model (before adding noise). In each trial, a source produces its own wave-

form with a latency specific to the given stimulus. B, Neuronal responses in the

phase-reset model (before adding noise). Sources behave as oscillators at a fixed

frequency. In each trial, the phase of each source is reset to a value specific to the

given stimulus at a time after the stimulus onset. C, Time course of decoding

performance for the latency-coding model. The time courses of decoding perfor-

mance with no amplitude modulation (M = 0, top), with moderate amplitude

modulation (M = 1, middle), and with strong amplitude modulation (M = 10,

bottom) are shown. D, Time course of decoding performance for the phase-

reset model. The time courses of decoding performance with the three levels of

amplitude modulation are shown.
68



5.4 Discussion

In the present chapter, we have shown that temporal correlations of ECoG sig-

nals between electrodes provide additional information on visual object categories

compared to information represented by spectral power or phase in individual

electrodes (Figs. 5.5 and 5.6). The trial-shuffling procedure degraded decoding

performance obtained with correlations for raw and gamma band ECoG signals

(Fig. 5.7), indicating that relative time series between electrodes contain informa-

tion about categories. Time course analysis using a sliding time window revealed

that decoding performance obtained with correlations began to rise earlier com-

pared with power (Fig. 5.8). In the simulation analysis, this difference between

power and correlation features was reproduced in a model where neuronal electric

sources encode information using their phase differences (Fig. 5.9).

These results suggest that not only response amplitudes but also temporal cor-

relations over multiple brain areas carry information on visual object categories,

and that informative correlations can be derived from category-specific, relative

time series of neural activity. The simulation results suggest that temporal corre-

lations may reflect phase differences of neuronal electric sources in the temporal

cortex at least in the early response period.

Although we focused on correlations of ECoG time series between electrodes with-

out a time lag, the use of different features that take into account interactions

between two different points in space and time may improve decoding perfor-

mance. In a previous EEG study, it was reported that estimated off-diagonal

coefficients in a multivariate autoregressive model are more informative than di-

agonal ones in classifying sleep stages (Penny and Roberts, 2002). It remains

to be seen whether such sophisticated features are efficient for the decoding of

neural object representations.

Several previous studies have proposed the possibility that visual information is

encoded in temporal relations of spikes or field potentials between multiple brain

locations, and more specifically, in the order of spike latencies (Gautrais and

Thorpe, 1998; Thorpe et al., 2001; Van Rullen et al., 1998), spike sequences with
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millisecond precision (Abeles, 1991; Abeles et al., 1993; Lestienne and Strehler,

1987; Oram et al., 1999), and gamma band synchronization (Eckhorn et al., 1988;

Engel et al., 1991; Gray et al., 1989). Some experimental results have shown that

such patterns encode low-level visual information, such as light intensity in the

retina (Gollisch and Meister, 2008), orientation in the primary visual cortex (Cele-

brini et al., 1993; Gawne et al., 1996; Shriki et al., 2012), and co-occurrence of

edges (Eckhorn et al., 1988; Engel et al., 1991; Gray et al., 1989).

Although our experimental data are not at the level of single neurons, ECoG sig-

nals have been assumed to provide an aggregate signature of transmembrane cur-

rents within a cortical area of several millimeters (Buzsáki et al., 2012; Reimann

et al., 2013; Varela et al., 2001). Thus, informative correlations across electrodes

in the IT cortex shown in our present study may derive from such temporal pat-

terns encoding visual object categories.

Our shuffling procedure degraded decoding performance obtained with correlation

features for the raw ECoG signals and the signals from the two highest frequency

bands (Fig. 5.7). These results suggest that informative correlations partly arise

from relative time series that are specific to each category and not time-locked to

the stimulus onset across trials.

On the other hand, the shuffling procedure did not degrade decoding performance

in the three lower frequency bands. This may imply that informative correlations

in those bands arise in a stimulus-locked manner. However, it is also possible

that even if relative time series did contribute to information coding in the lower

frequency bands, the fluctuations of response delays across trials were too small

relative to the low frequency cycles to have a substantial effect from shuffling.

We found that decoding performance with temporal correlations increased earlier

than that with power values, and that the difference in the timing of the perfor-

mance increase was reproduced by our phase-reset model, where object categories

were coded by phase differences rather than latency differences across neuronal

sources. While latency differences can cause robust patterns in both power and
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correlation features, phase resetting may produce distinct patterns in correlation

features but not in power features. Even in the phase reset model, spectral power

could have been modulated via the synchronization or desynchronization of neu-

ronal sources near each electrode. However, the detection of such small changes

in power in the presence of noise may require a broader temporal summation, re-

sulting in a delayed increase in decoding performance. The results suggest that at

least in the early response period, informative correlations originate from subtle

temporal patterns such as phase differences.
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6. General Discussion

In this thesis, to improve decoding technology with ECoG, the signal-stability

of the newly-developed electrode array was tested, the utility of ECoG was con-

firmed in monkey and human experiments, and efficient input signal features for

decoding analysis was explored through four studies.

In chapter 2, by analyzing ECoG responses recorded via the electrode-mesh from

the visual cortex in rats, it was shown that statistically significant decoding per-

formance was attainable across six hours of data, which support the view that the

electrode-mesh is one of the promising candidates for the next-generation input

devices for BMI.

In chapter 3, by analyzing simultaneously recorded ECoG, LFP and MUA re-

sponses from the IT cortex in monkeys, it was demonstrated that ECoG’s clas-

sification performance for visual object categories was high and comparable with

LFP and MUA. Although a few previous studies have conducted simultaneous

recording and compared them (Toda et al., 2011; Watanabe et al., 2012), their

comparison was neither fair in terms of the number of electrodes, nor the spatial

coverage. Miyakawa and his coworkers succeeded in recording ECoG, LFP, and

MUA signals with the same number of electrodes in the same IT region, and

we reported the first direct comparison of decoding performance between these

recording modalities.

In chapter 4, we demonstrated that ECoG could be used to investigate how

face-selective areas and letterstring-selective regions are distributed in the hu-

man vOT, which is considered a challenging task with fMRI. Brain regions that

are selectively activated by face images and written words have been discov-

ered in the vOT with fMRI. However, how those regions are distributed within

the vOT was not clear because fMRI responses in the vicinity of the bottom of

a brain are very noisy due to considerable inhomogeneity of the blood oxygen

level–dependent signals (Ojemann et al. 1997). To address this issue, we used

ECoG. The standard electrode-wise analysis conducted by Matsuo et al. (2013)

and the decoding analysis conducted here have revealed that there exist separate,
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multiple face-selective and written word-selective regions on the human vOT.

In chapter 5, it was shown that a decoder’s predictive performance could be im-

proved by using temporal correlations between ECoG electrodes, which reflects

neural coding with phase differences across brain regions. In previous studies,

spectral powers and signal amplitudes were often highlighted and used as input

signal features for decoding analysis. However, theoretical studies have proposed

a possibility that synchronizations or latency/phase differences between neuronal

signals from different points encode information. If such coding were adopted in a

recorded region, the use of features that directly reflect latency/phase differences

would improve a decoder’s predictive performance.

Here, we used temporal correlations between electrodes as features, and found

that the decoding performance obtained using temporal correlations was higher

than that with spectral powers and phases in individual electrodes. Also, analy-

sis with a sliding time window revealed that we could extract information earlier

with temporal correlations, compared to spectral powers.

From the analyses conducted above, it can be concluded that the combination

of ECoG recordings and neural decoding techniques is a powerful approach for

extracting neural information, and we can considerably improve a decoder’s pre-

dictive performance by using signal features that take into account fine temporal

patterns in ECoG signals.

Value of ECoG

ECoG allows recording of electric signals simultaneously from multiple sites and

at high temporal resolution. This advantage is likely to have contributed to

the high decoding performances shown in this thesis, and was especially criti-

cal in the shuffling analysis in chapter 5. In the shuffling analysis, we examined

whether informative correlations derived from category-specific relative time se-

ries in each trial. This kind of analysis requires simultaneous recording of neural

signals from multiple brain locations with high temporal resolution. In some

studies using single-unit recordings, the signal from each electrode was recorded
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separately because of the difficulty of simultaneous recording from multiple sites

(Georgopoulos and Massey, 1988; Gochin et al., 1994; Hung et al., 2005; Kiani

et al., 2007; McAdams and Maunsell, 1999; Rolls et al., 1997). However, with

this method, stimulus-unlocked patterns over multiple brain locations may be

overlooked (Averbeck et al., 2006). Recording with a microelectrode array could

be a promising method for such an analysis, but the coverage of current state-

of-the-art in vivo arrays is limited to an area of several millimeters and is not

sufficient to cover the whole temporal cortex (Fejtl et al., 2006).

Although other neuroimaging techniques such as fMRI, scalp EEG, and MEG

provide simultaneous recordings from wide brain regions, the temporal resolu-

tion of fMRI is limited to the timescale of seconds, and the spatial resolution of

scalp EEG and MEG is insufficient to reveal synchronization within two or less

centimeters (Varela et al., 2001). ECoG provides better spatiotemporal resolu-

tion than EEG, MEG, and fMRI, thus making ECoG a useful tool to examine

theoretical hypotheses about fine temporal coding. The combination of ECoG

recordings and neural decoding techniques has become a powerful approach for

extracting information (Chao et al., 2010; Hammer et al., 2013; Liu et al., 2009;

Pasley et al., 2012; Tsuchiya et al., 2008; Yanagisawa et al., 2009).

In addition, new, high-density ECoG electrode arrays are being developed (Hol-

lenberg et al., 2006; Matsuo et al., 2011; Rubehn et al., 2009; Toda et al., 2011;

Watanabe et al., 2012; Yeager et al., 2008). The use of these electrode arrays in

monkeys and other animals may reveal even more detailed neural representations

in the future.

Another advantage of ECoG is its signal stability. Previous studies have shown

that ECoG can provide signals stable across even several months (Chao et al.,

2010; Shimoda et al., 2012), while MUA signals from inserted electrodes deterio-

rate in at least several hours (Chestek et al., 2007).

In addition, since our mesh-film probe in chapter 2 was very thin and flexible,

it was less invasive than the conventional clinical ECoG sheet. Although further
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clinical tests are needed to establish long-term stability for months and years,

these advantages are essential for implementing chronic neuroprosthetic devices

for real-life applications.

Decoding analysis using temporal correlations for the data

in chapter 4

Finally, we show the results of applying the decoding analysis in chapter 5 to

the data in chapter 4. In chapter 4, brain regions selective to faces and letter-

strings were identified by electrode-wise analysis. However, in chapter 5, not only

spectral powers in individual electrodes, but also temporal correlations between

electrodes could be informative features for decoding. To examine whether in-

formative correlations arose within the face-/letterstring-selective regions, or if

combinations of face-/letterstring-selective electrodes and electrodes in other re-

gions were more informative, decoding performances were calculated for when

the temporal correlations of ECoG time series for pairs of the face-/letterstring-

selective electrodes (within-zone electrode pairs) were used as input features for

decoding. Ten input pairs were randomly chosen from all available pairs to match

the numbers of input features for comparison.

For face classification, the decoding performances obtained with features for

within-zone electrode pairs were higher than those using correlations for elec-

trode pairs between the face-selective electrodes and electrodes selective to other

images (across-zone electrode pairs) (Fig 6.1A; p < 0.05). In addition, to examine

whether the correlations for the across-zone electrode pairs had additional infor-

mation, we compared the decoding performances obtained from the within-zone

electrode pairs to those from both the within- and across-zone pairs. However,

a performance improvement from adding the across-zone pairs was not observed

(Fig 6.1A). For letterstring classification, the temporal correlations for the elec-

trode pairs between the letterstring-selective electrodes and electrodes selective

to other images showed lower performances than for those with correlations for

the within-zone electrode pairs (Fig 6.1B ; p < 0.05), and did not carry additional

information on the category.
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These results suggest that face- and letterstring-selective electrodes defined by

the electrode-wise analysis contained more information for faces and letterstrings,

respectively, for decoding analysis using temporal correlations.
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Figure 6.1. Binary classification performance obtained with temporal correla-

tions between electrodes. A, Box plot of accuracies for discriminating faces from

others. Classification accuracies were calculated using temporal correlations for

pairs of face-selective electrodes (within), pairs between face-selective electrodes

and others (across), and for both within and across electrodes (both). B, Box

plot of accuracies in discriminating letterstrings from other images. Classifi-

cation accuracies were calculated using temporal correlations for the pairs of

the letterstring-selective electrodes (within), the pairs between the letterstring-

selective electrodes and the others (across), and both of them (both). For both

A and B, the boxplots signify the upper (q3) and lower (q1) quartiles, with the

median depicted as the central red bar. The whiskers indicate the range and data

points exceeding q3 + 1.5 × (q3 − q1) or below q1 + 1.5 × (q3 − q1) were treated

as outliers and plotted individually as red dots; broken lines indicate chance level

(gray) and the threshold of significance level (green, p = 0.01).
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